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Abstract— Simulating realistic human eye movements is im-
portant in computer graphics and human-computer interaction.
Prior work has mainly focused on low-frequency gaze data
or predicting scanpaths from visual stimuli, often overlooking
the subtle movements that reflect natural eye behaviour. These
subtle dynamics are known containing rich information of
an individual. We present DiffEyeSyn, the first computational
method for synthesising realistic eye movements that capture
these fine-grained details. Our key idea is to model subtle
variations in gaze data as a user-specific noise that can be
injected into any given sequence. We formulate this injection
task as a conditional diffusion process in which the synthesis
is conditioned on user-specific embeddings extracted from the
gaze data using pre-trained models for user authentication.
We propose user identity guidance — a novel loss function
that allows the model to produce movements that remain both
realistic and consistent with individual characteristics. Exper-
iments on two public datasets show that DiffEyeSyn produces
eye movements that are more realistic than baseline methods
in terms of velocity distribution and preserving user-specific
information. Furthermore, we demonstrate that DiffEyeSyn can
synthesise large-scale gaze data and support various down-
stream tasks, such as gaze-based user identification. As such,
our work can serve as a post-processing method for existing
scanpath prediction approaches and provides a foundation for
applications such as character animation and eye movement
biometrics.

I. INTRODUCTION

Synthesising realistic human eye movements presents a
longstanding challenge at the intersection of computer graph-
ics, eye tracking, and human-computer interaction (HCI).
Realistic eye movement synthesis holds immense potential
in several domains, including high-fidelity avatar animation
[32], [8], [39], [311, [45], [29], [44], [49], providing an
efficient alternative to laborious in-lab eye tracking by simu-
lating human visual attention [24], [2], [55], or augmenting
existing eye tracking datasets to advance gaze-based appli-
cations [21], [23], [22].

While low-resolution eye gaze recordings (typically under
30Hz) can fulfil the requirements of some applications like
gaze-based activity recognition [5], [20], high-resolution eye
gaze signals are key to numerous applications such as fast
eye movement detection [33], [15], [7] that detects subtle
eye movements like microsaccades from high-resolution gaze
recordings as well as gaze-based interaction [12], [1] that
reduces the system delay using high-frequency eye gaze
data. More importantly, recent studies in eye tracking re-
search have revealed that the high-frequency eye gaze signals
contain rich user-specific information than low-frequency
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Fig. 1. DiffEyeSyn synthesises eye movements (Left) by injecting
subtle eye movements which contain user-specific information into any
base sequence, demonstrating the potential for applications such as post-
processing of scanpaths, eye movement biometrics, and rendering realistic
eye animations (Right, rendered using the tool proposed in [52], with further
examples in the supplementary video).

ones [19], [21], [37], [36]. For example, the performance
of using 60-second 30 Hz eye movements falls far short of
the performance using 5-second 1,000 Hz eye movements
in gaze-based user authentication [37]. This indicates that
high-frequency user-specific information is significant for
modelling eye movement behaviours of individual users
and has great relevance with various applications such as
digital animation and gaze-based biometrics. Despite their
importance, existing methods for gaze synthesis have largely
focused on low-frequency signals [24] and stimulus-driven
scanpath prediction [55], [2], [51], which do not capture
the subtle details present in high-resolution data. As a
result, current approaches fall short of producing realistic
eye movements suitable for high-fidelity applications.

In this work, we present DiffEyeSyn—the first compu-
tational method to human eye movements that reflect the
fine-grained, user-specific dynamics observed in real data.
Rather than focusing on where the eye moves in response
to visual stimuli, we address the orthogonal challenge of
generating how the eye moves, capturing the subtle physio-
logical patterns unique to individuals. Our key idea is to treat
these variations as user-specific noise that can be injected
into any base eye movement sequence. We formulate this
as a conditional diffusion process, where the generation is
guided by user-specific embeddings extracted from gaze data
using pre-trained user authentication models. In addition,
we propose user identity guidance — a novel loss function
which ensures the generated gaze sequences remain realistic
and preserve information of individuals. Experiments on
two public eye movement biometric datasets show that the



DiffEyeSyn synthetic eye movements that closely match real
human data. Our generated sequences outperform existing
baselines in terms of velocity distributions and user identity
preservation. In addition, we demonstrate that DiffEyeSyn
can increase fidelity for existing gaze prediction methods,
synthesise eye tracking data at scale, and support various
downstream tasks, including gaze-based user identification.

II. RELATED WORK
A. Eye Movement Synthesis

Eye movement synthesis research focuses on generating
realistic eye movement patterns. The synthesised data are
valuable for various applications, including video rendering
of virtual eyes and gaze data augmentation [13], [30]. Early
works primarily originated from general signal processing
and computer graphics research and built statistical mod-
els [57], [10], [13], [30]. For example, Eyecatch [57]
used Kalman filter to simulate mainly saccades and smooth
pursuits. Other works attempted to link and generate gaze
together with head movements [39], [31]. For instance, Le et
al. [31] nonlinearly mapped features of gaze, eyelid motion
and head motion to a high-dimensional feature space and
then generated these modalities.

Recent works have started to incorporate deep learning
methods to generate eye movement data. For example, Fuhl
et al. [14] leveraged a variational autoencoder (VAE) to
simulate eye-tracking data without specific stimuli. Prasse
et al. [46], [47] proposed SP-EyeGAN to synthesise subtle
eye movements in-between the known fixation locations.
SUPREYES [21] aimed at gaze super-resolution, i.e., syn-
thesised high-frequency eye movement data upon existing
low-frequency data. However, this method requires training
separate models for different input frequencies. Jiao et al.
developed a diffusion-based method, DiffGaze, to synthesise
eye movements at 30 Hz given the 360 image [24].

However, existing methods are limited to generating scan-
paths or low-frequency eye movements, overlooking the
subtle, user-specific dynamics in real human eye movements.
In contrast, DiffEyeSyn is the first to synthesise fine-grained
eye movements that reflect individual characteristics. A key
advantage of DiffEyeSyn is its ability to inject these subtle
dynamics into any existing gaze sequence, including scan-
paths. This makes it suitable as a post-processing tool for
stimulus/task-driven scanpath prediction models. In addition,
DiffEyeSyn supports a range of applications, such as gaze-
based biometrics and high-fidelity eye movement animation.

B. High-Frequency Eye Movement

The peak speed of human eye movement can reach up
to 700 /s in real life [11]. High-frequency eye movement is
hence pivotal in capturing the rapid and subtle movements of
human eyes, e.g., microsaccades that typically last for a very
short time like 25 ms [28]. It is also essential for reducing
the latency of real-time gaze-based interaction [1].

Moreover, high-frequency eye movements are also key to
user biometrics [40], [42], [41], [3], [6], [34]. Previous works
have demonstrated that high-frequency eye movements (e.g.

1,000 Hz) perform significantly better than low(er)-frequency
eye movements (e.g. 30 Hz) with the same duration in gaze-
based user authentication and identification [36], [37], [21],
[19].

Since the primary difference between high- and low-
frequency eye movement recordings lies in subtle eye dy-
namics, our approach focuses on synthesising these fine-
grained movements and injecting them into any base gaze
sequence. Building on earlier findings that these subtle
movements encode rich, user-specific information, we are
the first to leverage pre-trained user authentication models
for subtle eye movement synthesis and its corresponding
evaluation.

III. BACKGROUND: DENOISING DIFFUSION
PROBABILISTIC MODELS

Denoising diffusion probabilistic models (DDPMs) [18]
is a type of generative model that has demonstrated state-
of-the-art performance on various data synthesis tasks, such
as image [9], [48], [4], [27], [24]. DDPMs consist of two
computational processes: A forward process and a reverse
process.

In the forward process, the goal is to shift the input data
distribution to a normal distribution by adding random noise
according to

q(z¢ | wo) =N (w5 V o, (L — ) I) (1)

where x is the original input data, x; is the noisy data at
timestep t, and oy = Hizl as 1S a hyper-parameter that can
be calculated given a predefined noise schedule.

During the reverse process, given noisy data z;, a deep
learning model fy is trained to predict the added noise at
timestep ¢: The training objective of the model is to minimise
the difference between the predicted and the actual noise at
each timestep:

£simple = ||€t - ét||2,UJh€7"€ 6At = f@(xtvt)- (2)

The generated data is initialised from the normal distribu-
tion x, and realistic data is obtained after 7' denoising steps.
The reverse process can be formalised as:

po (e 1| x) =N (2 13p0(ze,t),00(x, t)I),  (3)

where p19(x¢,t) can be determined given the predicted noise
€; while og(xy,t) is typically a constant value to simplify
the optimisation.

IV. DIFFEYESYN
A. Problem Definition

Realistic simulation of human eye movements requires
capturing the subtle variations that can be captured by
commercial eye trackers, but are often overlooked in prior
eye movement synthesis works. Prior work in eye move-
ment biometrics (EMB) has shown that these fine-grained
dynamics contain rich user-specific information [21], [37],
[42]. Models trained on high-frequency eye movements (e.g.,
1,000 Hz) significantly outperform those trained on lower-
frequency data (e.g., 30 Hz) with the same duration for tasks



Fig. 2. Pipeline of training DiffEyeSyn. DiffEyeSyn is trained in a self-
supervised way. The original eye movement data go and its identity-removed
variant g§© are converted into velocities xo and x§°. The objective is to
train a diffusion model that learns to reintroduce the subtle, user-specific
variations removed from z§°, thereby reconstructing xo. We use a pretrained
user embedder to extract the user-specific embedding from the zo. At each
diffusion timestep ¢, given the z§° and the user embedding as the condition,
DiffEyeSyn predicts the noise €; that converts the =4 to xg. Instead of only
optimising DiffEyeSyn with the normal diffusion loss which minimises the
difference between the predicted and ground truth noise, we propose user
identity guidance L£;4 - a novel loss function to constraint the synthesised
data contains the given user-specific information. More specifically, we
estimate the cleaned eye movement velocity 2y by denoising x; with the
predicted noise €;. The proposed user identity guidance maximises the
cosine similarity between the embedding of the 2y and xo.

such as user authentication and identification [37]. Building
on these insights, we frame the task of simulating realistic
fine-grained eye movements as a process of injecting user-
specific noise into a given eye movement sequence.

Diffusion models are well-suited to this task, as they are
designed to gradually add and remove noise in a learnable
way, and have shown success across a range of generative
problems [18], [24], [48], [54], [27]. We formulate the
injection task as a conditional diffusion process that synthe-
sises eye movement sequences guided by both a base input
and a user-specific embedding. The embedding is extracted
from a short sequence of gaze data using a pretrained user
authentication model (see Section IV-B for details).

An overview of the training pipeline is shown in Figure 2.
First, we use a pretrained EMB model to extract a user em-
bedding from the original eye movements. Next, we remove
the user-specific characteristics from the original signal to
create a base for injection (see Section V-A). The model
is trained to reconstruct the personalised eye movements
from the base input, conditioned on the user embedding.
At inference time, given a user embedding and a base
sequence of eye movements, the trained model injects the
fine-grained, user-specific eye movements into the sequence.
(see Section IV-E).

To support compatibility with existing EMB models,
which often operate on velocity domain [36], [37], Dif-
fEyeSyn is designed to synthesise gaze velocities. Gaze po-
sitions can then be recovered by integrating these velocities
from a known starting location.

B. Conditional Diffusion Model for Eye Movement Synthesis

We formulate the task described in Section IV-A as a
conditional diffusion process trained in a self-supervised
manner. The training pipeline is illustrated in Figure 2.
Let zy denote the velocity signal of the ground-truth gaze
data, which includes the subtle, user-specific eye movement

patterns. To serve as a base for the injection, we con-
struct z§°, the corresponding velocity sequence from which
identity-related information (i.e., subtle eye movements) has
been removed. We employ a pretrained user authentication
model E to extract the user embedding from the original
gaze data, denoted as E(x). DiffEyeSyn takes both the
identity-removed gaze sequence x5’ and the user embedding
E(zg) as conditional inputs. The objective is to learn a
modelled distribution pg(xqg | 2§°, E(x0)) that approximates
the true conditional distribution ¢(zo | 2§°, E(x¢)). In other
words, the model learns to reconstruct realistic gaze data
that includes subtle, user-specific dynamics, given a reference
sequence and a user embedding.

To achieve this, we extend the reverse processes of the
DDPM to conditional ones. The objective is the same as the
original DDPM that minimises the difference between the
predicted noise €; and the ground truth noise €;:

Lnoise = ||€r — €|y, where é = fo(xy,t | (25°, E(x0)))-
“)
Furthermore, the reverse process in Equation 3 is extended
to:

po (ve—1 1 oe) = N (w1 mg (e, t | (2%, B(20)), og (@, t | (2§°, B(xg))T) -
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C. User Identity Guidance

Training the model with L,,;s. enables it to learn the
general distribution of human eye movements. However,
this does not explicitly encourage the model to preserve
user identity, which is strongly associated with subtle eye
movement patterns. To address this, we introduce user iden-
tity guidance, inspired by classifier-guided diffusion models
in image generation [9], that leverages a pretrained user
authenticator E to help DiffEyeSyn capture user-specific,
subtle variations.

At timestep ¢, we obtain z; by adding a sampled noise ¢,
on the target zo. We then predict the added noise €;. With the
predicted noise €;, we can estimate the target 2y by denoising

x; using:
R Ty — A/ 1-— O[tét
ro= —— — (6)

NG
To preserve user-specific features, we constrain the user
embedding of the reconstructed signal #, to remain close
to that of the original xz,. We use cosine similarity in the
embedding space of the pretrained user authenticator F,
following [37]. The identity guidance loss L;4 is defined as:

L;q = 1 — CosineSimilarity (E(x¢), E(2p)). @)
Therefore, the training objective is
L= ﬁnoise + >\£1d (8)

D. Data Preprocessing

The output of eye trackers is commonly in the form of
continuous 2D on-screen gaze locations (x,y) or 3D gaze
vectors (x,y, z). However, the 2D on-screen gaze locations
vary across different experimental settings. To increase the
generalisability, DiffEyeSyn uses 3D gaze data in the form



of degrees of visual angle, which is represented by the angle
of the x-axis and the angle of the y-axis.

Given a sequence of ground truth eye movements, we first
remove the subtle eye movements containing user identity
information (Details are described in Section V-A). To obtain
the z¢ and z§° for our model, we estimate the velocities
(in the unit of degrees per second) of the original eye
movements and noisy eye movements in both x-axis and y-
axis following [37]. The summarisation of data preprocessing
and DiffEyeSyn training can be found in our supplementary
materials.

E. Inference

At inference time, DiffEyeSyn injects subtle movements
that encode user-specific information into any given base eye
movement sequence, including scanpaths. This enables the
generation of realistic, identity-preserving fine-grained gaze
signals based on a target user’s characteristics. A summary
of DiffEyeSyn inference can be found in our supplementary.

F. Architecture

The main challenge of the task is handling very long gaze
trajectories within a feasible time frame. For example, a 5-
second 1,000 Hz gaze trajectory contains 5,000 samples,
which makes it extremely slow for training transformer-
based architectures such as DiffGaze [24]. To solve this
issue, we built DiffEyeSyn upon DiffWave [27], leveraging
bidirectional dilated convolutions (Bi-DilConv) for memory-
and time-efficient training and inference for very long input
sequences.

The main difference to DiffWave architecture is the condi-
tion processing. DiffWave employs a mel-spectrogram as its
only condition. In contrast, DiffEyeSyn has two conditions:
an observation z§° and a user embedding E(xo). Given z(’s
length L, we merge the noisy input x; with x5° along the
feature axis. The concatenated tensor with shape (4,L) is
then processed by a 1D convolutional layer with the output
channel of C. In addition, a fully connected layer broadcasts
the user embedding E(x¢) to length L before feeding into
the residual layer. Details of DiffEyeSyn architecture can be
found in our supplementary materials.

V. EXPERIMENTS
A. Experimental Setup

Pretrained User Authenticator. Because subtle eye
movements are known to reflect user-specific behavioural
signatures, a key goal of our method is synthesise user-
specific eye movements. As such, it is essential to evaluate
whether the generated sequences retain user-specific charac-
teristics.

However, there is no direct method to assess whether a
generated sequence belongs to a particular user. Inspired by
the Fréchet Inception Distance (FID) [17], which evaluates
image realism using a pretrained Inception model [53],
we adopt a similar strategy: using a pretrained gaze-based
user authentication model to extract user embeddings, which
implicitly measure identity consistency.

Specifically, we employ EKYT [37], the current state-of-
the-art in eye movement-based user authentication. Given a
5-second sequence sampled at 1,000 Hz, EKYT produces
a 512-dimensional embedding that captures user-specific
patterns, including those reflected in subtle movements.
Importantly, EKYT generalises to unseen users, enabling
identity-aware evaluation even for novel subjects. We use
the official pretrained weights and compute cosine similarity
between EKYT embeddings of the generated and ground
truth sequences to quantify identity preservation.

Datasets. We used two public eye movement biometric
datasets, GazeBase dataset [16] and JuDo1000 dataset [40].

GazeBase contains 1,000 Hz eye movements from 322
participants while performing seven different tasks: fixa-
tions (FXS), horizontal (HSS) and random (RAN) saccades,
reading (TEX), watching two videos (VD1 and VD2), and
playing gaze-driven games (BLG). To avoid the information
leak, we adopted the dataset split described in the EKYT
paper, as the EKYT model was trained on this dataset. There
is no overlap of users between the training and test sets.
These ensure zero information leakage from the pretrained
model and we are able to test DiffEyeSyn performance on
synthesising user-specific eye movements for unseen users
during training.

JuDo1000 dataset contains recordings of 150 participants
at 1,000 Hz while performing a single task. The task is
similar to the RAN task in GazeBase dataset. We used all
the recordings from JuDo1000 for cross-dataset evaluation.

Implementation Details. As we chose the pretrained
EKYT model to offer user identity guidance, DiffEyeSyn
produces 5-second 1,000 Hz eye movements to match the
pretrained EKYT input format. We set the total diffusion
steps T = 50 and we used a linear noise schedule [1 x
10 4,0.05]. We trained DiffEyeSyn on GazeBase training
set for 1M steps using Adam optimizer with a batch size of
32 and learning rate 2 x 10 4.

User Identity Removal. Previous studies [37], [36], [21]
suggest that low-frequency gaze data at 20-30 Hz performs
poorly in gaze-based user identification and authentication.
In addition, Jiao et al. [21] demonstrate that upsampling the
low-frequency gaze data to a high frequency using traditional
interpolation methods leads to a performance drop in user
identification compared with the original low-frequency data.
Based on these findings, we removed user-specific subtle
eye movements in the ground truth by downsampling and
interpolation. Specifically, we downsample the 1,000 Hz
gaze sequences to 20 Hz and then upsample them back to
1,000 Hz using nearest interpolation. This process effectively
removes fine-grained user traits while preserving coarse eye
movement patterns. To verify its effectiveness, we compare
EKYT embeddings before and after subtle eye movement
removal. The average cosine similarity remains below 0.1
across all datasets: 0.081 (GazeBase train), 0.090 (GazeBase
test), and 0.091 (JuDol000), confirming that user-specific
characteristics have been successfully attenuated (see Table
1 in the supplementary materials).



TABLE I
THE COSINE SIMILARITY BETWEEN EKYT EMBEDDINGS OF THE GROUND TRUTH EYE MOVEMENT DATA AND SYNTHETIC DATA OF DIFFERENT

METHODS IN USER IDENTITY RECOVERY (R) AND USER IDENTITY MANIPULATION (M). THE RESULTS THAT ARE BETTER THAN THE HUMAN

WITHIN-USER BASELINE THE MODELS ARE BOLDED. COSINE SIMILARITY BEING 1 MEANS THAT TWO EMBEDDINGS ARE EXACTLY THE SAME, WHILE

0 MEANS TWO EMBEDDINGS ARE ORTHOGONAL, I.E., NOT RELATED.

Dataset Method Task
HSS RAN TEX FXS VDI VD2 BLG ALL

Human (within-user) 0.514 £0.159 0512 £0.154  0.506 + 0.161  0.403 £ 0.153  0.481 £ 0.158  0.491 £ 0.160  0.468 + 0.160  0.498 + 0.160
Human (cross-user) 0.111 £0.168  0.110 £ 0.171  0.113 £0.168  0.135 £0.159  0.117 £ 0.168  0.114 £ 0.170  0.099 + 0.168  0.113 + 0.169
SP-EyeGAN [46], [47] 0.114 £0.136  0.134 £ 0.137  0.157 £ 0.142  0.106 £ 0.150  0.128 £ 0.145  0.121 £ 0.144  0.135 £ 0.133  0.129 + 0.141
High-pass Filter (R) 0.390 £ 0.170 0407 £0.178 0.320 £ 0.I55 0477 £0.241 0.362 £0.178 0.362 £ 0.174  0.324 £ 0.178  0.375 = 0.180

GazeBase DiffEyeSyn w.0.L;q (R) 0404 £0.161 0348 £0.173 0352 £0.169 0.176 £ 0.211  0.269 £ 0.196  0.298 + 0.193  0.407 £ 0.171  0.322 + 0.182
DiffEyeSyn (R) 0.820 + 0.063  0.800 + 0.064  0.823 + 0.079  0.705 + 0.104  0.779 + 0.081  0.791 + 0.076  0.791 + 0.081  0.787 + 0.078
High-pass Filter (M) 0.181 £0.148  0.178 £ 0.I51  0.178 £ 0.157 0223 £ 0.143  0.190 £ 0.152  0.194 £ 0.150  0.153 £ 0.145  0.182 + 0.151
DiffEyeSyn w.0.L;q (M) 0235+ 0.178 0219 £0.179  0.209 £ 0.186  0.100 £ 0.169  0.164 + 0.181  0.171 £ 0.183  0.214 £ 0.183  0.187 £ 0.179
DiffEyeSyn (M) 0.668 = 0.101  0.664 = 0.098  0.696 + 0.106 0.454 + 0.144  0.629 = 0.129  0.644 = 0.121  0.643 = 0.110  0.628 = 0.116
Human (within-user) - - - - - - 0.685 + 0.104
Human (cross-user) - - - - - - 0.367 £ 0.157
SP-EyeGAN [46], [47] - - - - - - 0.141 + 0.136
High-pass Filter (R) - - - - - - 0.534 £ 0.162

Jubol000  1yiiE veSun w.o.Lig (R) ; ] ; ] } ; 0226 + 0.126
DiffEyeSyn (R) - - - - - - 0.695 + 0.072
High-pass Filter (M) - - - - - - 0.424 £ 0.139
DiffEyeSyn w.0.L;q (M) - - - - - - 0.119 £ 0.126
DiffEyeSyn (M) - - - - - - 0.605 + 0.091

— not applicable

B. User Identity Recovery

We evaluate whether DiffEyeSyn can inject subtle, user-
specific eye movement variations, crucial cues for identity,
into sequences where such information has been removed.

Task Definition. This task simulates an idealised scenario:
given an identity-removed input and the user embedding
extracted from the original gaze data, can we recover the
user’s unique subtle eye movements? Although impractical
in real-world use (as it requires ground truth), this setting
provides an upper bound for evaluating identity fidelity.

Experimental Details. Our experiments were conducted
on two datasets: the GazeBase test set, comprising 73,011
non-overlapping 5-second 1,000 Hz gaze sequences, and
the JuDo1000 dataset, containing 7,200 non-overlapping 5-
second 1,000 Hz gaze sequences. None of the users in the
two sets are shown during training. Given that DiffEyeSyn
is a generative method, we synthesised five samples per gaze
sequence to mitigate sampling bias.

Evaluation Metrics and Baselines. We report the mean
cosine similarity between EKYT embeddings of generated
and ground truth sequences and the standard deviation. We
compare DiffEyeSyn with:

High-pass filter: a Butterworth high-pass filter to extract

frequency components above 20 Hz from the ground

truth, then added these back to the identity-removed eye
movements.

SP-EyeGAN [46], [47]: An existing eye movement synthe-

sis method. It requires predefined fixation locations, mean,

and standard deviation for fixation and saccade durations

as input for eye movement synthesis. We consider it as a

random generation baseline and trained one SP-EyeGAN

model per GazeBase task. For Judo1000, we employed the

SP-EyeGAN model trained on the RAN task.

DiffEyeSyn without identity guidance loss.

Moreover, we established human baselines within-user

cosine similarity and cross-user cosine similarity to better ex-
plain the results. Specifically, within-subject cosine similarity
measures how similar a sequence of eye movements is to
other sequences from the same user. For each user’s sequence
of eye movements, we calculated cosine similarities between
its EKYT embedding and those of other sequences from
the same user, then averaged these values across all users.
Achieving an average cosine similarity close to the within-
user cosine similarity suggests a method can simulate a user’s
average subtle gaze behaviour. An average cosine similarity
higher than the within-user cosine similarity indicates that
the method can simulate fine-grained movements similar to
the sequence used for extracting the user embeddings.

Cross-user cosine similarity assesses the similarity be-
tween a user’s eye movements and those of other users in the
dataset. We calculated cosine similarities between a user’s se-
quence of eye movements and those of sequences from other
users, then averaged these values across all users. Comparing
cross-user cosine similarity with within-user cosine similarity
helps verify the efficacy of the pretrained user authenticator
(EKYT). A gap between these two values indicates the
pretrained user authenticator’s ability to differentiate eye
movements from different users.

Quantitative Results. Table I presents the results for both
datasets. The within-user baseline strongly exceeds cross-
user similarity (GazeBase: 0.498 vs. 0.113; JuDo1000: 0.685
vs. 0.367), showing EKYT reliably captures individual-
specific subtle eye movements.

SP-EyeGAN performs near or below the cross-user base-
line, indicating weak identity retention. DiffEyeSyn without
L;q improves over SP-EyeGAN but still underperforms: on
GazeBase, it trails the within-user baseline by 0.176, and
on JuDo1000 it drops below even the cross-user baseline.
The high-pass filter performs slightly better, but still fails
to reach within-user similarity, confirming that user identity



is embedded not only in high-frequency components (above
20 Hz) but also in low-frequency components.

Full DiffEyeSyn surpasses the within-user baseline across
all tasks, outperforming it by at least 0.3 on GazeBase. On
JuDo1000, it generalises well, achieving 0.695 vs. 0.685
for human within-user similarity. These results highlight
DiffEyeSyn ’s ability to recover high-fidelity, user-specific
subtle eye movements.

Qualitative Results. Figure 3 shows two examples; more
are in the supplementary. Compared to the identity-removed
inputs and high-pass filter outputs, DiffEyeSyn produces
more realistic trajectories. The high-pass filter baseline often
yields unstable or invalid values, because the original input
might not contain frequency components above the threshold,
while DiffEyeSyn reliably injects user-specific subtle eye
movement patterns, demonstrating robustness across diverse
sequences.

Fig. 3. Qualitative comparison between the identity removed eye move-
ments, High-pass filter synthetic eye movements, DiffEyeSyn synthesised
eye movements, and ground truth human eye movements in two example
tasks within a 5-second time window. For each sequence of eye movements,
we visualise its velocities (above) and gaze direction (below). A figure is
empty means the method fails to produce valid results.

TABLE I
JENSEN-SHANNON DIVERGENCE BETWEEN VELOCITY DISTRIBUTION OF
GROUND TRUTH HUMAN EYE MOVEMENTS AND VELOCITY
DISTRIBUTION OF SYNTHETIC EYE MOVEMENTS OF DIFFERENT
METHODS FROM EXPERIMENTS MENTIONED IN SECTION V-B AND V-C.
THE BEST RESULTS ARE BOLDED AND THE SECOND BEST ARE
UNDERLINED. R: USER IDENTITY RECOVERY, M: USER IDENTITY
MANIPULATION.

Dataset Synthetic Eye Movements ~ JS divergence (x1072) |
Fixation  Saccade = ALL
SP-EyeGAN [46], [47] 1.28 7.98 1.59
High-pass Filter (R) 15.68 4.68 15.43
GazeBase  DiffEyeSyn (R) 1.10 0.35 1.05
High-pass Filter (M) 18.44 3.94 18.17
DiffEyeSyn (M) 1.01 0.27 1.00
SP-EyeGAN [46], [47] 5.79 2.87 4.63
High-pass Filter (R) 6.66 4.35 6.69
JuDo1000  DiffEyeSyn (R) 2.26 0.10 2.17
High-pass Filter (M) 7.25 8.81 7.43
DiffEyeSyn (M) 2.69 036 259

C. User Identity Manipulation

Task Definition. This task evaluates whether DiffEyeSyn
can inject target-specific identity signals—particularly subtle
eye movement dynamics—into sequences from other users.
Given a target user and one of their 5-second eye movement
sequences, we aim to synthesise new sequences that reflect
this user’s unique patterns by conditioning on their identity
embedding and using eye movements from a different user as
the base. This simulates the real-world application scenario.

Experimental Setup. For each sequence in the GazeBase
test set, we treated its user as the identity target. We then
selected seven sequences from different users and tasks with
near-zero cosine similarity (€ [0,0.05]) to the target, ensur-
ing the base inputs were highly dissimilar in both content
and identity. This created 511,077 manipulation instances. A
similar process was applied to JuDo1000, where we selected
one dissimilar sequence per target. To remove subtle user-
specific movements, we downsampled each base sequence to
20 Hz.

Metrics and Baselines. We used the same metrics and
baselines as in Section V-B. For the high-pass filter baseline,
we extracted frequency components above 20 Hz from the
target user’s eye movements and injected them into the
downsampled base sequences.

Quantitative Results. Table I shows the performance of
DiffEyeSyn and baselines. As with the recovery task, Dif-
fEyeSyn without identity guidance fails to inject meaning-
ful user information. Its performance on GazeBase slightly
exceeds the cross-user baseline but remains far below the
within-user baseline. On JuDo1000, it even underperforms
the cross-user baseline.

The high-pass filter performs poorly here—only
marginally above the cross-user baseline—highlighting
its instability in cross-identity synthesis. In contrast, full
DiffEyeSyn consistently outperforms human within-user
baselines across all GazeBase tasks (by at least 0.05,
avg. 0.13), confirming its ability to inject user-specific
characteristics, particularly subtle gaze dynamics, into
unrelated sequences. On JuDo1000, DiffEyeSyn achieves
0.605 cosine similarity—below the within-user baseline
(0.685), but well above the cross-user baseline (0.367) and
high-pass filter (0.424). This demonstrates DiffEyeSyn’s
generalisability ability to inject meaningfully user-specific,
subtle eye movement patterns.

Qualitative Results. Figure 4 visualises two examples;
more are in the supplementary. The high-pass filter often
fails to produce valid outputs, generating unnatural jitter. In
contrast, DiffEyeSyn yields more realistic sequences with
plausible velocity dynamics and consistent spatial structure.

To investigate the effect of user embeddings, Figure 5
presents synthesis results using the same base input with
four different target embeddings. The base gaze trajectory
remains largely intact, but fine-grained differences, such
as saccade magnitude, clearly appear across users. This
supports that DiffEyeSyn preserves high-level gaze trajectory



Fig. 4. Two examples of the user identity manipulation task. Left: the eye
movements used to extract the target user embedding. Middle 1: the eye
movements from different users that DiffEyeSyn injects the target subtle
eye movements. Middle 2: High-pass filter synthesised eye movements.
Right: DiffEyeSyn synthesised eye movements. For each sequence of eye
movements, we visualise its velocities (above) and gaze direction (below).
A figure is empty means the method fails to produce valid results.

while injecting user-specific information through subtle eye
movement variations.

D. Comparison of Synthetic and Human Velocity Distribu-
tions

We further evaluated the realism of synthesised gaze data
by comparing its velocity distribution against that of real eye
movements, following [46], [47].

Evaluation Metrics and Baselines. Same as prior works
[46], [47], [43], we used the Jensen-Shannon divergence to
measure the similarity between two distributions. The JS is
in the range of [0,1] where lower values indicate greater
similarity. We evaluated DiffEyeSyn against SP-EyeGAN
and the high-pass filter baseline using the synthesised data
described in Section V.

Exprimental Details. Given the large scale of the two
datasets we used, we adopted a sampling approach by select-
ing 1,000,000 velocity samples from each data distribution
for distribution comparison. This process was repeated ten
times to mitigate sampling bias, and we recorded the average
JS value.

Additionally, we employed the I-VT algorithm [50] to
identify fixations (< 100 /s) and saccades (> 300 /s).
In line with our approach for computing the average JS
divergence between the velocity distributions of all synthetic
samples and the human ground truth, we also calculated and
reported the J.S divergence between the velocity distributions
of synthetic fixations and real fixations, as well as between
synthetic and human saccades.

This additional evaluation is motivated by the fact that
the majority of human eye movements fall within the fix-
ation category, which generally involves slower velocities.
Consequently, a method might achieve favourable J.S scores
across all samples by simply modelling low-velocity fixations
well, while failing to capture the more dynamic saccadic
behaviour. By examining fixations and saccades separately,

Fig. 5. Four examples of the user identity manipulation task with the same
base eye movement sequence. Left: the eye movements used to extract the
target user embedding. Middle: the eye movements that DiffEyeSyn injects
the target user’s subtle eye movements. Right: DiffEyeSyn synthesised eye
movements. For each sequence of eye movements, we visualise its velocities
(above) and gaze direction (below).

we gain a clearer picture of the method’s ability to capture
the full range of subtle and rapid behaviours.

To compute these distributions, we used the histogram
function from NumPy. As velocities were clipped at a
maximum of 1000 /s, we selected bins = 500 for all
samples, bins = 350 for saccades, and bins = 50 for
fixations. This ensured a consistent bin width of 2 across
all histograms, allowing for direct comparison between JS
divergence scores.

Quantitative Results. The results are summarised in
Table II. Across both tasks and datasets, DiffEyeSyn con-
sistently achieved the lowest JS divergence. This indicates
that DiffEyeSyn generates synthetic data that most closely
approximates the velocity distribution of real human eye
movements. Notably, DiffEyeSyn retains this performance
advantage not only when considering the full set of samples
but also when fixations and saccades are evaluated sepa-
rately. This suggests that DiffEyeSyn is capable of faithfully
modelling both slow and rapid eye movement behaviours. In
contrast, the high-pass filter exhibits markedly higher diver-
gence across all categories, reflecting its limited capacity to
replicate human-like eye movement subtle dynamics, which
is consistent with the qualitative observations in Figure 4.
While SP-EyeGAN achieves comparable performance to



DiffEyeSyn on fixation data, it performs noticeably worse
in modelling saccadic movements, further highlighting the
strengths of our approach in capturing fast eye movement
behaviour.

E. Augmenting Gaze-based User Identification

We evaluated whether DiffEyeSyn-generated trajectories
improve user identification accuracy by augmenting real gaze
datasets.

Experimental Details. We conducted experiments with
59 users from the GazeBase test set. For each user, we split
the data 50/50 into training and testing. We then augmented
the training set by adding seven synthetic samples per real
trajectory, generated via the user identity manipulation. We
extended the EKYT model with a final linear classification
layer, and trained two models from scratch: one using only
real data, and another using the augmented set. Training was
run for 100 epochs with Adam (learning rate 0.001, batch
size 128), repeated across five random seeds to minimise
training variability. We report the average best classification
accuracy and equal error rate (EER) following [21].

As shown in Table III, models trained on DiffEyeSyn-
augmented data achieve higher accuracy and lower EER.
This highlights DiffEyeSyn’s ability to inject identity-
preserving signals, particularly subtle eye movements, into
any base sequences, making them valuable for downstream
tasks.

TABLE III
USER IDENTIFICATION RESULTS OF THE SAME MODEL TRAINED ON THE
GAZEBASE (HUMAN) DATASET AND THE DIFFEYESYN AUGMENTED
DATASET. THE BEST RESULTS ARE BOLDED. ACC: CLASSIFICATION
ACCURACY.
Training data  Acc. (%) T EER (%) |

Human 5777 1.72
Augmented 59.63 1.70

VI. DISCUSSION

Applications. A key strength of DiffEyeSyn is its ability
to inject subtle eye movement dynamics into any base
sequence. This enables a novel post-processing strategy to
enhance outputs from existing scanpath or gaze prediction
models, particularly in applications requiring naturalistic
gaze behaviour, such as virtual humans (see Figure 1 and
supplementary video). Although the 1,000 Hz sampling rate
used in this work exceeds the refresh rates of current com-
mercial displays, we selected this setting for practical rea-
sons: it allows us to leverage the pretrained user authenticator
EKYT to reconstruct fine-grained, user-specific subtle eye
movements. Achieving comparable EKYT performance with
lower-frequency gaze data (e.g., 72Hz) requires binocular
recordings from approximately 9,200 unique users [38], data
currently only available in private datasets [38]. Given access
to such data, DiffEyeSyn could be retrained to synthesise
binocular eye animations at 60-120Hz by adjusting the
input dimensions, thereby making it directly compatible with
modern display hardware.

As shown in Section V-E, the subtle eye motions are
not only important for making eye movements look nat-
ural, but they can also help in tasks like user authentica-
tion/identification. This means DiffEyeSyn could be used to
augment training data for eye movement biometric systems.

Performance upper bound. DiffEyeSyn uses a pretrained
model to guide how it adds subtle eye movement features.
In our case, we use EKYT [37], but the framework can
work with other models as well. The quality of the synthetic
eye movements, especially the fine-grained eye movements
containing characteristics of individuals, depends on how
good this guiding model is. As better user embedding models
are developed in the future, DiffEyeSyn can benefit directly
by using them for better control and output quality of
synthetic eye movements.

Quantitative evaluation of synthetic eye movements.
Evaluating the realism of synthesised eye movements re-
mains an open challenge, particularly for subtle behaviours
that are hard to capture with existing metrics. We follow
prior work [46], [47] in using the Jensen-Shannon divergence
over velocity distributions as a proxy for realism, and further
distinguish between fixations and saccades to separate fast
movements from slow ones. To assess the preservation
of fine-grained behavioural cues, we additionally evaluate
the synthesised data using a pretrained user recognition
model, since the subtle dynamics are known to contain
rich user-specific information. While EKYT is used during
both training and evaluation, this is common in generative
modelling [25], [26], [56], [35], where a shared model (e.g.,
CLIP) is used for both control and evaluation. As the field ad-
vances, stronger and more generalisable embedding models
could serve as both improved loss functions and evaluation
tools for measuring eye movement synthesis quality.

Limitation and future work. We evaluated DiffEyeSyn
on two high-quality datasets recorded with high-speed eye
trackers and fixed head positions, which helped the model
learn and reproduce subtle eye movement patterns. However,
many modern eye trackers in head-mounted devices work at
lower sampling rates and capture both eye and head motion,
which is different from our current evaluation setting. We
plan to explore adapting DiffEyeSyn to VR/AR setting in
future work.

VII. CONCLUSION

We presented DiffEyeSyn, the first method for synthe-
sising eye movements that closely mirror the fine-grained
patterns seen in real human behaviour. Through extensive
evaluation, we showed that DiffEyeSyn captures subtle
variations and can inject these variations into any given
base sequence. Our results demonstrate our synthetic eye
movements are more realistic than baselines, Moreover, the
synthetic sequences can enhance downstream tasks like gaze-
based user identification, suggesting broader potential for
applications in virtual reality, eye movement animation, and
human-computer interaction. As such, DiffEyeSyn sets a
foundation in high-fidelity eye movement synthesis.
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