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Abstract

Modern gaze estimation models can accurately predict hu-
man gaze from facial images. However, due to privacy con-
cerns and intricate data collection procedures, gaze estima-
tion datasets are typically smaller and less diverse com-
pared to those for other vision tasks, which directly leads
to poor generalization in gaze estimation models. Common
solutions, such as domain adaptation models, require ad-
ditional domain-specific data, yet such data is often diffi-
cult to obtain due to privacy restrictions. Meanwhile, do-
main generalization models suffer from limited performance
due to insufficient training data. To address these funda-
mental challenges—privacy and data diversity—we explore
privacy-preserving gaze data generation schemes and propose
a novel data-driven generalization solution. Specifically, we
develop two diffusion-based generative models, DDPM-Gaze
and LDM-Gaze, for synthesizing gaze data. We demonstrate
that synthetic data can significantly improve generalization
performance when simply used with fine-tuning-based meth-
ods. Furthermore, we introduce the Domain Stability Adap-
tation (DSA) framework, a simple yet effective domain gen-
eralization approach that enhances model robustness by in-
creasing the domain uncertainty of input samples while re-
ducing prediction uncertainty. Extensive experiments validate
the effectiveness of our synthetic data and demonstrate the su-
periority of our data-driven generalization solution.

Introduction

Accurate estimation of human eye gaze can provide cru-
cial clues for other fields, such as human-computer inter-
action (Majaranta and Bulling 2014), affective computing
(D’Mello et al. 2012) and virtual reality (Xu et al. 2018).
However, compared to datasets in most other computer vi-
sion tasks, gaze datasets typically have a smaller size and
exhibit less diversity. We compare the four commonly used
gaze estimation datasets in Fig. 2, finding that each dataset
has deficiencies in either diversity or image quality. The rea-
sons for this characteristic are mainly twofold. First, the pre-
cise annotation of gaze requires high standards for image
capture and refined experimental setup. Second, regarding
privacy concerns, the requirement for facial data has intro-
duced greater obstacles to the data collection process.
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Figure 1: Proposed pipeline for tackling the generalization
challenge in a fully data-driven manner.

Thus, most gaze estimation models face the general-
ization challenge that experience significant performance
degradation in cross-domain (cross-dataset) tasks (Cheng
et al. 2024). Many Domain Adaptation (DA) methods for
gaze estimation have been proposed to address this issue
(Liu et al. 2021; Cai et al. 2023), but they typically require
supplementary source or target domain data. Due to privacy
concerns, such data may well be inaccessible in practical
applications. To achieve a more universal solution, Domain
Generalization (DG) models are proposed to achieve good
generalization performance on any unknown target domain.
Existing DG methods focus on learning robust feature repre-
sentations from the source domain to improve cross-domain
performance (Xu, Wang, and Lu 2023; Yin et al. 2024b,a),
but they also ignore the characteristics of other domains.
Thus, we ponder: How can we expose the model to the char-
acteristics of other domains without using data that poses
privacy risks? Is addressing data limitations and privacy is-
sues a new and effective approach to achieving the general-
ization of gaze estimation models?

Our first contribution is a diffusion-based gaze data en-
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Figure 2: Compare the four commonly used datasets in the
field of gaze estimation from the perspectives of image quan-
tity, image quality, and the diversity of subjects, background,
illumination, and facial expression.

gine that produces accurately labeled and highly diverse
gaze data. We address the problem of insufficient diversity
in conventional gaze data by introducing face-recognition
data which present more variants in subjects and the envi-
ronment. We employ diffusion model techniques to learn
their data distribution and synthesize privacy-free face data
via a controllable sampling denoising process. We also pro-
pose gaze protection diffusion process to ensure consistency
between the synthetic data and the gaze direction. From
an implementation perspective, the gaze generation engine
includes two generation schemes, DDPM-Gaze and LDM-
Gaze, built upon the classical DDPM and LDM frameworks,
respectively. They generate new data in parallel, and we ul-
timately mix their data to obtain the final synthesized gaze
data. This design stems from the complementary strengths of
the two sources in key gaze-related factors, driven by their
differing generative mechanisms.

We then propose a fine-tuning-based framework for gen-
eralization boosting, which is a purely data-driven solution.
We employ it to verify the effectiveness of synthetic data
and to demonstrate the benefits of data diversity in improv-
ing generalization. We first use gaze data from the source
domain to pretrain the gaze estimator and generate syn-
thetic data using the gaze data engine. Then, we fine-tune
the model with the synthetic data. Our experiments demon-
strate that diverse synthetic data significantly enhances the
cross-domain performance of the gaze estimator.

Within our fine-tuning-based framework, we further in-
troduce the Domain Stability Adaptation (DSA) framework,
as its overview shown in Fig. 1. It arises from a key in-
sight: directly fine-tuning on more diverse synthetic data can
boost generalization yet also risks a new form of overfitting.
Therefore, we explore a novel fine-tuning paradigm based
on a new data engine. DSA first leverages the generative
model to produce multiple images that share the same gaze
label. Such data was impossible to obtain before the pro-
posal of our method. With the intrinsically diverse feature
of the face-recognition datasets and our two proposed gen-
eration paradigms, these label-consistent images can be re-
garded as multi-domain data with identical labels. DSA si-
multaneously predicts gaze directions for these images. In
addition to constraining the predictions with their shared la-
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bel, it also constrains the variance of the predicted direc-
tions, aiming to enhance prediction stability on the more di-
verse data, thus guiding the model to learn more generalized
features. Experiments demonstrate that synthetic data com-
bined with the DSA method effectively improves the gener-
alization performance of gaze estimation models.

Our contributions are summarized as:

. We formulate gaze estimation as a data-driven domain
generalization problem and propose a diffusion-based
gaze data engine, which consists of DDPM-Gaze and
LDM-Gaze to produce accurately labeled and highly di-
verse gaze data.

We validate the reliability of the synthetic data employ-
ing a fine-tuning-based approach. We also demonstrate
that fine-tuning on synthetic data effectively boosts the
model’s generalization performance.

. We further propose the Domain Stability Adaptation
(DSA) framework to enhance the generalization perfor-
mance of gaze-estimation models by improving predic-
tion stability on synthetic data. Our method achieves
state-of-the-art performance among existing domain gen-
eralization models and even further boosts the perfor-
mance of domain adaptation models.

Related Work
Diffusion Models and Data-driven Deep Learning

Diffusion models have emerged as a significant force in the
field of generative modeling (Ho, Jain, and Abbeel 2020;
Nichol and Dhariwal 2021). These models are inspired by
the physical process of diffusion, where particles spread
from an area of high concentration to an area of lower con-
centration over time. So far, diffusion models have been uti-
lized across a wide range of generative modeling applica-
tions, including image generation (Zhao et al. 2023; Tang
et al. 2024), image super-resolution (Gao et al. 2023; Wang
et al. 2024b), image inpainting (Lugmayr et al. 2022), and
mage editing (Avrahami, Lischinski, and Fried 2022). The
advancements in diffusion models have provided new in-
sights for data-driven deep learning. Training based on syn-
thetic data or data augmentation through generative models
has emerged as a novel solution (Boutros et al. 2023; Wang
et al. 2024a; Fang et al. 2024; Islam et al. 2024).

Cross-domain/dataset Gaze Estimation

The task of cross-domain/dataset gaze estimation has been a
long-standing problem and absorbed adequate attention by
researchers in recent years (Cheng et al. 2024). Two main-
stream approaches have been proposed to solve the per-
formance degradation problem of gaze estimation models
on cross-dataset tasks, listed as Domain Adaptation (DA)
methods and Domain Generalization (DG) methods. DA
methods usually have a two-stage training process, includ-
ing pretraining in the source domain and fine-tuning mod-
els with few labeled (Supervised Domain Adaption, SDA)
or unlabeled (Unsupervised Domain Adaption, UDA) target
domain data. Classic methods used in SDA include meta-
learning (Park et al. 2019), gaze decomposition (Chen and
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Figure 4: Synthetic gaze images with gaze labels generated by DDPM-gaze. The first row of images are from the ETH-XGaze

dataset, and the second row consists of synthetic images.

Shi 2020) and differential approach for gaze estimation (Liu
et al. 2018, 2019). UDA methods usually employ represen-
tation learning (Guo et al. 2020; Wang et al. 2022), rotation
consistency (Bao et al. 2022), outlier guidance (Liu et al.
2021) and uncertainty reduction (Cai et al. 2023). Out of pri-
vacy concern, DG methods have gained much attention re-
cently (Cheng, Bao, and Lu 2022; Xu, Wang, and Lu 2023;
Yin et al. 2024b,a). DG gaze estimation models do not al-
low access to any information from the target domain when
training the model on the source domain, which is more flex-
ible in practical applications.

Methods
Gaze Data Engine

The Gaze Data Engine comprises two generative models:
one based on DDPM (DDPM-Gaze) and the other on the
latent diffusion model (LDM-Gaze). DDPM-Gaze produces
precise yet relatively conservative gaze data, whereas LDM-
Gaze generates more diverse data.

DDPM-Gaze is a training-free solution using a labeled
gaze image as conditions during the sampling process to
controllably generate new gaze data.

We employ an unconditional DDPM pre-trained on a
face-recognition dataset (Face-DDPM) as the generative
prior in pixel space. The reverse process of Face-DDPM is
modeled by a neural network that predicts the parameters
o (xy,t) and og (x4, t) of a Gaussian distribution,

ey

We progressively guide the sampling process of Face-
DDPM using the crucial pixel areas of the eyes extracted
from the authentic image, as shown in Fig. 3. Thanks to the
characteristic of DDPM that maintains consistency in both
the denoised feature space and the original image dimen-
sions, we propose a novel gaze-protected sampling scheme

po(zi-1lve) = N(21-15 9 (21, 1), 00 (21, 1))
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for DDPM-Gaze. We denote the authentic gaze image from

a gaze dataset as 28°%°, and x{““° represents the output of
sampling at step t. A mask MY is used to extract pixels
around the eyes area. Its acquisition method involves using
facial landmark detection, creating an attention map via a
Gaussian mixture model, and applying threshold-based bi-
narization. M ® z represents the eyes area in an image
and (1 — M) ® x represents the other facial parts. At ev-
ery reverse step, we replace the pixels of eyes M @ 2o
with a corresponding version of M @ 2§, where 27"}
keep the correct properties of the corresponding distribution,

2 ~ N(Vaao, (1 — a)l). )
x$™° can be directly obtained through the forward diffusion

process of the diffusion model. Thus, we achieve the follow-
ing expression for one reverse step in our approach,

Tt—1 = M o mfizle + (1 _ Meyes) ® xgaicf (3)

In practice, additional meticulous steps are required to en-
sure precise alignment between the gaze and face images,
thereby enabling the generation of natural-looking facial im-
ages. We provide further details in the Supplementary Ma-
terial. Fig. 4 shows a selection of synthetic image examples.
Synthetic images exhibit stronger diversity, with a richer ar-
ray of expressions, diverse lighting variations on the face,
and a more varied range of facial features.

LDM-Gaze is built upon a latent diffusion model that
shifts the diffusion process into the latent space. We use im-
age features as conditional inputs to guide the generation
process, because text features struggle to fully control the
geometric details of gaze. The diffusion model in the latent
space is designed as a U-net based DDPM model with cross
attention mechanism, consistent with (Rombach et al. 2022).
We propose a two-stage training method to progressively
refine LDM-Gaze’s control over facial attributes and gaze
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Figure 5: Illustration of our proposed LDM-Gaze architecture.

attributes are shared in several consecutive images.

from gaze data and face-recognition data respectively.

Analysis of the synthetic gaze data

large amount of data in a gaze estimation dataset, and since
most images are collected sequentially, the majority of facial

After training, synthetic images can be sampled from la-
tent space controlled by gaze-context and face-context input

In this section, we discuss the rationale for including both

DDPM-Gaze and LDM-Gaze data in the gaze data engine.
Figure 6: LDM-Gaze data exhibit greater diversity but also DDPM-Gaze, by preserving the key periocular pixels of
suffer from head-pose-related limitations. the source domain, generates data with high label consis-
tency and also helps retain head-pose information. Preserv-
ing head-pose information in gaze datasets is of partic-

direction attributes. The overview of LDM-Gaze’s training
workflow is shown in Fig. 5.

In Facial Modulation Learning, the model is trained to
learn a stable and robust latent space distribution under the
guidance of face-context information. Face-context informa-
tion is obtained through an image encoder of a face recog-
nition model (FAE), and the training data X; € R#*Wx3
is sourced from a face recognition dataset. During the FML
training stage, we input images into FAE to obtain the face-
context feature Z;. After that, Z; passes through a linear
layer to yield the face-context vector V; € R™. We then
concatenate V; with a randomly initialized gaze-context
vector V;, € R™, before injecting it into LDM using a cross-
attention mechanism. Due to the differences in scale be-
tween the face-context and gaze-context in the facial image,
we do not explicitly add gaze conditions in FML. Instead,
we use random vectors to retain the generative potential for
diversity within the LDM. In Gaze Modulation Learning,

we freeze the parameters for the face-context branch. Un- . - .
like FML, three consecutive images {Y;, Y;11, Y;12} from a Domain Stability Adaptation (DSA)

by preserving source-domain pixel information.

gaze estimation dataset of the same subject are sent to FAE We first introduce our proposed fine-tuning-based frame-
sequentially and the outputs are three homogeneous face- work. Aligned with traditional training scheme, the source-
context features {Z;, Z; 11, Zi+2}. Subsequently, these fea- domain gaze data is used to pretrain the gaze model. Mean-
tures are combined through channel average pooling. Mean- while, it is also leveraged by the gaze data engine to gener-
while, gaze-context information is obtained with similar ate synthetic samples. Before cross-domain testing, the pre-
pipeline but encoded by an image encoder of a gaze estima- trained model will be fine-tuned on the synthesized data. We
tion model (GAE). It is worth noting that as {Y;, Y1, Yiio} employ this method as a purely data-driven solution to verify
are sent to train LDM, they share the same V7 in three re- the effectiveness of synthetic data. Compared with training
verse diffusion processes. This mechanism helps prevent the from scratch on synthetic data, this method effectively re-
model from overfitting, because a single subject contains a duces the required number of synthetic images.
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ular importance for gaze estimation: in natural situations
the head rotates in concert with gaze direction, yet dur-
ing model training this can lead a regression network to
mistakenly regard head pose as a decisive cue. To address
this issue, gaze datasets are deliberately collected so that
gaze direction is decoupled from head orientation, facilitat-
ing more robust model training. As face-recognition datasets
lack this decoupling, LDM-Gaze data - whose facial con-
tent is largely drawn from such datasets - exhibit stronger
consistency between face identity and gaze direction (see
Fig. 6). Meanwhile, face-recognition datasets are dominated
by near-frontal faces, causing LDM-Gaze to lack samples
with large head poses as well (see Fig. 6). Moreover, the ac-
curacy of LDM-Gaze data needs to be validated; we provide
the corresponding results in the Experiment Section. Never-
theless, LDM-Gaze remains essential, as it compensates for
the diversity limitations that DDPM-Gaze inevitably incurs
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Figure 7: Illustration of the DSA roadmap.

Although the purely data-driven method can verify the
effectiveness and plausibility of the synthetic data, relying
solely on standard fine-tuning is suboptimal for generaliza-
tion. Due to the limited scale of fine-tuning, it is prone to a
new form of overfitting. To leverage synthetic data more ef-
fectively and improve the efficiency of fine-tuning, we fur-
ther propose the DSA framework. DSA is inspired by a clas-
sic domain adaptation method based on collaborative learn-
ing (Cai et al. 2023; Liu et al. 2021). They employ the tem-
poral average of a set of gaze estimators over time as pseudo-
label supervision for the domain adaptation process. In com-
parison, DSA only adapts a specific gaze estimator with a
set of labeled synthetic images. DSA enhances model’s sta-
bility by increasing the samples’ domain diversity and re-
duces model’s prediction uncertainty as well as prediction
error of diverse images with shared label, which can be ob-
tained with our gaze data engine.

Let I = {1, I5,...,In} denote a group of synthetic im-
ages, which includes N images and they share a same gaze
label g. g {41, g2, ..., gn } denotes the gaze prediction
from a gaze estimator pretrained on source domain. For pre-
diction uncertainty reduction, we update the parameters for
adaptation as:

N

>

n=1

1

N

N 2
. 1 .

guncertainty = <gn - N ng> . (4)
k=1

For prediction error reduction, we continue to formulate the

gaze estimation loss between the predicted vector §,, and the

ground truth g with the L; loss as:

1 N
éerror = N Z |gn - g|
n=1

The final loss function of DSA is defined as {,q, =
Luncertainty + Merror, Where X is the weight parameter to
balance two losses.

&)

Experiment
Implementation Details

Cross-domain gaze estimation. We opt for Gaze360
(Kellnhofer et al. 2019) and ETH-XGaze (Zhang et al. 2020)
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Dk Dk Dk Dk
Model Dy —Dp —DG —LG
CNN Baseline (ResNet-18) 8.47 9.32 9.13 9.36
PureGaze (ResNet-18) 7.08 7.48 7.25 7.38
CNN Baseline (ResNet-50) 7.95 9.11 8.37 8.56
PureGaze (ResNet-50) 6.74 7.32 7.15 7.21

Table 1: Angular gaze errors performance (°) of cross-
domain experiments on synthetic data. DG and LG denote
the data from DDPM-Gaze and LDM-Gaze, respectively.

as training set (source domain) for their varied gaze ranges,
and a spectrum of head poses. To evaluate the efficiency
of our model, we conduct tests across two well-established
datasets: MPIIGaze (Zhang et al. 2015) and EyeDiap (Fu-
nes Mora, Monay, and Odobez 2014). In total, we undertake
four cross-dataset experiments, which denoted as follows:
Dg (ETH-XGaze) to Dy (MPIIGaze), Dg to Dp (Dye-
Diap), D¢ (Gaze360) to Dy, and D¢ to Dp. For prepro-
cessing, we use the code provided in (Cheng et al. 2024).

Gaze data engine. We implement the Face-DDPM in
DDPM-Gaze with the guided diffusion model (Dhariwal and
Nichol 2021) pretrained on CelebA-HQ (Liu et al. 2015) and
FFHQ (Karras, Laine, and Aila 2019) datasets. We respec-
tively implement the FAE and GAE in LDM-Gaze with the
encoders of an advanced face recognition model ElasticFace
(Fadi et al. 2022) and an advanced gaze estimation model
PureGaze (Cheng, Bao, and Lu 2022). The face-context in-
formation in LDM-Gaze comes from the FFHQ dataset.
During the generation phase of the gaze data engine, we ran-
domly select data and labels from the source gaze dataset to
guide conditional generation, ensuring the label distribution
of the synthesized data is diverse.

The DSA framework is implemented on a NVIDIA
GeForce RTX 3090 GPU using Pytorch framework. Im-
ages from face recognition datasets are all resized to a size
of 224x224, and gaze images are all cropped to the same
size without data augmentation. The adaptation in DSA is
trained for 50 epochs using a Cosineannealing LR scheduler
(Loshchilov and Hutter 2016) with a 5-epoch warm-up. We
use the SGD optimizer with Nesterov momentum, a learn-
ing rate of 0.0001 for the parameter. More implementation
details are included in the Supplementary Material.

Reliability and characteristics of synthetic data

We first validate the synthetic data from the gaze data en-
gine, focusing on evaluating both accuracy and diversity.
As for the accuracy of the LDM-Gaze, due to the gen-
eralization problem in gaze-estimation models, direct er-
ror quantification is infeasible. In Tab. 1, we design com-
parative experiments, which presents cross-domain results
on both gaze datasets and synthetic data, using PureGaze
(Cheng, Bao, and Lu 2022) and ResNet baselines to rep-
resent a domain-generalized model and a standard model.
The performance on LDM-Gaze closely matches accuracy
on the gaze dataset, and also matches DDPM-Gaze. By this
method, we confirmed the accuracy of the LDM-Gaze data.



Dk Dg Da Da

Fine-tuning Dy —Dp —Dy —Dp Avg
Baseline 7.08 7.48 9.28 932 829
x 1000 (D) 6.92 7.33 8.43 838 7.77
x 5000 (D) 6.65 7.30 7.81 8.09 746
x 10000 (D) 6.47 7.22 7.46 7.88  7.26
x 1000 (£) 6.85 7.32 8.57 8.44  17.80
x 5000 (£) 6.50 7.25 7.93 8.05 743
x 10000 (L) 6.42 7.15 7.56 796  7.28

x 1000 (D + £) 6.68 7.25 8.20 827 17.60
x 5000 (D + £) 6.42 7.13 7.25 7.83 733
x 10000 (D + L)  6.31 7.05 6.93 744 693

Table 2: Angular gaze errors (°) performance result of only
using the fine-tuning-based framework.

Dg Dk DG DG

Task Methods | Dy Dy —Dp — Dy — Dp

Avg

PureGaze 0  7.08 748 928 932 829
CDG 0 673 795 703 727 725
Xu et al. 0 650 744 755 9.03 7.63
DG CLIP-Gaze 0 641 751 689 7.06 6.97
LG-Gaze 0 645 722 683 6.86 684
AGG 0 7.0 707 787 793 7.49
GFAL 0 572 697 7.8 738 681
OurDSA 0 612 683 656 670 6.55
PnP-GA 10 553 587 618 792 6.38
RUDA 100 570 629 620 586 6.01
CRGA >0 548 566 589 649 588

UDA LatentGaze 100 5.21 7.81 6.51

Liu et al. 100 535 662 7.18 861 694
UnReGA 100 511 570 542 580 551

Table 3: Comparing DSA with SOTA methods with angu-
lar gaze errors performance in four cross-dataset tasks. The
units of the data in the table are all degrees (°).

To demonstrate that synthetic data enhances generaliza-
tion, we conducted experiments using our fine-tuning-based
framework. In Tab. 2, we again use PureGaze as the pre-
trained baseline model, fine-tuning it with varying amounts
of synthetic data and then evaluating on four cross-dataset
tasks. D and £ denote the use of data from DDPM-Gaze
and LDM-Gaze, respectively; x indicates the number of im-
ages used; D + L represents the mixed use of data from
both sources with an equal split between them. Experimen-
tal results confirm the generalization benefits of synthetic
data and demonstrate that jointly using both types of syn-
thetic data further boosts performance. We also report the
model’s average performance within intervals defined by
head-pose and gaze discrepancies in Fig. 8 to delve deeper
into the properties of synthetic images. It can be observed
that the model fine-tuned exclusively on LDM-Gaze per-
forms markedly better on data where head pose and gaze
directions are similar, while yielding larger prediction errors
when these directions differ substantially—consistent with
our earlier findings. Fine-tuning with a mixed data source is
more effective at boosting overall model performance.

9.4 2 7.8
— < “
38 o 762
w w
S22 P 925 2N 73 73 74 =
[T 7.4%
018 72 74 74 g
9.1 9.0 § 71 72 73 7.2
0.2 0.4 0.8 0.01 0.1 0.2 0.4
yaw yaw
(a) Baseline (b) x 10000 (L)
2 74 75 73 74 7 2 68 69 1 69 f710
7.05
373 73 74 73 B7%5 3 VAN 69 6.8 5
~ 7 5‘; SN 6.9 700‘:5
SR 7.2 74 74 S5 Eo 0 N3 6055
= 7.4 73 745 o &° &g 6.90 %
2 3 69 68 7.0 685
o715 7.4 73 15 713 S . ’
< 0.01 0.1 0.2 0.4 0.8
' yaw ' ' yaw
(©) x 10000 (D) () x 10000 (D + £)

Figure 8: Generalization test results of the gaze model
(PureGaze) after fine-tuning on different data. In each plot,
points closer to the lower-left corner correspond to test sam-
ples whose head pose and gaze angles are more similar.
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Performance Comparison with SOTA Methods

In this section, we verify the advancement of the pro-
posed DSA. We first introduce the main parameter settings
of DSA. We use the generalized visual model PureGaze
(Cheng, Bao, and Lu 2022) as our backbone, just as in the
previous experiments, due to its open-source nature and its
concise and elegant training process. Let S = {S1, ..., Sk}
denotes the synthetic image set sending into DSA, and K
represents the number of gaze labels. Sy = {S},..., S}
denotes that there are N synthetic images sharing the same
label. In the subsequent experiments, unless otherwise spec-
ified, t he number of synthetic images used is 10,000 and the
default settings is K = 2500 and N = 4. Among the images
with the same labels, the images generated by DDPM-Gaze
and LDM-Gaze each account for half.

Performance comparison with domain generalized
methods. As shown in Tab. 3, we compare our method
with PureGaze baseline (Cheng, Bao, and Lu 2022), CDG
(Wang et al. 2022), Xu et al. (Xu, Wang, and Lu 2023),
CLIP-Gaze (Yin et al. 2024b), LG-Gaze (Yin et al. 2024a),
AGG (Bao and Lu 2024) and GFAL (Xu and Lu 2024).
We highlight the best performance in bold and the second-



.. Ours

Method Task Origin Fine-tuning DSA
Da—Dy 7.00 6.83]24% 6.3119.9%
Gare360 De—Dp 877 838 04.4% 7.77111.4%
Do—Dy—Dg 1443 1434 10.6% 1411 [22%
Da—Dp—De 1475 1458 [1.2% 14.18 [3.9%
Da—Dy 6.18 6.1510.5% 592 [4.2%
PoP-GA De—Dp 792 7.58 |43% 6.87 [13.3%
Do—Dy—Dg 1422 14.15 10.5% 14.00 |1.6%
Da—Dp—De 1438 1421 [1.2% 14.05 [2.2%
Da—Dy 558 558 10.0% 5.13 18.1%
De—Dp 584 579 109% 5.38 17.9%
UnReGA- 1, D —De 13.64 1358 [04% 13.11 13.9%
Da—Dp—De 1395 13.84 10.8% 13.25 15.0%

Table 4: Performance comparison before and after applying
synthetic data and DSA framework to UDA methods.

best with an underline. Our method achieves the best perfor-
mance on three tasks and in terms of average performance,
and is only slightly inferior to GFAL on one task. In Fig. 9,
we present the relationship between the model’s prediction
error and the proposed prediction variance during training.

Performance comparison with unsupervised domain
adaptation (UDA) methods. Compared to our method,
they require images from the target domain for training. | D;
represents the number of images required. These methods
include PnP-GA (Liu et al. 2021), RUDA (Bao et al. 2022),
CRGA (Wang et al. 2022), LatentGaze (Lee et al. 2022), Liu
et al. (Liu et al. 2022) and UnReGA (Cai et al. 2023). Our
method has generated a certain level of competitiveness with
UDA methods, further narrowing the gap between DG and
UDA methods while preserving privacy.

In Tab. 4, we use three open-source UDA methods as the
pretrained models of our framework to verify the superior-
ity of the DSA architecture. The three UDA models used
are Gaze360 (Kellnhofer et al. 2019), PnP-GA, UnReGA-.
UnReGA- is the open-source version of UnReGA without
face enhancement; for more details, see (Cai et al. 2023).
Specifically, both the fine-tuning-based framework and the
DSA framework serve as post-training methods for the UDA
method. We use the L1 loss as the training objective function
for the fine-tuning-based framework. For each UDA model,
we not only test the two cross-domain tasks but also test
the performance on the source domain after domain adapta-
tion. The experimental results show that our synthetic gaze
data and DSA framework can further enhance the cross-
domain performance of UDA methods while also improving
the model’s performance on the source domain.

Parameter study of DSA

In this section, we conduct experiments to investigate the
key parameters of DSA. In the performance comparison
shown in Fig. 10, we keep N = 4 fixed and vary both the
number of synthetic images and their source proportions. It
can be seen that employing more synthetic images consis-
tently benefits the model’s generalization, while judiciously
mixing data sources also plays a crucial role in improving
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Figure 10: Average performance of DSA across four cross-
domain tasks when varying the total number of synthetic
images and their source proportions. The horizontal axis in-
dicates the total number of synthetic images used, and a:b
denotes the ratio of DDPM-Gaze to LDM-Gaze images.

Dg Dg D¢ D¢
N — Dy — Dp — Dm — Dp AVg
N=1 6.31 7.05 6.93 7.44 6.93
N=2 6.22 6.94 6.75 7.20 6.78
N=3 6.18 6.89 6.70 6.85 6.66
N=4 6.12 6.83 6.56 6.70 6.55

Table 5: Angular gaze errors (°) performance result of dif-
ferent values of V.

its overall performance. In the experiments shown in Tab. 5,
we fix the total number of synthetic images at 10 000, with
DDPM-Gaze and LDM-Gaze images contributing equally,
and vary the value of N. Special cases occur when N = 1,
where the DSA model reduces to the standard fine-tuning
method, and when N = 3, where 9 999 synthetic images are
used instead. The results demonstrate that as N increases, the
model imposes stricter requirements on prediction stability
and achieves better generalization, further substantiating the
effectiveness of the DSA approach.

Discussion and Conclusion

In this paper, we present the first synthetic-data-based solu-
tion aimed at improving the generalization of gaze estima-
tion tasks. During the data-synthesis phase, we devised dis-
tinct mechanisms for DDPM-Gaze and LDM-Gaze to ensure
both the accuracy and diversity of the generated data, and we
conducted extensive experiments to verify their reliability.
DSA is a simple yet effective framework for improving gen-
eralization based on synthetic data. Owing to its data-driven
nature, both the selectable models and the optimizable tasks
are highly flexible. We believe that synthetic data will open
up new avenues for tackling a wide range of vision tasks.
Moreover, as illustrated by the DSA framework in this pa-
per, more flexible data structures also hold the potential to
inspire even more effective training paradigms. In the future,
we will continue to explore the potential of synthetic data in
visual generalization tasks.
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