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A B S T R A C T

Gaze estimation methods commonly rely on single-camera facial appearance analysis to estimate the direction
of a person’s gaze. Recently, there has been significant interest in exploring gaze estimation techniques across
different domains. Despite the advances, distinguishing authentic gaze-relevant features primarily relies on
detecting subtle changes in the eye region. Moreover, non-gaze-related features are intricately entangled with
the gaze-relevant components in a nonlinear manner. In response to these challenges, our work addresses the
cross-domain gaze estimation problem through a feature decontaminating approach. Specifically, we propose
a Cross Gaze Generalization (CGaG) method that explicitly encodes gaze- and domain-dedicated feature and
leverages cross-identity features swapping to generate novel images where changes are exclusively confined to
either the gaze or domain attributes. To consolidate feature purification and domain generalization, we utilize
the equivariance between images and gaze labels to facilitate collaborative contrastive learning (CCL), which
faithfully ensures that the generated novel images align with the expected outputs. Extensive experiments are
conducted on various cross-domain tasks, demonstrating the effectiveness of CGaG. Meanwhile, CGaG achieves
superior or comparable gaze estimation accuracy on both domain generalization and domain adaptation
experiments. CGaG also shows promising cross-identity gaze or domain transfer visualizations.
1. Introduction

Appearance-based gaze estimation employs deep neural networks
to infer the direction of gaze from monocular images, enabling the
determination of a person’s point of focus [1,2]. Recent advancements
in deep learning have significantly bolstered the efficacy of gaze es-
timation [3–6]. However, trained gaze estimators often experience
noticeable performance degradation when confronted with new scenar-
ios, primarily due to the disparities that exist across different domains.
These domain differences manifest in aspects such as different indi-
viduals, recording equipment disparities, fluctuations in illumination,
and variations in resolution. Simultaneously, gaze annotation demands
specialized equipment, like eye trackers, which makes it laborious
and resource-intensive to collect. This limitation hinders acquiring a
significant volume of labeled gaze data in diverse real-world scenarios.

To generalize the gaze estimation models to new scenarios, re-
searchers have conducted a series of studies to develop cross-domain
gaze estimation methods [7–10]. However, most of these methods
require target domain data for model adaptation or fine-tuning. In real-
world scenarios, accessing and labeling target domain data for model
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adaptation may be time-consuming or even infeasible due to privacy
concerns or unavailability of specialized eye-tracking equipment. In this
paper, we address this cross-domain gaze estimation issue via propos-
ing a Cross Gaze Generalization (CGaG) method, aiming to generalize
gaze estimation to various target domains effectively without requiring
target domain data (i.e., domain generalization), which is different
from most existing gaze domain adaptation works that use unsuper-
vised training on the target domain. Specifically, we aim to encode
gaze-related features that are not intertwined with domain variations,
e.g., illumination, appearance, etc. Within the confines of a strictly
domain generalization framework, we posit that generalizable gaze
features should manifest invariance to a spectrum of subject-related
variations present in the source domain. These variations encompass
diverse individual characteristics such as disparities in lighting con-
ditions, head orientations, age, gender, and other pertinent factors.
Consequently, we anticipate that the trained gaze estimator that pos-
sesses fewer domain-related elements should be more amenable to
domain generalization without training with target domain data.
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Fig. 1. (a) shows the overview of the proposed Cross Gaze Generalization (CGaG)
method during the training stage. CGaG disentangles gaze and domain features and
facilitates target-free cross-domain gaze estimation. (b) In the testing stage, only the
trained gaze encoder is utilized for gaze estimation for inference. (c) We synthesize
images produced by interpolating between gaze features from two randomly sampled
subjects.

Fig. 1(a) illustrates the overview of our proposed CGaG. To acquire
the desired features that exclusively encode gaze or domain character-
istics, we employ two distinct encoders, each dedicated to extracting
gaze or domain features. These features are subsequently randomly
interchanged within the latent embedding space to synthesize novel
face images, facilitating the transfer of gazes while fully preserving
other domain-related factors.

The quality of the generated novel face images inherently serves
as an indicator of the effectiveness with which the gaze and domain
features are disentangled. Therefore, we utilize global and local con-
trastive learning (CL) mechanisms to rigorously constrain and ensure
the faithful representation of gaze and domain attributes within the
generated face images. By employing global CL, our focus lies in em-
phasizing the necessity for discernible disparities within the eye region
of artificially generated face images compared to vanilla images. Fur-
thermore, we leverage the equivariance between images and gaze labels
and devise an elegant local CL mechanism. Local CL ensures domain
features are trained to encompass domain-specific variations that pose
difficulties in manual annotation. As demonstrated in Fig. 1(b), with
the collaboration of global and local CL, CGaG can be directly applied
to new scenarios without significantly compromising the accuracy of
gaze estimation.

Fig. 1(c) demonstrates that our learned gaze features are disen-
tangled from the domain features through visualization of synthesized
images of two faces while linearly interpolating their gaze features.
This effectively showcases the capability of CGaG to facilitate smooth
transformations between these critical attributes. We will subsequently
elaborate on how CGaG aids in the encoding of gaze-specific features,
which exhibit promising potential for generalization across diverse
target domains.

Our contributions in this paper are summarized as follows:

1. We propose a Cross Gaze Generalization (CGaG) method to
mitigate the challenge of cross-domain gaze estimation without
relying on any target data, i.e., domain generalization. CGaG
aims to learn the gaze-related features merely using the source
images and to directly generalize the trained gaze estimation
model to various target domains.

2. In CGaG, we propose to seamlessly unify global and local CL
to achieve the subtle gaze feature decoupling. We utilize the
prior equivariance between images and gaze labels to facili-
tate domain-level CL, which is collaboratively combined with
image-level CL for elegant subtle gaze feature separation.
2 
3. Compared to existing methods, CGaG achieves state-of-the-art or
comparable gaze estimation performance under the domain gen-
eralization setting. Visualization experiments show CGaG con-
sistently disentangles gaze- and domain-related features across
different subjects.

The remainder of this paper is organized as follows. In Section 2
we review related work in gaze estimation and domain generalization.
In Section 3, we present the details of our CGaG method, while in
Section 4, we demonstrate its efficacy through experiments.

2. Related work

Gaze Estimation: Recently, gaze estimation has attracted
widespread attention [11–17]. Early research typically focused on
physical structure of the eyeball and used geometry models to es-
timate gaze [18,19]. However, due to individual differences in eye
structure [18], early methods always rely on personal calibration and
require the support of specific devices, such as infrared cameras [20]
or depth cameras [21–23]. This also hinders their practicality since
additional devices are needed.

With the development of deep learning, gaze estimation methods
have achieved considerable improvements [3,24–26]. Zhang et al. [27]
first established a gaze estimation model based on a CNN network.
Chen et al. [4] utilized dilated convolution to increase the feature
resolution for gaze estimation. Park et al. [25] proposed to use rotation
consistency between gaze and head pose and enhanced gaze esti-
mation adaptability using meta-learning paradigm. Cheng et al. [28]
improved gaze estimation accuracy using a coarse-to-fine strategy. As
the performance of gaze estimators often experiences noticeable degra-
dation when confronted with new scenarios, Bao et al. [8] proposed
a self-training strategy to adapt source domain data through gaze
rotation consistency. Similar cross-domain methods include adversarial
learning [29], outlier guidance [7], contrastive regression [9]. Sun
et al. [30] used a cross-encoder structure for unsupervised gaze estima-
tion based solely on eye regions. Also, Cai et al. [10] proposed to reduce
the uncertainty of samples and enhance the adaptability of models
in unsupervised source-free domain adaptation. Notably, innovative
multitask methods [31,32] using multiview cameras and synthesized
high-resolution data have further enhanced gaze estimation accuracy.
Additionally, recent work has explored remote gaze estimation in retail
environments, demonstrating the scalability and robustness of deep
learning methods [33,34]. These advancements not only enhance gaze
estimation accuracy but also open up new avenues for real-world
applications in diverse and unconstrained settings.

Domain Generalization: Currently, cross-domain methods can be
roughly divided into domain adaptation (DA) [35] and domain gen-
eralization (DG) [36]. The difference between DA and DG lies in
the fact that during the training process of DA, both source domain
and target domain data can be used, while DG can only use the
source data. This distinction highlights that domain generalization
is more challenging and has more practical applications [36]. DG
methods have been widely applied in various computer vision tasks
such as image classification [37], semantic segmentation [38], person
re-identification [39], as well as natural language processing [40] and
reinforcement learning [41]. Existing domain adaptation algorithms
include techniques such as data augmentation [37,42], data genera-
tion [41,43], feature disentanglement [44,45], ensemble learning [46],
and meta-learning [47] to enhance the model’s generalization ability.

For unsupervised DA (UDA) gaze estimation, where the labels of
target data are not used, ADL [48] is a representative unsupervised
gaze adaptation method by adversarial learning and pinball loss. DA-
GEN [49] exploits gaze embedding and prediction consistency property
to eliminate the impact of inter-personal diversity. PnP-GA [7] is
a state-of-the-art unsupervised gaze adaptation approach via outlier-
guided collaborative adaptation. GazeAdv [29] incorporates adver-
sarial learning and Bayesian inference to learn gaze-related features.
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Fig. 2. (a) The framework of CGaG. (Orange and gray boxes) Given two randomly sampled images 𝐼𝑎 and 𝐼𝑏, we perform image augmentation and encode gaze- and domain-related
features via gaze encoder 𝐺 and domain encoder 𝐷 , while applying an orthogonalization loss between the gaze and domain features. (Purple box) For vanilla input images,
we conduct feature interchanging to generate two gaze-swapped images 𝐼𝑏→𝑎 and 𝐼𝑎→𝑏. Subsequently, the gaze- and domain-related features of 𝐼𝑏→𝑎 and 𝐼𝑎→𝑏 are re-encoded for
image re-generation (Section 3.2), which facilitates image-level global contrastive learning (GCL). (Brown box) The domain features of both the vanilla and the augmented images
facilitate feature-level local CL (Section 3.3). (b) In the GCL framework, an image and its reconstruction counterpart are considered as positive pairs, 𝑒.𝑔 . , 𝐼𝑎 and 𝐼𝑎, other images
are used as negative samples.
RUDA [8] assigns target domain images with sub-labels which are
derived from rotation consistency and facilitates domain adaptation
with distribution loss. CRGA [50] learns the stable representation
across the source and target domains via self-training adaptation and
contrastive regression constraint. UnReGA [10] achieves source-free
domain adaptation via reducing image and model uncertainties.

For DG gaze estimation, Cheng et al. [51] proposed PureGaze, which
introduces DG for the first time in gaze estimation. Lee et al. [52]
proposed LatentGaze, aims to map a target image to the source space
by power of GAN inversion. Xu et al. [53] introduced GazeCF that
purifies gaze-related features via training with diversified synthesized
data. In contrast to these approaches, our CGaG does not need to
explicitly define the numerous domain factors and learns to encode the
gaze-related features in a collaborative contrastive learning manner.

3. Method

3.1. Overview

We introduce a domain generalization framework for gaze estima-
tion called Cross Gaze Generalization (CGaG), designed to improve
the model’s ability to generalize across different domains without ac-
cessing target domain data or labels. The data from the source and
target domain can be represented as 𝑠 = {(𝐼𝑠𝑖 , 𝑔𝑠𝑖 )}

𝑁𝑠
𝑖=1 and 𝑡 =

{(𝐼 𝑡𝑖 )}
𝑁𝑡
𝑖=1, where 𝐼𝑠𝑖 and with 𝐼 𝑡𝑖 represent the 𝑖th image in the source

and target domain. 𝑔𝑠𝑖 denotes the gaze label for 𝐼𝑠𝑖 .
Under the domain generalization setting, 𝑡 is only available at the

testing stage. The optimization process for domain generalization can
be formulated as:

min
𝜙,𝜃

E(𝐼𝑠𝑖 ,𝑔
𝑠
𝑖 )∈𝑠

‖𝜙(𝜃(𝐼𝑠𝑖 )) − 𝑔𝑠𝑖 ‖1 + 𝑔 𝑒𝑛𝑒𝑟𝑎𝑙 , (1)

where 𝜃 is the gaze feature extractor and 𝜙 is the gaze regressor.
This equation seeks to minimize the discrepancy between the predicted
gazes and true labels, as well as a regularization term 𝑔 𝑒𝑛𝑒𝑟𝑎𝑙 to
improve the generalization of the gaze estimation model. For the target
domain, gaze estimation is given by: 𝑔𝑡𝑖 = 𝜙(𝜃(𝐼 𝑡𝑖 )), where the model
trained on the source domain estimates gaze for the unseen images in
the target domain.

Traditional gaze estimators usually show heavy performance degra-
dation when applied to new domains [51–53]. To mitigate this issue,
CGaG is formulated to systematically encode two discernible categories
of features extracted from face images, namely the gaze-/domain-
related components. The core of CGaG resides in its capacity to en-
capsulate the inherent gaze patterns within the gaze-related features,
thereby mitigating the deleterious impact of domain-related factors and
consequently facilitating cross-domain generalization.
3 
Fig. 2(a) shows the framework of CGaG. It consists of two main
components: the Gaze-disentangled Encoder, Decoder (GaED) and Col-
laborative Contrastive Learning (CCL). With GaED, we encode the
gaze-/domain-related features and interchange these features between
different subjects. This facilitates generating novel gaze-swapped face
images and the subsequent re-generation, as well as reconstruction,
of these images. Meanwhile, CCL endows CGaG with the capacity to
explicitly supervise domain-related factors, aiming to preserve diverse
nuances within the domain-related components. Below, we present the
details for each component.

3.2. Gaze-disentangled encoder and decoder

To effectively disentangle gaze- and domain-related features, we
devise a system composed of two specialized encoders: 𝐺 for encoding
gaze-related features and 𝐷 for domain-related features, as illustrated
in Fig. 2(a).

The input to GaED consists of images 𝐼𝑎 and 𝐼𝑏 from different sub-
jects. Prior to the encoding stage, these images are processed through
our Gaze-aware Augmentation Module (GaAM), which augments the
gaze while maintaining the domain-related features. GaAM serves two
key purposes. First, it creates augmented images to improve the ro-
bustness of the gaze encoder through more training data. Second, it
precisely provides the relationship between original and augmented
gaze/domain features which helps to guide the feature disentangle-
ment. To augment the images, GaAM applies either random horizontal
flips or rotations to a specified degree range, both of which modify
the associated gaze labels. Flipping an image horizontally makes the
yaw component of the gaze direction inverted while leaving the pitch
unchanged. When it comes to rotations, as detailed in [8], an image
rotated by an angle 𝛼 results in an accordingly adjusted gaze direction
as follows:

(𝐠) = 𝑅𝐠𝐠, 𝑅𝐠 =
⎡

⎢

⎢

⎣

cos 𝛼 − sin 𝛼 0
sin 𝛼 cos 𝛼 0
0 0 1

⎤

⎥

⎥

⎦

, (2)

where  denotes the augmentation operation and 𝐠 is the gaze anno-
tation before the augmentation.

Both the vanilla and the augmented images are subsequently sent to
𝐺 and 𝐷 for encoding the gaze-/domain-related features. To ensure
accuracy in representing the gaze, we apply a constraint that aligns the
gaze features with the corresponding ground truth 𝐠′, formulated as:

𝑔 𝑎𝑧𝑒 = ‖𝐺(𝐺(𝐼)) − 𝐠′‖1 + ‖𝐺(𝐺((𝐼))) −(𝐠′)‖1, (3)

where 𝐺 is the gaze encoder and 𝐺 is the gaze regressor.
Additionally, to enhance the separation of the extracted features

into distinct gaze and domain components, we impose orthogonal reg-
ularization. Drawing inspiration from prior works [54,55], we seek to



L. Xia et al.

f

v

a

m

a
d

i

i
o

𝐼

d
W
f
d

o

C

w
a

Pattern Recognition 161 (2025) 111244 
orthogonalize the domain and gaze features within a high-dimensional
eature space. The orthogonal regularization loss is formalized as:

𝑜𝑟𝑡ℎ = cos(𝐺(𝐼), 𝐷(𝐼)) + cos(𝐺((𝐼)), 𝐷((𝐼))), (4)

where cos(⋅, ⋅) calculates the cosine similarity between two feature
ectors. After the first encoding stage, we swap the gaze features of 𝐼𝑎

and 𝐼𝑏, then concatenate the swapped gaze features with their original
domain features. This concatenated features are fed into the decoder
 to obtain the gaze-swapped images 𝐼𝑎→𝑏 and 𝐼𝑏→𝑎, realizing initial
disentanglement. Subsequently, the generated images are fed into the
𝐺 and 𝐷 again to obtain new gaze- and domain-related features. To
maintain the consistency of these features, we formulate an embedding
consistency loss 𝑒𝑐 :
𝑐 𝑜𝑛 = ‖𝐺(𝐼𝑎→𝑏) − 𝐺(𝐼𝑏)‖2 + ‖𝐷(𝐼𝑎→𝑏) − 𝐷(𝐼𝑎)‖2

+ ‖𝐺(𝐼𝑏→𝑎) − 𝐺(𝐼𝑎)‖2 + ‖𝐷(𝐼𝑏→𝑎) − 𝐷(𝐼𝑏)‖2.
(5)

To encourage photo-realistic output from decoder , we incorporate
 PatchGAN-based discriminator [56]  to adversarially encourage the

synthesized face images to be as realistic as possible. We formulate the
adversarial loss as:

𝑑 𝑖𝑠 = E[log(𝐼) + log(1 −( ⃖⃗𝐼))], (6)

where 𝐼 denotes the original input face images. ⃖⃗𝐼 represents the gaze-
swapped images, e.g., 𝐼𝑎→𝑏 and 𝐼𝑏→𝑎.

In the last stage, we regenerate the face images with the features of
the gaze-swapped images 𝐼𝑏→𝑎 and 𝐼𝑎→𝑏, as shown in Fig. 2(a). To be

ore specific, we perform concatenation of specific feature pairs which
are: the gaze features 𝐺(𝐼𝑎→𝑏) with the domain features 𝐷(𝐼𝑎→𝑏), and
vice versa, as well as the recombination of 𝐺(𝐼𝑏→𝑎) with 𝐷(𝐼𝑎→𝑏), and
𝐺(𝐼𝑎→𝑏) with 𝐷(𝐼𝑏→𝑎). These concatenated features are then fed into
the decoder , which outputs the reconstructed images 𝐼𝑎→𝑏, 𝐼𝑏→𝑎, 𝐼𝑎,
and 𝐼𝑏 corresponding to each feature pair. To ensure the correctness
of feature concatenation and successful training, we apply a pixel-level
reconstruction loss 𝑟𝑒𝑐 as follows:

𝑟𝑒𝑐 = ‖𝐼𝑎 − 𝐼𝑎‖1 + ‖𝐼𝑏 − 𝐼𝑏‖1. (7)

3.3. Collaborative contrastive learning

To guarantee reliable feature disentanglement, merely leveraging
n encoder–decoder design is insufficient for distinguishing gaze and
omain characteristics. Accordingly, we introduce a collaborative con-

trastive learning (CCL) mechanism to faithfully consolidate feature
separation. Specifically, we implement two contrastive learning strate-
gies: (1) Global contrastive learning that is applied across pairs of input
or generated images, aiming to ensure the gaze-swapped images are
expected; (2) Local contrastive learning is exploited to encapsulate the
various domain factors in the domain-related features self-supervisedly.

Global contrastive learning (GCL). Assuming a training minibatch
comprising 𝑁 pairs of images, and considering the two sequential
stages of image generation delineated in Section 3.2, the outcome
yields a collection encompassing a total of 8𝑁 images, as illustrated
n Fig. 2(a) and (b). We define the term ‘‘positive pairs’’ to refer to

the original images and their corresponding reconstructed counterparts.
For example, we consider two specific images (𝐼𝑎 and 𝐼𝑎) as a pos-
tive pair, while all other images are treated as negative pairs. The
ptimization goal for the GCL is:

𝑔 𝑐 𝑙(𝑖, 𝑗) = − log exp(cos(𝑧𝑖, 𝑧𝑗 )∕𝜏)
∑8𝑁

𝑘=1 𝟏[𝑘≠𝑖] exp(cos(𝑧𝑖, 𝑧𝑘)∕𝜏)
. (8)

Here, 𝑧∗ represents the fused feature vector obtained by concatenating
gaze-/domain-related features, followed by two fully-connected layers.
𝜏 is a temperature parameter that scales the similarity (cosine) scores,
and the pair (𝑖, 𝑗) denotes any given positive pair of images. The
proposed GCL can differentiate both fine-grained gaze features and
domain features such as skin color and illumination of different pairs.
4 
Moreover, pulling similar features closer together and pushing different
features farther apart helps achieve better generation of samples.

Local contrastive learning (LCL). To ensure that the gaze encoder
and domain encoder accurately produce gaze and domain features,
direct supervision is needed for both encoders. Therefore, we introduce
LCL to provide auxiliary supervision for the domain-related features.

LCL operates by treating the domain-related features from the origi-
nal image and its augmented version as a positive pair, while all others
are considered as negative pairs, as illustrated in Fig. 2 (a). LCL loss is:
𝑙 𝑐 𝑙 = − log exp(cos(𝑞𝑖, 𝑞𝑖)∕𝜏)

exp(cos(𝑞𝑖, 𝑞𝑖)∕𝜏) +
∑8𝑁

𝑗=1 exp(cos(𝑞𝑖, 𝑞𝑗 )∕𝜏)
, (9)

where 𝑞𝑖 = (𝐷(𝐼)) denotes the projected domain features of image
.  is a two-layer prediction head. 𝑞𝑖 denotes the projected domain

features of augmented image (𝐼). Accordingly, 𝑞𝑗 means the projected
omain features of other input or augmented images during training.
ith LCL, we are capable of explicitly supervising the domain-related

eatures and consolidating the feature separation without extra manual
omain-related annotations.

3.4. Overall optimization objectives

We integrate the above losses in GaED and CCL to reach the full
bjective:

𝑡𝑜𝑡 = 𝑔 𝑎𝑧𝑒 + 𝜆1𝑜𝑟𝑡ℎ + 𝜆2𝑐 𝑜𝑛 + 𝜆3𝑑 𝑖𝑠 + 𝜆4𝑟𝑒𝑐 + 𝜆5𝑔 𝑐 𝑙 + 𝜆6𝑙 𝑐 𝑙 , (10)

where 𝜆1 ∼ 𝜆6 control the importance of different constraints in
Sections 3.2 and 3.3.

4. Experiments

4.1. Experiment setup

Data Preparation. To verify the effectiveness of CGaG, we con-
duct experiments on four commonly used datasets: ETH-XGaze [57],
Gaze360 [48], MPIIFaceGaze [26] and EyeDiap [58]. Among them, the
training dataset provided by ETH-XGaze [57] contains 756,540 high-
resolution face images of 80 subjects. The face images show various
head poses and illumination conditions. Gaze360 [48] consists of 172K
images from 238 subjects, both indoor and outdoor scenes, taken
using a 360◦ panoramic camera. Following methodologies from [51,
59], we utilize selected frontal face images as the source data. MPI-
IFaceGaze [26] includes 45,000 images of 15 individuals with various
gaze directions in different illumination conditions and head poses. The
EyeDiap [58] dataset provides 94 video clips from 16 individuals. We
use gaze screen targets as the target set, capturing an image every 15
frames and incorporating manually verified data provided by the orig-
inal authors. About 6400 images in total. In this manuscript, we focus
on gaze estimation under the cross-domain setting. Following [51], we
exploit Gaze360 or ETH-XGaze as training sets and test our trained

GaG models on MPIIGaze and EyeDiap. It is because Gaze360 and
ETH-XGaze datasets both show promising data diversity. For brevity,

e denote ETH-XGaze as 𝐄, MPIIGaze as 𝐌, EyeDiap as 𝐃, and Gaze360
s 𝐆, respectively.
Implementation Details. Our proposed CGaG was implemented

using the PyTorch library, and the model parameters were optimized
via the Adam optimizer [60] with the learning rate set as 8 × 10−4 for
the discriminator and 2 × 10−4 for the rest network components. For the
hyper-parameter in Eq. (10), we set the 𝜆1 ∼ 𝜆6 as 1, 0.1, 0.1, 10, 0.2,
0.1 via manual grid search. In the context of image-level contrastive
learning, we configured the hyperparameter 𝜏 as 0.07. The probability
of rotating images within GaAM was set as 0.5. All experiments were
conducted using PyTorch on two RTX 3090 GPUs, each equipped with
24 GB of memory. The batch size was specified as 256. The training
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Fig. 3. The neural network architecture of (a) the encoder, (b) decoder and (c) discriminator in our CGaG framework.
Table 1
The parameters, FLOPs (Floating Point Operations) and Inference Time for different backbones used for gaze estimation.
Backbone Method Parameters FLOPs Inference time

Ours Ours 5.07 M 294.85 M 199.24 ms
ResNet-18 [8,10,11,50,51,53] 11.18 M 1823.52 M 239.19 ms
ResNet-50 [7,8,11,50,51] 23.51 M 4131.69 M 370.26 ms
c

m
N

C

duration for CGaG on the ETH-XGaze dataset was approximately 60 h,
while on the Gaze360 dataset, it was completed within 20 h.

CGaG consists of several neural network components, including the
gaze encoder 𝐺, the domain encoder 𝐷, the image decoder , the
discriminator . The gaze 𝐺 and domain 𝐷 encoder share an identi-
cal neural network configuration comprising seven convolutional layers
followed by four residual blocks, as shown in Fig. 3(a). For the image
decoder , we exploit a fully convolutional structure, as illustrated in
Fig. 3(b). Specifically,  is composed of seven convolutional layers
utilizing 3 × 3 convolutional kernels and a stride of 1 × 1. Within
the convolutional layers of , five up-sampling layers are inserted,
employing bilinear operations to obtain double-sized feature maps.
Regarding the discriminator, we utilize the PatchGAN architecture,
visually represented in Fig. 3(c). This architecture serves to discern the
authenticity of local image patches.

ResNet-18 and ResNet-50 are the most commonly used backbones
or gaze estimation. So we use the popular thop2 library to measure

the number of parameters and FLOPs (Floating Point Operations) and
nference time for ResNet-18, ResNet-50, and the encoder in our pro-
osed CGaG. When calculating the inference time, we tested the models
n RTX 3090 and set batch size as 128 to reduce fluctuations. The
omparisons are shown in Table 1. This comparison reveals that CGaG

not only requires fewer parameters and lower FLOPs compared to
ResNet-18 and ResNet-50, but it also exhibits reduced inference time.

2 PyTorch-OpCounter: https://github.com/Lyken17/pytorch-OpCounter.
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Table 2
Comparison of cross-domain performance with (top) typical- and (bottom) domain-
generalization-based methods. Here no target domain data is used for training. Bold and
underline denote best and second best results. 𝐄, 𝐌, 𝐃, and 𝐆 are shorthand for the
datasets ETH-XGaze, MPIIGaze, EyeDiap, and Gaze360.

Methods 𝐄 → 𝐌 𝐄 → 𝐃 𝐄 → 𝐆 𝐆 → 𝐌 𝐆 → 𝐃 𝐆 → 𝐄

Full-Face [26] 12.35 30.15 34.70 11.13 14.42 26.99
RT-Gene [61] – – 35.33 21.81 38.60 22.92
Dilated-Net [4] – – 28.48 18.45 23.88 29.15
CA-Net [28] – – – 27.13 31.41 –
ADL [48] 7.23 8.02 – 11.36 11.86 –

PureGaze [51] 7.08 7.48 27.51 9.28 9.32 22.61
LatentGaze [52] 7.98 9.81 – – – –
GazeCF [53] 6.50 7.44 – 7.55 9.00 –
CGaG (ours) 6.47 7.03 23.08 7.50 8.67 18.80

4.2. Comparison with state-of-the-art methods

We conducted a comparative analysis of CGaG against several typi-
al gaze estimation methods, the results are presented in Table 2. Note

that all the compared methods in Table 2 will not use the images
or annotations in the target domain during training. The compared

ethods include Full-Face [26], RT-GENE [61], Dilated-Net [4], CA-
et [28], ADL [48]. For the E → G and G → E experiments in

Table 2, we re-implemented the compared methods [4,26,51,61] using
the same neural network backbone as in CGaG. We also compare

GaG with the current state-of-the-art domain generalization meth-
ods: PureGaze [51], LatentGaze [52], GazeCF [53]. As illustrated in
Table 2, our approach consistently surpasses both the typical gaze

https://github.com/Lyken17/pytorch-OpCounter
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Fig. 4. Visualization of gaze-swapping effects of CGaG. For each column, Subject A/B represent the two randomly sampled images from different subjects. The intermediary images
between Subject A and B illustrate the two gaze-swapped images generated by CGaG.
Fig. 5. Visualization of gaze-swapping effects of CGaG on MPIIFaceGaze and EyeDiap datasets. For each column, Subject A/B represent the two images from different subjects.
The intermediary images between Subject A and B illustrate the two gaze-swapped images generated by CGaG.
estimation methods and the domain generalization methods across the
six cross-dataset settings. We have two observations according to the
comparisons: (1) The underwhelming cross-domain performance of the
typical gaze estimation methods suggests their susceptibility to overfit-
ting on factors unrelated to gaze. As indicated in [7,53], robust gaze
estimation relies on the extraction of subtle features adept at capturing
the specific attributes of the tiny eyeball regions within face images.
Achieving this in cross-domain scenarios presents a considerable chal-
lenge, emphasizing the necessity of explicitly acquiring gaze-related
features to ameliorate this issue. (2) Compared with the methods
that are designed for cross-domain gaze estimation without touching
target images, e.g., PureGaze [51], LatentGaze [52], GazeCF [53],
CGaG consistently obtains lower estimation errors. On one hand, CGaG
involves interchanging gazes across subjects during training, leading to
the creation of numerous augmented images for training purposes. This
approach serves to reduce the potential for overfitting. On the other
hand, to guarantee an accurate representation of the synthesized gaze-
swapped images, incorporating both the intended gaze and domain
components, we implement a two-level contrastive learning framework.
This collaborative approach enforces the separation of gaze and domain
features at both local and global levels, ensuring a more comprehensive
and faithful separation of the gaze-related and gaze-irrelevant factors.

Comparison with domain adaption methods: We additionally
conducted experiments to validate the effectiveness of our framework
after fine-tuning with a few target domain images and gaze anno-
tations. To achieve this, we selected several representative state-of-
the-art cross-domain gaze estimation methods, including ADDA [62],
ADL [48], DAGEN [49], PnP-GA [7], GazeAdv [29], GVBGD [63],
UMA [64], RUDA [8], CRGA [50], UnReGA [10]. Besides the methods
introduced in Section 2. ADDA [62] learns a discriminative mapping
from target images to the source feature space. GVBGD [63] equips
adversarial domain adaptation with gradually vanishing bridge mech-
anism. UMA [64] adapts a pre-trained model to new domains via
uncertainty prior.
6 
Table 3
Performance comparison with unsupervised DA (UDA) and fine-tuned methods. The
UDA methods train on the target images, while the fine-tuned DG methods use target
images and annotations.

Methods Target samples 𝐄 → 𝐌 𝐄 → 𝐃 𝐆 → 𝐌 𝐆 → 𝐃

Unsupervised DA methods.

ADDA [62] 500 5.77 11.12 7.18 12.56
ADL [48] 100 6.23 7.80 7.00 8.77
GazeAdv [29] 100 7.26 8.37 7.88 9.81
GVBGD [63] 1000 6.68 7.27 7.64 12.44
UMA [64] 100 7.52 12.37 8.51 19.32
DAGEN [49] 500 5.68 7.92 8.02 11.08
PnP-GA [7] 10 5.53 5.87 6.18 7.92
RUDA [8] 100 5.70 7.52 6.20 7.02
CRGA [50] > 0 5.48 5.66 5.89 6.49
UnReGA [10] 100 5.08 5.70 5.42 5.80

Fine-tuned DG methods.

PureGaze-FT [51] 100 5.30 6.42 5.20 7.36
LatentGaze [52] 100 5.21 7.81 – –
GazeCF [53] 100 4.76 5.43 5.34 5.66
CGaG (ours) 100 4.59 5.07 5.13 5.71

Table 3 presents the comparative analysis between CGaG and the
methodologies under comparison. The findings demonstrate that fol-
lowing the fine-tuning of CGaG with a limited number of samples
from the target domain, our approach outperforms other methods in
most cases. An exception arises in the 𝐆 → 𝐃 scenario, where our
performance is slightly inferior to GazeCF. The overall improvements
indicate the CGaG-learned gaze-related features should be more dis-
tilled from the gaze-irrelevant factors and show better generalization
ability. Compared with GazeCF [53] and LatentGaze [52], our ap-
proach does not necessitate an explicit definition of domain factors. It
adeptly encompasses diverse gaze-irrelevant factors within the domain
component. Furthermore, CGaG leverages a collaborative contrastive
learning paradigm to strengthen the separation of features, ensuring
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Fig. 6. Gaze and domain feature interpolation between different subjects. CGaG shows smooth transitions in the synthesized images when either using gaze or domain features
for interpolation.
Fig. 7. Visualization of gaze transferring between two datasets. CGaG demonstrates the capability to directly transfer the gaze of untrained target samples to the source samples.
Fig. 8. The comparison between the baseline method trained on MPIIFaceGaze and
fine-tuned CGaG (pre-trained on ETH-XGaze, and fine-tuned on MPIIFaceGaze) with
different amounts of target training data. Using the pre-trained CGaG, we achieve
comparable performance to supervised baseline method with only a small amount of
target domain data.

that gaze-specific attributes are purified from undesired extraneous

factors.
7 
4.3. Qualitative analysis

Gaze-swapping. For each pair of images from different subjects,
CGaG generates two gaze-swapped images. The visualization outcomes
are depicted in Fig. 4. Subject A and Subject B denote the original im-
ages, while the intermediate images portray the outcomes synthesized
images after gaze-swapping. Note that CGaG is not just copying the
eye regions into the synthesized images, but rather synthesizing the
correct eye appearance for the corresponding person, e.g., the input
image pair in the 1st row in Fig. 4 have different eye colors, and CGaG
can still faithfully perform gaze-swapping using the disentangled gaze
features. The visualization results suggest the successful retention of
diverse domain-specific features within the generated images, while the
features related to gaze have effectively interchanged between distinct
subjects. This outcome indicates the successful disentanglement of
gaze-related features from the domain-specific components. Moreover,
as illustrated in Fig. 5, we present the gaze-swapping effects observed
on both the MPIIFaceGaze and EyeDiap datasets. This demonstration
serves as additional validation of CGaG’s effectiveness, showcasing
its capability to swap gaze while preserving the domain factors with
minimal alterations.
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Fig. 9. Ablation study for gaze-swapping effects on ETH-XGaze dataset. Both the GCL and the LCL have shown positive impacts. And the combination of the GCL and the LCL
achieves the best visualization results.
Table 4
Ablation studies of (top) GCL and LCL components in CGaG; (bottom) using domain features for gaze
estimation.

Method E→ M E → D G→ M E → D

Baseline (GaED) 8.54 8.71 10.51 10.17
GaED + LCL 7.23▾15.34% 7.17▾17.68% 8.87▾15.60% 9.24▾9.14%
GaED + GCL 7.62▾10.77% 7.61▾12.63% 9.01▾14.27% 9.07▾10.82%

GaED + CCL (CGaG) 6.47▾24.24% 7.03▾19.29% 7.50▾28.64% 8.67▾14.75%

Using domain features 10.78▴−26.23% 11.84▴−35.71% 14.31▴−36.16% 14.25▴−40.12%
Gaze and subject interpolation. To further verify the efficacy of
feature disentanglement, we visualize the gaze-/domain-related feature
interpolation between two subjects, as shown in Fig. 6. A sequence
of gaze- and domain-swapped images is generated by blending the
representations from two different subjects. Fig. 6 demonstrates the
seamless transitions of gaze and domain between different subjects via
the disentangled gaze and domain factors learned by CGaG. These ob-
servations provide sufficient evidence for the separation of gaze-related
and domain-realated features.

Gaze-transfer between datasets. To confirm the generalization ca-
pabilities of CGaG, we conducted gaze transfer from the target domain
to the source domain, as shown in Fig. 7. We combined the encoded
gaze features from the target domain images with the domain-specific
features from the source domain images. The visualization results illus-
trate that gaze features originating from the target domain can indeed
be transferred to the source domain. This observation strongly suggests
the effective generalization of gaze-related features encoded by CGaG.

4.4. Ablation studies

Fine-tuning. We aim to reduce the reliance on annotated gaze im-
ages while maintaining gaze estimation accuracy in the target domain
through our pre-trained CGaG model. To test this hypothesis, we first
trained a baseline gaze estimator, utilizing the identical gaze encoder
used in the CGaG model, with the MPIIFaceGaze dataset. Following
this, we conducted a fine-tuning process on the pre-trained CGaG
model, which was originally pre-trained on the ETH-XGaze dataset by
incrementally increasing the number of annotated images sourced from
the target domain. Both experiments were conducted following a three-
fold subject-independent cross-validation protocol. For the fine-tuning
process, we employed varying percentages of annotated images from
the target domain, ranging from 1% to 10%. Besides, we repeated these
experiments 10 times to calculate the mean and variance to facilitate
a clear comparative analysis. Fig. 8 shows the comparison. It is clear
that our model achieves comparable performance with the supervised
baseline method when utilizing approximately 2% of annotated images.
As the quantity of target domain data increases to 5%, the performance
stabilizes and nearly reaches saturation.

Contrastive learning. We conducted an experiment to verify the
contribution of global contrastive learning (GCL) and local contrastive
learning (LCL), as presented in Table 4 (top). Two primary observa-
tions emerge: (1) Both GCL and LCL demonstrate a positive impact
8 
Fig. 10. The impact of different image rotation angles on cross-domain gaze estimation.
CGaG achieves its best when the rotation angle range set as [−𝜋∕4, 𝜋∕4].

on domain feature generalization. The combination of both compo-
nents yields the highest accuracy, underscoring the collaborative syn-
ergy between them. The results verify that CL plays a pivotal role in
consolidating gaze feature distillation and laying the groundwork for
cross-domain generalization. (2) Only using LCL exhibits marginal per-
formance improvements compared to only using GCL. This underscores
the significance of explicitly constraining domain features that are
intricately interwoven with the gaze component and pose challenges in
their disentanglement from gaze features. The collaborative property of
LCL and GCL can be further verified in Fig. 9, where the combination
of them yields the best visual quality.

Rotation consistency. For LCL, we exploited the intrinsic ‘‘rotation
consistency’’ property of human gaze. We conducted ablation experi-
ments to illustrate the impact of different rotation angle ranges, and
the results are presented in Fig. 10. CGaG achieves increasing benefits
when the rotation angle lies in [−𝜋∕4, 𝜋∕4]. This phenomenon can be
explained that the more powerful image rotation operation will induce
confusion as the input faces will be severely rotated. Besides, slighter
image rotation will induce minor domain differences and might not be
beneficial for feature-level CL. Thus, we used [−𝜋∕4, 𝜋∕4] as the image
rotation range throughout our experiments.

Gaze-feature and domain-feature disentanglement. We next ran
an experiment to show that the domain features are disentangled from
the gaze features. Table 4 (bottom) shows the results when using the
domain feature for cross-domain gaze estimation. The domain features
achieve the worst performance, suggesting that CGaG has removed
most of the gaze information from the domain features.
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Fig. 11. Failed cases of CGaG. The intermediate two images in each group are the failed gaze-swapping results, where the faces of (a) and (c) are not aligned, (b) shows extreme
illumination and (d) shows eye occlusion due to huge head pose.
4.5. Limitations of CGaG

We demonstrate several representative failure cases in Fig. 11. CGaG
may fail under few abnormal conditions, e.g., face misalignment in
Fig. 11(a) and (c), eye occlusion due to large change in head pose
in Fig. 11(d). Although CGaG shows normal gaze-swapping results in
Fig. 11(b), CGaG may fail to encode gaze-related features under heavier
illumination changes. Thus, the images in the source domain should en-
compass a broad spectrum of diverse appearances to guarantee CGaG’s
robustness.

5. Conclusion

In this paper, we introduce a novel framework called Cross Gaze
Generalization (CGaG) for cross-domain gaze estimation. CGaG utilizes
a gaze-disentangled encoder and decoder for feature encoding and
interchanging. Meanwhile, CGaG introduces a collaborative contrastive
learning mechanism to enhance feature separation. Whether through
quantitative or qualitative evaluations, CGaG consistently demonstrates
superior or comparable performance to existing methods. CGaG holds
significant potential for deployment on mobile devices, making it par-
ticularly valuable for applications such as collecting data in educational
settings to monitor students’ attention and engagement, or in health-
care for tracking the gaze behavior of Alzheimer’s disease (AD) patients.
For future work, we plan to explore the integration of prevalent foun-
dation models to enhance the generalizability of gaze estimation across
a wider range of scenarios.
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