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Abstract

Gaze estimation aims to accurately estimate the direction or
position at which a person is looking. With the development
of deep learning techniques, a number of gaze estimation
methods have been proposed and achieved state-of-the-art
performance. However, these methods are limited to within-
dataset settings, whose performance drops when tested on un-
seen datasets. We argue that this is caused by infinite and con-
tinuous gaze labels. To alleviate this problem, we propose us-
ing gaze frontalization as an auxiliary task to constrain gaze
estimation. Based on this, we propose a novel gaze domain
generalization framework named Gaze Frontalization-based
Auxiliary Learning (GFAL) Framework which embeds the
gaze frontalization process, i.e., guiding the feature so that
the eyeball can rotate and look at the front (camera), without
any target domain information during training. Experimental
results show that our proposed framework is able to achieve
state-of-the-art performance on gaze domain generalization
task, which is competitive with or even superior to the SOTA
gaze unsupervised domain adaptation methods.

Introduction
Gaze information is important for real applications. It indi-
cates the direction or position at which a person is looking,
and is widely used in many scenarios, such as augmented
reality (Wang, Zhao, and Lu 2022) and autonomous driv-
ing (Mole et al. 2021). To obtain this information, a number
of gaze estimation methods have been proposed. In the early
years, model-based gaze estimation methods were popular
in this field. Although they were able to accurately estimate
gaze, they required dedicated devices and calibration (Sun,
Liu, and Sun 2015). To tackle this problem, appearance-
based gaze estimation approaches have been widely pro-
posed in recent years (Lu et al. 2011, 2014), especially deep-
learning-based gaze estimation methods (Zhang et al. 2017a;
Chen and Shi 2018). Such methods only use RGB images as
input and are capable of achieving competitive performance.

Although all of these gaze estimation methods are capable
of achieving state-of-the-art performance when trained and
tested on the same dataset (i.e.the source domain), they of-
ten suffer performance degradation on unseen test datasets
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Figure 1: Overall idea of our proposed gaze domain gener-
alization framework GFAL, which is able to improve cross-
domain gaze estimation performance.

(i.e.the target domain). This problem is defined as cross-
domain gaze estimation, which has not been fully addressed
and remains difficult (Cheng, Bao, and Lu 2022; Wang et al.
2022; Bao et al. 2022).

The reason behind the difficulty is that gaze labels are in-
finite and continuous. Typical classification or recognition
tasks output finite and discrete labels. However, gaze es-
timation is a regression task and regresses continuous Eu-
ler angles of gaze directions, which form an infinite set of
labels. Consequently, accurately estimating these gaze la-
bels is challenging, particularly in cross-domain scenarios.
Moreover, infinite and continuous gaze labels is one of the
major causes for overfitting in the finite training dataset.

We propose using an auxiliary task for auxiliary learn-
ing to constrain gaze estimation, which can help to alleviate
these problems. We argue that gaze frontalization is a proper
choice for such an auxiliary task because: 1) Gaze frontaliza-
tion and gaze estimation are homogeneous. 2) Gaze frontal-
ization is also easier than gaze estimation, which can help
constrain gaze estimation by performing multi-task learning
or serving as a regularization term.

Based on these analyses, we propose a novel gaze domain
generalization framework named Gaze Frontalization-based
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Auxiliary Learning (GFAL) Framework, which can improve
cross-domain gaze estimation performance without any tar-
get domain data or label for training. First, we extract the
features from a single face image. Second, we embed the
gaze frontalization process to guide the features so that the
eyeball can rotate and look at the front (camera), as shown
in Fig. 1. Our main contributions are as follows:
• We systematically analyzed the cross-domain regression

problem of gaze estimation and proposed using a proper
auxiliary task, i.e., the gaze frontalization task, to tackle
this problem.

• Based on this, we propose a novel gaze domain general-
ization framework named GFAL, by embedding the gaze
frontalization process, which aims to guide the features
so that the eyeball can rotate and look at the front (cam-
era). This framework is flexible, as it can be used with
image warping or multiple gaze redirection methods to
improve cross-domain gaze estimation performance.

• The experimental results show that GFAL framework
can achieve significant performance improvements of
23.53%, 11.32%, 6.75% and 9.11% over the base-
line on ETH-to-MPII, ETH-to-Diap, Gaze360-to-MPII
and Gaze360-to-Diap tasks, respectively, and surpass all
SOTA gaze domain generalization methods.

Related Works
Gaze Estimation. Recent appearance-based gaze estima-
tion methods usually use deep learning techniques, such as
Convolution Neural Network (CNN) (Zhang et al. 2017b,a;
Cheng, Lu, and Zhang 2018; Cheng et al. 2020b; Fischer,
Chang, and Demiris 2018; Park, Spurr, and Hilliges 2018;
Chen and Shi 2018; Yu, Liu, and Odobez 2019a; Cheng
et al. 2020a) or Vision Transformer (Dosovitskiy et al. 2021;
Cheng and Lu 2022; O Oh, Chang, and Choi 2022). Thanks
to the effective architecture and various datasets (Zhang
et al. 2020; Kellnhofer et al. 2019; Zhang et al. 2017b; Fu-
nes Mora, Monay, and Odobez 2014), this kind of gaze esti-
mation methods can achieve excellent performance. For ex-
ample, Park et al.proposed a method with the help of facial
landmark extraction (Park et al. 2018). Bao et al.proposed a
lightweight gaze estimation network designed for mobile de-
vices, combining information on the face, two eyes, and eye
positions (Bao et al. 2021). Although these gaze estimation
approaches can all achieve SOTA performance, they often
suffer from poor gaze estimation accuracy when tested on
unseen target domain. Addressing such cross-domain gaze
estimation problem is necessary for further application.

To tackle the abovementioned cross-domain gaze esti-
mation problem, various approaches have been proposed,
including Supervised Domain Adaptation (SDA) methods,
Unsupervised Domain Adaptation (UDA) methods, and Do-
main Generalization (DG) methods.

Gaze SDA (Krafka et al. 2016; He et al. 2019; Yu, Liu,
and Odobez 2019b) and UDA (Kellnhofer et al. 2019; Lee
et al. 2022) methods usually fine-tune the source domain
pretrained model on a few labeled or unlabeled target do-
main samples to improve cross-domain gaze estimation per-
formance, respectively. For example, gaze SDA methods are

often based on meta-learning (Park et al. 2019), gaze differ-
ence (Liu et al. 2018, 2019) and gaze decomposition (Chen
and Shi 2020, 2022), while gaze UDA methods are often
based on adversarial learning (Wang et al. 2019; Lahiri,
Agarwalla, and Biswas 2018), teacher-student networks (He
et al. 2019; Liu et al. 2021), representation learning (Guo
et al. 2021; Wang et al. 2022), rotation consistency (Bao
et al. 2022) and jitter (Liu et al. 2022). Although these ap-
proaches can achieve excellent results in cross-domain gaze
estimation, samples or labels on target domain are difficult
to collect in real world, which limits their applications.

To tackle the data collection problem in real world, DG
methods are proposed for cross-domain gaze estimation,
which do not require any target domain information when
training. These methods typically use adversarial learn-
ing (Cheng, Bao, and Lu 2022) or adversarial attack (Xu,
Wang, and Lu 2023) to eliminate or disturb gaze-irrelevant
factors or features. Moreover, some gaze SDA, UDA or
redirection methods also contain gaze DG modules, such
as (Park et al. 2019; Bao et al. 2022; Wang et al. 2022; Lee
et al. 2022). However, their cross-domain performances still
have room for improvement.

Many of these gaze SDA, UDA or DG methods use auxil-
iary tasks. Different from our proposed GFAL, the auxiliary
tasks used by these methods cannot solve the infinite and
continuous gaze problem.
Gaze Redirection. Gaze redirection methods aim to gener-
ate face or eye images looking at the given target direction.
Recently, many gaze redirection methods have been pro-
posed, such as DeepWarp (Ganin et al. 2016), ST-ED (Zheng
et al. 2020), CUDA-GHR (Jindal and Wang 2023) and (Yu,
Liu, and Odobez 2019b). These methods are usually used
to extend the training dataset for gaze estimation (Zheng
et al. 2020; Jindal and Wang 2023). However, gaze esti-
mation models still suffer from the problems stated above,
which cannot improve cross-domain gaze estimation perfor-
mance. Moreover, some methods try to use gaze redirection
to perform gaze representation learning for better calibra-
tion, such as (Park et al. 2019; Yu, Liu, and Odobez 2019b;
Yu and Odobez 2020), but they all rely on labeled calibration
samples, which are hard to obtain in the real world.

Motivation and Key Idea
Formulation
Gaze Estimation. Formally, we first define the gaze estima-
tion task, as discussed in (Zhang et al. 2020). Given the input
face image x, the gaze direction g can be estimated via:

z = F(x),g = G(z), (1)
where F is a feature extractor, G is a fully connected (FC)
layer and z is the extracted feature. Note that the gaze di-
rection g is expressed by the Euler angle (θ, ψ) defined by
pitch θ and yaw ψ.
Cross-Domain Gaze Estimation. Typical gaze estimation
models are often trained and tested on the source domain
Ds and achieve excellent performance. However, if these
models are tested on an unseen target domain Dt, their per-
formance usually degrades. This problem is called cross-
domain gaze estimation.
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Figure 2: Illustration of our motivation and solution.

Problem Analysis
The cross-domain gaze estimation problem is difficult to
tackle, because gaze labels are infinite and continuous,
which is one of the major causes for overfitting in the finite
training dataset. Gaze estimation is a kind of regression task.
As described above, the gaze estimation model outputs pitch
θ and yaw ψ. Arbitrary continuous values can be used to ex-
press θ and ψ. Therefore, there are infinite (θ, ψ)-s, forming
infinite and continuous gaze labels. This characteristic poses
challenges in accurately learning the mapping from images
to gaze, especially in cross-domain scenarios. This is more
difficult than classification or recognition tasks because the
labels of the latter tasks are finite and discrete.

Why We Use Gaze Frontalization as an Auxiliary
Task?
Based on the above analyses, we propose the use of an aux-
iliary task to constrain gaze estimation to tackle the cross-
domain gaze estimation problem. This auxiliary task should
help to solve the abovementioned problem. We use gaze
frontalization as an auxiliary task, which involves rotating
the eyeballs to make them look at the front (camera), i.e., the
(0, 0) direction. We argue that the gaze frontalization task is
a proper choice for such an auxiliary task for the following
reasons: 1) Gaze frontalization and gaze estimation are ho-
mogeneous, involving the utilization of face images as input
and the association with eyeball rotation. 2) Gaze frontal-
ization is also easier than gaze estimation, as the target of
gaze frontalization corresponds to a unique direction (0,0),
while gaze estimation takes arbitrary gazes as target. Thus,
Gaze frontalization (easier) can help constrain gaze estima-
tion (harder) by performing multi-task learning or serving
as a regularization term. The frontal gaze (0,0) can serve as
anchors to constrain gaze directions and eyeball rotation.

Following the above, our motivation is to find out how
to use gaze frontalization to constrain gaze estimation. To
achieve this, we embed the gaze frontalization process to
guide the extracted gaze features so that the eyeball can ro-
tate to (0,0), further improving cross-domain gaze estima-
tion performance. Note that it is not helpful to using gazes
other than (0, 0) to constrain gaze estimation because arbi-

trary gazes pose greater difficulty.

GFAL Framework
Based on the above analyses, we propose a novel gaze do-
main generalization framework named Gaze Frontalization-
based Auxiliary Learning (GFAL) Framework, based on an
embedded gaze frontalization process, i.e., forcing the gaze
feature z to rotate the eyeballs so that the eyeballs can look
at (0, 0), for auxiliary learning. GFAL framework includes 3
parts: 1) Gaze Estimation Network, 2) Gaze Frontalization
Module and 3) Consistency Loss, as shown in Fig. 3(a).

Gaze Estimation Network
First, we propose a Gaze Estimation Network for gaze and
head orientation estimation, as shown in Fig. 3(b).
Gaze Estimation. As described above, gaze estimation uses
a feature extractor F and a FC layer G, takes a face image x
as input and outputs the gaze direction ĝ = G(F(x)), which
is defined by pitch θ and yaw ψ.

We use the commonly used L1 distance between the esti-
mated gaze direction ĝ and the ground truth gaze direction
g for training:

LG = ∥ĝ − g∥1. (2)
Head Orientation Estimation. If the training dataset pro-
vides head orientation labels, we also estimate head orienta-
tions ĥ = H(F(x)) using the feature extractor F and a FC
layer H whose architecture is the same as that of G, since
this information is widely used in and helpful for gaze esti-
mation methods (Park et al. 2019; Wang et al. 2019):

LH = ∥ĥ− h∥1, (3)

where ĥ is the estimated head orientation and h is the ground
truth head orientation label.

Gaze Frontalization Module
Goal and Procedure. The goal of this module is to embed
the gaze frontalization process, i.e., forcing the feature z to
rotate the eyeballs in x so that they look at (0, 0) while keep-
ing the head orientation unchanged, for auxiliary learning.

To achieve this goal, we feed z and x into this module
to obtain the output face image xfro, in which z is able to
make the eyeball in x rotate to (0, 0), i.e., looking at the front
(camera), from the direction (θ, ψ). Then, we optimize the
loss function Lfro of this module.

This procedure can be implemented using various strate-
gies, such as image warping, gaze redirection, and 3D re-
construction of face images.
Implementation. Here, we design a strategy based on im-
age warping, as shown in Fig. 3(c). We first feed the ex-
tracted feature z into a warping field generatorW to obtain
the warping field M:

M =W(z). (4)

For every position (xrot, yrot) in the output image xfro,
there is a corresponding position (x, y) in the input image
x, which can be obtained from the warping field M. W is
implemented using a ResNet-like decoder (Cheng, Bao, and
Lu 2022). Note that the size of M is the same as that of x.
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Figure 3: Our proposed gaze domain generalization framework.

Then we apply the output warping field M to the input
face image x to obtain the output warped face image xfro:

xfro = S(x,M), (5)

where S is a bilinear sampler (Jaderberg et al. 2015) used to
process bilinear interpolation as the output warping field M
needs to be integer-valued but is real-valued.

To ensure that the eyes in xfro indeed look at (0, 0) with
the head orientations unchanged, we introduce a reference
face image xref , which has eyeballs looking at (0, 0) and
the same head orientation and identity as x, to constrain
the generation of xfro. We maximize Multi-Scale Structural
Similarity (MS-SSIM) (Wang, Simoncelli, and Bovik 2003)
between xref and xfro:

Lfro = 1−MS-SSIM(xref ,xfro). (6)

Note that there are various choices for Lfro, such as the L1,
L2 distance and Structural Similarity (SSIM) (Wang et al.
2004). The comparison of different choices ofLfro is shown
in Tab. 4, in which MS-SSIM achieves the best performance.

The selection of xref is described in Algorithm 1. Given
an input face image x, we first select the face images Dide

that share the same identity as x to form the candidate set
of reference images xref of x. Then, we iterate over all the
images xk in Dide to find the xK with the gaze direction
closest to (0, 0) and the head orientation most similar to the
head orientation of x. Finally, xK is the expected xref .

Note that the Gaze360 dataset (Kellnhofer et al. 2019)
does not provide head orientation labels and reliable identity
labels. To address this problem, we use SSIM (Wang et al.
2004) to measure the head orientation similarity instead
and use CosFace (Wang et al. 2018) and k-means (Mac-
Queen 1967) to generate identity labels. Specifically, we
use 1 − SSIM(xk,x) to replace Angular(hk,h) in Line
8 of Algo. 1 and use Angular(gk, (0, 0))/180 to replace
Angular(gk, (0, 0)) in Line 7 of Algo. 1 to make α and β
have the same scale.

Consistency Loss
We propose the Consistency Loss Lcon to ensure that the
eyeballs in xfro are indeed looking at (0, 0) and that the
head orientation is indeed the same as that of x, further
strengthening the effectiveness of the auxiliary learning of
gaze frontalization. Lcon includes Gaze Term LG

con and
Head Orientation Term LH

con, as shown in Fig. 3(d).
Gaze Term. We feed the output face image xfro back into
the Gaze Estimation Module to ensure that the output gaze
direction ĝfro is (0, 0):

LG
con = ∥ĝfro − (0, 0)∥1. (7)

In our implementation, we replace (0, 0) in Eq. 7 with the
gaze label gref of xref to make the training more stable,
and the loss function is changed to:

LG∗
con = ∥ĝfro − gref∥1. (8)

We further conduct experiments to compare LG∗
con (Eq. 8)

with LG
con (Eq. 7) , which show that LG∗

con is better.
Head Orientation Term. We feed xfro back into the Gaze
Estimation Module to ensure that the output head orientation
ĥfro is the same as the head orientation of x:

LH
con = ∥ĥfro − h∥1. (9)

Similarly to Gaze Term, in our implementation, we re-
place h in Eq. 9 with the head orientation label href of
xref to make training more stable, and the loss function is
changed to:

LH∗
con = ∥ĥfro − href∥1. (10)

We conduct experiments to compare LH∗
con (Eq. 10) with

LH
con (Eq. 9), which show that LH∗

con is better.

Total Loss Function
The total loss function of this framework is:

L = LG +LH + λfroLfro + λG∗conLG∗
con + λH∗

conLH∗
con, (11)
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Algorithm 1: Reference Image Selection

Require: Input face image x, face images Dide that shares
the same identity as x.

Ensure: The reference image xref of x.
1: smin ← +∞ ▷ The minimum score.
2: K ← −1 ▷ The id of the reference image in Dide.
3: for every candidate face image xk ∈ Dide do
4: if xk equals x then
5: continue ▷ xk should be different from x.
6: end if
7: α← Angular(gk, (0, 0)) ▷ gk is the gaze label of

xk.
8: β ← Angular(hk,h) ▷ hk and h are the head

orientation labels of xk and x, respectively.
9: s← α+ β ▷ The score of xk.

10: if s < smin then ▷ Found smaller smin.
11: smin ← s
12: K ← k
13: end if
14: end for
15: xref ← xK

where λfro, λG∗con and λH∗
con are the weights used to balance

different loss terms. Note that LH and LH∗
con are optimized

only when head orientation labels are provided in the train-
ing dataset. In our implementation based on image warping,
we empirically set λfro = 0.1 and λG∗con = λH∗

con = 0.01.

Experiments
Setup
Datasets. Following other gaze domain generalization
(DG) methods (Cheng, Bao, and Lu 2022; Bao et al.
2022), we use ETH-XGaze (DE) (Zhang et al. 2020)
and Gaze360 (DG) (Kellnhofer et al. 2019) for train-
ing, and MPIIGaze (DM ) (Zhang et al. 2017b) and Eye-
Diap (DD) (Funes Mora, Monay, and Odobez 2014) for
evaluation, as the former two datasets have wider gaze dis-
tributions than the latter two (Liu et al. 2021). Therefore, 4
DG tasks are formed, including DE → DM , DE → DD,
DG → DM and DG → DD. Specifically, DE contains
images of 80 subjects, and we use 75 of them for training
and the remaining 5 for validation; hence, there is a total
of 713,646 images for training, as in (Cheng, Bao, and Lu
2022). For DG, the training set contains 84,902 samples,
where the subjects are looking at the front. For these two
datasets, we use the provided pre-processed data. DM con-
tains 45,000 images for evaluation, which are normalized
using (Sugano, Matsushita, and Sato 2014). For DD, we use
the VGA videos in the screen target session and sample im-
ages every 15 frames, to obtain 16,674 images for evalua-
tion, as in (Cheng, Bao, and Lu 2022).
Comparison Methods. We compare our proposed method
with (a) Typical Gaze Estimation (TGE), (b) Gaze Do-
main Generalization (DG) and (c) Gaze Unsupervised Do-

main Adaptaion (UDA) methods. For TGE, we compare
our proposed method with Full-Face (Zhang et al. 2017a),
RT-Gene (Fischer, Chang, and Demiris 2018), Dilated-
Net (Chen and Shi 2018), CA-Net (Cheng et al. 2020a),
GazeTR (Cheng and Lu 2022) and (O Oh, Chang, and
Choi 2022). They do not require target domain informa-
tion when training, so it is necessary to compare them.
For DG, PureGaze (Cheng, Bao, and Lu 2022) and Gaze-
Con (Xu, Wang, and Lu 2023) have been proposed. More-
over, some gaze SDA, UDA, redirection, and unconstrained
gaze estimation methods contain gaze DG modules, in-
cluding FAZE (Park et al. 2019), RAT (Bao et al. 2022),
CDG (Wang et al. 2022) and LatentGaze (Lee et al. 2022).
We also compare our proposed gaze DG method with them
as they all claimed gaze domain generalization ability. And
we compare our proposed method with Baseline (Zhang
et al. 2020) (based on ResNet (He et al. 2016)). Fur-
thermore, although our proposed gaze DG method is not
designed for gaze UDA, we also compare our proposed
method with other gaze UDA methods for reference, in-
cluding ADDA (Tzeng et al. 2017), GazeAdv (Wang et al.
2019), Gaze360 (Kellnhofer et al. 2019), DAGEN (Guo et al.
2021), PnP-GA (Liu et al. 2021), RUDA (Bao et al. 2022),
CRGA (Wang et al. 2022) and LatentGaze (Lee et al. 2022).
Note that gaze UDA methods need some unlabeled target
domain samples for adaptation, while gaze DG methods do
not need these target domain samples for training.

Gaze Redirection Methods. Although GFAL framework is
designed for the gaze DG task and not the gaze redirection
task, it has some similarities to gaze redirection. Therefore,
we conduct experiments based on representative gaze redi-
rection methods, including DeepWarp (Ganin et al. 2016),
FAZE (Park et al. 2019), ST-ED (Zheng et al. 2020) and
CUDA-GHR (Jindal and Wang 2023).

Implementation Details. We use NVIDIA GPUs for the ex-
periments. We use ResNet (He et al. 2016) as the backbone.
Models are trained for 25 epochs forDE and 100 epochs for
DG, using a batch size of 50. The Adam optimizer is used
with lr = 10−4, β1 = 0.9 and β2 = 0.95. All input images
are of the size 224× 224 and are normalized to [0, 1].

Furthermore, since CDG (Wang et al. 2022) is designed
based on data augmentation, including a random color field
and grayscale, we apply these data augmentation strategies
to GFAL framework and compare GFAL framework with
CDG. The results in the 5th row show that our framework
can also surpass CDG (Wang et al. 2022).

Comparison with SOTA Methods

To show the superior cross-domain gaze estimation per-
formance of GFAL framework, we compare our proposed
method with SOTA methods in the DG and UDA tasks.

Domain Generalization. The results are shown in the 3nd-
6th rows in Table 1. For a fair comparison, we categorize
the gaze DG methods according to different backbones and
whether data augmentation is performed.
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Type Methods |Dt| DE

→ DM

DE

→ DD

DG

→ DM

DG

→ DD

TGE

Full-Face 0 12.35 30.15 11.13 14.42
RT-Gene 0 - - 21.81 38.60

Dilated-Net 0 - - 18.45 23.88
CA-Net 0 - - 27.13 31.41
Oh et al. 0 - - 8.31 7.10
GazeTR 0 8.70 10.98 7.96 8.88

Ours (Res-18)† 0 5.72 6.97 7.18 7.38
Ours (Res-50)‡ 0 6.09 6.48 7.23 6.76

DG†

Baseline† 0 7.48 7.86 7.70 8.12
FAZE† 0 9.49 21.03 - -

PureGaze† 0 9.14 8.37 9.28 9.32
RAT† 0 7.92 8.65 7.60 8.16

LatentGaze† 0 7.98 9.81 - -
GazeCon† 0 6.89 7.78 7.82 8.52

Ours (Res-18)† 0 5.72 6.97 7.18 7.38

DG‡

Baseline‡ 0 7.11 7.38 7.38 7.17
FAZE‡ 0 7.80 15.85 - -

PureGaze‡ 0 7.08 7.48 7.62 7.70
RAT‡ 0 7.40 8.38 7.69 8.32

GazeCon‡ 0 8.35 8.80 8.24 8.83
Ours (Res-50)‡ 0 6.09 6.48 7.23 6.76

DG†∗ GazeCon†∗ 0 6.50 7.44 7.55 9.03
Ours (Res-18)†∗ 0 6.47 7.04 6.98 9.02

DG‡∗
CDG‡∗ 0 6.73 7.95 7.03 7.27

GazeCon‡∗ 0 7.20 8.76 8.22 11.15
Ours (Res-50)‡∗ 0 5.68 6.23 6.29 6.69

UDA† (f
or

re
fe

re
nc

e)

ADDA† 500 6.65 8.24 6.27 9.53
GazeAdv† 100 6.36 7.62 7.54 8.43
Gaze360† 100 6.24 7.47 7.17 7.66
DAGEN† 500 5.73 6.77 7.38 8.00
PnP-GA† 10 5.53 5.87 6.18 7.92
RUDA† 100 5.70 7.52 6.20 7.02

LatentGaze† <100 5.21 7.81 - -
Ours (Res-18)†

(w/o Dt)
0 5.72

(4/8)
6.97
(3/8)

7.18
(5/7)

7.38
(2/7)

Table 1: Results of SOTA gaze estimation methods. Angu-
lar error in degrees are shown. |Dt| indicates target domain
sample numbers for training. † and ‡ indicate that the back-
bone is ResNet-18 and 50, respectively. * indicates that data
augmentation is used.

Typical gaze estimation methods are usually trained and
tested on the same domain and do not consider the cross-
dataset setting. As a result, their performances on Dt are
poor. In contrast, GFAL framework surpasses all the typical
gaze estimation methods (2nd row in Tab. 1).

In addition, we compare GFAL framework with other
SOTA gaze DG methods. As shown in the 3rd and 4th rows
in Tab. 1, GFAL framework can outperform the other meth-
ods by a large margin. Note that ResNet-50 may not always
yield better results than ResNet-18. This is because deeper
networks like ResNet-50 may be more prone to overfit the
training data (Schmidt 2023).

Furthermore, since CDG and GazeCon is designed based
on data augmentation, including a random color field and
grayscale, we apply these data augmentation strategies to

Task FAZE ST-ED CUDA-GHRBaseline†Ours†

DE → DM 8.17 7.30 7.58 7.48 5.72
DE → DD 11.61 8.14 8.99 7.86 6.97

Table 2: Cross-dataset validation results of different gaze
redirection methods on the gaze estimation task. The results
show the angular error in degrees.

GFAL framework and compare GFAL framework with
them. The results in the 5th and 6th row show that our frame-
work can also surpass them.

Moreover, our proposed GFAL shows good scalability
across datasets. GFAL can achieve good domain general-
ization performance while using different training datasets,
where the largest contains 713,646 images, while the small-
est contains 84,902 images.
Unsupervised Domain Adaptation. We compare
GFAL framework with SOTA gaze UDA methods for
reference. The results are shown in the last two rows in
Tab. 1. Our proposed method (ResNet-18) can surpass 4 of
7, 5 of 7, 2 of 6, and 5 of 6 methods in the DE → DM ,
DE → DD, DG → DM and DG → DD tasks, respectively.

Relation to Gaze Redirection Methods
Comparison with Gaze Redirection Methods. This exper-
iment aims to prove that GFAL can surpass gaze redirection
methods in the cross-domain gaze estimation task.

We first pretrain gaze redirection models using
DE (Zhang et al. 2020). Then we use these models to
generate |Ds| face images with random gaze directions, as
in (Zheng et al. 2020), forming the synthetic training set
Dsyn, where |Ds| is the size of the source domain training
set. Then, we train the gaze estimation model using the
ResNet-18 (He et al. 2016) backbone and the training set
Ds ∪ Dsyn. Note that we do not use DG (Kellnhofer et al.
2019), as DG does not provide head orientation labels, and
these gaze redirection methods need head orientation labels
for training. The results are shown in Tab. 2.

It can be concluded that GFAL framework is superior to
SOTA gaze redirection methods. The reason behind this is
that these models still suffer from the infinite and continu-
ous labels problem, although the training dataset is extended
and enriched so that it contains more gaze information. Con-
versely, GFAL framework can achieve better performance
than gaze redirection methods.
Plug Gaze Redirection Methods into GFAL Framework.
This experiment aims to prove that gaze redirection meth-
ods can be plugged into GFAL framework to improve cross-
domain gaze estimation performance.

Here, we plug the SOTA gaze redirection methods into
GFAL framework to replace the image warping procedure
and use the gaze feature z only to generate redirected face
images that look at (0, 0). All the experiments are conducted
with a ResNet-18 (He et al. 2016) backbone for extracting z.

The results are shown in Tab. 3. It can be seen that plug-
ging these gaze redirection methods into GFAL framework
can improve gaze domain generalization performance as
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Strategy DE

→ DM

DE

→ DD

DG

→ DM

DG

→ DD
Avg

Baseline† 7.48 7.86 7.70 8.12 7.79

Ours (DeepWarp)† 7.35 8.93 6.73 6.89 7.48
Ours (FAZE)† 8.10 9.37 6.87 7.66 8.00
Ours (ST-ED)† 7.22 8.20 7.40 8.15 7.74

Ours (Warping)† 5.72 6.97 7.18 7.38 6.81

Table 3: Cross-dataset validation results of plugging dif-
ferent SOTA gaze redirection methods into our proposed
framework. The results show the angular error in degrees.
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Figure 4: Visualization of xfro. Angular errors between
ĝfro and (0, 0) are shown in the lower right corner of xfro.

well as the image warping for most of time. However, the
overall (average) performance of the implementation based
on gaze redirection methods cannot surpass that the imple-
mentation based on image warping. This is because SOTA
gaze redirection networks are complex and difficult to train,
leading to difficulty in training gaze estimation models based
on these kinds of implementation.

Gaze Frontalization Visualization
This experiment aims to show that the extracted feature z
can correctly perform the gaze frontalization process, i.e.,
rotating the eyeball in x to (0, 0). We visualize xfro accord-
ing to x, results are shown in Fig. 4. The eyeball directions in
x are successfully rotated from (θ, ψ) to (0, 0) in the output
image xfro. The angular error between ĝfro = G(F(xfro))
and (0, 0) shown in the lower right corner of every xfro

in Fig. 4 is small enough to support this observation. This
observation indicates that our proposed framework can suc-
cessfully force z to process gaze frontalization.

Ablation Study
Comparison of Different Choices of Lfro. We conduct an
experiment to compare different choices of Lfro, including

Strategy DE

→ DM

DE

→ DD

DG

→ DM

DG

→ DD
Avg

L1 7.28 7.40 6.76 7.47 7.23
L2 7.12 8.25 7.18 8.19 7.69
SSIM 6.78 8.59 6.33 7.56 7.32
MS-SSIM 5.72 6.97 7.18 7.38 6.81

Lcon 6.02 8.16 7.91 7.47 7.39
L∗

con 5.72 6.97 7.18 7.38 6.81

(0, 0) → (θ, ψ) 7.33 7.15 7.56 7.87 7.48
(θ, ψ) → (0, 0) 5.72 6.97 7.18 7.38 6.81

Baseline 7.48 7.86 7.70 8.12 7.79
Lfro 7.92 8.92 7.41 8.59 8.21
Lfro + Lcon 5.72 6.97 7.18 7.38 6.81

Table 4: Ablation study results of different strategies. The
results show the angular error in degrees.

distance metrics L1, L2, SSIM (Wang et al. 2004) and MS-
SSIM (Wang, Simoncelli, and Bovik 2003). The results are
shown in the second row of Tab. 4, which indicate that using
MS-SSIM can achieve the best performance and is the best
choice for the distance metric between xref and xfro.
Comparison of Lcon and L∗

con. We use L∗
con (Eq. 8 and 10)

instead of Lcon (Eq. 7 and 9) for more stable training. Here,
we compare these two types of loss terms, and the results are
shown in the third row of Tab. 4. It is indicated that using
L∗
con is better for Consistency Loss than using Lcon.

Comparison of (0, 0) → (θ, ψ) and (θ, ψ) → (0, 0). We
use the (θ, ψ) → (0, 0) strategy (rotating (θ, ψ) to (0, 0))
instead of (0, 0) → (θ, ψ) to make every g have a clear
and unique target (0, 0), further constraining the gaze esti-
mation learning. The comparison results of these 2 strategies
are shown in the fourth row of Tab. 4, and the results show
that (θ, ψ)→ (0, 0) is better.
Contributions of the Loss Terms. Results are shown in
the last row of Tab. 4. Using only Lfro cannot improve
the cross-domain gaze estimation performance. Further-
more, using both Lfro and Lcon can significantly improve
performance. This further shows the effectiveness of both
Gaze Frontalization Module and Consistency Loss for gaze
frontalization auxiliary learning.

Conclusion
In this paper, we propose a novel gaze domain general-
ization (DG) framework GFAL, which aims to utilize the
embedding of gaze frontalization process to improve cross-
domain gaze estimation performance without any target do-
main information during training. Experimental results show
that GFAL framework can achieve SOTA performance on
gaze DG task, which is competitive with or even superior to
the SOTA gaze UDA methods, and surpass most of repre-
sentative gaze redirection methods. Moreover, various types
of implementations can be plugged into GFAL framework,
which can improve cross-domain gaze estimation perfor-
mance for most of time. This work provides new insights for
cross-domain gaze estimation. In the future, we will extend
the gaze frontalization methods, such as 3D reconstruction.
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