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Abstract

Deep-learning-based gaze estimation approaches often
suffer from notable performance degradation in unseen tar-
get domains. One of the primary reasons is that the Fully
Connected layer is highly prone to overfitting when map-
ping the high-dimensional image feature to 3D gaze. In this
paper, we propose Analytical Gaze Generalization frame-
work (AGG) to improve the generalization ability of gaze
estimation models without touching target domain data.
The AGG consists of two modules, the Geodesic Projection
Module (GPM) and the Sphere-Oriented Training (SOT).
GPM is a generalizable replacement of FC layer, which
projects high-dimensional image features to 3D space ana-
Iytically to extract the principle components of gaze. Then,
we propose Sphere-Oriented Training (SOT) to incorpo-
rate the GPM into the training process and further improve
cross-domain performances. Experimental results demon-
strate that the AGG effectively alleviate the overfitting prob-
lem and consistently improves the cross-domain gaze esti-
mation accuracy in 12 cross-domain settings, without re-
quiring any target domain data. The insight from the Ana-
lytical Gaze Generalization framework has the potential to
benefit other regression tasks with physical meanings.

1. Introduction

Eye gaze reveals where human attention lands, which has
been widely applied in a variety of territories, such as
VR/AR systems [3, 15, 26], medical analysis [4, 13, 14] and
human-computer interaction[17, 27, 34]. Gaze estimation
methods can be classified into two categories: model-based
approaches and appearance-based approaches. Both ap-
proaches have their own strengths and weaknesses. Model-
based approaches estimate gaze by modeling the anatomical
structure of the eyeball. These methods achieve remarkable
accuracy in controlled environment. But they typically re-
quire dedicated hardware such as infrared cameras and light
sources. Appearance-based approaches use cost-effective
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Figure 1. Overview of the proposed AGG framework for general-
izing gaze estimation models to unseen target domains.
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web cameras. They typically train Convolutional Neural
Networks (CNNs) in an end-to-end way, enabling them to
predict gaze direction from user face/eye images directly. In
recent years, appearance-based approaches have garnered
great interest due to their simplified hardware requirements
and the potential for widespread applications.

However, appearance-based methods suffer from severe
performance degradation in cross-domain settings. To im-
prove the cross-domain performance, various domain adap-
tation approaches have been proposed, i.e., adversarial
learning [12, 32], contrastive learning [33] and collaborative
learning [20]. However, these approaches require a num-
ber of target domain samples for adaptation, which is not
always attainable in real-world scenarios. More recently,
Cheng et al. proposed to generalize gaze estimation model
by purifying gaze feature during source domain training
[8]. The gaze generalization task is more practical yet more
challenging, because it does not have access to any target
domain data.

One of the significant reasons for the poor cross-domain
performances is the overfitting problem. Gaze estimation
CNNs are trained to extract high-dimensional image fea-
tures (e.g. 512D) from input face images and map these
features to gaze (3D unit vector) by a Fully Connected layer
with thousands of parameters. The numerous parameters
of the FC layer easily overfit to gaze irrelevant factors
within the high-dimensional image features during the
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end-to-end training process. One possible solution is to
extract gaze-related information from the image features,
i.e. the Principle Component of Gaze (PCG), while exclud-
ing other irrelevant information.

In this paper, we introduce the Analytical Gaze Gener-
alization framework(AGG), a novel gaze generalization ap-
proach that connects the high-dimensional image features
to gaze analytically. The AGG consists of two modules,
the Geodesic Projection Module (GPM) and the Sphere-
Oriented Training (SOT) module. Given a pretrained gaze
estimation model, the GPM serves as a replacement of
the last FC layer, alleviating the overfitting issue by an-
alytical projection and alignment. Based on the observa-
tion that the geodesic distance between the image features
is proportional to the angular gaze difference between sam-
ples, the GPM projects the high-dimensional image fea-
tures to 3D space by the geodesic distance to extract the
Principle Component of Gaze. Then, we estimate gaze
from the projected features by the proposed Sphere Align-
ment algorithm using physical rotation and scaling with
only 10 learnable parameters. Next, we propose the Sphere-
Oriented Training to incorporate the GPM into the training
process to improve the generalization ability of the whole
network. Given source domain labels, the Sphere-Oriented
Training optimizes the gaze estimation network based on
the reverse process of the GPM.

Experiments show that, by only replacing the last FC
layer of the baseline model with GPM, both the accu-
racy and the stability in cross-domain testing have been
improved. After optimizing the model using the Sphere-
Oriented Training in the source domain, the performance
is further improved and outperforms SOTA gaze estimation
methods in multiple different cross-domain settings. The
primary contributions of this work are as follow:

* We propose the Geodesic Projection Module (GPM), a
novel method that predicts gaze from the geodesic dis-
tance between the image features analytically. As a novel
and explainable approach for gaze estimation, the insight
GPM presents may also inspire other regression tasks like
pose estimation.

* We propose the AGG framework for generalizable gaze
estimation. The AGG framework utilizes the Sphere-
Oriented Training module to optimize the gaze estima-
tion model based on the reverse process of the GPM for
better generalization ability.

e Experimental results illustrate that the proposed
AGG achieves consistent improvements in 12 different
cross-dataset settings. The AGG improves the gener-
alization ability of the baseline model up to 35.79%
without touching target domain data.

The subsequent sections are organized as follow: in
Sec. 3, we present the motivation and design principles of
the AGG through several validation experiments. In Sec. 4,

we provide a detailed introduction to the AGG framework.
In Sec. 5, we assess the proposed method both quantita-
tively and qualitatively.

2. Related Work
2.1. Gaze Estimation

There are two mainstream gaze estimation approaches,
the model-based approaches and the appearance-based ap-
proaches. Model-based approaches estimate gaze by recon-
structing the anatomy structure of the eyeball [11]. These
methods achieve remarkable accuracy but also require per-
sonal calibration and dedicated devices such as depth sen-
sors [28, 35], infrared cameras [10, 29] and lights [10, 19].

Appearance-based approaches usually estimate gaze
from user images captured by a single web camera. Early
methods estimate gaze from eye images by traditional ma-
chine learning algorithms like manifold embedding [25] and
adaptive linear regression [21]. Lu et al. propose to esti-
mate eye rotation by measuring the geodesic distance be-
tween eye images [22]. Wang et al. propose to combine the
eye appearance with eye geometry by a Hierarchical Gen-
erative Model []. More recently, a number of gaze estima-
tion datasets have been collected [9, 12, 16, 38, 39]. These
datasets provide hundreds of thousands of user images with
gaze labels, which makes deep-learning-based gaze estima-
tion possible. Representative studies include gaze estima-
tion using convolutional neural networks (CNNs) [37] with
eye images [7, 37] or face images [1, 5, 6, 16, 38]. Some
previous studies also represent gaze features as low dimen-
sional manifolds for personalization [23] and unsupervised
learning [36]. But these methods still construct manifolds
by data-driven learning approach with supervision like gaze
redirection. Our method analytically connects the high-
dimensional image feature to gaze.

2.2. Cross-domain Gaze Estimation

One of the major problem of the deep-learning-based ap-
proaches is that the performance degrades severely when
testing on a different domain. To improve the cross-domain
performance, a number of unsupervised domain adaptation
methods have been proposed. Liu et al. propose to adapt
the model to target domain with the guidance of outliers
by collaborative learning [20]. Wang et al. utilize con-
trastive learning to pull features with close gaze labels to-
gether [33]. Bao et al. propose to improve the cross-dataset
accuracy by the rotation consistency of gaze [2]. Neverthe-
less, above methods require target domain images to train
domain specific models, which is infeasible in real world
settings, as target domain data is often inaccessible. Re-
cently, Cheng et al. propose to improve the generalization
ability of gaze estimation model by purifying gaze feature in
source domain[8]. The gaze generalization problem without
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Figure 2. Observation: The gaze differences between samples
can be linearly represented by the geodesic distances between ex-
tracted features. Such characteristic of the feature space is con-
sistent with the physics of gaze: the distance along the spherical
surface is proportional to the gaze differences.

access to target domain data is more challenging and yet to
be solved.

3. Analytical Gaze Estimation from Features

The aim of this paper is to design a replacement of the last
regression FC layer to alleviate the overfitting problem. In
this section, we try to answer the following key questions
by a series of validation experiments:

Question 1: How many dimensions does the Principle
Components of Gaze (PCG) in the high-dimensional image
features have?

Question 2: How to extract the PCG from the high-
dimensional image features for generalizable gaze estima-
tion?

3.1. The Overfitting Problem

To explore above questions, we initially pretrain a com-
monly used baseline model, i.e. ResNet-18 in the source
domain (ETH-XGaze [39]) for analysis.

Given the source domain Dy = {x;,y;|Y ;} where x;
is the face image and y; = (z;,y;, ;) is the ground truth
unit gaze direction vector, we pretrain the gaze estimation
model by £, loss function:

fi= Fel(wi),

argmin(Ls (i, Lo, (7)) [L1). M
where Fy, (-) is the feature extractor CNN, f; is the 512D
high-dimensional image feature and Lg, (-) is the last Fully
Connected layer which estimates gaze from f;.

Previous study [8] has proven that the feature extracted
by the pretraind baseline model f; encompasses not only
gaze information, but also other visual contents, including
appearance, illumination and head pose. Thus, the dimen-
sion of the PCG should be less than the dimension of f;
itself. Combined with the fact that gaze direction is a 3D

Yaw within [-50°,50°] Pitch within [-50°,50°]

Figure 3. Following the observation in Fig. 2, we construct
PGF by projecting high-dimensional features to the 3D space us-
ing geodesic distance. The PGF shares the same spherical distri-
bution pattern as the gaze label. Data points are colored by gaze
yaw and pitch angles respectively.

Figure 4. Projecting features extracted by the pretrain gaze estima-
tion model into 3D space by varies distance metrics. Projections
by geodesic distance (Isomap) show identical spherical distribu-
tion pattern as the gaze label. Colored by gaze yaw angles.

unit vector with 2 degrees of freedom, for the answer of
Question 1, we hypothesis that the theoretical minimum
dimension of the PCG should be 2D, identical to the gaze
ground truth. The regression FC layer Lg, is at a high risk
of overffiting since the number of parameters in Lg, and
the dimension of f; are way beyond the minimum required
quantity.

3.2. Gaze on the 3D Sphere

To answer Question 2, we examine the distribution of the
gaze ground truth. In the physical space, gaze distributes
across the surface of the 3D unit sphere. The distance alone
the data manifold i.e. the spherical surface is proportional
to the angular differences between gaze directions.

To verify if similar relationship also exists in the feature
space, we visualize the distance alone the data manifold in
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the feature space, i.e. the geodesic distance between f; in
Fig. 2. The result reveals an important observation:

Observation: the geodesic distance between f; is in a
strong direct proportion to the angular gaze differences be-
tween samples.

This observation leads to a possible answer of Question
2: The PCG within the high-dimensional image features
can be extracted by the geodesic distance. In the fol-
lowing step, we leverage the geodesic distance to extract
the Principle Gaze Feature (PGF) from f; for generalizable
gaze estimation.

3.3. Mapping Features to 3D Space Analytically

According to above observations, we utilize the geodesic
distance to extract the PGF from the high-dimensional im-
age features. Specifically, we project the high-dimensional
image features to the 3D space using geodesic distance,
i.e. Isometric Mapping (Isomap) [30]. Results in Fig. 3
demonstrate that the image features after projection (the
PGF) share similar distribution pattern as gaze: the
PGF distributes across the surface of a 3D sphere approxi-
mately. To better demonstrate the distribution pattern, we
color the PGFs within certain gaze range with pitch and
yaw angles respectively. It is obvious that gaze pitch and
yaw angle change monotonically alone the longitudinal and
latitudinal direction of the PGF Sphere. The Principle Gaze
Feature preserves gaze information while excluding unnec-
essary factors from f; to alleviate the overffiting problem.
Generalizable gaze estimations could be made by simply
aligning the PGF Sphere with the unit sphere of gaze distri-
bution using the gaze label. This alignment process consists
of simple physical operation including rotation and scaling
with only 10 parameters, which is less unlikely to overfit.
We further utilize this idea to optimize the feature extrac-
tor CNN Fp, for better generalization ability. The detailed
implementation will be introduced in Sec. 4.

3.4. Choice of Distance Metrics

In this section, we validate some other possible answers of
Question 2. Specifically, we project the image features
fi into the 3D space using two other dimension reduction
methods: the Local Linear Embedding (LLE) [24] and the
T-distributed Stochastic Neighbor Embedding (t-SNE) [31].
It is obvious in Fig. 4 that only the results of Isomap exhibit
similar distribution pattern to the gaze label. Although the
distributions of other dimension reduction methods also ex-
hibit some directional characteristics, their overall distribu-
tions do not show a clear geometric pattern like Isomap.
Above results prove that geodesic distance is the key to
extract the Principle Components of Gaze from the high-
dimensional image feature. In the next section, we explain
the specific implementation of the AGG framework

4. Method

We propose the Analytical Gaze Generalization framework,
a domain generalization method for gaze estimation. The
AGG framework comprises two key modules: the Geodesic
Projection Module (GPM) module and the Sphere-Oriented
Training (SOT) module. The Geodesic Projection Mod-
ule predicts gaze analytically from the pretrained im-
age feature by constructing the Principle Gaze Feature us-
ing geodesic distance. Next, the Sphere-Oriented Train-
ing module optimizes the pretrained gaze estimation net-
work according to the reverse process of the GPM for better
generalization ability. The overview of the Analytical Gaze
Generalization framework is presented in Fig. 5.

4.1. Geodesic Projection Module

The Geodesic Projection Module mainly consists of two
steps. First, we project the image features extracted by
the pretrained gaze estimation model into 3D space us-
ing geodesic distance, i.e. Isomap. The projected feature
(named the Principle Gaze Feature) distributes alone the
surface of a sphere (named the PGF Sphere) approximately.
Then, we align the PGF Sphere with the unit sphere repre-
sents the gaze label distribution to predict gaze directions
analytically.

First, we pretrain a gaze estimation model consists of a
feature extractor CNN Fp, and a Fully Connected layer Lg,
for gaze regression in the source domain D = {z;, y;|¥ ;}
using £; loss function according to Eq. (1). Then, we
freeze the gaze estimation model and extract the high-
dimensional image features (512D in our experiments) by
{fi = Fo,(2;)|N,}. The Principle Gaze Feature e; € R?
is constructed by projecting the image features f; into the
3D space using Isomap algorithm:

(e M1} = Isomap({fi| X1 }). )

Since the Principle Gaze Feature distributes across the
surface of a 3D sphere approximately, the next step is to
predict gaze directions by aligning this PGF Sphere with
the unit gaze label sphere. First, we locate the center of the
PGF Sphere O, and rotate it to align the orientation with
the unit gaze label sphere:

e; = R(e: = Oc) = (a5 ,ui .= )", 3)
where R is the rotation matrix. Then, we calculate the Euler
angles of e and predict gaze directions y; = (0',%’) by
simple linear fittings:

0} = krarctan(=) + by,

z

o

U, = kyarcsin(yS) + by.

LY

“)

=0

The final gaze prediction y;, = (z},y.,2}) is obtained

through converting the Euler angle predictions (6,},0)

77
to unit direction vectors. = We formalize the process
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Figure 5. Overview of the proposed AGG framework. We propose two modules, the Geodesic Projection Module (GPM) and the Sphere-
Oriented Training module. We replace the last Linear layer of the pretrained baseline model with GPM to estimate gaze from the
high-dimensional image feature analytically. The Sphere-Oriented Training optimizes the gaze estimation model according to the reverse

process of the GPM for better generalization ability.

from the Principle Gaze Feature e; to gaze prediction vy
as the Sphere Alignment algorithm: y, = SAg, (e;),
where 05 is the set of 10 learnable parameters 8, =
{O¢, R, k1, ko,b1,bo}. These parameters are obtained by
minimizing the angular difference between gaze prediction
y; and the source domian gaze label y;:

arg min(Angular(y;, SAg, (e;)) |f\;1) 5)
0

Since the GPM only contains 10 learnable parameters,
we only randomly choose 2000 source domain samples to
optimize 6, in our experiments. In the test time, features
of target domain samples are concatenated to the geodesic
distance map built in the source domain for Isometric Map-
ping. The parameters of the SA algorithm remain fixed in
the Sphere-Oriented Training and test time.

4.2. Sphere-Oriented Training

The Geodesic Projection Module predicts gaze from the
image feature analytically, thus the performance will be af-
fected by the quality of the image feature. To extract gener-
alizable image features, we propose Sphere-Oriented Train-
ing to optimize the pretrained feature extractor CNN Fp,
with the reverse process of the GPM in the source domain.

Given a source domain sample {x;,y;}, we could re-
versely calculate the ideal position of the corresponding
Principle Gaze Feature since the Sphere Alignment algo-
rithm is totally analytical: &; = SA~!(y;). Theoretically,

the pretrained CNN could be optimized by minimizing the
distance between the ideal position and actual position of
the Principle Gaze Feature on the PGF Sphere:

arg min(L; (é;, Isomap(Fe, (x:)))|X,). (6)

0,

Unfortunately, it is difficult to integrate the Isomap
into the back propagation process because it is both time
and space consuming. The time complexity of Isomap is
O(N2?logy) and the space demand is O(N?), where N
is the number of samples. To solve this issue, we pro-
pose the Isometric Propagator I Py, () to parameterize the
Isomap algorithm. Isometric Propagator is a three layer
MLP trained to simulate the Isomap function at the begin-
ning of Sphere-Oriented Training. We freeze the parameter
of the pretrained CNN Fp, and train the Isometric Propaga-
tor as follow:

argmin( Ly (Isomap(£). LPo,(f)1). (D)
3

After the training of the Isometric Propagator, we freeze
its parameters and replace the Isomap with it to train the fea-
ture extractor CNN. The actual Sphere-Oriented Training is
formalized as:

argmin(C1(&;. 1Py, (Fo, () L),

®)

Note that the Isometric Propagator is only used during
the source domain training. At test time, we predict gaze
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by the proposed GPM with Isomap for better generalization
ability. Parameters of the GPM are determined before the
Sphere-Oriented Training and remain fixed.

Owing to the advantage that the GPM suffers less from
the overfitting problem than the FC layer, the purpose of
the SOT is to utilize this advantage to optimize the gaze
estimation model for better generalization performance by
incorporating the GPM into the training process.

4.3. Implementation Details

We employ the AGG by PyTorch. For the training of the
pretrain model, IP and Sphere-Oriented Training, we use
the Adam optimizer with a learning rate of 10~*. The model
is pretrained for 10 epochs. We choose the last epoch as the
baseline model. The Sphere-Oriented Training is also 10
epochs, while the IP is trained for 100 epochs on 2000 ran-
domly selected samples. Batch sizes are set to 512. For
Isomap, we use the implementation of Scikit-learn and the
number of neighbor is set to 300. Pixel values are normal-
ized to [0, 1], and no data augmentation is employed.

5. Experiments
5.1. Data Preparation

We conduct experiments on four commonly used gaze es-
timation datasets: ETH-XGaze (Dg) [39], Gaze360 (Dg)
[12], MPIIFaceGaze (Djy) [38] and EyeDiap (Dp) [9]. We
normalize the data following the techniques in [38]. ETH-
XGaze: 756k images captured by high resolution cameras
in laboratory environment with large gaze range. We divide
the last 5 subjects as test set. Gaze360: 101k images cap-
tured by a 360° camera on streets with large gaze range.
We only use images with frontal faces in our experiments.
MPIIFaceGaze: 45k images (standard test set) captured by
web camera during daily usage of laptop computers. The
gaze range of D) is less than half the range of Dg and Dg.
Thus, we only use D), as target domain. EyeDiap: 16k
images captured under laboratory environment with screen
and floating targets. As the number of images is signifi-
cantly less than other datasets, we only use Dp as target
domain.

In addition, the cross-domain error between Dg and
D¢ is extremely large (around 20°). Thus, we exclude the
Dg—D¢ and Dg—Dg settings in our experiments, which
is also excluded in previous studies [2, 8, 20, 33].

5.2. Quantitative Evaluation

5.2.1 Evaluation of the GPM

We first evaluate the proposed GPM by replacing the last
FC layer with the GPM without changing other parameters
of the baseline model. The mean and the standard devi-
ation (std) of the estimation error from the last 5 epochs

Table 1. Results of simply replacing the last FC layer with the
proposed GPM in inference. Results are the mean and std for the
final 5 epochs. Note that the modest reduction in within-dataset
accuracy is reasonable, since GPM is designed for generalization.

‘ Dg—Dum Dr—Dp ‘ within Dg
ResNet-18 8.66+0.53  7.76+0.29 5.37+0.24
ResNet-18 + GPM | 7.87+0.23  7.7240.33 5.7440.08
ResNet-50 6.9240.86  8.61+0.88 5.2740.56
ResNet-50 + GPM | 6.56+0.41  8.10+0.57 5.2940.07

| De—Dy Dg—Dp | within Dg
ResNet-18 8.59+0.57 10.87+1.52 | 12.59+0.14
ResNet-18 + GPM | 8.57+0.41 10.9440.85 | 12.64+0.10
ResNet-50 8.48+1.01 10.76+0.78 | 11.97+0.30
ResNet-50 + GPM | 8.14+0.47  9.774+1.00 | 12.07+0.18

are shown in Tab. 1. The proposed GPM achieves better
performance in 7 out of 8 cross-domain experiments. In
addition, the GPM also performs more stably across differ-
ent epochs. These results demonstrate the advantage of the
proposed GPM over the traditional FC layer. The within-
dataset estimation errors of the GPM are slightly higher.
It is reasonable since GPM is designed for generalizing to
unseen domains. The higher within-dataset accuracy of the
FC layer is highly likely achieved by overfitting since it per-
forms worse in cross-domain tests.

5.2.2 Evaluation of the AGG Framework

In this section, we evaluate the effectiveness of the
AGG framework, which optimizes the gaze estimation
model to further improve generalization ability. We con-
duct experiments in 4 cross domain settings with 3 baseline
models, as shown in Tab. 2. The performances of baseline
models is quite different, due to their architectures and the
different characteristics of each domain. Nevertheless, the
proposed AGG framework achieves stable improvements in
all 12 cross-domain settings, proves that the AGG frame-
work is robust to different baseline models and source do-
mains. The AGG framework achieves improvements as
large as 35.79% without target domain data. We also re-
port the within dataset performance after generalization for
reference. As expected, the within dataset performance de-
creases mildly since the model is optimized for domain gen-
eralization. Above results demonstrate the effectiveness of
the proposed Sphere-Oriented Training, which improves the
generalization performance of varies baseline models sig-
nificantly.

5.2.3 Comparison with SOTA Methods

In Tab. 3, we compare the AGG framework with SOTA
gaze estimation methods [6, 12, 38] and gaze general-
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Table 2. Performance of the proposed AGG framework. Results are gaze estimation error in degrees. The proposed AGG achieves stable
improvements up to 35.79% in all 12 cross-domain settings without using any target domain data. The symbol * indicates within-dataset
experiments for reference. Note that the modest reduction in within-dataset accuracy is to be expected for domain generalization methods.

Method \ Dr—D)y Dr—Dp \ Da—Dy De—Dp \ within Dg* within Dg*
ResNet-18 8.64 7.83 8.68 12.35 5.08 12.73
ResNet-18+AGG | 7.10 v 17.82% 7.07 v9.71% 7.87 v9.33% 7.93 v 35.79% 5.56 A 9.45% 13.03 a4 2.36%
ResNet-50 6.04 7.47 10.14 11.76 5.35 12.37
ResNet-50+AGG | 591 v2.15% 6.75 v 9.64% 9.2 v927% 11.36 v3.40% | 6.29 A 1757% 15.63 4 26.35%
VGG16 9.5 19.14 14.61 19.94 5.12 12.15
VGG16+AGG 9.13v38% 17.2v10.14% | 11.3 v22.66% 13.97 v29.94% | 5.78 a4 12.89%  13.13 4 8.07%

Table 3. Cross domain gaze estimation error in degrees. * indi-
cates methods with ResNet-50 backbone. Overall, the proposed
AGG achieves better generalization ability than SOTA gaze esti-
mation methods.

Method ‘ Dg—Dy Dgp—Dp Dg—Dy De—Dp
Full-Face[38] 12.35 30.15 11.13 14.42
ADL[12] 7.23 8.02 11.36 11.86
CA-Net[6] - - 27.13 31.41
LatentGaze[ 18] 7.98 9.81 - -
PureGaze[8] 7.08* 7.48* 9.28 9.32
ResNet18+AGG 7.10 7.07 7.87 7.93
ResNet50+AGG 5.91* 6.75%* 9.20* 11.36*

ization methods [8, 18]. Results demonstrate that the
AGG outperforms other SOTA methods. The AGG with
ResNet-18 baseline achieves the best overall performances,
it outperforms SOTA methods in Dg—Dp, Dg—Djs and
De—Dp settings, while achieving performance compara-
ble to the PureGaze in the Dp—D) setting. The AGG with
ResNet-50 baseline also surpasses SOTA methods in 3 out
of 4 cross-domain settings. It performs exceptionally well
when trained in the Dg domain. Overall, above experi-
ments prove that the AGG achieves better generalization
ability than SOTA gaze estimation methods.

5.3. Verification of the AGG
5.3.1 Verification of the Core Idea

The proposed Analytical Gaze Generalization framework is
designed based on the observation that the geodesic distance
between image features is proportional to the angular gaze
differences between input samples. To explore whether this
observation holds true in different domains, we verify it in
Dg, Dg, Dy and Dp respectively. We train a baseline
ResNet-18 model according to Eq. (1) in each domain re-
spectively to extract the image feature, and visualize the L2
and Geodesic distance with respect to the angular gaze dif-
ferences. As shown in Fig. 6, the linear relationship holds
true for all sample pairs in Dg, thanks to the high image
quality and controlled laboratory environment. For Dg,
the pattern is evident at the beginning but becomes random

ETH-XGaze

Gaze360 MPIIFaceGaze EyeDiap
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Figure 6. The L2 and Geodesic distances between image features
with respect to the angular differences between samples.

when gaze differences surpass 140°. We randomly visu-
alize 4 samples from the random section at the top of the
figure. Since the original D¢ dataset includes subjects fac-
ing away from the camera, the quality of samples appears
to deteriorate when the head pose approaches £90°. For
Dy and Dp, the geodesic distance is also exhibits a more
direct proportionality to gaze differences. However, the dis-
parity between geodesic distance and L2 distance is less ob-
vious compared to what was observed in the Dy and Dg. It
is reasonable since the gaze ranges in Dy, and Dp are sig-
nificantly smaller. The geodesic distance converges toward
the L2 distance when the features are in close proximity.
We further visualize the Principle Gaze Feature from
these four datasets in Fig. 7 for a more intuitive understand-
ing. The Principle Gaze Feature from all 4 datasets con-
sistently demonstrate identical distribution pattern with the
gaze label. Above results confirm that the the proportional
relationship between the geodesic distance and the gaze dif-
ferences remains consistent across different domains, even
though the image quality, gaze range, and head pose range
exhibit significant variations among these domains. Hence,
the proportional relationship can be employed for domain
generalization, given that it is domain-independent.

5.3.2 Verification of the Sphere-Oriented Training

In this section, we assess the efficacy of the Sphere-Oriented
Training, i.e. whether Sphere-Oriented Training optimizes
the model to extract features that better conform to the pro-
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Figure 7. Visualization of the Principle Gaze Feature (PGF) and
gaze label from Dg, Dg, Dy and Dp. PGF from all 4 datasets
share the same distribution pattern with gaze label.
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Figure 8. The Sphere Error of the PGF before (ResNet-18) and
after Sphere-Oriented Training (Ours). Smaller sphere error in-
dicates that the geodesic distance between extracted features are
more proportional to the gaze differences.

portional relationship. To do so, we measure the Sphere
Error, defined as the ratio of distance between e; and the
sphere surface to the radius of the sphere. The quantitative
results presented in Fig. 8 demonstrate that the Sphere Error
after the Sphere-Oriented Training reduces in both within-
domain and cross-domain settings. Fig. 9 provides a more
intuitive view. The Sphere Error is significantly reduced
in the central region after the Sphere-Oriented Training and
the distribution of the PGF becomes more spherical. Above
results validates the effectiveness of the propsoed Sphere-
Oriented Training.

6. Limitations and Discussions

Q1: Does the observation in Fig. 2 apply to features ex-
tracted by different gaze estimation models? We have
proven that the observation holds true for different model
architectures in Tabs. 1 and 2 and different datasets Fig. 7.
Here we further investigate the influence of two loss func-
tions: L1, Lo loss, and two gaze representations: 3D unit
vector (z,y, z), 2D Euler angle (yaw, pitch). In Fig. 10,
we train ResNet-18 models under above conditions and
project the extracted features to 3D space using geodesic
distance. Results show that the AGG is robust to different
loss functions. When gaze is represented by 2D Euler an-
gles, the projected features no longer distributes across the
sphere surface, they approximately distribute on the surface
of a 2D plane, similar to the gaze label. The Sphere Align-
ment algorithm needs to be altered to adapt different gaze
representations, which we have left for future work.

Large

Joug ateyds

Small

Figure 9. Visualization of the Sphere Error before and after
Sphere-Oriented Training in Dg. In the side view, the bottom area
of the PGF of AGG is more spherical.

(x,y,2)

(yaw, pitch)

Figure 10. Projecting features extracted by ResNet-18 trained with
different strategy in Dg into 3D space by geodesic distance.

Q2: Does the Isometric Propagator (IP) suffer from
the same overfitting issue as the last FC layer since it is
implemented by MLP? Although we completely replace
the last FC layer with the GPM in the test time, the MLP
based IP is still used in source domain training. The use
of IP is an unavoidable compromise, because in the cur-
rent deep-learning community, there has not been a perfect
solution for integrating Isomap into the back-propagation
process. But the IP differs from the original regression FC
layer, since IP is only used in the training time, as a tool
for back-propagation with fixed parameters. Still, the im-
plementation of IP is a limitation to our method. The per-
formance of the AGG might be further improved if there is
a better way to integrate Isomap into the training process.

7. Conclusion

In this paper we propose the Analytical Gaze Generaliza-
tion framework for generalizing gaze estimation models to
unseen domains. Based on the observation that the geodesic
distance between extracted image features is proportional to
the angular gaze differences, we propose the Geodesic Pro-
jection Module that estimates gaze from the image feature
analytically and incorporate it into the source domain train-
ing by the proposed Sphere-Oriented Training. Extensive
experiments show that the GPM achieves better generaliza-
tion ability than the conventional FC layer, and the AGG im-
proves the cross-domain accuracy significantly, outperform-
ing SOTA methods. The concept of the AGG may inspire
method designs in other physical regression tasks, e.g. pose
estimation.
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