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Abstract

Appearance-based gaze estimation, aiming to predict accu-
rate 3D gaze direction from a single facial image, has made
promising progress in recent years. However, most methods
suffer significant performance degradation in cross-domain
evaluation due to interference from gaze-irrelevant factors,
such as expressions, wearables, and image quality. To allevi-
ate this problem, we present a novel Hybrid-domain Adapta-
tive Representation Learning (shorted by HARL) framework
that exploits multi-source hybrid datasets to learn robust gaze
representation. More specifically, we propose to disentangle
gaze-relevant representation from low-quality facial images
by aligning features extracted from high-quality near-eye im-
ages in an unsupervised domain-adaptation manner, which
hardly requires any computational or inference costs. Addi-
tionally, we analyze the effect of head-pose and design a sim-
ple yet efficient sparse graph fusion module to explore the
geometric constraint between gaze direction and head-pose,
leading to a dense and robust gaze representation. Exten-
sive experiments on EyeDiap, MPIIFaceGaze, and Gaze360
datasets demonstrate that our approach achieves state-of-the-
art accuracy of 5.02°, 3.36°, and 9.26° respectively, and
present competitive performances through cross-dataset eval-
uation.

Code — https://github.com/da60266/HARL

Introduction

Gaze estimation, aiming to determine where someone is
looking toward or visual attention is located, is a crucial
clue for understanding human behaviors, and offers signifi-
cant assistance for many practical applications, e.g., human-
system interaction(Steil, Huang, and Bulling 2018), men-
tal fatigue detection(Lengenfelder et al. 2023) and AR/VR
systems(Bao et al. 2023). Existing methods can be approx-
imately divided into two categories: geometry-based and
appearance-based. The former focuses on the traditional
image processing technologies and geometric gaze model
to calculate the gaze direction, which only adapt to near-
eye conditions and requires expensive hardware for high-
resolution eyeball capturing. With the development of deep
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Figure 1: (a) Sample quality comparison between in-the-
wild and near-eye datasets. (b) Performance comparisons
between in-the-wild (Cheng and Lu 2022; Cheng et al. 2020;
Kellnhofer et al. 2019) and near-eye datasets(Yiu et al. 2019;
Popovic et al. 2023; Feng et al. 2022) respectively.

learning technologies, appearance-based methods achieve
remarkable progress on gaze direction regression from the
single facial image in recent years. However, a critical chal-
lenging lie in that the eye area only occupies a very small
part of the whole face, which leads to the insufficient gaze
cues due to lower resolution, e.g., geometric shapes and pro-
files of pupil and iris, as shown in Fig 1(a). Furthermore, fa-
cial expressions, illumination and so on, also degrades the
image quality, and leads to limited prediction accuracy and
poor generalization on cross-domain evaluation.

Recently, all kinds of methods have been explored to al-
leviate the above problems, including feature distance min-
imization (Wang et al. 2022), disentangling representation
(Sun et al. 2021; Yin et al. 2024), and data generation



(Ververas et al. 2024). However, a key point is often over-
looked in them, which is that degraded eyeball appearances
limit high-quality gaze representation, leading to poor gen-
eralization in cross-object gaze estimation. As illuminated
in Fig 1(b), high-resolution near-eye images result in the
significantly higher prediction accuracy, even with a simple
deep network. Therefore, exploiting the high-quality near-
eye data to guide the model extracting gaze-relevant repre-
sentation from low-quality facial image is valuable. How-
ever, directly applying existing domain-adaptation methods
to aligning them in latent space is unrealistic due to the great
domain gap, where the high- and low-quality monocular im-
ages are unpaired. Moreover, monocular gaze labels are al-
ways lost for low-quality facial images.

Inspired by the unsupervised domain-adaptation (UDA)
regression, in this paper, we attempt to introduce high-
quality monocular images to disentangle gaze-relevant rep-
resentation from low-quality facial image with unsupervised
learning. We present a novel Hybrid-domain Adaptative
Representation Learning (HARL) framework that exploits
the labeled high-quality near-eye data to extract monocular
gaze representation from unlabeled low-quality facial im-
ages in a UDA manner. Specifically, HARL aligns the in-
verse Gram matrix of the hybrid-domain features to capture
inner correlations, which is simple yet efficient and hardly
requires any extra computation costs during training and in-
ference. Furthermore, we also consider the effect of head-
pose, and construct a sparse-graph fusion module to explore
the latent geometry constraints between monocular gaze and
head-pose representations, which leads to a dense and robust
gaze representation. In short, the main contributions of the
paper are summarized:

1) Propose an end-to-end gaze representation learning
framework, i.e. HARL, which integrates the idea of UDA
into the general appearance learning architecture to extract
dense and robust gaze representation from low-quality facial
images. As far as we know, it is the first UDA framework to
disentangle gaze representation from hybrid-domain data,
and presents superior performances on in-domain and cross-
domain evaluation.

2) Design a simple yet effective sparse-graph fusion mod-
ule that explores the inherent geometric constraints between
the monocular and pose features, and leads to the dense and
robust facial gaze representation.

3) Extensive experiments demonstrate that the proposed
HARL achieves state-of-the-art gaze accuracy of 3.36°,
5.02° and 9.26° on MPIIFaceGaze, EyeDiap and Gaze360
benchmarks, respectively, and also presents competing per-
formances on cross-domain evaluations without any compu-
tational costs.

Related Work
Appearance-based Gaze Estimation

The early approaches focus on reconstructing the geomet-
ric structure of eyeball, which generally rely on the image
processing technologies to locate the boundaries of pupil
and iris. Therefore, the deep-learning-based eye segmenta-
tion is explored to support more accurate gaze prediction
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(Yiu et al. 2019; Popovic et al. 2023). However, these meth-
ods achieved remarkable accuracy but also require personal
calibration and dedicated devices such as depth sensors, in-
frared cameras and lights. Appearance-based approaches di-
rectly estimate gaze vector from the facial image captured
by the web camera, which builds an end-to-end mapping be-
tween the image and the gaze label (Kellnhofer et al. 2019;
Wang et al. 2023; O Oh, Chang, and Choi 2022). Therefore,
these methods have made great progress in recent years.
However, a crucial challenge lies that the gaze representation
is sensitive to facial appearances, which limits the predic-
tion accuracy and generalization ability of the model. Lead-
ing works focus on exploring domain-adaptation (DA) (Bao
et al. 2022; Liu et al. 2021; Cai et al. 2023) and domain-
generalization (DG) (Xu, Wang, and Lu 2023; Bao and Lu
2024a,b; Xu and Lu 2024) gaze estimation. The former
aims to align gaze representations between the source and
target domains, which generally requires to accessing the
source and target domain data. Instead, the latter directly
learn robust gaze representation from source domain data
only. Although all of them achieved some improvements on
cross-datasets evaluation, complex networks and carefully-
designed training strategies leads to expensive computation
costs, which is still unsuitable in practical applications.

Unsupervised Domain Adaptation

Unsupervised domain adaptation (UDA) aims to adapt the
model to target domain with unlabeled samples, which is
widely applied to classical computer vision tasks (Rahman
et al. 2020; Vu et al. 2019). The general methods focus on
feature alignment by adversarial learning or explicit losses
such as maximum mean discrepancy (MMD) (Long et al.
2017; Rahman et al. 2020), which have been applied to gaze
estimation (Guo et al. 2020; Wang et al. 2022). However,
these methods ignored a crucial problem that the robust gaze
representation is difficult to acquire in the source domain
due to the undesired degradation. Instead, our approach aims
to disentangle the monocular gaze representation via UDA,
which exploits the high-quality data as the source domain,
low-quality facial data as the target domain, to capture fea-
ture correlations. It brings significant gains for in-dataset and
cross-dataset evaluation.

Graph Neural Networks

Graph neural networks (GNNs) have received tremendous
attention in causal reasoning from structured and non-
structured data (Wu et al. 2020). The major component of
the GNNs is the node feature aggregation technique, with
which node can update its weight by interacting with other
nodes (Kipf and Welling 2017). Meanwhile, they adopt the
same strategy in aggregating the information from different
feature dimensions. However, inspired by recent advances
on GNNs, there are potential benefits to treat the dimensions
differently during the aggregation process (Jin et al. 2021).
Considering that extracting dense and robust gaze represen-
tations from low-quality images is challenging even with
powerful supervision, thus, we investigate to enable hetero-
geneous contributions of feature dimensions with GNNs,
which aims to explore fine-grained feature correlations for
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Figure 2: Overview of our framework. The proposed method explores a dual branch network to learning monocular and pose
representation, a sparse-graph fusion module is used to generate dense gaze representation.

robust gaze representation. As far as we know, this is also
the first work to exploit GNNs in gaze estimation.

Proposed Method

Given a training sample (I, g) drawn from specific domain
D, where I denotes the input facial image, g is the corre-
sponding gaze label, which is generally expressed by the
Euler angle (pitch and yaw) (¢, ¢). The appearance-based
gaze estimation is defined as:

Z = E(I;0),G = R(Z; B), (1

where E(-) is an encoder, which aims to extract gaze-
relevant representation Z from input, R(-) represents a lin-

ear regressor that estimate the gaze vector G. Generally, E
and R are coupled into an end-to-end appearance learning
architecture. © and 3 denote the learnable parameters.

In order to learn robust gaze representation Z, most
appearance-based approaches, including supervised and
unsupervised-based, focus on exploring more powerful en-
coder F to minimize the distribution difference between
source feature Z and target feature Z;, where the samples
from source and target domains are all degraded facial im-
ages. In contrast, our method takes the high-resolution near-
eye data as the source domain, the low-quality facial images
are used as target domain. The key to it is aligning Z; to
Zs to ensure effective monocular gaze representation learn-
ing, and then the head-pose factor is also considered with a
novel sparse-graph fusion module, which leads to a dense
and robust facial gaze representation. The proposed frame-
work is shown in Fig 2, which exploits a dual-branch encod-
ing architecture, and contains two main modules, i.e. a Un-
supervised Domain Adaptation Learning (UDAL) module, a
Head-Pose injected Sparse-Graph Fusion (SGF) module.

Unsupervised Domain Adaptation Learning Monocu-
lar gaze direction is a critical clue to infer facial gaze es-
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timation. However, estimating it from low-quality facial im-
ages is challenging due to lack of monocular gaze labels and
clear eye-appearance context. Therefore, UDAL exploits the
idea of UDA to disentangle monocular gaze representation
from low-quality facial images, which takes the high-quality
monocular near-eye data as source domain, and leverages
the pseudo-inverse low-rank property to align the scale and
angle in a selected subspace generated by the pseudo-inverse
Gram matrix of the two domains, leading to a disentangling
representation learning framework.

Assuming that a linear regressor R with parameter [ is

utilized to estimate the monocular gaze directions Gin Eql,
i.e. G = Zf, which has an ordinary least squares (OSL)
closed-form solution,

B=(2"2)"" 2"¢ )

where (Z Tz ) -1 € R™*™ is the inverse of the Gram Matrix.

ZTG e R"*2 projects gaze feature to label space.

Suppose that we have a set of low- and high-quality near-
eye image features with the same gaze direction. Our goal is
to ensure that the low-quality image features would produce
the same gaze direction through a shared R, thereby achiev-
ing consistent constraints between low- and high-quality im-
age features, i.e. Z; and Z,. This objective is formulated as:

It Qs = Qt

_ . 3)
then (27 2,) ™" 27,

= (Zlz)" 276,
where Qs and Qt denote the gaze vectors from source and
target images. When both them produce the same gaze pre-
diction through a shared R(-; 8), it implies that the encoder
E(+) can extract consistent gaze-relevant features from dif-
ferent domains. By achieving it, low-quality gaze features Z;
can be aligned with high-quality features Z, ensuring that

the gaze representations remain highly relevant and contain



rich gaze information. Returning to the Eq 3, it could be im-
plemented by aligning (Z7Z)~'Z". Inspired by the recent
advances on the UDA in regression (Chen et al. 2021; Nej-
jar, Wang, and Fink 2023), we can achieve the alignment of
(ZT Z)=1ZT by incorporating angular and scale constraints
on the inverse Gram matrix (Z7 Z)~! during training, which
not only ensures the alignment of the inverse Gram matrix
but also contributes to a well-aligned Z.

The Gram Matrix Z7Z of the feature can be decom-
posed using singular value decomposition (SVD) (Gloub
and Van Loan 1996):

(272) = (UDVT)" (UDVT) = VAVT, 4
where the orthogonal matrix V' € R™*™ is identical to the
matrix in the SVD of Z and A € R"*"™ is the diagonal ma-
trix containing the squared eigenvalues of Z. Given a fea-
ture matrix Z € R®*™ where n is always greater than b,
the corresponding gram matrix has rank » < b. As a re-
sult, the Gram matrix is not full-rank and therefore not in-
vertible. In such cases, the Moore-Penrose-pseudo-inverse
(Ben-Israel and Greville 2006) can be used to generalize
the concept of the matrix inverse and provide a stable so-
lution for further computations involving matrix inversion.
Given the ordered eigenvalues of the (ZTZ ) e Rnx™
Al > .. > A > 0 > )y, the pseudo-inverse of (ZTZ)
can be expressed as:

Gt =(2"z)" =vatyT

x 0
: (5)
=V X T,
L]0
0 0 | 0

The r-principal components derived from the the A can
be regarded as the subspace bases. Then we can measure
the principle angles of source and target spaces using the
following equation:

G, G,
G- IGE I
The cosine similarity between the spans of the

source and target subspaces is given by M
[cos (05571) , ..., cos (05°°%)]. We aim to make the an-
gles between the two subspaces as close as possible, leading
to the following angle alignment constraint:

EAngle (Zs;Zt> = HH_MHlv (7)
where I is the vector of 1 with shape of n. The scale align-

ment is regularized by minimizing the difference between
the r-principal eigenvalues,

£Scale (ZS7 Zt) = || >\s,i:1,‘.77‘ - At,i:l,..,r”? (8)
Finally, the Unsupervised Domain-Adaptation (UDA)
loss is the combination of these two items,

»CUDA - L:Angle (Z57 Zt) + ['Scale (Zsa Zt) . (9)

As shown in Fig 2, in practice, we first crop the eye re-
gions from the facial image and combine them with high-
quality monocular near-eye images as input to the shared en-
coder Eeye, it hardly requires any extra computational costs.

cos (67°")

6)
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Sparse-Graph Fusion Previous works (Yue et al. 2024,
Liang, Bao, and Lu 2025) have explored the effect of head-
pose for gaze estimation, it heavily affects the prediction ac-
curacy in the wild. Existing methods directly model a global
appearance-based network to extract pose prior from the fa-
cial image, which always leads to poor generalization due
to the irrelevant interference (e.g., facial texture and expres-
sion). To this end, we also consider the effect of the head-
pose but exploit a more simple and effective manner. We
take a pretrained dense facial landmark model to extract ro-
bust pose representations, which provides rich pose and gaze
clues by landmarks locations. This process is defined as

Zp — EPose(I;9)7 (10)

where the 6 is fixed model parameter and I denotes the input
image. In practice, we use the output of the penultimate layer
of the model as dense pose representation Z,,.

Considering the robust facial gaze representation is al-
ways low-ranked and dense. After extracting binocular gaze
features 7, = {ZFEF ZFF} and pose feature Z,, where
ZEE and ZFF denote the feature embeddings from the left-
and right-eye images separately, we further explore the SGF
module to capture the inner geometric constraints among
them, while aggregating highly-relevant gaze information.

Supposing binocular features {ZLF ZFF} and facial
pose feature Z, are viewed as the single node, separately,
it is too simple to capture effective gaze features with three
nodes and two edges in the resulting graph. Moreover, al-
though the representations are low-dimensional and dense,
they remain affected by interference-induced redundancy.
Inspired by the efficient feature gating mechanism (Jin et al.
2021) that dynamically adjusts the contribution of each fea-
ture dimension during aggregation to enhance the impact
of the important features, we further construct a subgraph
between the monocular and pose features, where each fea-
ture dimension in them is treated as an individual node, and
edges are defined based on feature similarity among each
dimension. A two-layer MLP network is employed to com-
pute the node similarity between monocular and facial pose
features in a self-adaptive manner:

S;,; = Linear(o(Linear(n;

—n3))) (11)
where o denotes a ReLU activation. In addition, n and nP
denote the nodes from binocular gaze and facial pose repre-
sentations, respectively.

We select the top-k pose feature nodes that related to each
monocular feature node in Z;. The adjacent matrix AD of all
nodes in the single subgraph is constructed as

AlD'LJ - {(1)’ lf'] e top_k{Siak | k = 17 . -7q}a

where ¢ indicates the number of dimensions.

To capture inherent geometric relationship for each node,
we iteratively update node features by aggregating neighbor-
ing nodes at each layer,

12
otherwise 12)

n!™ = Linear(nl) + Z Linear(ny’p))
JEN;
where N; ={j | AD, ; =1},

(13)



where N; denotes a set of neighborhood nodes with center
node n;, and the [ indicates the current layer of GNNs.

After aggregating node features through several GNNs
layers, SGF output a unified full-face gaze representation
Za, the final gaze vector regression is implemented by
stacking two linear layers.

Joint Optimization The proposed HARL is an end-to-end
learning framework, the total loss function is defined as:

£total = EMSE(gFacey gFace) + ‘CMSE(geya geye)
+ Alupa(Zs, Zt)  (14)

where the mean square error (MSE) is used to supervise gaze

vector regression. Grqce and Gey e denote predicted gaze
vector for facial and near-eye images separately. Z,; and Z;
are the extracted monocular gaze representations from high-
and low-quality monocular images respectively. A is a hy-
perparameter to balance the effect of UDA loss.

Experiments
Experimental Setup

Datasets. We select three benchmarks to evaluate the per-
formance of HARL, i.e. Eyediap (Funes Mora, Monay, and
Odobez 2014), MPIIFace (Zhang et al. 2019) and Gaze360
(Kellnhofer et al. 2019). Eyediap has 16k images captured in
a controlled laboratory environment with screen and floating
targets. We divide it into four clusters and apply four-fold
cross-validation for in-dataset tests. MPIIFace Consists of
45k images captured by webcams during daily laptop us-
age. We perform leave-one-subject-out cross-validation for
in-dataset tests. Gaze360 comprises 101k images collected
using a 360° camera in outdoor street settings. Considering
our HARL depends on monocular gaze representations from
left and right-eye images, we filtered out samples with miss-
ing eye regions due to large pose during the training. Fur-
thermore, we use the OpenEDS2020 (Palmero et al. 2021)
as the high-quality source data, which contains 180k high-
resolution eye images captured using head-mounted VR/AR
devices. We only select a subset for training.

Implementation Details. We use the ResNet18 (He et al.
2016) as the basic encoder to implement the UMGRL, and
an extra linear layer is exploited to regress monocular gaze
directions for high-quality near-eye data. For SGF module,
we select the PiPNet (Jin, Liao, and Shao 2020) as the pre-
trained pose encoder, which also used the ResNet18 as the
basic encoder. Then we implement our sparse-graph net-
work with 4 GNN layers. We use the SGD optimizer with
learning rate [r le~* during training. High-resolution
monocular images from OpenEDS2020 are center-cropped
and resized to 224 x 224. Low-quality monocular images
are also cropped from the facial images, and then are resized
and grayscaled. The hyperparameter A in Eq 14 is set 0.5.
We train HARL with 50, 30, and 30 epochs on EyeDiap,
MPIIFace, and Gaze360 respectively for in-domain evalua-
tion. For cross-domain evaluation, we use Gaze360 as the
source domain, and train the model with 20 epochs only.
For in-domain evaluation, we select some representa-
tive methods for comparison, including ADL (Kellnhofer
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Method MPIIFace EyeDiap Gaze360
ADL 4.06° 5.36° 13.73°
SAtten-net 4.04° 5.25° 10.70°
GazeCaps 4.06° 5.10° 10.40°
3DGazeNet 4.0° - 9.60°
IEH 3.49° - 9.89°
L2CS-NET 3.92° - 10.40°
GazeTR-Pure 4.74° 5.72° 13.58°
GazeTR-Hybrid 4.00° 5.17° 10.62°
CA-Net 4.27° 5.27° 11.20°
GFNet 3.96° 5.40° -
HARL 3.36° 5.02° 9.26°

Table 1: Mean Angular Error (MAE) results of different
methods. The best and second-best results are bolded and
underlined, respectively.

Figure 3: Visualized results from different datasets. The red
and green arrows denote the predicted and ground truth gaze
vector, separately.

et al. 2019), SAtten-net (O Oh, Chang, and Choi 2022),
GazeCaps (Wang et al. 2023), 3DGazeNet (Ververas et al.
2024), IEH (Yue et al. 2024), L2CS-NET (Abdelrahman
etal. 2023), GazeTR (including GazeTR-Pure and GazeTR-
Hybrid) (Cheng and Lu 2022), CA-Net (Cheng et al. 2020)
and GFNet (Hu and Huang 2023). For cross-domain evalua-
tion, we also select representative Domain-Adaptation meth-
ods and Domain-Generalization (DG) methods for compre-
hensive comparison, including PnP-GA (Liu et al. 2021),
DAGEN (Guo et al. 2020), ADDA (Tzeng et al. 2017),
CRGA (Wang et al. 2022), GVBGD (Cui et al. 2020),
RUDA (Bao et al. 2022), Full-Face (Zhang et al. 2017), RT-
Gene (Fischer, Chang, and Demiris 2018), CA-Net (Cheng
et al. 2020), GazeTR (Cheng and Lu 2022), GazeCaps
(Wang et al. 2023), ADL (Kellnhofer et al. 2019), PureGaze
(Cheng, Bao, and Lu 2022), CLIP-Gaze (Yin et al. 2024),
GazeCon (Xu, Wang, and Lu 2023), AGG (Bao and Lu
2024a), and GLA(Zeng et al. 2025). Moreover, The Mean
Angular Error (MAE) is used as the common evaluation
metric.

Comparison with SOTA Methods

In-Domain Evaluation We first perform in-domain eval-
uation on three benchmarks, and the quantitative results are
listed in Tab 1. Most methods have achieved some improve-



Methods | Type Source Target G — E G — M| Avg.

PnP-GA DA Yes 100 7.92° 6.18° |7.05°
DAGEN DA Yes 500 1290° 8.74° [10.8°
ADDA DA Yes 500 12.90° 6.61° |9.76
CRGA DA Yes 100 6.68° 6.09° [6.39°
GVBGD DA Yes 1000 12.44° 7.64° [10.0°
RUDA DA Yes 100 5.86° 6.20° [6.03°
Full-Face DG No 0 14.42° 11.13°[12.8°
RT-Gene DG No 0 38.60° 21.81°(30.2°
CA-Net DG No 0 31.41° 27.13°|29.3°
GazeTR DG No 0 8.88° 7.96° |8.42°
GazeCaps DG No 0 9.20° 9.20° |9.20°
ADL DG No 0 11.86° 11.36°|11.6°
PureGaze DG No 0 9.32° 9.28° |9.30°
CLIP-Gaze— | DG No 0 7.73°  7.55° |7.74°
CLIP-Gaze | DG No 0 7.06° 6.89° 6.98°
GazeCon DG No 0 8.52° 7.82° |8.17°
AGG DG No 0 7.93° 7.87° |7.90°
GLA DG No 0 7.55°  7.62° |7.59°
HARL DG No 0 7.63°  7.49° [7.56°

Table 2: MAE results for cross-domain evaluations. ’Type’
denotes whether the method belongs to domain-adaptation
(DA) or domain-generalization (DG). ’Source’ indicates
whether the source domain sample is required during test-
ing. *Target’ denotes whether the target-domain sample is
required and the number of samples from the target do-
main. The ’"G—E’ and ’G—M’ represents using Gaze360
as source domain, EyeDiap and MPIIFace are viewed as tar-
get domains, respectively.

ments on MPIIFace and EyeDiap, e.g., IEH (Yue et al. 2024)
also explored the transformer blocks to fuse local monocu-
lar and global facial gaze representation, which decreased
the MAE to 3.49° on MPIIFace. GazeCaps (Wang et al.
2023) exploited the capsule network with a self-attention-
routing mechanism, and achieved the competing result with
5.10° on EyeDiap. Instead, our HARL achieves significantly
better MAE results with 3.36° and 5.02° on MPIIFace and
EyeDiap. Moreover, there is a clear tendency for all meth-
ods to experience significant performance degradation on
Gaze360, mainly due to its more unconstrained data col-
lection environment, which leads to greater degradation.
Our method also achieves the best MAE with clear gains
against 3DGazeNet (Ververas et al. 2024). It supports that
our HARL could capture reliable gaze representations for
low-quality facial images. Fig 3 gives the visualized results
on typical real scenes, our method presents better robustness
for lighting, expression, and pose. Note that the red rectan-
gle denotes a special sample with an error gaze label, but
HARL still predicts the correct gaze direction.

Cross-Domain Evaluation Tab 2 lists the detailed results
on the two cross-domain evaluation tasks. It is clear that
the DA-based method achieved significantly better MAE
results than the DG-based methods. However, they always
require source and target samples to fine-tune the model,
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Variant |EyeDiap G —M G — E|#Params
Baseline | 5.54° 11.97° 12.56° | -
w/ Lypa 5.42° 9.81° 9.49° +0.M
w/ Epyse 5.35° 9.69° 10.42° +0.M
w/ SGF 5.47° 9.48° 11.08°| +2.1M
w/ Lypa + Eppse | 5.20° 8.08°  8.48° +0.M
w/ Epye + SGF | 5.23° 8.35° 8.65° | +2.1M
w/ Lypa + SGF | 5.17° 8.27°  9.45° | +2.1M
Full Model 5.02° 7.49° 17.63° | +2.1M

Table 3: MAE results from each variant. The ’"G—M’ and
’G—E’ denote using Gaze360 as source domain for train-
ing, MPIIFace and EyeDiap are viewed as target domains
for evaluation, respectively.

Strategy | w/o SubGraph
MAE |  5.55°

top-3
5.22°

top-2
5.13°

top-1
5.02°

Table 4: MAE results on EyeDiap with different graph con-
struction strategies.

which is impossible in practical scenes. DG-based meth-
ods present competing performances, although with slightly
higher MAEs, e.g., CLIP-Gaze (Yin et al. 2024) achieved
the best MAE results with 7.06° and 6.89° on EyeDiap and
MPIIFace benchmarks separately compared to other meth-
ods. However, CLIP-Gaze requires explicit text prompts cor-
responding to the facial image, e.g., expressions, illumina-
tions, poses, and glasses. Removing personalized prompts,
i.e. CLIP-Gaze™, the performance drops a lot. In contrast,
our HARL hardly requires any extra computational costs
during the training and testing, which significantly improves
the generalization ability with competing MAEs, making it
more suitable for real-world applications.

Ablation Study

In this section, we mainly analyze the effect of key com-
ponents in our HARL, including UDAL (i.e. Lypa), Epyse
and SGF module, experiments are performed on EyeDiap
and MPIIFace to evaluate their effects under in-domain and
cross-domain settings.

Component Analysis Our baseline exploits a dual branch
network to encoder monocular gaze and global pose repre-
sentations separately, which are simply implemented with
two ResNet-18 networks, the outputs are concatenated along
channel dimension and then fed into a two-layer MLP to
predict final gaze direction. Note that the pretrained pose
network also used the ResNet-18 as the backbone. Then we
insert the Lypa, Epyse, and SGF into the baseline, where the
Lypa and Ep, hardly increase any extra parameters and
computational costs due to the shared encoder.

Tab 3 lists the detailed results. The baseline present some
ability on in-domain evaluation, but it has poor generaliza-
tion on cross-domain tasks. Integrating Lypa, Epys. and SGF
into baseline all bring some gains for in-domain and cross-
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Figure 4: Monocular gaze feature distribution visualization.
Different colors denote features from different samples.

domain evaluation, but w/ Lyp4 leads to significantly better
generalization performances. Furthermore, the variants with
different combinations among them all bring clear perfor-
mance gains compared to the variants with single module
only. Finally, our full model (i.e. HARL) achieves the most
significant performance improvements across in-domain and
cross-domain evaluations with few parameters.

Sparse Graph Construction For SGF module, we also
explore the effect of sparse subgraph construction, the re-
sults are shown in Tab 4. Firstly, removing subgraph in each
layer (i.e., the monocular gaze features and pose feature are
viewed as individual node) leads to a more simple graph
with three nodes and two edges only, it results in the obvious
performance drop, i.e. inner geometric constraints among
them are not exploited well. Furthermore, we explore the
sparse edge connection in subgraph, which relies on adjacent
matrix AD in Eq 12. We select different top-k to construct
subgraph, and observe an interesting phenomenon that us-
ing fewer similar nodes to construct edges brings the better
performances, which leads to an extremely sparse subgraph
in each layer of SGF. This also significantly enhances the
inference efficiency of the model.

Visualization Analysis We visualize monocular gaze rep-
resentation from UDAL to evaluate the effectiveness of the
Lypa, where we only remove it during the training, but
low-quality and high-quality monocular images share an en-
coder. The features visualized results are shown in Fig 4. It is
obvious that removing Lyp, leads to significant distribution
gap in embedding space. Instead, with Lyp,, the features
from high- and low-quality samples are aligned with consis-
tent angles and scales, which implies the effectiveness of our
domain-adaptation constraints.

To analyze the final gaze features of different variants,
we further visualize the distribution of gaze features on do-
main generalization task G — M with ¢-SNE. Results are
shown in Fig 5, where the feature points with close gaze di-
rection shared with similar colors. For the baseline model
from Tab 3, as shown in Fig 5(a), the features with different
gaze directions are mixed together and the feature cluster is
quite dispersed. After injecting the Ep,, and SGF module
into the baseline (shown in Fig 5(b)), the feature distribu-
tions tend to become ordered, but they are still mixed. Then,
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Figure 5: Visualization of the full-face gaze feature distribu-
tion. Different colors denotes different gaze directions and
close gaze direction share similar colors.

we introduce Lyps and SGF module, the feature distribution
becomes ordered with obvious cluster (shown in Fig 5(c)).
The best feature cluster appears in our full model, as shown
in Fig 5(d), the gaze direction and feature similarities have a
strong correlation, which supports our insight, disentangling
gaze representations from unconstrained facial images.

Conclusion

In this paper, we present a simple yet efficient Hybrid-
domain Adaptative Representation Learning (HARL)
framework, which is the first method to exploit hybrid-
domain data to disentangle monocular gaze representation
in an unsupervised domain adaptation manner, and further
explores an efficient sparse-graph network to fuse head-
pose representation, leading to an adaptative gaze represen-
tation learning architecture. The proposed HARL requires
few parameters and computational costs and achieves sig-
nificant gains in both in-domain and cross-domain evalua-
tions. While many concrete implementations of the general
idea, including utilizing powerful graph networks and fu-
sion modules, are possible, we show that a simple design al-
ready achieves superior results, which provides new insights
to solve robust gaze estimation in the wild.
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