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Abstract—The human gaze provides informative cues on hu-
man behavior during day-to-day interactions, where extraction
often requires specialized eye-tracking hardware, hindering the
broad adoption of eye-tracking. Appearance-based eye tracking
using commodity hardware offers an alternative approach for
overcoming the problem by leveraging recent advancements in
deep learning and large-scale datasets. However, due to the
domain shift between the training and the testing environments,
these approaches lose performance in practical applications
where domain adaptation is required. We propose a novel unsu-
pervised domain adaptation approach for appearance-based gaze
estimation that utilizes adversarial training between domains.
We train and test our approach against five publicly available
datasets of varying domains, sizes, and tasks to illustrate the
potential of our unsupervised domain adaptation approach,
demonstrating promising improvements in gaze estimation and
potential applications in a broader context.

Index Terms—Gaze Estimation, Eye Tracking, Deep Learning,
Domain Adaptation

I. INTRODUCTION

The human gaze provides fascinating understandings of hu-
man behavior during our day-to-day interactions with insights
into human behavior and psychology [1], [2]. The first step
in quantifying the gaze to identify such relationships lies in
estimating the gaze, often done using specialized computer
hardware called eye trackers [3]. Despite a wide variety of
specialized hardware, the high cost of hardware/ software and
the invasive nature of the devices prevent the democratization
of the technology among the masses [4], [5]. Making eye
tracking available to the community at large requires us to
address these challenges by developing novel methods for gaze
estimation that use commodity hardware while being able to
execute efficiently on different computational platforms.

Gaze estimation using commodity hardware eliminates the
challenge by using RGB-only images, eliminating the need
for specialized hardware. Furthermore, recent advancements
in computer vision [3], [6] and the emergence of large-scale
datasets [7]–[13] have contributed to commodity hardware-
based gaze estimation becoming a subject of numerous studies.
Despite the promising nature of these studies, the approaches
proposed in the literature do not scale well for consumer-level
applications.

These proposed gaze estimation models tend to be complex
and bulky as studies focus mainly on improving the gaze
estimation error, which often lacks parameter efficiency. As
a result, these approaches require higher computational de-
mands during training and gaze estimation. Moreover, these

approaches also fail to scale across multiple input domains,
such as input types, environments, and camera types. These
methods often rely on the diversity of training data or anno-
tated data from the target domain for domain adaptation. While
both processes can improve the overall performance, they do
not scale well due to the potential diversity of input domains
and the expansive nature of annotated gaze data collection.

Unsupervised domain adaptation or transferring a model
learned on a labeled domain to an unlabeled domain [14]
provides an alternative approach to overcome the challenge
due to the scalability of unlabeled target domain data col-
lection. Further, employing the approach on a systematically
scalable model such as EfficientNets [15], [16] provides scal-
ability across multiple devices with differing computational
capabilities. The contributions of our study are,

• Introduce a smaller and parameter-efficient gaze estima-
tion model for appearance-based gaze estimation

• Improve the generalizability of the model through unsu-
pervised domain adaptation

• Demonstrate the utility of the proposed model and ap-
proach through publicly available datasets

II. RELATED WORK

Gaze estimation methodologies are broadly classified as
model-based or appearance-based methods [17], [18]. Model-
based approaches use ocular [19] or facial features [20] and
employ a geometric model of the eye or face to estimate the
gaze direction using landmarks such as the cornea [21], pupil
center [22], and iris edges [23]. In contrast, appearance-based
approaches utilize images to estimate the gaze directions using
either ocular [6] or facial images [5], [7], [24], forming a
mapping function between the image and the gaze directions.
This eliminates the requirement for intermediate computation
of facial landmarks. Based on the technique employed, these
approaches can be further classified into conventional or deep
learning approaches [17].

Conventional appearance-based approaches utilize image
processing techniques combined with machine learning mod-
els (e.g., support vector machines [25], linear regression [26],
or neural networks [27]) to estimate the gaze. Despite the
simplicity, these models are often constrained by the capacity
of the feature extractor and the complexity of the gaze estima-
tion model [3], [23]. Instead of relying on generic features or
dimensionality reduction techniques, deep learning methods
approach this problem by detecting features and mapping



them to gaze estimation [17]. Recent studies in deep learning
gaze estimation have shown Convolutional Neural Networks
(CNNs) to be an excellent candidate for appearance-based gaze
estimation [3], [6], [7], [11], [24], [28]–[30].

To achieve improved accuracy, CNNs typically scale up by
adding more layers, which can often lead to bulkier, deeper
CNN models [15], [16]. Despite the performance gain, these
models tend to be computationally expensive due to their
complexity. To derive an efficient gaze model, LiteGaze [24]
derives models by sampling a super network trained for gaze
estimation, followed by kernel shrinking. Despite the success,
the approach offers limited scalability and accuracy due to the
subnetwork selection process.

With the popularity of deep learning-based models in gen-
eral computer vision applications, the wide adoption of mobile
devices has led to the development of computationally efficient
CNNs, such as Mobile-oriented models, such as MobileNet
[31], ShuffleNet [32], and models with systematic scaling,
such as EfficientNets [16]. Our approach uses EfficientNet-
based models to achieve efficiency and scalability. Compared
to LiteGaze, this eliminates the arbitrary nature in the devel-
opment of the gaze model.

However, building an efficient feature extraction model may
not guarantee effective domain adaptation for various gaze
estimation environments. The traditional approach for domain
adaptation requires costly data collection with various input
and output domains in eye tracking, such as smartphones
[11], laboratory settings [7], [8], and in-the-wild [10]. Un-
supervised domain adaptation techniques offer an alternative
approach by eliminating the requirement of target domain
labels [14]. Recent studies on unsupervised gaze domain
adaptations [33], [34] demonstrate the utility of the techniques
in gaze estimation. Despite the success, these approaches often
utilize complex training, domain adaptation techniques, and
deep learning models. Thus, domain adaptation with simpler,
parameter-efficient techniques remains largely unexplored.

III. METHODOLOGY

A. Architecture

Our proposed approach for gaze estimation starts with the
intuition that a given facial image contains two features: gaze-
defining and non-gaze-defining features, which we extend to
any latent image representation. However, a typical autoen-
coder, which transforms an image into a latent representation,
fails to capture this information as features get entangled
between latent dimensions. As a result, a given autoencoder’s
latent dimension may contain both gaze-defining and non-
defining latent features, producing a suboptimal representation
for gaze estimation.

Our proposed model (see figure 1) uses an image encoder
(E) that transforms a given image into a latent representation
(z) and a decoder (D) that reconstructs the image from the
latent representation. Based on our hypothesis, our latent space
(z) comprises gaze-defining (zg) and non-defining features
(za) such that z = fza; zgg. We define the latent space, z
having N dimensions, with M dimensions corresponding to

Fig. 1. Proposed architecture: Encoder (E), Decoder (D), and Domain
Classifier (C) are trained on both target and source domains, while Gaze
Decoder (G) is only trained on the source domain. D and C utilize the
latent representation (z) from the E, whereas G uses only a part of the latent
representation (zg). Solid: Source domain (S), Dotted: Target domain (T ).

gaze-defining features. To enforce the constraint, we introduce
a gaze decoder, G, that uses zg to estimate a given facial
image’s gaze descriptor, presented by the gaze angles.

Unlike supervised adaptation approaches that require la-
beled data from both domains, we employ unsupervised do-
main adaptation (UDA), where the target domain data remains
unlabeled. The domain classifier (C) learns to distinguish
between source and target domains, and the encoder (E) is
trained adversarially to the classifier. This approach forces
the encoder to learn domain-invariant gaze features, ensuring
the model generalizes well to unseen target domains without
requiring target labels.

We can represent a domain as a distribution over the input
population X and the corresponding label space Y , which
are image patches and gaze descriptors in appearance-based
gaze estimation. In supervised gaze estimation, we find an
objective function to approximate the relationship between
the labeled samples f(x; y)g, where y 2 Y represents the
ground truth gaze descriptors for the given image x 2 X . In a
naive domain adaptation, we train the model on source domain
S = fXs; Y sg and fine-tune on a smaller target domain
T = fXt; Y tg. Despite the simplicity, this approach requires
knowledge of the labels of the target domain (Y t). However,
our problem formulation considers the scenario of unknown
or unavailable Y t to address the problem in a broader context.

B. Losses

The primary loss of our proposed model is the loss of gaze
estimation, where we minimize the error between the model
estimates on gaze direction g and the gaze labels y. Here, we
consider the gaze direction g relative to the camera represented
using the yaw and pitch angles. We apply the loss only on
the samples on source domain S containing the ground truth
information (labeled source domain).

Lg =
1

dim(y)

X
x∈{S}

jy � gj where g = G(zg) (1)



The domain classification loss is unsupervised and forces
domain-invariant feature learning. Given a binary domain
classification label c, indicating if x 2 S or x 2 T , we define
the classification loss of our model as Lc as,

Lc =
X

x∈{S;T }

�c log(C(E(x)))� (1� c)log(1� C(E(x)))

(2)
We apply the unsupervised reconstruction loss Lr to guide

the model’s reconstruction function, helping preserve visual
consistency across domains. For any given image x 2 fS; T g,
we define Lr as,

Lr =
1

dim(x)

X
x∈{S;T }

jx�D(E(x))j (3)

Finally, we combine the loss functions to form the multi-
objective loss function L by introducing two hyperparameters
�r and �c controlling the weights on Lr and Lc respectively
(see equation 4). Joint optimization of both losses allows us
to achieve domain alignment in addition to the main objective
of gaze estimation. It is important to note that Lg is only
optimized on the samples in the source domain S .

L = Lg + �rLr + �cLc (4)

C. Implementation

We use an encoder (E) built on the EfficientNetV2 [16]
architecture with an empirically chosen latent dimension N
= 128. The EfficientNet architecture provides parameter ef-
ficiency with a scaling mechanism using inverted residual
blocks [15] and fused inverted residual blocks [16]. Our
models use scaling parameters defined for the EfficientNetV2-
B0 (small), EfficientNetV2-B2 (medium), and EfficientNetV2-
B3 (large) for the encoder, followed by a series of dense
layers forming the latent space. We use a series of convolution
transpose blocks to form the decoder(D) of our model, with
a scaling factor of two. The Gaze decoder (G) uses a fully
connected layer with a hidden layer to predict the gaze
directions as pitch (�) and yaw (�) angles. Similarly, the
domain classifier (C) uses two fully connected layers and
produces a sigmoid output on the domain label.

We train the model in two steps. First, we train the model
for 50 epochs using the source domain with no domain
adaptation for empirically chosen �r. Then, we evaluate the
gaze estimation error of each model and choose the best-
performing model in our next step of domain adaptation.
Here, we continue the training process by including domain
adaptation with the best performing �r and investigate the
�c on target domain performance. Then, we train the model
for another ten epochs, optimizing the aggregate loss function
(see equation 4). To ensure faster convergence of the overall
process, we use the ImageNet [35] pre-trained weights for the
encoder at the initialization of training and optimize using the
Adam optimizer with a linearly decaying learning rate.

Our source domain comprises the X-Gaze [7] dataset,
which offers over one million high-resolution facial images

of varying extreme head poses and gaze angles collected in
a laboratory setting. The dataset comprises images of 110
participants captured under varying illumination conditions
and gaze angles of range (�120;�70). We use the train split of
the dataset with labels, with an 80-20 validation split formed
by a random selection of participants from the dataset.

We use Gaze360 [10], RTGene [8], and Columbia Gaze
[12] datasets as the target domain of the study. The Gaze360
dataset captures real-world images of users in uncontrolled
environments. Since the dataset does not include gaze infor-
mation as pitch and yaw angles, we convert the 3-D gaze
ground truth using normalized vectors. Further, we use the
facial bounding box information provided with the dataset and
resize the image to (224�224) using linear interpolation. We
use only the training and validation splits defined in the dataset
during the training steps, and to enable comparisons, only
use test splits for evaluation. The RTGene dataset comprises
facial images of users captured in a laboratory setting while
wearing a head-mounted eye tracker, used to generate ground
truth labels. In addition to images of participants wearing the
eye tracker, the dataset offers inpainted images, where the eye
tracker is edited out with a Generative Adversarial Network.
We use the inpainted images, with train, validation, and testing
splits defined in the dataset. The Columbia Gaze dataset also
comprises facial images captured in a laboratory setting, total-
ing 5880 images. Our experiments use the Columbia dataset
only for evaluation due to its relatively small size. Here, we
use a crop of the central region of the image containing the
participant’s face downsampled to (224 � 224) as the input,
with gaze directions computed from the experiment metadata.

In addition to the above datasets, we use RGBD Gaze
[11] dataset to demonstrate the utility of our approach in
two real-world applications. The RGBD dataset comprises
facial images captured from smartphones under four contexts
(standing, walking, sitting, and lying) with gaze location on
the smartphone screen of 45 users.

We use the baselines provided in each dataset, where appli-
cable, as the primary baseline of the experiments. However,
due to the variability in architectures, experimental differences,
and model complexities, we use a secondary benchmark devel-
oped using an EfficientNetV2-B0 network (Baseline) trained
on the source domain with no domain adaptation. Similar
to our proposed model implementation, we perform global
pooling on the final fused-MBConv block and pass through
a series of fully connected layers to obtain gaze angles.

IV. EXPERIMENTS AND RESULTS

A. Gaze Estimation

We first compare our proposed model’s gaze estimation
error after completing the first step of the training process,
before domain adaptation against the ETH-XGaze test set
(see Table I). Our proposed models use significantly fewer
parameters during inference (E and G) than the ResNet-50-
based ETH X-Gaze benchmark, with our small model using
76% lesser parameters with a 10% higher gaze error, while




