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Figure 1. Significance of ST-WSGE. Our self-training based weakly-supervised framework for robust 3D gaze estimation in real-world
conditions (e.g., varying appearance, extreme poses, resolution, and occlusion). All predictions used our image and video agnostic Gaze
Transformer (GaT) model. Top row: importance of the training diversity using ST-WSGE and GazeFollow (GF) for generalization com-
pared to standard supervised methods. Bottom row: influence of temporal context between image and video inference. Circles in images
represent unit disks where 3D gaze vectors are projected onto the image plane (X, y in yellow) and a top-down view (X, z in blue). Images

from VideoAttentionTarget, GFIE, and MPIIFaceGaze datasets.

Abstract

Accurate 3D gaze estimation in unconstrained real-world
environments remains a significant challenge due to vari-
ations in appearance, head pose, occlusion, and the lim-
ited availability of in-the-wild 3D gaze datasets. To
address these challenges, we introduce a novel Self-
Training Weakly-Supervised Gaze Estimation framework
(ST-WSGE). This two-stage learning framework leverages
diverse 2D gaze datasets, such as gaze-following data,
which offer rich variations in appearances, natural scenes,
and gaze distributions, and proposes an approach to gen-
erate 3D pseudo-labels and enhance model generaliza-
tion. Furthermore, traditional modality-specific models, de-
signed separately for images or videos, limit the effective
use of available training data. To overcome this, we propose
the Gaze Transformer (GaT), a modality-agnostic architec-
ture capable of simultaneously learning static and dynamic
gaze information from both image and video datasets. By
combining 3D video datasets with 2D gaze target labels
from gaze following tasks, our approach achieves the fol-

lowing key contributions: (i) Significant state-of-the-art im-
provements in within-domain and cross-domain generaliza-
tion on unconstrained benchmarks like Gaze360 and GFIE,
with notable cross-modal gains in video gaze estimation;
(ii) Superior cross-domain performance on datasets such
as MPIlFaceGaze and Gaze360 compared to frontal face
methods. Code and pre-trained models will be released to
the community.

1. Introduction

Non-verbal behaviors play a crucial role in human com-
munication, often conveying more information than words
alone. Among the various forms of non-verbal cues, eye
gaze stands out as an important signal for understanding
human behavior, including attention, communication, in-
tents, and mental state. Consequently, gaze signals have
been used in many applications. Some applications require
accurate gaze for frontal head pose such as AR/VR [5], 3D
avatar animation [45], human-computer interaction [3, 44],
and driver behavior monitoring [27]. While other applica-
tions focus on robust 3D gaze estimation from a wide range



of head poses such as medical and psychological analysis
[29] or human-robot interaction [2, 30, 48].

In this paper, our goal is to develop a robust 3D gaze
estimation for in-the-wild applications with unconstrained
head pose and real-world environments. In the literature,
this refers to the less explored and highly challenging prob-
lem of “physically unconstrained gaze estimation” [28].
Motivations. Estimating gaze in unconstrained, real-world
settings poses unique challenges not fully addressed by
current lab-based datasets, which are primarily collected
in controlled screen-target setups [18, 19, 32, 42, 60, 63].
While these datasets have enabled recent approaches to
achieve high accuracy in frontal 3D gaze estimation from
monocular images [1, 7, 9-11, 18, 55, 61], their effec-
tiveness declines in real-world scenarios. This limitation
stems from restricted gaze distributions, lab-specific condi-
tions, limited subject diversity, and reliance on potentially
noisy head-pose estimates for normalizing eye and face im-
ages [62].

To address the lack of data for unconstrained gaze es-
timation, Gaze360 [28] and GFIE [25] were developed.
Although these datasets have advanced the field, models
trained on them continue to struggle with challenging, real-
world conditions (see Fig. 1), particularly when facing ex-
treme head poses, partial eye occlusions, varying resolu-
tions from diverse camera-to-subject distances, and a wide
range of appearances (e.g., skin tones, hairstyles, facial ex-
pressions). This limitation is largely due to insufficient
diversity in the training data, as collecting high-quality,
naturally occurring, and diverse 3D gaze data is complex,
resource-intensive, and not easily scalable.

To overcome these limitations, researchers have ex-
plored using “secondary” labels that are easier to obtain,
e.g. by relying on internet data. For example, Kothari et
al. [31] leveraged 2D gaze direction labels from the “Look-
ing at Each Other” (LAEO) dataset [38]. By applying ge-
ometric constraints and head-size heuristics, they generated
pseudo-3D gaze data. While this approach showed some
generalization improvement, the authors noted that LAEO’s
gaze distribution is primarily horizontal and requires images
containing at least two people with mutual gaze, which lim-
its sample diversity and availability.

Here we aim to utilize more general 2D gaze annotations
from the gaze following task [14, 43, 50, 51]. Although the
ground truth for gaze following is defined as the 2D pixel lo-
cation a person in the scene is looking at, we can repurpose
it as 2D gaze direction ground truth. Compared to LAEO,
gaze following datasets offer greater diversity, with broader
gaze distributions and a wider variety of natural scenes.

In addition, in contrast to [31], we propose a Self-
Training Weakly-Supervised Gaze Estimation (ST-WSGE)
framework using a two-stage training approach without re-
lying on heuristics or relative depth estimation to generate

pseudo-3D gaze labels. First, we train a gaze network on
existing 3D gaze datasets. We then use this network’s pre-
dictions on gaze-following data, combined with 2D gaze
ground truth, to create 3D gaze pseudo-labels. In the sec-
ond stage, we retrain a similar gaze network using both
3D gaze datasets and gaze-following datasets with these
pseudo-labels. Our approach minimizes the need for labor-
intensive, unconstrained 3D gaze labeling and demonstrates
significant improvements over state-of-the-art methods in
both within-domain and cross-domain generalization on

Gaze360, GFIE, and MPIIFaceGaze [60].

Given the scarcity of in-the-wild 3D gaze datasets, an-
other challenge lies in how to leverage both image and video
data effectively. Modality-specific models restrict the train-
ing set to modality-specific datasets, limiting their ability
to benefit from all available resources. While static models
can draw on large image datasets such as GazeFollow [14],
temporal dynamics are also essential for robust 3D gaze es-
timation in unconstrained environments [28, 40], and is par-
ticularly valuable when the eye region is obscured, whether
due to occlusions, low resolution, or blinking (see Fig. 1).

To address this, one approach is to pre-train a model on
images and transfer the weights to a temporal model us-
ing techniques like filter inflation, where 2D filters are ex-
tended to 3D models, as done in prior adaptations for video
tasks [6]. However, this method is more suited to fine-
tuning and risks catastrophic forgetting, where the model
loses pre-trained knowledge [39]. Alternatively, images can
be duplicated to simulate fixed-length video clips, allowing
for training on both image and video datasets in a temporal
model. However, this can impair the learned gaze dynam-
ics, as synthetic clips lack genuine motion information.

Transformers offer a promising solution for handling
multiple modalities. Inspired by recent work [20, 21], we
propose a Gaze Transformer (GaT) designed to encode
both image and video inputs into a shared representation.
This allows us to leverage labeled datasets more effectively,
by training jointly on image and video data. We demon-
strate better cross-modal generalization, and that using im-
age datasets enhances video gaze prediction, thus enabling
a more versatile and robust 3D gaze estimation model.
Contributions. They can be summarized as:

* ST-WSGE, a novel learning framework enhancing
generalization. To address the lack of diverse, natural-
istic 3D gaze datasets, we leverage 2D gaze-following
datasets using 3D pseudo labels. Combining these with
3D gaze datasets in a two-stage manner, we demonstrate
improved 3D generalization on several benchmarks.

* A visual modality agnostic Gaze Transformer (GaT)
architecture making efficient use of existing gaze
datasets. By allowing simultaneous learning from 3D
gaze image and video datasets, it outperforms modality-
specific models, resulting in better static and dynamic



gaze representations, better capturing spatiotemporal pat-
terns in head sequences compared to the state-of-the-art.
¢ State-of-the-art results. Our approach surpasses exist-
ing methods in both unconstrained (Gaze360, GFIE) and
constrained (MPIIFaceGaze) environments, achieving su-
perior results in within- and cross-dataset evaluations.
These contributions position our approach as ideal for real-
world unconstrained 3D gaze estimation applications.

2. Related Work

Our research pertains to 3 main aspects: unconstrained gaze
estimation, temporal gaze modeling, and generalization
using additional data and labels to bridge the domain gap
between controlled setups and real-world data.
Unconstrained Gaze Estimation. Most 3D gaze esti-
mation models address the frontal face gaze prediction
task [9, 10, 18, 33, 49, 58, 61], relying on normalized
frontal face crop as input. These methods tend to fail under
partial occlusion of the eyes due to extreme head pose.
Nevertheless, at 90-135 head pose yaw, a significant part
of one eyeball is still often visible and informative for gaze
estimation [28]. For this reason, few works tackle the most
challenging setting of “physically unconstrained gaze esti-
mation” without constraint on the head pose. Kellnhofer et
al. [28] are the first to collect a physically unconstrained 3D
gaze dataset Gaze360 and develop a method that used head
crop as input. Then, combining different head crop scales
proved to be beneficial [8] since more resolution helps on
the frontal face while more context is beneficial for profiles
and back heads. Following this idea, MCGaze [22] used
a spatiotemporal interaction module between head, face,
and eye features in an end-to-end manner to extract local
eyes and global head features. These approaches focus
on within-data performance, while in this work we aim to
improve both within and the generalization as discussed in
the following section.

Generalization in the Wild. Bridging the dataset’s
domain gap challenge is crucial for 3D gaze estimation in
real-world applications. Two trends have been explored
to adapt to specific target domains effectively: One
leverages few labeled samples, while the other uses only
unlabeled samples [13, 26, 28, 53, 54, 57]. In contrast, gaze
generalization models focus on enhancing cross-domain
performance without any prior knowledge of the target
domain. For instance, the methods proposed in [4, 13, 54]
demonstrate improved generalization by learning robust
general features (e.g. via image rotation consistency) for
gaze estimation across varying conditions. Even if those
methods focus on constrained settings with face crop as
input, we compare our approach with them to show the
effectiveness in frontal face generalization.

Furthermore, to improve in-the-wild generalization, re-
searchers seek to exploit diverse weak gaze labels that can

be easily or automatically generated on in-the-wild data.
In this direction, Zhang et al. [59] automatically generates
a new 3D gaze dataset, MPSGaze, by blending on images
of people from the Widerface datasets [56], eyes from
images of the ETH-Xgaze dataset with known 3D gaze and
similar head pose. While this greatly improves diversity
with more than 10000 new identities, this method generates
only near frontal faces and might impact the appearance of
the face. In another study, Ververas et al. [53] used eyeball
fitting techniques to create pseudo-3D gaze on new face
datasets. They improved generalization, but their work is
also restricted to frontal faces. Finally, Kothari er al. [31]
used a weakly-supervised learning framework for improved
generalization using pseudo 3D gaze labels from 2D gaze
LAEOQO labeled datasets. However, as acknowledged by
the authors, the 2D gaze distribution of LAEO is limited
horizontally. In our work, we follow this idea but leverage
a more diverse gaze distribution and natural scene 2D gaze
label obtained from the annotation of where people look
in the scene. Using a self-training learning approach with
generated 3D pseudo labels via geometric projection, we
show improved within and cross-dataset generalization
on unconstrained Gaze360 and GFIE [25] and frontal
MPIIFaceGaze [60] datasets.

Dynamic 3D Gaze Estimation has not been extensively
explored due to the lack of available datasets. EYE-
DIAP [19] and EVE [42] are video datasets collected in
constrained settings, resulting in mostly frontal poses. In
this particular context, Park et al. [42] and Palmero et
al. [41] estimated the gaze from face crop image sequences
but only showed marginal improvement compared to static
methods. Indeed, it is questionable if eyeball dynamics
have temporal dependencies besides the ones due to
specific tasks or scenarios (e.g. reading). Nevertheless, in
unconstrained settings with low resolution and head pose
dynamic scenarios, temporal methods show benefits in
encoding the head and eye dynamics [8, 22, 23, 28, 40].
For instance, seen from a far distance, head and body
orientation dynamic revealed to be an important prior
for gaze estimation when eyes are barely visible [40].
Unconstrained video gaze data is challenging to collect.
Beyond Gaze360, GFIE [25] is the only other 3D gaze
dataset for gaze following, using complex laser setups, yet
it is limited to indoor settings and lacks natural scene and
gaze dynamics. The scarcity of video 3D gaze datasets
hampers the development of video-based methods that
generalize to real-world data. To address this, we propose
a unified model trained on both image and video datasets,
demonstrating improved video prediction through diverse,
large-scale data.

Furthermore, current video-based gaze estimation methods
typically employ a backbone to extract features from
image sequences, followed by a Recurrent Neural Network
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Figure 2. Our ST-WSGE training framework. 1. In the first stage, we train a Gaze Transformer (GaT) on both image and video 3D gaze
datasets. 2. Using the trained network, 3D gaze is inferred on 2D gaze dataset. Then, a geometric rotation is applied to generate a pseudo
3D gaze label from the inferred 3D gaze that is aligned to the 2D ground truth gaze label in the image plane. 3. In the second stage, we
train a similar gaze network as in 1. using available 3D gaze datasets and gaze following datasets with 3D pseudo labels.

(RNN) to capture temporal dynamics [8, 26, 28, 31, 41, 42].
However, these approaches do not explicitly model the
spatiotemporal interactions in the input sequence. To
address this limitation, we investigate a spatio-temporal
model to encode subtle eye motion or head pose changes in
the input sequence directly.

3. ST-WSGE Method

3.1. Self-Training Pipeline

We propose a two-stage training pipeline for gaze estima-
tion to leverage any 2D gaze datasets, as presented in Fig. 2.
In the first stage, a gaze network is trained on image and
video 3D gaze datasets in a supervised manner. Next, the
network is used to infer 3D gaze on 2D gaze datasets.
Since only the gaze’s depth is missing in the 2D gaze la-
bel, we employ a geometric transformation to generate a
robust pseudo-3D gaze label from the inferred 3D gaze that
is aligned with the 2D gaze label. We assume that a model
pre-trained on unconstrained 3D gaze datasets provides a
good prior z-estimation. In the second stage, a similar gaze
network is trained in a supervised regime using both gaze
following data with 3D pseudo labels and 3D gaze datasets.

3.2. Gaze Transformer (GaT)

Model Architecture Motivation. Accurate and robust 3D
gaze estimation in the wild requires three key capabilities:

capturing fine local details from the eye region when vis-
ible; extracting global information from head orientation
which is particularly useful when the eyes are occluded or
partially obfuscated; capturing small motion of head pose
and eyes in the temporal domain to capture subtle gaze
shifts. A model capable of training on both image and
video data is especially valuable, as it broadens the range
of available training datasets. Convolutional Neural Net-
works (CNNs) excel in frontal gaze estimation due to their
ability to extract local eye features [1, 28, 55] but may en-
counter more difficulty in global reasoning (i.e. merging
pose and eye information), and extending CNNs to handle
temporal data within a single modality-agnostic model is
challenging. Vision Transformers (ViTs) [16], as noted by
Cheng et al. [10], are less suited for gaze estimation since
they may miss critical local details, especially when the eye
region is split across multiple patches. In contrast, hier-
archical transformer architecture [35, 46] offers a flexible
architecture to capture both local and global features. For
instance, the Swin Transformer, which uses smaller patches
(typically 4 x4 vs 16 x 16 in standard ViTs), is better able to
capture fine local details. Its “’shifted window” mechanism,
which applies self-attention within local windows that shift
at regular intervals, effectively aggregates local and global
context. Extending the Swin Transformer to the temporal
dimension has proven successful for temporal tasks on sev-



eral benchmarks [36]. Additionally, transformers are versa-
tile, recent work has demonstrated their effectiveness when
trained on both image and video datasets within a single
model [20, 21]. Inspired by these approaches, we introduce
our Gaze Transformer, GaT, with several modifications for
3D gaze estimation, as illustrated in Fig. 2 and detailed in
the following sections.

Patchifier. The model needs a common representation for-
mat to encode both image and video input. Following
[16, 17, 20, 35, 52], images and videos are represented
as 4D tensors X € RT*XHXWX3 with T = 1 for an
image I, and 7" > 1 for a video clip V. Then, the in-
put X is divided into a collection {x;}"V of 4D sub-tensor
(patches) x; € R**hxWx3 a5 presented in Fig. 2. Follow-
ing [20, 21, 38, 52], we use t = 2. When working with
image only, we duplicate the image instead of zero-padding
because we find better cross modalities generalization from
video to image. Then, a shared linear layer and LayerNorm
are applied to project the patches to a token representation.
Encoder. The tokens from the patchifier are then fed into
a tiny Swin3D hierarchical spatiotemporal encoder. It re-
lies on self-attention within nearby tokens in a spatiotem-
poral window that is shifted every time. In addition, it uses
two sets of relative positional encoding: one spatial and one
temporal. Because of the hierarchical representation, the
number of tokens is reduced by patch merging layers as the
network gets deeper. The temporal output dimension is re-
duced by a factor of two. The output tokens are then fed to
a gaze decoder module.

Gaze Decoder. We first apply a mean spatial pooling on the
output tokens, followed by an interpolation function to dou-
ble the temporal dimension to match the input length (for
images, interpolation is skipped). Finally, a shared MLP
with a single hidden layer is applied to each token to pre-
dict a normalized 3D gaze vector.

Baseline Networks. Different approaches exist to process
image and video in a single model. To compare the per-
formance of our GaT model, we develop in addition two
baselines. Given that the static Swin(2D) transformer gives
good performance on gaze estimation. We add a temporal
encoder to model the gaze dynamic. Therefore, we develop
Swin(2D)-LSTM which first processes a set of images using
Swin and outputs a set of embedding for each image. Then,
it is fed to a bidirectional LSTM followed by a shared gaze
MLP on each output to produce a gaze vector. Similarly, the
second baseline called Swin(2D)-Tr replaces the LSTM by
a transformer. The output tokens from each image are pro-
jected to a lower dimension followed by a LayerNorm and
absolute spatiotemporal encoding. Then, the transformer is
applied to the spatiotemporal output token. Finally, a spatial
mean pooling is applied followed by a similar gaze MLP.
Both architectures are input agnostic and are compared in
an ablation study.

3.3. Pseudo 3D Gaze Generation

Creating 2D gaze datasets is easier than creating 3D gaze
datasets, as annotation can be completed after the images
have been collected, unlike 3D gaze which can not be an-
notated by humans and require a special setup. As a result,
2D datasets like GazeFollow offer a broad gaze, head pose
distribution, and head/face appearance diversity. There are
different possibilities to leverage such a dataset which will
be discussed in the ablation sections. For instance, Kothari
et al. [31] used 2D gaze from LAEO labels and 3D fitted
head models for z-direction estimation. In contrast, as pre-
sented in Fig. 2, our 3D pseudo gaze generation method as-
sumes that a pre-trained model trained on unconstrained 3D
gaze datasets can provide a good prior z-estimation, which
is confirmed by our experiments. Combining the z com-
ponent of predicted 3D gaze with 2D gaze ground truth
provides a robust pseudo 3D gaze label. Then, using this
pseudo label as an additional label during training, we re-
port improvement in unconstrained generalization.
Geometric Projection. The predicted 3D Gaze (3DPred)
g and the 2D ground truth (2D GT) v = (v, v,) are com-
bined such that the image plane projection of the pseudo
3D gaze (3DGP) gP? is aligned with the 2D ground truth v.
Therefore, a rotation is applied to g around the z-axis such
that gP® has the same x,y direction as v:

8" = (v2ll(Gz, Gy)ll2, vyl (G5 Gy)l25 92) (1)

3.4. Training Strategy

In both training stages, the objective is to train our GaT
model on a collection of both image and video datasets with
gaze label {(X, g);} where g € RT*3 with T=1 for images,
which creates different training challenges to be addressed.
Video Training Data. As our model is modality agnostic, a
video dataset can be considered both as a set of video clips
or as a collection of images. These views of the data are not
equivalent, as, typically, considering the data as video-clip
at training will impact more inference on videos at test time
rather than on images. Hence, a video dataset can be used
twice as an image or video training dataset'. We will see
in ablations that it can impact the modality generalization
capability.

Mini-batch Strategy. Different mini-batch strategies have
been proposed in the literature to handle multiple datasets.
One approach mixes samples from each of the datasets, but
in our case, this requires careful implementation because
images and videos don’t have the same dimensions.
Another strategy creates batches from one dataset at a
time and alternates between them. This approach has
proven effective in previous work [20, 24] and we followed

By convention, when reporting experiments, for video datasets, we
will add the suffix I when it is considered as an image dataset, V in the
video case, and 1&V when it is used twice as image and as video dataset.



GF Additional Label G360 Full GFIE MPII EDIAP

Method Training Data ~ None 2D 3DPred 3DGP Img  Vid Img  Vid Img Vid
Supervised G3601&V v 13.6 126 219 209 74 83
Weakly-Sup (WS)  G3601&V+GF v 131 121 16.1 157 6.5 92
Self-Training (ST) ~ G360I&V+GF v 136 127 202 197 74 7.7
ST-WSGE G360I1&V+GF v 132 122 159 155 6.4 8.2
Supervised GFIEI&V v 30.6 299 157 154 23.8 37.8
‘Weakly-Sup (WS) ~ GFIEI&V+GF v 229 221 125 122 24.4 33.0
Self-Training (ST) ~ GFIEI&V+GF v 29.7 294 149 149 21.2 34.6
ST-WSGE GFIEI&V+GF v 215 211 13.0 127 17.3 16.7

Table 1. Ablation study for the self-training weakly-supervised
learning framework. We experiment with our GaT model, two
3D gaze datasets Gaze360 and GFIE, and three ways to include
GazeFollowing labels (GF). The best and the second best scores
are in bold and underlined, respectively.

Training modality G360 Full G360 180 G360 40
Model Img Vid Img Vid Img Vid Img Vid
Swin(2D)-LSTM v 1433 1397 12.17  11.89 9.73  9.47
Swin(2D)-LSTM v 1475 13.05 12.58 10.98 9.86 8.67
Swin(2D)-LSTM v v 13.93  13.02 11.76  10.94 8.88 8.27
Swin(2D)-Tr v 14.05 14.53 12.02  12.78 9.63 932
Swin(2D)-Tr v 14.05 12.63 12.05 10.54 946 8.14
Swin(2D)-Tr v v 13.81 1291 11.96 11.09 943 8.67
GaT v 1395 13.82 11.95 11.78 9.58 8.89
GaT v 13.87 1231 11.89 10.39 9.29 795
GaT v v 13.64 12.60 11.66  10.67 9.10 823

Table 2. Ablation study for the gaze model network. Since
different models are image and video training agnostic, we exper-
iment with three models on three training modalities dataset com-
binations using Gaze360 as the training set.

G360 Full G360 180 G360 40 GFIE
Training Data  Img  Vid Img  Vid Img  Vid Img  Vid
G360V+GF 13.5 121 1.6 10.2 83 1.7 157 179
G360I1&V+GF  13.2  12.2 11.3 103 86 7.7 159 155
GFIEV+GF 22.8 242 224 239 29.9 318 134 13.0

GFIEI&V+GF 21.5 21.1 20.6 203 26.6  26.7 13.0 127

Table 3. Impact of the training datasets modalities on cross-
modal generalization. We experiment with GaT model, ST-
WSGE framework, and different training dataset modalities.

this approach here. In addition, dataset size imbalance
is another challenge, as dataset sizes range from 30k to
120k samples. To address this, we balance the datasets by
oversampling smaller ones and undersampling larger ones
so that each dataset contributes equally during an epoch.

Loss. For training the model, we utilize a temporal
weighted average of the angular loss, which represents the
angular difference between the predicted gaze vector g and

the ground truth g in degree:
T

1 < 180 8l'g
Loaze(8,8) = = ~— arccos(—=2t2t _ 2)
sosell8) = 7 )~ axceos( e )

4. Experiments
4.1. Datasets

In this work, we employ five 3D gaze datasets: two video
unconstrained datasets for training and evaluation: Gaze360
(G360) [28], GFIE [25], and three constrained only
for generalization MPSGaze (MPS) [59], MPIIFaceGaze
(MPII) [60] and EYEDIAP (EDIAP) [19] (EDIAP), with
only EDIAP being a video dataset. As shown in Fig. 3,
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Figure 3. Dataset gaze distribution. Gaze in polar coordinates.

G360 and GFIE differ considerably in their gaze distribu-
tion, which makes cross-dataset evaluations challenging. In
addition, we consider the 2D gaze following dataset Gaze-
Follow [43] (GF), which contains more than 100k images
with gaze target annotations.

The details of the six datasets are presented in the supple-
mentary materials. Nevertheless, as authors have been us-
ing many subsets of G360 for evaluation, we clarify the
test splits to avoid any confusion. We followed the split of
[28]: G360 Full corresponds to ”All 360°” (all the test set);
G360 180 corresponds to “Front 180°” (gaze within 90°);
and G360 40 to “Front Facing” (gaze within 20°). Addition-
ally, we consider G360 Back (gaze above 90°) [8] and G360
Face (all detected faces), used in many studies [1, 7, 9-
11, 18, 55, 61]. G360 Face 180 or 40 corresponds to the
detected face with a gaze within 90° or 20°.

4.2. Implementation Details

Each dataset has different head bounding boxes ground
truth. To avoid discrepancies in cropping, we standardize
the input by using a robust pre-trained head detector” train
on the CrowdHuman dataset [47]. We match the detected
and ground truth bounding boxes to get the final head crop
bounding box. Furthermore, we downscale the head bound-
ing box by 10% and resize it to 224 x 224 pixels. We show
the impact of the head bounding box size in the supplemen-
tary materials. An 8-frame head crop clip is used for the
video modalities, and the frame rate is unified across all
video datasets. All the backbones used in this work are pre-
trained on Imagnet for static backbones and ImageNet-1K,
Kinetics-400, and SUN RGB-D for Swin3D. Please refer to
the supplementary materials for training and data augmen-
tation details.

4.3. Ablation Study

Does gaze following label improve 3D gaze estimation?
In Tab. 1, we evaluate various methods for learning from 2D
gaze following labels (GF). We find that, with few excep-
tions, incorporating GF consistently improves 3D gaze es-
timation. This underscores the importance of broader train-
ing diversity for robust 3D gaze estimation. The specific
details and advantages of each approach are discussed in
the following section.

Self-Training Weakly-Supervised learning framework.
In Tab. 1, we perform ablation experiments related to the

Zhttps://github.com/zhangda1018/yolov5-crowdhuman



learning framework. In our experiments, we train with
our model GaT on two 3D gaze datasets namely G360 and
GFIE. The first baseline experiment is to train on a 3D gaze
dataset in a standard supervised manner. Then, there are
three possibilities to leverage additional 2D datasets such
as GF. The first method, Weakly-Supervised (WS), applies a
specific loss only to the x, y coordinates of the 3D gaze pre-
diction for GF batch samples supervised by the 2D ground
truth label. The second approach Self-Training (ST) is sim-
ilar to our ST-WSGE approach described in Fig. 2 but in
the second stage, 3DPred is used to supervise the training.
Finally, the last approach ST-WSGE is our proposed ap-
proach described in Fig. 2 and Sec. 3.1. Compared to ST,
ST-WSGE achieves higher accuracy across all evaluations
except when trained on G360 and tested on EDIAP. This
indicates that relying solely on 3DPred lacks diversity in
gaze distribution, as it mostly follows the training data dis-
tribution. By incorporating our 3DGP label, we obtain a
more robust gaze vector that enhances accuracy. Further-
more, when compared to using only 2D labels in the WS
method, ST-WSGE performs slightly better overall, partic-
ularly on the frontal EDIAP and MPII benchmarks. This
suggests that datasets, where the z component is signifi-
cant (e.g., frontal views), require more than 2D supervision.
Overall, our method is either the best or the second best (by
a small difference) demonstrating the effectiveness of our
ST-WSGE learning framework.

Gaze Model Network. In Tab. 2, we present the results
concerning the model architecture. In our experiments, we
train on G360 in a supervised manner with different train-
ing modalities combinations ( I, V, and 1&V). We compare
our model GaT with baseline models (see Sec. 3.2) that can
also handle different training data modalities. First, we no-
tice that when models are trained on both image and video,
our GaT model is the best model on G360. It suggests
that spatiotemporal learning from the input is beneficial for
gaze estimation, especially in non-frontal scenarios. Addi-
tionally, within each model, training on both modalities im-
proves image evaluation but slightly reduces video evalua-
tion. However, modality-specific models are limited to their
own data type which limits the available training dataset.
Indeed, in the next section, we show that combining modal-
ities can result in cross-modal generalization. Given these
findings, our model stands out as a reliable and versatile op-
tion for robust 3D gaze estimation.

Does training on additional image datasets help video
generalization? As observed in Tab. I, training our GaT
model with ST-WSGE, which includes a diverse image
dataset (GF), not only improves image generalization but,
more notably, enhances generalization on videos. Com-
pared to a supervised method, our approach improves im-
age GFIE evaluation by 38% and video GFIE by 34%. A
similar trend is observed when training on GFIE and evalu-

ating on G360 Full. Furthermore, the modality of the train-
ing data plays an important role in generalization, as ob-
served in Tab. 3. By considering G360 both as an image
and video dataset (I&V setting), G3601&V+GF further im-
proves video generalization compared to G360V+GF with
an angular error reduced by 2.2°. A Similar trend is ob-
served when training on GFIE. Interestingly, adding im-
age training data improves video generalization. Note that
image-only training G360I+GF has reduced video general-
ization.

Temporal Context. Temporal dynamic plays a crucial role
in unconstrained gaze estimation, as evidenced in Tab. |
with our GaT model trained on both modalities (I&V). In
all configurations, video predictions consistently outper-
form image-based predictions. Other important observa-
tions emerged from visual and quantitative analyses and are
discussed in the supplementary material.

4.4. Comparison with State-of-the-art (SOTA).

Within-Dataset Experiments. In the following, we fo-
cus on within-dataset experiments. In Tab. 4, we compare
our results with the state-of-the-art methods on G360 and
GFIE. We report results using our model GaT in a super-
vised manner and using our ST-WSGE learning framework.
Our model trained in a supervised manner is SOTA on im-
age G360 Full and GFIE with 2% and 13% relative im-
provement, respectively. On video inference, MSA+Seq is
slightly better (12.6° vs 12.5° ours) since it uses an average
of multiple input scales. More importantly, when trained
with gaze following labels like GF using our ST-WSGE
learning framework, we outperform all the SOTA on im-
age and video by 5% on G360 Full image, 3% on G360
Full video, and 36% on GFIE image. In contrast, Kothari et
al. [31] don’t improve when using the LAEO label (AVA)
in a weakly-supervised framework. Additionally, in Tab. 5,
we compared our method trained on G360 Full to meth-
ods trained on detected face subset G360 Face. Given that
the state-of-the-art methods are specifically designed for
near-frontal faces, our supervised model GaT is not SOTA
but demonstrates competitive performance. When includ-
ing gaze following label using our ST-WSGE framework, it
shows very competitive results and SOTA performance on
G360 Face video (9.92° vs 10.05°), G360 Face 180 video
(9.84° vs 9.75°), and G360 Face 40 (8.62° vs 8.30°). There-
fore, compared to methods using tight face crops (increas-
ing eye resolution), our ST-WSGE approach proved to be
competitive on near frontal view. We include a comparison
with SOTA trained on G360 and evaluated on constrained
benchmarks MPII and EDIAP in supplementary materials.
Cross-Dataset Experiments. In this section, we empha-
size on cross dataset experiments. In Tab. 4, we compare
our method with SOTA methods on generalization on G360
(bottom part). Among the few approaches that explore gen-



G360 Full G360 180 G360 40 G360 Face G360 Back GFIE
Method Training Data Img Vid Img Vid Img Vid Img Vid Img Vid Img Vid
Gaze360 [28] G3601I 15.6 - 13.4 - 132 - - - - - - -
Kothari et al. [31]  G3601 15.07 - - - 10.94 - - - - - - -
MSA [8] G360I 13.9 - 12.2 - - - - - 235 - - -
Gaze360 [28] G360V - 13.5 - 114 - 11.1 - - - - - -
Kothari et al. [31] G360V - 132 - - - 10.1 - - - - - -
Kothari et al. [31]  G360V+AVA - 132 - - - 10.2 - - - - - -
MCGaze [22] G360V - 1296 - 10.74 - 10.02 - - - - - -
MSA+Seq [8] G360V - 12.5 - 107 - - - - - 19.0 - -
Supervised (GaT) G3601&V 13.64 12.60 11.66 10.67 9.10 823 11.20  10.25 20.74 19.53 21.86 20.89
ST-WSGE (GaT)  G3601&V+GF 1319 1217 11.34 10.35 8.58  7.67 10.84  9.92 19.82 18.72 15.90 15.51
GFIE [25] GFIEI - - - - - - - - - - 17.7 -
Kothari et al. [31] ETH 52.6 - - - 20.5 - - - - - - -
Kothari et al. [31] ETH+AVA - 25.0 - - - 16.9 - - - - - -
3DGazeNet [53]7  ETH - - - - - - 2211 - - - - -
3DGazeNet [53]"  ETH+AVA+CMU - - - - - - 17 - - - - -
3DGazeNet [53]7  ETHHTWG-MV - - - - - - 15.4% - - - - -
Supervised (GaT)  GFIEI&V 30.57  29.90 29.08 28.65 3343 3294 28.87 28.56 3595 34.40 1570 15.44
ST-WSGE (GaT)  GFIEI&V+GF 2148 21.06 20.61 20.32 26.55 26.73 2046 20.23 24.61 23.75 12.99 12.68
Supervised (GaT)  GFIEI&V+MPS 25775  24.29 20.35 19.42 16.35 15.49 19.07 18.28 45.19 41.81 15.61 15.38
ST-WSGE (GaT)  GFIEI&V+MPS+GF 21.59  20.02 17.02 15.67 13.90 12.66 16.00 14.75 38.02  35.69 12.82 1249

Table 4. Comparison with the state-of-the-art on physically unconstrained benchmark Gaze360 and GFIE test set. We report both
within and cross-dataset evaluation trained using GaT model with and without our ST-WSGE framework. The top table presents methods
trained with Gaze360, while at the bottom, methods are trained using GFIE. The method with f is restricted with only frontal pose with
face and eye crop as input. Moreover, the method is evaluated on a new subset (head pose yaw € [-90,90]), which is close to, but not the

same as, the Gaze360 Face subset.

G360 Face G360 Face 180 G360 Face 40
Method Training Data Img Vid Img Vid Img Vid
FullFace [61] G360I Face 14.99 - - -
Dilated [9] G360I Face 13.73 - - -
RT-Gene [18] G360I Face 12.26 -
CA-Net [11] G3601 Face 11.20 - - -
Gaze360 [12] G360V Face - 11.04 - -
ResNet50 [10] G3601 Face 10.73 - - -
GazeTR [10] G360I Face 10.62 - - - - -
L2CS [1] G3601 Face - - 10.4 - 9.0 -
SPMCCA [55] G360I Face - - 10.16 - 8.62 -
SAM-LSTM [26] G360V Face - 10.05 - 9.84 - 6.92
Supervised (GaT) G3601&V 11.20  10.25 11.01 10.09 8.81 8.02
ST-WSGE (GaT) G360I1&V+GF 10.84  9.92 10.65 9.75 8.30 7.48

Table 5. Comparison with the state-of-the-art constrained

methods tested on Gaze360 detected face. All the state-of-the-
art methods use a face crop as input and are trained on the de-
tected face subset of Gaze360. We report results trained on G360
Full using GaT and with or without ST-WSGE. Note that the other
methods are constrained to face input therefore our method is more
general and can be applied to any head pose orientation.

eralization on Gaze360, Kothari et al. [31] provides the
most relevant comparison. In contrast, 3DGazeNet [53]
provides cross-dataset generalization on G360 Face but
only works on frontal faces requiring face and eye crop
as input. Our results show that our ST-WSGE framework
trained with various available 3D gaze datasets (GFIE, or
GFIE+MPS) always improves generalization. For instance,
when tested on G360 Full image and video, it always out-
performs our supervised approach by 40% and 20% when
trained with GFIE or GFIE+MPS, respectively. A similar
trend is observed when trained on G360 and tested on GFIE.
Therefore, it confirms that our framework using gaze follow
labels is effective for improved generalization.

When compared to Kothari ef al. [31] trained on LAEO
labels (AVA), our ST-WSGE approach trained using
GFIE+GF shows better performance on G360 Full but is
behind on G360 40 because GFIE doesn’t contain frontal
samples. In contrast, when trained using GFIE+MPS+GF,
it improves over Kothari on both G360 Full and 40.
Limitations.  As expected when using our framework,
the generalization improvement is tight to the training di-
versity used in the pre-training stage. In cross-dataset ex-
periments in Tab. 4, compared to our supervised model, we
observe that when trained using GFIE our framework im-
proves more on G360 Back and less on G360 40 because of
the non-frontal distribution of GFIE.

5. Conclusion

In this work, we introduced the ST-WSGE learning frame-
work, which leverages weakly annotated images with 2D
gaze datasets, such as gaze-follow labels, to enhance ap-
pearance diversity and broaden gaze distributions across
natural scenes. We also presented our Gaze Transformer,
GaT, which improves performance and supports both image
and video training. By combining ST-WSGE and GaT, we
achieve significant gains in both within- and cross-dataset
experiments, reaching state-of-the-art results on GFIE and
Gaze360. Additionally, we demonstrate effective cross-
modal generalization, a critical capability given the scarcity
of video datasets. We believe our approach is a promising
solution for robust 3D gaze tracking in the wild, suitable for
a range of challenging applications.
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Enhancing 3D Gaze Estimation in the Wild using
Weak Supervision with Gaze Following Labels

Supplementary Material

What is expected? The supplementary material consists of
datasets details, experiments details, and extended experi-
ments analysis mentioned in the main paper. In addition,
videos of qualitative examples of our method on VideoAt-
tentionTarget further demonstrate the robustness in chal-
lenging real-world scenarios.

A. Datasets Details
A.l. Datasets

Gaze360 (G360). [28] is video 3D gaze datasets. It is col-
lected in both indoor and outdoor environments in uncon-
strained setting, which contains 3D gaze of 238 subjects
with a wide-range head pose and gaze direction. G360 is
recorded at 8FPS. In all of our experiments, we always used
the same training set as [28] with 126928 samples. For the
test set, we followed the split of [28] where G360 Full cor-
responds to ”All 360°” (the entire test set) with 25969 sam-
ples, G360 180 corresponds to "Front 180°” (gaze within
90°) with 20322 samples, and G360 40 to “Front Facing”
(gaze within 20°) with 3995 samples. In addition to those
splits, we consider G360 Back (gaze above 90°) [8] with
5647 samples and finally G360 Face (all detected faces)
with 16031 samples, which is used in many constrained
gaze studies [1, 7, 9-11, 18, 55, 61]. When we refer to
G360 Face 180 (15895 samples), it corresponds to the de-
tected face with a gaze within 90°, a subset of G360 180,
the same for G360 Face 40 with 3687 samples. We used the
validation set described in [28] with 17038 samples.

GFIE. [25] is a video 3D gaze dataset collected indoors
with 71799 frames from 61 subjects (27 male and 34 fe-
male). It is an unconstrained dataset with a wide range of
head poses. It was collected for gaze following task; using
a complex calibrated laser setup, they can infer the 3D gaze
from the eye to the visual target direction. They recorded
people doing various indoor activities at 30 fps. We follow
the data splits described in [25], 59217 for training, 6281
for validation, and 6281 for testing.

MPSGaze (MPS). [59] is a modified 3D gaze datasets that
has been automatically generated using ETH-Xgaze [63]
eyes. They apply a blending technique on people from the
Widerface [56] dataset to put eyes with a known 3D gaze
from ETH on heads with similar head poses. This dataset
is diverse, with more than 10k identities and challenging
poses, appearances, and lighting conditions. However, the

blending process reduces the quality of the visual appear-
ance, and it contains only near frontal head poses and no
back view. We used the same training and test split with
24282 samples in training and 6277 samples in testing. No
validation is defined in this work.

EYEDIAP (EDIAP). [19] is a 3D gaze video dataset. It in-
cludes videos from 16 subjects (30 fps), using either screen
targets (CS, DS subset EDIAP) or 3D floating balls ( FT
subset EDIAP-FT) as gaze targets. It is a constrained setup
with mainly frontal head poses. Following [12, 54], we
used the evaluation set under screen target session (CS, DS,
namely EDIAP) with 16674 samples from 14 subjects.
MPIIFaceGaze (MPII). [60] is a 3D gaze image dataset
collected from 15 subjects in a screen-based gaze target
setup, resulting in a constrained dataset with mostly frontal
head pose. We follow the standard evaluation protocol
[12, 54, 60], which selects 3000 images from each subject
to form an evaluation set for a total of 45000 samples.
GazeFollow (GF). [43] is a 2D gaze image dataset anno-
tated on in the wild dataset for the gaze the following task.
The 2D target label corresponds to where a given person is
looking at in the image. It is a diverse dataset that includes
various head poses, appearances, scenes, and lighting con-
ditions. Overall, it has around 130K annotated person-target
instances in 122K images.

A.2. Video Processing

As mentioned in the main section, for video clip input, our
approach predicts the 3D gaze from an 8-frame video clip.
However, video datasets have different frame rates, which
can impact the gaze prediction. In this work, since G360
has a lower frame rate, we resample EYEDIAP and GFIE
to match G360’s frame rate of 8 fps.

A.3. Gaze Representation

Working with different 3D gaze datasets requires a unified
way to define and represent the 3D gaze vector. Usually, in
constrained gaze estimation, studies use data normalization
to map the input image to a normalized space where a vir-
tual camera is used to warp the face patch out of the original
input image according to the 3D head pose [63]. Thus, the
gaze is expressed in this virtual camera coordinate defined
by the 3D head pose.

However, in unconstrained settings, it is not possible to get
access to a robust and reliable 3D head pose; thus, we fol-
low the gaze representation of Gaze360 [28] in the “Eye
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Figure S1. Input head crop using different scales. In our work, a
scale of -0.1 is used and proved to be effective in both constrained
and frontal face setting Sec. C.1

coordinate system”. The practical interpretation of the eye
coordinate system is that the positive x-axis points to the
left, the positive y-axis points up, and the positive z-axis
points away from the camera, i.e. [-1,0,0] is a gaze look-
ing to the right or [0,0,-1] straight into the camera from the
camera’s point of view, irrespective of subjects position in
the world. The origin of the gaze vector is the middle of
the eyes, except for MPS and MPII, where the gaze origin
is the average of 3D eyes and mouth landmarks resulting in
an origin located at the middle of the nose, and for GF, we
used the center of the head bounding box as the origin.

B. Experiments Details

Metric. We follow the test split described in the state-of-
the-art method and explained in Sec. A.1. As a metric, we
use the standard angular error in degrees between the pre-
dicted and ground truth gaze prediction [19, 28, 60, 63].
Previous methods reporting video evaluation used a 7-frame
video clip and predict the middle frame gaze direction.
Since our approach outputs eight gaze directions from an 8-
frame video clip, for a fair comparison, we use the 4th gaze
prediction of an 8-frame video clip to compute the evalua-
tion metric.

Training. We used the same setup in all the experiments
to be as fair as possible. All the models are trained for a
minimum of 20 epochs. We used an early stopping on the
validation set with a patience of 10 epochs. We use the
AdamW optimizer [37] with a learning rate of le-4 and a
cosine annealing schedule with a 5 epochs linear warmup
(from 2e-5 to le-4). For evaluation, we report the perfor-
mance of the best model defined by the best angular error
on the validation set.

Data augmentation. Data augmentation is crucial for ro-
bust gaze estimation in the wild. In this work, we used stan-
dard data augmentation techniques. First, we applied jit-
tering during the head crop to introduce slight variations in
scale and aspect ratio, which reduces the model’s sensitivity
to noisy or imprecise head bounding boxes. Next, color jit-
tering was applied by adjusting brightness, contrast, and sat-
uration, making the model more resilient to diverse lighting

MPII EDIAP

Method Training Dataset ~ Img Img Vid
PureGaze [13] (Res18) G360I Face 9.3 9.2 -
Liu et al. [34] (Res18)  G360I Face 7.7 9.0 -
Liu et al. [34] (Res50)  G360I Face 8.3 7.5 -
RAT [4] (Res18) G360I Face 7.6 7.1* -
RAT [4] (Res50) G360I Face 7.7 7.1* -
CDG [54] (Res50) G360I Face 7.0 73 -
Supervised (GaT) G3601&V 7.43 8.88 8.28
ST-WSGE (GaT) G3601&V+GF 6.43 8.87 8.19

Table S1. Comparision with state-of-the-art on constrained do-
main generalization benchmarks. All these methods [4, 13, 34,
53, 54] use a face crop as input and are trained on the detected face
subset of Gaze360. Our method is trained and tested on head crop
which makes it more general but more challenging for frontal gaze
estimation. * In [4] they used only 6400 sample for EDIAP but we
follow [12, 13, 54] with 16674 samples.

conditions commonly encountered in real-world scenarios.
Since gaze labels, such as those in the GF 2D dataset, may
exhibit bias toward one side, we applied horizontal flipping
to the images while appropriately adjusting the gaze direc-
tion, ensuring more balanced training data in the yaw gaze
direction. These augmentations collectively improved the
model’s ability to handle variations in data and enhance its
generalization to unseen environments.

C. Additional Experiments
C.1. Effect of Head Crop Size

As mentioned by Chen et al. [8], the input head crop scale
impacts the 3D gaze estimation. We find that the effect on
the prediction depends on the head orientation. Fig. S1 il-
lustrates the different inputs with different head crop scales.
As shown in Fig. S2b, a smaller head crop tighter to the face
improves 3D gaze estimation on frontal head poses, while
a larger head crop improves gaze on the non-frontal head
pose. Indeed, as shown in Fig. S1, a tighter crop increases
the eye resolution in the image and a larger crop provides
more context about the head orientation and upper body ori-
entation, which gives a strong prior for the gaze direction
when eyes are not visible. In the context of gaze estimation
in the wild, a scale of -10% is part of the Pareto front as
illustrated in Fig. S2b and is also the best on the G360 Full
image as shown in Fig. S2a. Therefore, it is a reasonable
trade-off between frontal and back view performance. We
use it for all our experiments.

C.2. Constrain Gaze Evaluation

The objective of this work is to improve unconstrained gaze
estimation in the wild. As seen in Sec. C.1, compared to a
tight face crop a larger crop improves gaze in challenging
head pose. Therefore, a larger crop is more suited to our
objective. In contrast, some methods specialize in frontal
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Figure S2. Effect of head crop size.

gaze estimation and rely on tight face crops, which provide
better resolution for the eye regions. While this is not a
fully fair comparison, we compare our approach to these
constrained methods for generalization on constraint bench-
marks. Note that for the constrained methods, models are
trained and tested only on a subset of detected faces (G360
Face), while in our approach the model is trained on G360
Full.

As shown in Tab. S1, on MPII, the supervised GaT lags
behind the best method by 6%. On EDIAP, GaT is 21%
behind the best method in image evaluation but narrows the
gap to 13% when evaluated on videos. Then, when using
our ST-WSGE learning framework including GF labels, we
observe an important improvement on MPII with state-of-
the-art angular error of 6.43 compared to 7 from CDG. On
EDIAP the improvement is marginal. Compared to EDIAP,
MPII has more diversity in lighting conditions and environ-
ment. GF doesn’t contain a lot of frontal gaze direction but
has a broad diversity of environments. Therefore, the im-
provement on MPII should come from the additional diver-

Effect of image against video on different gaze direction
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Figure S3. Image vs video predictions, where does it help?. GaT
trained on G360I&V and tested on G360 Full image and video.
The difference between image and video angular error with re-
spect to the ground truth gaze directions from the camera ([0,0,-
1]). The mean and standard deviation are displayed for each 10°
bin. Positive values indicate better performance in video predic-
tion compared to image prediction.

sity that GF brings but this is not useful for EDIAP predic-
tion. While constrained methods excel in frontal settings,
they fail in unconstrained scenarios. Our approach, which
achieves state-of-the-art performance in unconstrained en-
vironments (G360, GFIE) while remaining competitive in
constrained settings (MPII, EDIAP), proves to be a versa-
tile and robust solution for gaze estimation in the wild.

C.3. Qualitative Analysis

When does temporal context contribute most effec-
tively? As seen in the main paper, video prediction con-
sistently outperforms image prediction. To understand the
significance of temporal context in gaze estimation, we ex-
amined cases with large angular errors between image and
video predictions. Several key observations emerged. As
illustrated in Fig. S4 in the first two rows, temporal con-
text proves valuable during blinks, as it allows the model to
interpolate gaze direction when the eyes are closed. If the
head pose is not informative, temporal context helps disam-
biguate between blinking and looking down since the eyes
are not visible, as shown in row 1. Additionally, when in-
dividuals are viewed entirely from behind (rows 6-7), video
inferences provide a more consistent gaze direction in re-
lation to time. Thus, there is less jittering and it might im-
prove the prediction accuracy. In rows 4-5, the head and eye
motion can be used in video prediction to improve the gaze
direction. Finally, it can help in case of occlusion, as seen
in row 3.



Furthermore, we explore the impact of image- and video-
based prediction with respect to gaze direction. Indeed, we
expected more improvement when people are from the back
since additional head motion cues can be useful for gaze
estimation. In the results, video prediction on G360 Back
clearly improves image prediction. In addition, in Fig. S3,
we plot the difference between image and video prediction
angular error for different gaze directions. If we look at
the trend, video prediction seems to be better, especially for
gaze over 150°, but given the standard deviation, it might
not be a statistically significant observation. A more de-
tailed analysis by considering only cases where there is a
head motion can better highlight the impact of video pre-
diction.

What are the limitations of temporal context for gaze?
We investigate prediction made on the VideoAttentionTar-
get [15] (VAT) videos using our ST-WSGE framework and
GaT model. VAT is a challenging dataset with real-world
scenarios, various appearances, and diverse gaze distribu-
tion, making it well-suited for assessing our approach. Our
qualitative analysis reveals two limitations of video-based
inference compared to image-based inference using our
model. The first limitation arises in cases of rapid head ro-
tation, as illustrated in Fig. S5, temporal context may be
misused, leading to predictions that do not align with the
actual gaze. It might be because no rapid head motion is
present in the G360 training sets. The second aspect in-
volves cases of “gaze recentering”’, where the gaze direc-
tion returns to its initial position following a shift. This be-
havior can occur very rapidly, within just 3-4 frames. Due
to the smoothing effect in the temporal modeling, the pre-
dicted gaze may not exhibit the same amplitude as the actual
movement. Indeed, this behavior is not present in the G360
dataset, and the use of videos sampled at 8 frames per sec-
ond may limit the ability to capture fine-grained gaze dy-
namics. However, such behavior is better captured during
image-based inference. This highlights a trade-off: while
video-based inference provides smoother and more robust
predictions, image-based inference offers greater accuracy
but can result in jittery outputs. To mitigate the lack of natu-
ral gaze behavior we apply our ST-WSGE framework using
2D gaze video data from VAT. Unfortunately, since current
benchmarks don’t contain natural gaze behavior, the results
don’t show quantitative improvement. Further research to
evaluate this aspect is needed.

In which scenarios does ST-WSGE with GazeFollow la-
bels provide the most benefit? We demonstrated the ad-
vantages of ST-WSGE with GazeFollow labels across var-
ious benchmarks, both within- and cross-datasets. But in
which scenarios does it outperform supervised methods
trained solely on G360? To address this question, we an-
alyze predictions made in real-world scenarios using the
VideoAttentionTarget (VAT) dataset [15]. Our findings re-

veal that ST-WSGE achieves the most notable improve-
ments in cases of extreme head poses, particularly when
the head is facing downward, as shown in Fig. S6. It is
also more robust to appearance diversity like hair partially
occluding the face or varying skin tones. It also helps in dif-
ficult lighting conditions and low-resolution inputs. Addi-
tionally, we include a video (provided in the supplementary
materials) displaying predictions on VAT with an explana-
tion, enabling a direct comparison between the two methods
and a clearer visualization of our approach’s performance
on real-world data.
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Figure S4. Illustration of image against video prediction. Comparison between single-image (frame 0) and video predictions (frame
-3 to 4). We use our ST-WSGE learning framework with GaT trained on G360 and GF. All examples are from G360 test set. Rows 1-2
illustrate eye blinks, Row 3 shows an example of occlusion, Rows 4-5 demonstrate frontal head/eyes motion, and Rows 6-7 depict back
view prediction. In the last row, the first two frames are not part of the test subset. Arrows in red represent image predictions, and arrows in
magenta are video predictions. The angular error between groundtruth and prediction is displayed in red at the top right corner. The circles
in the images represent unit disks where 3D gaze vectors are projected onto the image plane (X,y in yellow) and a top view (x,z in blue)
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Figure S5. Illustration of image and video prediction in case of rapid head motion. We use our ST-WSGE learning framework with
GaT trained on G360 and GF. All examples are from VideoAttentionTarget [15] (VAT). Arrows in red represent image predictions, and
arrows in magenta are video predictions. The circles in the images represent unit disks where 3D gaze vectors are projected onto the image
plane (x,y in yellow) and a top view (X,z in blue). Note that since VAT has a frame per second (fps) of 24 and G360 has a fps of 8, we show
the temporal context used for video inference corresponding to 8 fps.
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Figure S6. Illustration of supervised against ST-WSGE learning framework with GazeFollow label. We use in both experiments our
GaT model. All examples are from VideoAttentionTarget [15] (VAT). Arrows in blue represent image predictions with supervised GaT
trained on G360, and arrows in red are image predictions with ST-WSGE GaT trained on G360 and GF. The circles in the images represent
unit disks where 3D gaze vectors are projected onto the image plane (x,y in yellow) and a top view (X,z in blue).
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