GazeD: Context-Aware Diffusion for Accurate 3D Gaze Estimation

Supplementary Material

1. Additional qualitative results

We report qualitative results for the three datasets
(GFIE [4], GAFA [6] and Ego-Gaze) in different scenar-
ios, with different camera angles and subject distances from
the camera. In Figure | we demonstrate some scenarios in
which the ”Context with objects” helps the model to get a
more accurate result. In Figure 2, 3, 4, the first column
shows the original image, the second one shows the pre-
dicted and GT gaze direction, and the third compares the GT
pose with the predicted one. Every prediction is the average
of the 20 hypotheses output of the diffusion model. In Fig-
ure 5 a visual comparison between GazeD and Gaze360 [5]
and Hu et al.[4] is reported.

2. Dataset preprocessing
2.1. GFIE

GFIE dataset does not provide 2D/3D human poses. Every
dataset sample is composed of a pair of rectified RGB and
depth images and gaze annotations. Since the depth maps
are noisy with lots of missing values, computing only the
2D pose and then using depth values to obtain the 3D pose
was not a good solution. We then decided to use metrabs
[7] to estimate both the 2D and 3D poses.

2.2. GAFA

GAFA dataset [6] is provided with only 2D poses computed
with an old version of OpenPose [1]. As GAFA dataset is
a multiview dataset, the optimal solution to get 3D poses
was to triangulate multi-view keypoints using intrinsics and
extrinsics provided by the dataset, applying a RANSAC tri-
angulation method [2] and then transforming the resulting
pose from the world reference frame to each camera frame.
Despite the presence of these poses, GAFA dataset contains
several complex scenarios, with the subjects often occluded;
openpose annotations often included missing keypoints, re-
sulting in inaccurate triangulated human poses. For this rea-
son, 2D poses were recomputed with metrabs, which can
better handle these cases. If some 3D poses were not com-
putable due to limited views, those poses were discarded
from the training set, while in the test set, body and head lo-
cations present in the annotations of the dataset were used to
substitute the fundamental joints to run our method (pelvis
and eye midpoint) and gaze joint were added to ensure that
all test samples were included.

2.3. Ego-Gaze

Ego-Gaze dataset is realized starting from Ego-Exo [3]
dataset, which includes Aria Glasses' eye-tracking data.
However, despite the presence of these annotations, the
dataset does not include a dedicated subset specifically de-
signed for the gaze estimation task. Therefore, we created
a subset starting by collecting exocentric frames from the
Ego-Pose subset, which comprises automatic and manual
annotations of 2D Poses and 3D triangulated poses. We
picked frames with manual annotations to ensure the best
possible poses. Since manual annotations have missing key-
points, only poses with all the joints were included in our
subset. Gaze was inserted as a joint in all the poses just by
converting the rotation angles reported in the aria files into
normalized Cartesian coordinates and rotating them in the
camera reference frame using the camera poses. Since the
pose annotation is not provided with a center pelvis, it was
manually added as the mean point between the left and the
right hip, just to have the root joint. To enable a compari-
son with competitors, also head crops were needed. Since
the dataset doesn’t provide them, and using face joints to
crop the images was not an efficient solution in many cases,
we trained a YOLOvS8? with the Hollywood Head dataset
[8] to detect heads in the scene. The Yolov8 was run in
inference with all the videos of Ego-Pose to ensure that se-
quential frames were produced for a temporal method such
as Gaze360. After obtaining the head crops, only samples
with the available complete 3D pose were kept. The final
Ego-Gaze subset comprises about 157k frames for the train-
ing set, 20k for validation and 45k for testing.
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Figure 1. Qualitative comparison of GazeD with and without the Context with objects module. Ground truth data is shown in green,
predictions from GazeD in red, and results from GazeD without Context with objects in yellow.
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Figure 2. Qualitative results of GazeD on the GFIE dataset. Ground truth data is shown in green, predictions from GazeD in red.
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Figure 3. Qualitative results of GazeD on the GAFA dataset. Ground truth data is shown in green, predictions from GazeD in red.




Figure 4. Qualitative results of GazeD on the Ego-Gaze dataset. Ground truth data is shown in green, predictions from GazeD in red.
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Figure 5. Qualitative comparison with competitors. Ground truth data is shown in green, predictions from GazeD in red, and in yellow are
reported the predictions of Gaze360 [5] (right) and [4] (left).
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