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Training Data \ Test ‘ Xiest Miest GCiest Efest G360
ResNet-50

same-domain 5.25 5.11 3.49 8.51 11.87
leave-one-dataset-out | 16.31 (1210.7%) 6.23 (121.9%) 6.35 (182.0%) 8.25(|3.1%) 20.38 (171.7%)
Jjoint-dataset 5.04 (J4.0%) 5.88 (115.1%) 3.59 (12.9%) 6.04 (/29.0%) 10.55 ([11.1%)
UniGaze-H

same-domain 4.62 5.19 3.01 6.11 9.44
leave-one-dataset-out | 11.29 (1144.4%) 5.22 (10.6%) 5.13 (170.4%) 6.14 (10.5%) 13.12 (139.0%)
Jjoint-dataset 4.46 (]3.5%) 5.08 (J]2.1%) 3.20 (16.3%) 5.16 ([15.6%) 9.07 (13.9%)

Table 1. Comparison of different training data configurations for gaze estimation. Each column represents a specific test dataset: XGaze
Test, MPIIFaceGaze Test, GazeCapture Test, EYEDIAP Test, and Gaze360 Test. Each row corresponds to a training configuration: Same-
domain means training on the same domain as the test set, leave-one-dataset-out means training on the remaining four datasets other than
the test set, and joint-dataset means training on the aggregated Train split of all five datasets. The percentages in parentheses indicate the
reduction or increment compared to the same-domain results, where lower errors indicate better performance. For the leave-one-dataset-
out configuration, the errors reported here are on the Test splits, while the main paper reports errors on the entire dataset.

In this supplementary material, we first provide an analy-
sis of the effect of combining multiple domains. Then, we
include additional ablation studies to investigate the effects
of color-jitter augmentation and pixel normalization during
the MAE pre-training. Finally, we present qualitative re-
sults, highlighting images captured under diverse and chal-
lenging conditions.

1. Analysis on Combining Multiple Domains

We analyze the effect of different training data configu-
rations on gaze estimation performance. Specifically, we
compare three configurations: training on the same do-
main (same-domain), training on multiple domains exclud-
ing the testing domain (leave-one-dataset-out), and training
on multiple domains including the testing domain (joint-
dataset).

Table | shows the comparison of gaze errors for these
configurations. Each column corresponds to a specific test
dataset: XGaze Test, MPIIFaceGaze Test, GazeCapture
Test, EYEDIAP Test, and Gaze360 Test, while each row
represents a training configuration. This same-domain set-
ting is different from the within-dataset in the main paper.
We use the splits defined in Sec. 4.1 of the main paper.
Especially, please note that for MPIIFaceGaze dataset, we
train the model on the first 10 subjects and test on the re-
maining five subjects, different from the typical leave-one-
subject-out protocol [1, 14, 16].

The percentages in parentheses indicate the reduction
or increment compared to the same-domain results, where

lower errors indicate better performance. Note that, for
the leave-one-dataset-out configuration, errors on the en-
tire left-out dataset are reported in the main paper, but here
we present errors on the Test split to align with the other
configurations that require dataset splits.

Same-domain In general, training and testing on the same
domain (same-domain) yields the best results, even though
datasets combined from multiple domains have the poten-
tial to be more diverse. This emphasizes the persistent chal-
lenge of achieving optimal performance when using data
from different domains. The exception observed for Ejey
with the ResNet-50 backbone may be attributed to the lim-
ited number of samples in the EYEDIAP Train split.

Leave-one-dataset-out 1In the leave-one-dataset-out con-
figuration, we observe varying tendencies across different
test datasets. Some datasets achieve errors comparable to
the same-domain results, while others remain challenging.
For instance, for Mg and Erg, which are relatively less
complex, the remaining four datasets provide sufficient in-
formation to achieve good performance. In contrast, for
Xiests GCest, and G360y, the remaining four datasets fail
to fully capture the critical factors required for optimal per-
formance. This variation highlights the strong dependence
of performance on the attributes of the training data.
Importantly, our UniGaze-H demonstrates a smaller per-
formance gap compared to ResNet-50 in most cases, with
the only exception being EYEDIAP, where the difference is



(b) MAE reconstruction examples with pixel normalization (Proposed).

Figure 1. Examples comparison of the pixel normalization during the MAE pre-training. The left, middle, and right columns show the
original image, masked input, and the reconstructed image, respectively.

marginal. This suggests that UniGaze-H is better equipped
to learn gaze representations from out-of-domain data with
less overfitting, underscoring its enhanced generalization
capability.

Joint-dataset Overall, the joint-dataset configuration
demonstrates significant promise, creating a single model
robust across multiple test domains. For UniGaze-H, the
only exception is GCyyg, Where the joint-dataset configu-
ration produces a slightly higher error (3.01—3.20). Al-
though this suggests some negative effects from the other
four datasets, the effects remain marginal. While the im-
provement percentages for UniGaze-H are smaller com-
pared to ResNet-50, the absolute errors are consistently
lower.

2. Additional Ablation Studies on Pre-Training

Effect of Pre-Training Dataset Composition Beyond
the overall pre-training dataset size, the composition of
the dataset also plays a critical role in learning effective
face representations. To investigate the impact of dif-
ferent facial dataset components, we conduct an experi-
ment where we incrementally accumulate datasets during
the MAE pre-training stage and analyze their effect on the
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Figure 2. Effect of MAE pre-training dataset composition on
downstream gaze estimation performance. The horizontal axis
represents the incremental accumulation of datasets, while the ver-
tical axis shows the percentage reduction in error relative to the
first CelebV-Text dataset [20].

downstream gaze estimation performance. Starting with
CelebV-Text [20], we progressively add datasets for pre-
training and evaluate the models separately on gaze esti-



mation. Each pre-trained model is subsequently trained on
gaze datasets using the same leave-one-dataset-out proto-
col. Figure 2 illustrates the error change across different
test sets as more datasets are included in pre-training.
Overall, the results indicate that adding more diverse
data during pre-training generally enhances gaze general-
ization. However, there are exceptions that adding a dataset
can result in increased error for specific test sets. For ex-
ample, adding VFHQ increases the error on the XGaze Test
set from 12.65 to 13.32, while including SFHQ-T2I causes
performance fluctuations across different benchmarks. This
suggests that certain dataset attributes may not align well
with particular test distributions, leading to suboptimal
transferability. On the other hand, datasets such as VG-
GFace2 and XGaze-Dense provide performance improve-
ments on most test sets. Additionally, performance gains
becomes marginal as the dataset number increases, aligning
with the analysis of pre-training data size in the main paper.
In conclusion, dataset diversity plays a crucial role in
improving MAE pre-training for gaze estimation. A more
detailed analysis of dataset attributes and their impact on
gaze estimation remains an open research question, which
we leave for future work. Nonetheless, our empirical results
suggest that increasing data diversity in pre-training tends to
improve model performance across various test domains.

Effect of Novel-View Synthesis Data in Pre-Training
To examine the effect of novel-view synthesis in pre-
training data, we conduct further experiments separating
these two elements. In Tab. 2, we conduct an ablation
study by varying data subsets during the pre-training: real
datasets (CelebV-Text, VGGFace2, and VFHQ), synthetic
datasets (FaceSynthetics and SFHQ-T2I), and novel-view-
rendered datasets (FFHQ-NV and XGaze-Dense). We use
the UniGaze-B to conduct the experiment due to its time ef-
ficiency. After pre-training, we train on XGaze and test on
the rest of the four datasets.

The results further clarify the effect of different data
types on the model’s generalizability. Adding synthetic
data (Real + Syn.) reduces errors in several test domains
compared to using only real data, suggesting the variabil-
ity of the synthetic data contributes to generalization. Fur-
ther incorporating novel-view data (Real + Syn. + NV) pro-
vides additional performance gains, especially in head-pose
generalization, likely due to the expanded range of facial
orientations. This finding supports the idea that a mix of
real, synthetic, and novel-view data in MAE pre-training
strengthens ViT’s representation learning.

Effect of Pixel Normalization The patch normalization
technique is applied during the MAE pre-training as sug-
gested in [7] which is different from reconstructing the nat-
ural image, as shown in Fig. 1. We compare models pre-

Real Syn. NV.| M GC E G360
v 679 781 686 1293
v oY 657 737 651 1323

v v v 621 1735 6.64 1218

Table 2. We ablate the pre-training facial datasets by compar-
ing real, synthetic, and novel-rendered images. The comparison
is performed on the UniGaze-B network, followed by training on
XGaze. The last row represents the full-dataset setting.

Color-Jitter PixelNorm. | M GC E G360

7.52 801 856 14.14
7.17 823 8.03 14.03

7.18 794 8.05 13.66
621 735 6.64 12.18

<% X
SN XX

Table 3. Ablation studies on the pre-training, comparing the effect
of the color-jitter augmentation and the pixel normalization. Dur-
ing the gaze estimation training, we train the model using XGaze
and test on the other four datasets to evaluate the generalizability.

trained with and without patch normalization to investigate
its impact.

Effect of Color-Jitter Augmentation Color jittering in-
troduces randomness in brightness, contrast, saturation, and
hue to simulate diverse lighting conditions, enhancing the
robustness of learned features. We compare models pre-
trained with and without color-jitter augmentation to inves-
tigate its impact.

Results We use the UniGaze-B model as the backbone
and compare different pre-training settings, followed by
training on XGaze and testing on the remaining four
datasets. Table 3 demonstrates that both color-jitter aug-
mentation and pixel normalization contribute to improved
gaze estimation performance, highlighting their benefits for
the generalization of the pre-trained model. Notably, pixel
normalization consistently improves performance across all
test datasets, aligning with the observations in the original
MAE paper [7], which showed that pixel normalization en-
hances the following gaze estimation training.

3. Few-Shot Personalization

We evaluate the few-shot performance to assess the model’s
ability to adapt to new subjects with minimal data and less
overfitting. For this evaluation, we use the models trained
in the leave-one-dataset-out evaluation and fine-tune the
model on a small number of subjects from the remaining
dataset. For each subject, we freeze the ViT backbone and
fine-tune only the MLP head using K € {1,2,4, 8,16, 32}
samples.
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Figure 3.  Few-shot personalization on ETH-XGaze, MPI-
[FaceGaze, GazeCaptureres, and EYEDIAP. The vertical axis
means the gaze error (°), and the horizontal axis represents the
number of calibration samples K.

For ETH-XGaze, GazeCapture Test, and EYEDIAP, we
define the calibration pool as the first 128 images of each
subject and use all remaining images for evaluation. For
MPIIFaceGaze, following [22], we use the first 2,500 im-
ages as the calibration pool and the last 500 images for eval-
uation. Subjects with fewer than 500 images are excluded
from this analysis.

We repeat five trials with different random draws of the
K calibration samples. Figure 3 reports the mean and stan-
dard deviation across these trials. We can observe that
UniGaze adapts effectively even with a single labeled sam-
ple (K =1) whereas CNN baselines show limited gains. As
K increases, UniGaze yields steady gains with a clear mar-
gin over other baselines.

4. Comparison with the SOTAs

3DGazeNet [16] collects in-the-wild face images with
pseudo gaze labels and applies multi-view synthesis to ob-
tain an augmented dataset ITWG-MV. To account for the
difference in test data settings, we compare 3DGazeNet
with UniGaze-H separately in Tab. 4. The results demon-
strate that UniGaze-H outperforms 3DGazeNet in all do-
main generalization settings.

Re-implementation In the main paper, we compared our
UniGaze-H model with state-of-the-art (SOTA) methods

Models | X—»M X—GC G360—M G360—GC
3DGazeNet' [16] | 6.0 7.8 6.3 8.0
UniGaze-H | 557 656 5.65 7.23

Table 4. Domain generalization compared with SOTA methods.
The results marked with T are directly cited from previous stud-
ies [16].

Models | X—=M X—Ecs G360—-M G360—Ecs
ResNet-187 [24]] 8.02  9.11 8.04 9.20
ResNet-18 757  9.54 9.24 8.07
PureGaze' [5] 7.08 7.48 9.28 9.32
PureGaze 6.68 7.62 8.87 10.53
UniGaze-H | 557  4.65 5.65 5.86

Table 5. Domain generalization compared with SOTA methods
and their re-implementations. The results marked with  are cited
from previous studies [5, 24], and the rest of the results are based
on our implementation.

Dataset Type # Identities ‘ # Samples
CelebV-Text [20] Real 13,179 666,967
VFHQ [18] Real 10,382 231,809
VGGFace? [4] Real 9,131 182,603
FaceSynthetics [17] Syn. 86,8781 86,878
SFHQ-T2I [2] Syn. 1202411 120,241
FFHQ-NV [8, 12] Syn. 25,000 100,000
XGaze-Dense [11, 13,23] | Syn. 60 267,160
Total ‘ - 264,871 ‘ 1,655,668

Table 6. Statistics of face datasets used to pre-train UniGaze in
terms of data type to be real or synthetic (Syn.), number of identi-
ties, and number of samples. The T indicates that we assume there
are no duplicated identities during the synthesis image generation.

using their reported results. It is important to note that
minor discrepancies may arise due to differences in our
data pre-processing compared to prior works [5, 19, 24].
To ensure a fair comparison, we re-implemented ResNet-
18 and PureGaze [5] using our pre-processed datasets,
aligning them with the reported results [5, 24]. The re-
implementation results, alongside the reported values, are
summarized in Tab. 5.

While minor differences exist between our re-
implementation and the reported values, the improvements
achieved by our UniGaze-H model remain significant,
demonstrating its superior performance across all domain
generalization tasks.



5. Implementation Details

Pre-Training Datasets Table 6 summarizes our pre-
training dataset composition, which shows that our pre-
training data covers both real and synthetic, and a large
number of identities and samples.

Novel-Rendered Data Preparation To render images
from novel views, we follow the rendering approach de-
scribed in [12]. To control the head pose, we randomly
generate target head poses and compute the corresponding
rotation matrices to apply to the 3D face models. During
the rendering process, 40% of the images are assigned a
random background color, while the remaining 60% use
random scene images from the Places365 dataset [25] as
background. Additionally, to simulate varied lighting con-
ditions, half of the rendered images are adjusted to have
lower ambient light intensity, ranging from 0.2 to 0.75.

All face images in our method are in the size of 224 x
224 after the data normalization process [21]. When the
camera parameters are unknown, we use a camera matrix
with focal length f set to the image width and principal
point (¢, ¢,) set to half the image height and width.

Pre-Training We apply random color-jitter augmentation
with a probability of 0.5 and the following parameters: hue
in the range [—0.15, 0.15], saturation in [0.8,1.2], contrast
in [0.4, 1.8], and brightness in [0.7,1.3]. We apply random
grayscale with a probability of 0.05 on all images.

Gaze Estimation Training We use the Adam opti-
mizer [9] with a learning rate of 1 x 10~* and a weight de-
cay of 1 x 1076 for all experiments. For experiments with
ResNet-50 and GazeTR-50, we set the batch size to 128 and
decay the learning rate by 0.1 every five epochs, with a total
of 12 epochs. For cross-dataset evaluation with UniGaze-
H, we use a batch size of 128 and train the model for eight
epochs with the one-cycle learning rate schedule [15]. For
leave-one-dataset-out and joint-dataset evaluations, we set
the batch size to 160 with 12 epochs.

6. Qualitative Results

We present additional qualitative results using the UniGaze-
H model trained on the aggregated datasets under the joinz-
dataset setting. We employ an off-the-shelf facial landmark
detector [3] to extract landmarks and perform data normal-
ization. Gaze estimation is conducted on the normalized
images, and the results are de-normalized back to the orig-
inal image for visualization. For reference, we also include
the normalized faces alongside the original images.

Figure 4 and Fig. 5 showcase examples from various
in-the-wild videos captured under challenging conditions,

including large head poses and diverse lighting environ-
ments. Notably, we also include a synthetic example from
URAvatar [10] (bottom row in Fig. 5), which generates
faces with controlled viewpoints and lighting. In Fig. 6,
we present more examples from the gaze-following dataset
VideoAttentionTarget [6], a collection of diverse samples
extracted from movies. This dataset provides annotated
gaze targets, which are visualized when annotated within
the image frame, as some targets may be out of frame.

These examples highlight the model’s ability to predict
gaze direction accurately in unseen environments, even un-
der extreme head poses, challenging lighting conditions,
and synthetic appearances.

7. Ethical Considerations

Our research involves the use of existing facial and gaze
datasets. In accordance with ethical guidelines, we rely
on the fact that these datasets were originally collected
and published following relevant ethical and data protec-
tion standards, including obtaining consent, and we do not
generate or collect additional new data. Our experimental
protocols involve only image content, without identifiable
personal information or links to other personal data.
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Figure 6. Qualitative results of examples from the VideoAttentionTarget dataset [6]. Gaze targets are visualized when annotated within the
image frame, as some targets may be out of frame. The normalized input images are displayed alongside the original image for reference.
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