See Through the Noise: Improving Domain Generalization
in Gaze Estimation

Supplementary Material

In the supplementary material, we provide detailed de-
scription of our proposed SeeTN and more experiments re-
sults. We first present the training algorithm in Algorithm 1.
Then we show additional quantitative experiments, includ-
ing detailed results on synthetic noisy dataset, fine-tuned
results on target domain and more hyperparameter analy-
sis. Finally, we give more visualized results, including fea-
ture distribution of unseen domain and noisy sample detec-
tion. These results clearly verify the effectiveness of our
proposed SeeTN approach.

1. SeeTN Algorithm

The full algorithm for implementing SeeTN is shown in Al-
gorithm 1.

Algorithm 1 SeeTN

1: Input: Network F'(-,0¢), Regressor G(-,0,), Dataset
Dgs, Prototypes p.

2: 0f,0, = WarmUp(G(F(-,6¢),6,))
3: Get initial DS and DY by 7
4: while ¢t < MaxFEpoch do
5: for item = 1 to num_iters do
6: From D, draw a mini-batch{(z$,y{),i =
1..Bc}
7: From D%, draw a mini-batch{(z}¥,y),i =
1...By}
: Getf‘cv i/\f’gzc,g;/\/’zg’zlj\f
: Update 1 by Egs. (2) and (3) leveraging 2¢
10: Get p; by Eq. (4) leveraging 2 and 2V
. (m) i .
11: Get A,EJ) by Eq. (5) leveraging p;
12: Get A;*) by Eq. (6) leveraging y{ and y
13: Leaze = Bilc > ‘gzc - yﬂ
. c — 1 (9)
14 Lotign = Bo(Bo-1) ZLC Zx?,i#j ‘Alg_] -
(m)
Ayl
15: Get AE;’;) by Eq. (10) leveraging ¢ and fiN
| N AD-A
16: Lilign = By 2a A AT
17: Lan = Lygaze + LSign + AMAin
18: Gf, 09 = Adam(ﬁau, Gf, Gg)
19: end for

20: Calculate 1 by Eq. (7) leveraging z; and y;
21:  Repartition DS and DY by n
22: end while

2. Additional Quantitative Experiments

2.1. Experiments on the Synthetic Noisy Dataset

First, we provide an explanation of the rationale underly-
ing the synthetic noisy dataset design. In tasks involving
noisy labels, simultaneously obtaining both noisy labels and
truly accurate annotations from real-world datasets is of-
ten challenging, thereby limiting the comprehensive eval-
uation of methods. As a result, researchers typically con-
duct controlled experiments on artificially constructed noisy
datasets. By examining the noisy labels in the Gaze360, as
shown in Fig. 1 of the main paper, we found that their devi-
ations from the true gaze directions are relatively large, and
some of the directions are even completely opposite. Thus,
we added Gaussian noise with a standard deviation of 60° to
randomly selected samples. According to the 3¢ principle
of the Gaussian distribution, this setting can approximately
cover noisy labels with different error levels. Moreover,
based on the observations from previous work [3, 57, 10]
that real-world data typically contain about 8%-38.5% la-
bel noise, we introduced noise rates of 10%, 20%, and 30%
into the Gaze360 dataset to simulate similar conditions.

In the main paper, we have reported the results of the
baseline and SeeTN on the synthetic noisy Gaze360 dataset
in the form of line charts. In the supplementary material, we
provide the detailed numerical results of our experiments
and report the additional results of the DivideMix [4] and
SUGE [8] methods.

As shown in Tab. I, the performance of the baseline
decreases as the noise ratio increases. Besides, while Di-
videMix underperforms on the raw Gaze360 dataset, it re-
mains competitive against the baseline under higher noise
ratios. These results suggest that although DivideMix is
inherently incompatible with regression tasks, it still per-
forms effectively under relatively high noise ratios. SUGE
is specifically designed to address noisy samples in gaze
estimation tasks, and it demonstrates good performance im-
provements across different noise ratio. However, SUGE
shows a considerable performance drop when the noise ratio
reaches 30%. Our proposed SeeTN consistently achieves
superior performance across all settings, and unlike SUGE,
it maintains strong robustness even under a 30% noise ratio.

In summary, the aforementioned results emphasize the
significance of noise mitigation in enhancing domain gener-
alization, and further validate the effectiveness and robust-
ness of SeeTN.



Table 1. Comparison of domain generalization performance between SeeTN and representative noisy label learning methods in synthetic

noisy Gaze360 dataset.

Noise Ratio=0%

Noise Ratio=10%

Noise Ratio=20% Noise Ratio=30%

Method | © o De—sDp | De—Dy; De—Dp | De—Di; De—Dp | De—Dar De—Dp
Baseline 7.94 8.73 8.69 12.17 14.19 14.38 18.99
DivideMix |  10.46 123 10.32 10.05 10.13 9.83 11.32
SUGE 7.04 8.32 743 7.40 9.12 9.23 11.37
SeeTN 6.57 7.57 7.39 7.31 7.82 776 8.97

Table 2. Comparison of domain generalization performance between SeeTN and AGG in a validation set with synthetic noise.

Method Noise Ratio=0% Noise Ratio=10% Noise Ratio=20% Noise Ratio=30%
DE%DM DE*)'DD DE—)D]V[ DE*)’DD DE—)DM ’DE%DD 'DE*)'DM ’DE%DD
Baseline 10.25 11.04 13.02 13.53 14.23 15.01 15.33 16.72
AGG 9.59 8.84 10.52 10.41 12.19 13.21 13.96 18.06
SeeTN | 857 937 | 910 982 | 865 9.68 | 891 10.05

Table 3. Comparison of fine-tuned results between SeeTN and
state-of-the-art domain generalization methods.

Method |DPg—Dy De—Dp | De—Du De—Dp

PureGaze 5.30 6.42 5.20 7.36
GazeCF 4.76 543 5.34 5.66
CGaG 4.59 5.07 5.13 5.71
SeeTN |  5.04 523 | 4.66 5.52

2.2. Effective of Noise Handling

To further verify that the performance improvement of our
method mainly stems from its explicit modeling of noise,
we train SeeTN and AGG [1] on a clean validation set and
inject 10-30% synthetic label noise. The results are shown
in Tab. 2. While both SeeTN and AGG perform similarly
under clean labels, SeeTN degrades much more slowly as
noise increases, confirming that its gains arise from explicit
noise modeling rather than domain generalization alone.

2.3. Fine-tuned Results on the Target Domain

In Tab. 3, we compare SeeTN with several previous
works [2, 9, 11] by fine-tuning on 100 randomly selected
samples from the target domain. SeeTN achieves better per-
formance on Dy — Djs and D — Dp.

2.4. More Ablation

To validate the effectiveness of the key components in
SeeTN, we construct two simple yet direct ablation stud-
ies. The first investigates the effectiveness of the prototype
mechanism. Specifically, we remove the prototype mod-
ule from SeeTN, and all prototype-related computations are

Table 4. The ablation of the key components in SeeTN.

Ablation |Dz—Dy De—Dp|De—Dy De—Dp
SeeTN | 6.58 718 | 657 7.57
w/o prototypes 7.88 8.14 7.64 8.37
w/ L2 distance 7.01 8.15 7.58 8.17

Table 5. The ablation of hyperparameter \.

Params. Value‘DE—>DM DE —>DD"Dg—)DM DG —)'DD

0.01 6.88 7.41 6.93 7.74
A 0.1 6.58 7.18 6.57 7.57
1 7.02 7.66 6.85 7.70

directly replaced by the MLP-transformed features. The
second examines the choice of similarity metric, where co-
sine similarity is replaced with the L2 distance. The results
are shown in Tab. 4. We observe a substantial performance
drop under all cross-domain settings, demonstrating the ef-
fectiveness of the proposed SeeTN design.

2.5. Hyperparameter Analysis

In the Tab. 5 of the main paper, we report the ablation ex-
periments of key parameters: K and . In the supplemen-
tary materials, we provide ablation experiments about the
parameter A which controls the weight of ﬁé\{ign, as shown
in Tab. 5. The performance remains stable with different
values of A. Thus, we choose A = 0.1 in the SeeTN.



(a) Visualization of Baseline

(b) Visualization of SeeTN

Figure 1. The qualitative results of visualizing the features learned by the backbone and SeeTN on the MPIIGaze dataset via t-SNE. In (a),
samples with different gaze directions cluster together in the purple-shaded region, while in (b), samples with similar gaze directions form
compact clusters. For instance, the four labeled samples, which share similar gaze directions, are dispersed in (a) but closely grouped in

(b).

3. Additional Visualization Results

3.1. Visualization of Unseen Domain

In tha main paper, we have shown the feature visualization
of our SeeTN in source domain. To further demonstrate
the generalizable abilities, we provide the t-SNE visualiza-
tion results of baseline and SeeTN on the unseen domain
MPIIGaze, as illustrated in Fig. 1. It can be observed that
the baseline, shown in Fig. 1(a), sometimes clusters sam-
ples with different gaze directions together, whereas SeeTN,
shown in Fig. 1(b), is more likely to group samples with
similar gaze directions. For instance, in the purple-shaded
region of (a), samples with different gaze directions cluster
together using baseline model, while in (b), our method can
enforce the samples with similar gaze directions form com-
pact clusters. Moreover, the four labeled samples, which
share similar gaze directions, are dispersed in (a) but closely
grouped in (b).

3.2. Visualization of Noisy Sample Detection

We present additional visualizations of noisy samples se-
lected by our proposed indicator 7, as shown in Fig. 2(a)
and Fig. 2(b). We can see that the ground-truth labels of our
selected samples are largely incorrect.

Besides, we also visualize the unseen-domain samples
with large test errors for SeeTN in Fig. 3. In fact, a consid-
erable number of noisy labels are also present in the unseen
domain, while SeeTN can correctly predict their truly gaze

directions, which demonstrates the widespread presence of
noise in gaze estimation tasks. Meanwhile, the generaliza-
tion ability of gaze estimation models across domains also
requires further investigation.
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Gaze360 ETH-XGaze
(a) Noisy Samples Selected from Gaze360 (b) Noisy Samples Selected from ETH-XGaze

Figure 2. Noisy Sample Visualization in Gaze360 and ETH-XGaze. The red and blue arrows indicate the ground-truth directions and the
model predictions respectively. The samples selected by the our designed indicator show clear evidence of label noise.

MPIIGaze EyeDiap
(a) Noisy Samples from MPIIGaze (b) Noisy Samples from EyeDiap

Figure 3. Noisy Sample Visualization in MPIIGaze and EyeDiap. The red and blue arrows indicate the ground-truth directions and the
model predictions respectively. It can be observed that some of samples with incorrect labels are correctly predicted by our SeeTN model
in the unseen domain.
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