
Supplementary Material

Julian Strohmayer Rafael Sterzinger Matthias Wödlinger Martin Kampel
Computer Vision Lab, TU Wien

Vienna, Austria
{firstname.lastname}@tuwien.ac.at

Class 0 Class 1 Class 2 Class 3 Class 4 Class 5
0.00

0.05

0.10

0.15

0.20

0.25

0.30

Pr
op

or
tio

n

Class Distributions: Mean Domains 0-7 vs Domain 8
Uniform Distribution
Mean Domains 0-7
Domain 8

Figure 1. Comparison of class distributions between the mean dis-
tribution of domains 0–7 and the highly skewed distribution of
domain 8. The figure illustrates the deviation of domain 8 from
the uniform distribution observed in domains 0–7, highlighting its
class imbalance.

1. Training Hyperparameters
Table 2 summarizes the hyperparameters for conventional
training (W ) and domain-adversarial training (DAT) (W
+DAT [1], WDAT). Parameters include the optimizer,
learning rate, weight decay, batch size, and the domain-
adversarial loss weights α, β, as well as the gradient re-
versal layer (GRL) scaling parameter γ.

Table 3 presents the hyperparameters for models utiliz-
ing test-time adaptation (TTA). Parameters include the opti-
mizer, learning rate, batch size, loss function, use of random
weight resetting (R), and the corresponding reset probabil-
ity (p).

Table 1 describes the augmentations applied during con-
ventional training and DAT, including amplitude perturba-
tion and circular rotation, as well as pixel-wise and column-
wise dropout with mean-replacement [3].

2. Widar3.0-G6D D8 Failue Analysis
As highlighted in our cross-domain adaptation experiment
(Section 4.3), domain D8 causes a significant drop in per-
formance during TTA. To investigate this issue, we perform
a PCA on domains D0–D8, as visualized in Figure 2. We

Augmentation p m

Amplitude Perturbation 0.5 0.01
Circular Rotation 0.5 0.50
Pixel-wise Dropout 0.001 -
Column-wise Dropout 0.001 -

Table 1. Augmentations applied during conventional and domain-
adversarial training (DAT), along with their probabilities (p) and
magnitudes (m). For amplitude perturbation and circular rotation,
the magnitude is uniformly sampled from [−m,m]. Circular rota-
tion is conducted along the temporal axis. Pixel-wise and column-
wise dropout use mean-replacement [3], setting the respective val-
ues to the mean of the CSI amplitude spectrogram instead of zero.

observe that domain D8 (right) diverges considerably from
the nominal feature space defined by domains D1–D7 (left),
exhibiting low intra-class cohesion and poor class separabil-
ity. In contrast, a well-behaved domain such as D0 (middle)
demonstrates clear and consistent clusters of activities.

Moreover, D8 shows a highly skewed class distribution
and distinctly different data statistics compared to domains
D0–D7. Figure 1 illustrates this discrepancy by comparing
the mean class distribution of domains D0–D7 to that of
domain D8, emphasizing the severe class imbalance and its
potential negative impact on model adaptation.
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Figure 2. Comparison of feature spaces for domains D1–D7, D0, and D8, highlighting the low intra-class cohesion and poor separability
of D8 samples.

Model Optimizer learning rate weight decay loss batch size α β γ

W (baseline) AdamW 0.001 0.001 CE 32 - - -
W +DAT [1] AdamW 0.001 0.001 L 8 0.3 0.2 8.0
WDAT AdamW 0.001 0.001 L 8 0.3 0.2 8.0

Table 2. Hyperparameter settings for conventional training (W ) and domain-adversarial training (DAT) (W +DAT [1], WDAT). α and β
represent the weights for the domain-adversarial loss L, and γ denotes the gradient reversal layer (GRL) scaling parameter.

Model Optimizer learning rate loss batch size R p

W +ViTTA [2] SGD 0.0001 ℓ1 1 - -
WDAT +ViTTA [2] SGD 0.00001 ℓ1 1 - -
W +DAT [1] +ViTTA [2] SGD 0.00001 ℓ1 1 - -
WTTA +DAT [1] SGD 0.001 ℓ2 1 - -
WTTA SGD 0.001 ℓ2 1 - -

WDATTA
SGD 0.0001 ℓ2 1 - -
SGD 0.0001 ℓ2 1 ✓ 0.0001

Table 3. Hyperparameter settings for models trained with test-time adaptation (TTA). Column R indicates the use of random weight
resetting, and p represents the reset probability.
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