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1 MODEL ARCHITECTURE DESIGN
1.1 FeatureNet
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Figure 1: The model architecture of FeatureNet.

Figure 1 illustrates the model architecture of FeatureNet [2, 3],
where the 'number(number)’ is the ’kernel number(convolution
size)’ and C = 10 channels if FeatureNet is a single baseline method.

1.2 Multimodal sleep staging with FeatureNet
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Figure 2: The model architecture of Multimodal sleep staging.

Figure 2 illustrates the model architecture of multimodal sleep stag-
ing with FeatureNet. We employ the feature extractor of FeatureNet
as the modality-specific feature extractor, followed by the same con-
catenation and classification with a fully connected model. We add
the domain discriminator [1, 3] based on the architecture of Figure 2
for NaiveMG to improve the cross-domain generalization [5].

We employ the same model architecture as NaiveMG for SleepMG.
Additionally, we design modality-specific performance assessments [4]
in classification and domain discrimination. Leveraging modal
performance metrics, we dynamically adjust the gradient of the
modality-specific parts of the classifier and domain discriminator,
balancing the inter-modal differences in two aspects.

2 CONFUSION MATRIX

2.1 Baseline methods
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Figure 3: The confusion matrix of the baseline methods on
the ISRUC-S3 dataset.
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