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Background

Tablel: Public datasets for retinal disease screening.
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public datasets
1. poor OOD performance

scale of available training data: small

data sources for training: single

in-domain performance: good

out-of-domain performance: poor
Fully supervised

scale of available traimning data: large

data sources for training: multiple
in-domain performance: good
zero-shot inference: poor

scale of available training data: medium
data sources for training: multiple
in-domain performance: good

out-of-domain performance: good
&2 Partially supervised (Ours) &

Self-supervised

Full use of images and labels

Overlook the partially labelled data Overlook the labels
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Experimental Validation Conclusion

Table 2: Performance comparison on Meta (six datasets), Unseen (four datasets) and ODIR. Performance comparison on ODIR200x3 dataset.

two-stream design with deterministic &
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Full supervise - — — — — 69.8+02 52.6+07 | — - - 66.7 _ . . .
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performance
More Table 3: Ablation study on key loss terms. Table 4: Compatibility with different backbones.
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