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+ How to set hyperparameters for unsupervisec N T o B © Exerimentalresuts
clustering?

Benchmarking ZEUS on real-world datasets, synthetic Gaussian mix-
tures, and ResNet-transformed Gaussian mixtures.

Clustering quality of ZEUS, assessed via the Adjusted Rand Index (ARI).

{ Zero-Shot via Prior-data Pretralnlng ] KM GMM AE AE DEC IDEC IDC G- Tab SCARF ZEUS
KM -GMM CEALS PFN
Real 55.54 4849 51.43 53.56 5593 54.57 5228 40.37 31.32 2695 57.43
4 \ - N ~ Syn. Gauss. 89.90 76.93 81.26 81.40 89.35 82.57 66.43 62.84 5597 832 89.03
Gaussian s Syn. Transf. 75.04 75.88 60.45 7129 79.94 61.26 6678 49.17 1566 248 86.33
mixture model
@@} e Soft clustering quality of ZEUS vs. baselines, measured by Brier score.
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Generated Labels l KM GMM AE-KM AE-GMM DEC IDEC G-CEALS ZEUS
O Datasets d Real 044 048 046 047 039 037 047 0.38
ata Syn. Gauss. 0.10 031 021 025 039 023 039 0.13

generator J Syn. Transf. 0.28 026 045 031 046 039 050 0.18
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- ,{é}:} == = ZEUS does not require model retraining on individual datasets.
’ ‘e / / = |t builds a representation for clustering in a single forward pass.
Loss | = |t outperforms all alternatives or attains a position within the top 3.
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