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reconstruction (AE-MSE) is
consistently good.

* Eq-MRR is misleading

* Accurate MRR requires

lational composition (RC) averaged across three seeds. We report next-state reconstruction er-
ror (MSE), autoencoder reconstruction error (AE-MSE), and the equivariant mean remprocal rank
(Eq.MRR) for three transition models: our model (COSMOS), an improved version of Goyal et al.
(2021) (ALIGNEDNPS), and a reimplementation of Zhao et al. (2022) (GNN). Our model (COSMOS)
achieves best next-state reconstructions for all datasets

compositionally generalize
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4 : Symbols trivially generalizes to attribute compositions. Robust selection module!
: Neural encodings learn very expressive features. Good image reconstructions!
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