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Supplementary Fig. 1 Transformer-based BERT architecture, which consists of repeated self-attention layers. To incorporate
the QD synthesis recipe as an input, a feature tokenizer structure is introduced to embed action tokens. An MLP head is attached
to predict the property values and their uncertainty. The configuration of the feature tokenizer is shown in previous literature1.
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Supplementary Fig. 2 The architecture of the GNN-style model. The GNN-style model takes a synthesis action graph rep-
resented from a synthesis recipe as input. The graph is encoded via graph attention convolution into an aggregated embedding
vector. The resulting vector is then fed into an MLP head to predict the target properties and their uncertainties.
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Supplementary Fig. 3 ARS system architecture.
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