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Autonomous materials discovery with desired properties is one of the ultimate goals for materials science [1]. In this work, we have
developed constrained crystal deep convolutional generative adversarial networks (CCDCGAN, Figure 1(a)) based on a proper
construction of the latent space [2], which can predict stable crystal structures. In particular, physical properties can be optimized in the
latent space, where the formation energy is considered in the current model so that stable structures are predicted directly. We have
successfully applied the approach on a randomly chosen binary Bi-Se system and observed that most known phases can be validated
with quite a few distinct structures predicted [3]. Furthermore, trained using more than 50,000 compounds in the Materials Project
database, we recently extended the algorithm to multicomponent systems coving most elements in the periodic table. As shown in Figure
1(b), two novel structures can be obtained for the Cd-Li system. Detailed analysis reveals that the approach can be used to predict novel
crystal structures for various materials systems, and the generation efficiency can be further improved by considering a larger training
set. It is expected that the other physical properties (such as band gaps) can be optimized in the latent space as well, giving us the chance
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to perform multi-objective optimization in the future.
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Figure 1. (a) Workflow of CCDCGAN; (b) Convex hull of the Cd-Li system highlighting the predicted structures.
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