Unsupervised Cross-Domain Conditional Generation via
Normalizing Flows and Adversarial Training
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Table 1: Comparison of CDCGen with state-of-the-art cross domain translation and conditional syntheis models. Across the

board, CDCGen features all the advantages over other models.
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3.1 Cross-Domain Translation
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Figure 1: Illustration of training and inference methods in CDCGen. The networks inside the dashed box are for domain
alignment (Sec 4.1) and those outside are for conditional synthesis (Sec 4.2).
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Figure 2: Results for domain alignment between source and target domains. The top row has original samples from the source
domain. The middle row is the corresponding latent space mapping and the bottom row is the sample obtained by translating
it to the target domain. The USPS images are slightly blurred due to the upscaling applied as standard pre-processing,.
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Figure 3: t-SNE representation of shared latent space for MNIST < USPS. For each digit, points for USPS are visualized with the
darker colors, and points with lighter colors correspond to MNIST.
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Figure 4: Conditional synthetic samples generated by CDCGen. The rows represent conditioned digit classes (0-9) and the

columns include more samples for each class.
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