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digits on different locations

- digit has different color, size
and style

- comparisons with monolithic
generative models

- different shapes, colors, materials,
relations Please check our project page on Github for more details about model

- comparisons with monolithic implementation and data.
generative models

- extra experiments for generalizability

reusable, composable, interpretable modules
- Demonstrate generalization ability for complicated scene understanding, including zero-shot learning of novel semantic

compositions




