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Comparing generative models on Maze

Walker

* Energy-based model (EBM), variational autoencoder (VAE),

generative adversarial network (GAN), diffusion model (DM)
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Advantages

 Training stability
* Inference efficiency

« Better generalization

Disadvantages

* Poor generalization

* Inference inefficiency

- Manifold overfitting
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* TConditional 9eneralizes poorly

* T Joint Suffers from manifold overfitting
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Evaluating generalization performance on Fetch
* Varying the noise added to initial states and goal locations
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Stage 1: Learning a Diffusion Model
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Stage 2: Learning a Policy with the Learned Diffusion Model



