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Limitations

About scores:
● Score is undefined when data is confined to low dimensional manifold
● Estimated score not accurate for regions with low data density

Euclidean-only formulation:
● Training/sampling assumes flat vector spaces
● Non-trivial to extend to Riemannian manifolds
● Existings Riemannian methods are not yet scaled as effectively [1][2]

Slow sampling:
● Requires many Langevin steps
● Much slower than VAEs or GANs
● Limits real-time use/large-scale data generation

[1] De Bortoli et al. Riemannian Score-Based Generative Modelling, 2022. 
[2] Huang et al. Riemannian Diffusion Models, 2022. 



Geometric schedule:

Step size:

Intuition:
● High            large             fast exploration                        
● Low             small             refinement near data modes 

Questions [1] :
● Is the decrease too aggressive?
● Are fine details emphasized before global structure?

Discrete variance schedule

[1] Matosevic et al. Reproducibility Challenge - Generative Modeling by Estimating Gradients of the Data Distribution, 2020. 



Linear schedule:

Square-root schedule:

Hypothesis:
● Linear: Better global structure sampling
● Square-root: Balance between other two

Discrete variance schedule
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Continuous variance schedule

Training

Sampling: Interpolation the log space
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Latent generation

Recap of limitations

● Sampling is slower as compared 
to GANs or VAEs

● Estimated score not accurate for 
regions with low data density



Latent generation

● Encode the input image into a lower 
dimensional latent using the encoder

● Train the model to predict scores of 
the latent images

Training

● Start from pure noise in the latent space.
● Generate a novel latents using Annealed 

Langevin Dynamics.
● Decode the generated latent back to the 

image space using the decoder

Sampling



Latent generation

Latent space has smaller dimension !

Faster training

Data space: 617 sec/epoch
Latent space: 210 sec/epoch

Data space: 68 sec/epoch
Latent space: 27 sec/epoch

(Measured on T4 GPU) (Measured on NVIDIA GTX 1650)

Faster inference

~ 66% decrease ~ 60% decrease
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Conclusion

Qualitative reproduction

● Visually plausible results for MNIST 
and FashionMNIST

Discrete variance schedule analysis

● Insights into linear and square-root 
schedules

Continuous variance schedule analysis

● Improved generalization to unseen 
schedule levels

● Enhanced sampled quality under 
limited sampling budgets

Latent space generation

● Reduced training and sampling time 
with faster convergence
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