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SCRAPL is an algorithm for efficient evaluation of multivariable 
wavelet scattering transforms, so they can serve as 
differentiable loss functions for neural network training.

pip install scrapl-loss

github.com/christhetree/scrapl

One Sentence Summary
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https://github.com/christhetree/scrapl


Background
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Visualization of the
Joint Time-Frequency 
Scattering Transform 
(JTFS)



Why wavelet scattering transforms?
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1. Physical interpretability

2. Biological plausibility

3. Mathematical understanding

4. Learning with limited data

5. Artistic creation

kymat.io/ismir23-tutorial/

https://www.kymat.io/ismir23-tutorial/


Sound Matching
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SCRAPL: 
Scattering with Random Paths 

for Machine Learning
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Scattering with Random Paths
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● Wavelet scattering transforms are very computationally expensive and 

require a lot of memory due to their many paths

● Not all paths (wavelets) are informative for the task at hand

● Why not sample paths uniformly to approximate a scattering transform?

● ~10-1000x speedup and memory reduction

● Should mathematically converge to the full-tree scattering transform 

(i.e., this approach is unbiased, see Appendix A in the paper for a proof)



SCRAPL vs. Full-tree Scattering Transforms
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Breadth-first search (blue), depth-first search (orange), and random access (green).









SCRAPL (vanilla)
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Biased SCRAPL:
θ-Importance Sampling
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θ-Importance Sampling Intuition
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● Not all paths (wavelets) are informative for the task at hand

● Why sample paths uniformly then?

● There exists an optimal sampling distribution for each optimization task

● Need a metric to calculate how “informative” a path is

○ Needs to be general and task agnostic

○ Cannot be too expensive to compute

● Sample “informative” paths often and “uninformative” paths rarely



θ-Importance Sampling
1. Before training, measure each synth parameter’s 

sensitivity to each path on a subset of training datapoints

2. Combine these measured sensitivities into a proportional 

categorical probability distribution over paths 𝒫
3. Take the average of these distributions

Neural network Signal processing

Synth parameters 
(θsynth tensor of size 3)
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SCRAPL vs. Other Loss Functions
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24https://www.roland.com/global/promos/roland_tr-808/

https://www.roland.com/global/promos/roland_tr-808/
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Quantitative Sound Matching Evaluation



Conclusion
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Contributions

1. Stochastic approximation of scattering transforms

2. Path-wise adaptive moment estimation (𝒫-Adam)

3. Path-wise stochastic average gradient with acceleration (𝒫-SAGA)

4. θ-importance sampling parallelizable initialization heuristic

SCRAPL for the JTFS in PyTorch is available now:

● pip install scrapl-loss

● christhetree.github.io/scrapl

http://christhetree.github.io/scrapl

