web AdaCat: Adaptive Categorical Discretization code
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e Autoregressive generative models can estimate complex data distributions such as language,
audio and images.
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e Such approximation cannot express sharp changes in density without using significantly more ' ' '
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i=1 where ((Z|z)) is a smoothing distribution. < training diverged
o If wis fixed: Uniform discretizati . .
o e MITOTT AIETEteation The inner integral can be computed as follows: Offline RL with Model-based Planning in D4RL (Trajectory Transformer [1])
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eSIty where F(x) is the cumulative density functlon (CDF) of &(x). Hopper-Medium 07.4 20 01.1 236 69.2 <45
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e The integral can be easily computed for ('s when their CDFs are simple (uniform and Gaussian).

. . | See our paper for additional results on tabular and audio data.
o The gradient is well-defined everywhere and Lot prevents bin collapse (blue below).

Try it out on PyTorch! — pip install adacat

Optimization Dynamics of Original vs. Smooth Objective

5 from adacat import Adacat
——- Target Density params = torch.nn.Parameter(torch.randn(10 * 2)) # AdaCat with 10 bins
Uniform Discretization Adaptive Discretization 4 - — AdaCat w/ smoothing optim = torch.optim.Adanm([params], 1r=0.01)
—— AdaCat w/o smoothing ¢ . (0 its):
2D Toy Density Estimation (k = 12) oL - il Tange n_1ts): | | |
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Real data samples Discretization Discretization (AdaCat) = loss = -dist.log_prob(xs, smooth_coeff=0.001).mean ()
2 - optim.zero_grad()
. ‘ loss.backward() # Optimize the smooth loss
. /| . | \ optim.step()
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