Denoising Diffusion Probabilistic Models (DDPMs)
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def (self, denoise_fn, x_start, x_t, t, *, clip_denoised: 1
return_pred_xstart: ):

true_mean, _, true_log_variance_clipped =
self.q_posterior_mean_variance(x_start=x_start, x_t=x_t, t=t)

model_mean, _, model_log_variance, pred_xstart = self.p_mean_variance(

denoise_fn, x=x_t, t=t, clip_denoised=clip_denoised,
return_pred_xstart=True)
Kl = normal_kl(true_mean, true_log_variance_clipped, model_mean,
model_log_variance)
KL = nn.meanflat(kl) / np.log(2.)

decoder_nll = -utils.discretized_gaussian_log_likelihood(
x_start, means=model_mean, log_scales=0.5 * model_log_variance)
assert decoder_nll.shape == x_start.shape

decoder_nll = nn.meanflat(decoder_nll) / np.log(2.)

assert Kl.shape == decoder_nll.shape == t.shape == [x_start.shape[0]]
output = tf.where(tf.equal(t, 0), decoder_nll, k1)
return (output, pred_xstart) if return_pred_xstart else output
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Algorithm 1 Training

1: repeat
2: xo0 ~ q(xo)
3: ¢ ~ Uniform({1,..., T}
4: e~ N(0,1I)
5: Take gradient descent step on
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6: until converged
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Algorithm 2 Sampling

XT NN(O,I)
cfort=1T,..., 1do
z~N(0,I)ift > 1,elsez=0

_ 1 . -1
Xit—1 = NG (xt meﬁ(xta L)) + o0z
end for
return xg
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