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"What | cannot create, | do not understand.”

Richard Feynman
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A generative modelis a probabilistic model p that can be used as a simulator of
the data. Its purpose is to generate synthetic but realistic high-dimensional data

x ~ p(x;0),

that is as close as possible from the unknown data distribution p(x).
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Why generative models

Planning,
Exploration
Intrinsic motivation

Model-based RL

Super-resolution,
Compression,
Text-to-speech

Proteomics,
Drug Discovery,
Astronomy,
High-energy physics

Generative models have a role in many important problems
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Outline

l. Variational inference

Il. Variational auto-encoders (VAEs)

lll. Hierarchical VAEs

IV. Denoising Diffusion Probabilistic Models

V.VAE priors
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Part l: Variational inference
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See blackboard.
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Part ll: Variational auto-encoders



See blackboard.
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See code example 1.
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Examples

Consider as data d the MNIST digit dataset:
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(b) 5-D latent space (c) 10-D latent space (d) 20-D latent space

(a) 2-D latent space

Figure 5: Random samples from learned generative models of MNIST for different dimensionalities

of latent space.

(Kingma and Welling, 2013)
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(a) Learned Frey Face manifold (b) Learned MNIST manifold

Figure 4: Visualisations of learned data manifold for generative models with two-dimensional latent
space, learned with AEVB. Since the prior of the latent space is Gaussian, linearly spaced coor-
dinates on the unit square were transformed through the inverse CDF of the Gaussian to produce
values of the latent variables z. For each of these values z, we plotted the corresponding generative
pe(x|z) with the learned parameters 6.

(Kingma and Welling, 2013)
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JPEG
JPEG-2000
RVAE v1

RVAE v2

Hierarchical compression of images and other data, e.g., in video conferencing
systems (Gregor et al, 2016).
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Understanding the factors of variation and invariances (Higgins et al, 2017).
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Discrete
VQ latents

i l Condition
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WaveNet
Decoder : - GCondition

----------------

Voice style transfer [demo] (van den Oord et al, 2017).


https://avdnoord.github.io/homepage/vqvae/
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Design of new molecules with desired chemical properties (Gomez-Bombarelli et
al, 2016).
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Bridging the simulation-to-reality gap (Inoue et al, 2017).
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https://www.youtube.com/watch?v=Wd-1WU8emkw
https://www.youtube.com/channel/UCHuAMFn2T8nYEhcbvCXSfjA

Part lll: Hierarchical VAEs



See blackboard.
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Reconstruction

VDVAE: Very Deep VAEs (Child, 2020-2021).
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VDVAE samples (Child, 2020-2021).
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self.enc_sampler --num_latent_per_group
self.nf_cells

self.enc_tower

--num_latent_scales
--num_groups_per_scale
--ada_groups
--min_groups_per_scale
--num_cell_per_cond_enc

self.pre_process

--num_preprocess_blocks
--num_preprocess_cells

self.stem

{

--num_nf

A—

—)

sample ¢’

EncCombinerCell

DecCombinerCell

InvertedResidual
BNSwishConv
BNSwishConv

} self.dec_sampler self.prior_ftr0

self.dec_tower

[ --num_cell_per_cond_dec

self.post_process

[--num_postprocess_blocks]

--num_postprocess_cells

self.image_conditional

NVAE: A Deep Hierarchical Variational Autoencoder (Vahdat and Kautz, 2020).



NVAE samples (Vahdat and Kautz, 2020).
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NVAE: Random walks in latent space. (Vahdat and Kautz, 2020)
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Part 1V: Denoising diffusion
probabilistic models



See blackboard.
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Denoising Diffusion Probabilistic Models (Ho et al, 2020).
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DDPM samples (Ho et al, 2020).
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Forward SDE (data — noise)
x(0) dx = f(x,t)dt + g(t)dw

<5

tion

score fun
dx = [£(x,t) — g° (t)&x log, (x)]] dt + g(t)dw

Reverse SDE (noise — data)

Score-based generative modeling through SDEs (Song et al, 2021).
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—— Stochastic process

Perturbing data with an SDE (Song et al, 2021)
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—— Reverse stochastic process

Reversing the SDE for sample generation (Song et al, 2021)
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(Song et al,2021)
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Part V: Priors



See blackboard.

31/34



(a) Gaussian prior (b) NF prior (c) Diffused prior

Figure 2. Samples generated by a VAE trained on CelebA for three different prior models. The diffusion prior leads to better sampling
quality than the Gaussian distribution and similar to the NF prior.

Diffusion priors in VAEs (Wehenkel and Louppe, 2021).
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B 2

Reconst.
p(x|zo)

—— < —
Decoder KL(q(zo|x)||p(20)) Latent Space Denoising

Figure 1: In our latent score-based generative model, data is mapped to latent space via encoder gq(zo|x) and a
diffusion process is applied in the latent space (zo — z1). Synthesis starts from the base distribution p(z;) and
generates samples in latent space via denoising (zo <— z1). Then, the samples are mapped from latent to data
space using decoder p(x|zo). The model is trained end-to-end.

LSGM: Latent Score-based Generative Model (Vahdat et al, 2021).



LSGM samples (Vahdat et al, 2021).



The end.
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