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Deep Generative Models

• Learning probability distributions on data using Deep Neural Networks.
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Implicitly Explicitly

Generative Adversarial Networks (GANs [1]) Variational Autoencoders (VAEs [2])
Denoising Diffusion Probabilistic Models (DDPMs [3])

Score-based models [4]
Energy-based models [5]

<latexit sha1_base64="OPbAfHsJP7yzI6SwGyMcRNNeWUc="></latexit>

log p(x) = log

Z
p(x, z)dz � Eq(z|x)[log p(x|z)]�KL(q(z|x)||p(z))

[1] (Goodfellow et al., 2014) [2] (Kingma et al., 2014) [3] (Ho et al., 2020) [4] (Song et al., 2019) [5] (Lecun et al., 2006)



Discretization of data

• We typically deal with discretized versions of data that are continuous in 
nature.
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3D shapes

Polar data

2D Images

Signals

Audios

Videos

Motion sequences

Temporal Spatio-temporalSpatial



• DNNs are tailored to the data nature. 

NNs to exploit discretized data
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Temporal Spatio-temporalSpatial

CNNs, Vision Transformers RNNs, Transformers CNNs, RNNs, Transformers

[6] (Simonyan et al., 2014)

[6]

[7]

[7] (Dosovitskiy et al., 2020) [8] (Hochreiter et al., 1997)

[8]

[9]

[9] (Vaswani et al., 2017)



Real data is continuous in nature

• What if we approximate the underlying continuous functions?
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f : R2 ! R3, f(x1, x2) = (r, g, b)

<latexit sha1_base64="3lz2CWeiTpzuwnqkwAh6nlBauR8="></latexit>

f : R3 ! {0, 1}, f(x1, x2, x3) = p
<latexit sha1_base64="VvOOhmHC4R5ladVjBxsIldgmcL0="></latexit>

f : R3 ! R3, f(x1, x2, t) = (r, g, b)

<latexit sha1_base64="gmEcNpQGrn4dKjPBx3exnLZWFWA="></latexit>

f : R2 ! R, f(',�) = T



Real data is continuous in nature

• Learning the distribution of a function allows for naturally handling:

• We can use the same neural architecture independently of the data nature.

• Information to store will be independent of the data size.
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Conditional generation

Super-resolution

Inpainting

Outpainting



Implicit Neural Representations

• INRs [10-12] can approximate these functions.
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Y (i) =
n
y(i)
d

oD

d=1

How to efficiently learn unique 
INRs per datapoint? 

DGM that generate weights!

[10] (Sitzmann et al., 2020) [11] (Mescheder et al., 2019) [12] (Stanley et al., 2007)



Our proposed method

• Every set of weights and biases, 𝜃! , comes from a reduced 
latent representation 𝒛.

• A hypernetwork [13] converts 𝒛 into weights and biases.
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g�(z)

[13] (Ha et al., 2017)



Our proposed method

• To learn the parameters of our model, we opt by using Amortized 
Variational Inference, and optimize the following ELBO.
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Eq�(z|Y ,X) [log p✓(Y |X, z)]�DKL (q� (z|Y ,X) kp (z))

Point Convolutional encoder [14]

[14] (Wu et al., 2019)
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• We incorporate a Mixture of HyperGenerators for increased flexibility.

Our proposed method
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Our proposed method

• We incorporate a Mixture of HyperGenerators for increased flexibility.
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Our proposed method

• To alleviate the holes problem, similarly like
Latent Diffusion models [15], we learn the prior
as a planar Flow [16].
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[15] (Rombach et al., 2022) [16] (Rezende et al., 2015)



Results
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• We achieve comparable sampling quality and diversity wrt baselines.

[17]
[18]

[17] (Dupont et al., 2022a) [18] (Dupont et al., 2022b)



• We naturally generate samples with any desired resolution.

Results
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Results

16

• Our method allows for efficient conditional generation via inference.



• Our method allows for efficient conditional generation via inference.

Results
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• We achieve a 7-11 times faster inference than the alternative!

Results
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Conclusion

• Thanks to learning distributions of functions, our proposed VAMoH
can:

• “Sample” neural networks for generating new data.

• Infer the latent representation of a neural network for conditionally generating 
data.

• Use the same neural architecture independently of the nature of the data.

• Easily perform the conditional generation at any desired resolution, while being:
ü Robust to partially observed data.

ü Expressive for generating high-quality data.

ü Efficient in terms of inference.
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