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Generative Models

GENERATIVE MODELING

* A generative model tries to learn the joint
probability of the input data and labels

@ & O simultaneously i.e. P(x,y)
g0

« Potential to understand and explain the

e
i underlying structure of the input data even
@ & when there are no labels



Generative Models

+ Ability of the vehicle to perceive, predict, and interact with their
environment in complex and dynamic driving scenarios

« Generation of realistic synthetic data of trajectories and environments
for training and simulations

+ Facilitation of the development, training, and evaluation of autonomous
driving systems

+ Enhancement of vehicle’s safety, efficiency, and reliability on the road



Need for Generative Models

‘ Can simulate possible futures using generative models

‘ Can be used for semi-supervised learning
‘ Can handle multi-modal output-based scenarios

Can handle missing data effectively



Applications

mmad /Mage Generation

e LIDAR Point Cloud Generation

mmmnd  Semantic Segmentation

smml | rajectory Prediction

s Behavioral Cloning

Anomaly Detection

== EnNvironment Simulation




Timeline in 2010s

DCGAN (Deep

Convolutional CycleGAN
Autoencoders & GAN) StyleGAN
VAEs
* Capability of GANs *Image-to-image
. . using convolutional translation tasks * Improvements in

;%arrergggtggg; - IneLéIr_aI ntetw_ork_?_, t without requiring imgge quality and

data leading to significan paired examples, control over the
improvements in the advancing the field style and content of
quality of generated of unsupervised generated images
images learning by using style

transfer techniques

2017
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Generative PixelRNN &

Adversarial . Progressive GANs BigGAN
Networks (GANs) HPEEEL
o Consisting ofa . H|gh_q ua|ity images . Progressive|y o Larger models and
generator and a generated one pixel increases the datasets can
discriminator at a time, using resolution of significantly improve
network that are autoregressive generated images the fidelity and
trained adversarially methods during training, diversity of
leading to higher generated images

quality and stability



Timeline in 2020s

DALL-E 2

VQ-VAE-2 (Vector

Quantized VAE) StyleGAN2 & StyleGAN3

« Combination of VAEs * More advanced

and autorearessive * Improved architecture, c_apabilities i_n generating
models to generate high- enhancing image quality, hlgh-reso!ut_lor_l,
quality images by and addressing artifacts photorealistic images

in the generated images from text prompts

learning discrete latent
representations

Stable Diffusion

* Open-source model that

» Transformer-based » Text-to-image model that cee
model capable of uses diffusign models to tjses d'ﬁ“ts'Ohf! pr:*oceslies
generating images from generate highly detailed 10 ge”e'::'" e t'g t'q“a 157
textual descriptions images from textual Idrgzgﬁsti(r)?\r: a?\)é .
descriptions P

been widely adopted for
various applications



1. Autoencoder-
based

N

2. GAN-based

5. Diffusion-
based

amily Architecture

3.
Autoregression-
based

4. Transformer-

based







Autoencoders

As close as possible
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GANs

Generative Model

A generative model tries
to learn the joint
probability of the input
data and labels
simultaneously i.e. P(x,y)
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Discriminative Model

A discriminative model learns a function
that maps the input data (x) to some
desired output class label (y).

In probabilistic terms, they directly learn the
conditional distribution P(y|x)

DISCRIMINATIVE MODELING




GANs
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How to train GANs
Ehus Minimax Enﬂ

minmax V(D,G) = Eznp. () l0g D(x)| + Eznp, () [l0g(1 — D(G(2)))]

s L

L -

real data fake data
G wowae | N/A D classifies as 0
D moximize ! D classihes as | D classifes as O

» The generator tries to fool the discriminator into thinking the fake images as real.
» The discriminator tries to classify real and fake images correctly.

Training GANs is to find an equilibrium in the game when:
« The generator makes data that looks almost identical to the training data.
« The discriminator can no longer tell the difference between the fake images from the real images.



Evaluating GANs

A good GAN model should have good image quality. To evaluate the GAN model, you can
visually inspect the generated images during training or by inference with the generator
model. For quantitative evaluation, there are 2 popular metrics:

Inception Score, which captures both the quality and diversity of
the generated images

Fréchet Inception Distance which compares the real vs. fake
images and doesn't just evaluate the generated images in isolation




How GANSs are being used

+ Applied for modelling natural images.
+ Performance is good in comparison to other generative models.

« Useful for unsupervised learning tasks.



Variations of GANs

+ X is real image from dataset
« Z is noise vector

+ C is conditional vector (7. a
feature vector derived from an
image that encodes the object

or 2. a set of specific
characteristics we expect from
the image.)
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Pix2Pix

Encoder Generator
Transferred strfed maps
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Pix2Pix Use Cases

Labels to Street Scene Labels to Facade BW to Caolor
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CycleGAN

L2 Loss
Gas Gea

g |

Real Image in domain A Fake Image in domain B \ Reconstructed Image

Gea generates a reconstructed image of domain A.
This makes the shape to be maintained

real or fake ? D ‘_\ when Gas generates a horse image from the zebra.

Discriminator for domain B

Real Image in domain B

home =¥ zchra



CycleGAN Use Cases

Manet 5_> Photos Zebras 7 Horses Summer 7_* Winter

Phaotograph Yan Gogh . Cezanne




DCGAN

The architecture guidelines for stable Deep
Convolutional GANs:

» Replace any pooling layers with strided convolutions
(discriminator) and fractional-strided convolutions
(generator).

* Use batchnorm in both the generator and the
discriminator.

. -
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smiling neutral neutral

 Remove fully connected hidden layers for deeper

woman woman man Sm“lng e arChiteCtU re.
» Use RelLU activation in generator for all layers
~) ) except for the output, which uses Tanh.
This model » Use LeakyRelLU activation in the discriminator for all
implementation layers.
will be your
homework
a )
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Common Failure
Cases

The discriminator becomes too strong too quickly and the generator ends
up not learning anything.

The generator only learns very specific weaknesses of the discriminator.

The generator learns only a very small subset of the true data
distribution.



Optimization Tips

Normalize the inputs

A modified loss function

Use a spherical Z

BatchNorm

Avoid Sparse Gradients: ReLU, MaxPool
Use Soft and Noisy Labels

DCGAN / Hybrid Models

Track failures early (D loss goes to 0: failure mode)

If you have labels, use them

Add noise to inputs, decay over time
23



24




