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Generative models



Generative models

Informally:

- Generative models can generate new data instances.

- Discriminative models discriminate between different kinds of data
instances.

Formally:

- Generative models capture the joint probability p(X, Y), or just p(X) if
there are no labels.

- Discriminative models capture the conditional probability p(Y|X).

Source: https://developers.google.com/machine-learning/gan/generative


https://developers.google.com/machine-learning/gan/generative

Generative models

- Generative models task is much harder than the discriminative.
- Discriminative models identifies the important places for decision.

- Generative models identifies all the relations between objects in the
true dataset.

- Learning generative models need more information from data and
modified learning process to gather required information.



Generative models - Generative Adversarial Network (GAN)

- GAN is composed of two parts.
- The generator learns how to generate realistic data.

- The discriminator learns to distinguish between fake and real data.

- The generated images are negative examples for the discriminator.

- The discriminator penalizes the generator if it is not able to generate
realistic data.



Generative models - Generative Adversarial Network (GAN)
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Generative models - Generative Adversarial Network (GAN) - Discriminator

- The Discriminator is a classifier.
- The goal is to distinguish between the real and generated data.

- The structure depend on the classified data (CNN, Dense, ...

- The training data comes from:

- Real data - a real world dataset we try to mimic.
- Fake data - data generated by the generator.



Generative models - Generative Adversarial Network (GAN) - Discriminator

- The loss functions are two - the discriminator’s and the generator’s.
- The discriminator’s loss is used only in discriminator training.
- The discriminator classifies fake and real data.

- The discriminator’s loss penalizes discriminator when classifies real
data as fake or fake as real.

- The discriminator updates its weights using back-propagation based
on the discriminator’s loss.



Generative models - Generative Adversarial Network (GAN) - Generator

- The Generator is a networks that generates data that may be classified
as real.

- The Generator is tightly connected to the discriminator.
- The input of the generator is a random vector.

- The input is transformed using the generator network and produces
the output.

- The discriminator classifies the generated data.

- The generator loss penalizes the generator for failing to fool the
discriminator.



Generative models - Generative Adversarial Network (GAN) - Generator

- The generator is directly connected to the output.
- The discriminator network accept the generators output and classify it.

- The resulting loss function back-propagates through discriminator
first.

- Then it back-propagates through the generator and updates the
weight.



Generative models - Generative Adversarial Network (GAN) - Training

- GAN training proceeds in alternating periods:
- 1. The discriminator trains for one or more epochs.
- 2. The generator trains for one or more epochs.

- Repeat steps 1and 2 to continue to train the generator and
discriminator networks.



Generative models - Generative Adversarial Network (GAN) - Training

- The largest problem is the convergence.
- The improving generator leads into failing discriminator.

- Finally, the discriminator has a 50% accuracy.
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Generative models - Generative Adversarial Network (GAN) - Loss functions

- Minmax Loss - maximization of:
Ex [log (D (x))] + E; [log (1 — D (G (2)))]

- D(x) is the discriminator’s estimate - D(G(2)) is the discriminator’s
of the probability that real data estimate of the probability that a
instance x is real. fake instance is real.

- Ex is the expected value over all - E, is the expected value over all
real data instances. random inputs to the generator (in

- G(z) is the generator’s output when effect, the expected value over all
given noise . generated fake instances G(2)).

- The formula derives from the
cross-entropy between the real and
. . . M
generated distributions.



GAN Problems: The Vanishing Gradient

The "Perfect Discriminator” Trap _ .
If the Discriminator becomes too accurate too quickly, it creates a flat loss

landscape for the Generator.

- Standard Minmax loss uses Jensen-Shannon divergence.
- If real and fake distributions don't overlap, the gradient becomes zero.

- The Generator receives no "direction” on how to improve.
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GAN Problems: The Vanishing Gradient

The Solution: Wasserstein Loss (WGAN) _
Instead of simple classification, we measure the Earth Mover’s Distance.

- Intuition: How much "dirt” (probability mass) must be moved to turn the fake
distribution into the real one?

- Benefit: Provides a smooth, continuous gradient even when distributions are
totally separate.

Lwean = Exp, [D(X)] — Exp, [D(X)]
——" ——

Real Score Fake Score
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Generative models - Generative Adversarial Network (GAN) - Problems

- Mode Collapse - the low variance of the produced images.

- If a generator produces an especially plausible output, the generator
may learn to produce only that output.

- In fact, the generator is always trying to find the one output that
seems most plausible to the discriminator.

- Each iteration of generator over-optimizes for a particular
discriminator, and the discriminator never manages to learn its way
out of the trap.

- As a result the generators rotate through a small set of output types.

This form of GAN failure is called mode collapse.
14



Generative models - Generative Adversarial Network (GAN) - Variants

- Deep Convolutional Generative Adversarial Network (DCGAN)

- An extension of the GAN architecture for using deep convolutional neural
networks for both the generator and discriminator models.

- Conditional Generative Adversarial Network (cGAN)

- An extension to the GAN architecture that makes use of information in addition
to the image as input both to the generator and the discriminator models.
- For example, if class labels are available, they can be used as input.
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Generative models - Generative Adversarial Network (GAN) - Variants

- Aucxiliary Classifier Generative Adversarial Network (AC-GAN)
- An extension to the GAN that both changes the generator to be class
conditional as with the cGAN, and adds an additional or auxiliary model to the
discriminator that is trained to reconstruct the class label.

- Information Maximzing Generative Adversarial Network (InfoGAN)
- An extension to the GAN that attempts to structure the input or latent space for
the generator.
- Specifically, the goal is to add specific semantic meaning to the variables in the
latent space.
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Generative models - Generative Adversarial Network (GAN) - Variants

- Stacked Generative Adversarial Network (StackGAN)

- An extension to the GAN to generate images from text using a hierarchical stack
of conditional GAN models.

- The architecture is comprised of a series of text- and image-conditional GAN
models.

- The first level generator (Stage-l GAN) is conditioned on text and generates a
low-resolution image.

- The second level generator (Stage-Il GaN) is conditioned both on the text and
on the low-resolution image output by the first level and outputs a
high-resolution image.



Generative models - Generative Adversarial Network (GAN) - Varian
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Zhang, H., et al. "StackGAN: Text to photo-realistic image synthesis with stacked generative adversarial networks. arXiv e-prints.” arXiv preprint
arXiv:1612.03242 10 (2016).
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Generative models - Generative Adversarial Network (GAN) - Variants

- https://machinelearningmastery.com/
tour-of-generative-adversarial-network-models

- https://www.youtube.com/watch?v=c-NJtV9Jvpo
- https://openai.com/blog/dall-e/
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Generative models - Diffusion Models

The essential idea, inspired by non-equilibrium statistical
physics, is to systematically and slowly destroy structure
in a data distribution through an iterative forward diffu-
sion process. We then learn a reverse diffusion process
that restores structure in data, yielding a highly flexible and
tractable generative model of the data.
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Generative models - Diffusion Models

- Forward diffusion process - a process that is turning image
Into a noise.

- Reverse diffusion process - is supposed to turn that noise
Into the image again.
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Generative models - Diffusion Models - Forward process

- We take input data/image and then destroy its structure using random noise.

q(xelXe—1) = N (e, /T — Bexe—, Bil)
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Generative models - Diffusion Models - Forward process

t=200

Cosine schedule

https://erdem.pl/2023/11/step-by-step-visual-introduction-to-diffusion-models
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Diffusion Models: Noise Schedules

The schedule determines how quickly structure is destroyed in the forward
process.

- Linear Schedule: Adds noise at a constant rate.

- Issue: Data structure often vanishes too quickly (e.g., by t = 500), leaving many
steps with zero useful information.

- Cosine Schedule: A non-linear, "gentler” approach.

- Benefit: Preserves recognizable structure for more steps, providing a better
training signal for the reverse process.

The Trade-off

Choosing the right schedule is critical; if noise is added too fast, the model fails
to learn high-frequency details (textures). If too slow, it fails to learn global
structure (shapes).
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Generative models - Diffusion Models - Reverse process
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Generative models - Diffusion Models - Reverse process

High level visualization of one step from the reverse diffusion process

https://erdem.pl/2023/11/step-by-step-visual-introduction-to-diffusion-models
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Generative models - Diffusion Models - Training

repeat
Xo ~ q(Xo) // select an image from dataset
t ~ Uniform(1,...,T) /] sample time step

e ~N(0,1) // sample the noise from a normal distribution.

> WP S

Take gradient descent step on
Volle — eo(Vaxo + V1 —ae, t)||?

6. until converged
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Efficiency: Latent Diffusion Models (LDM)

- The Problem: High-resolution diffusion in pixel space is extremely slow and
memory-intensive.

- The Solution: Perform the diffusion process in a compressed Latent Space.

1. Perceptual Compression 2. Latent Diffusion '

A Pre-trained Autoencoder (VAE) The U-Net learns to denoise the latent
compresses the image into a code rather than pixels, reducing
lower-dimensional latent computations by 10x to 100 x.

representation.

Pixels (H x W x 3) Z29%%, | gtents (h x w x ¢) 222 penoised Latents 222,

Image
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Beyond Still Images: Video Generation

- Concept: Extending 2D Diffusion (Image) into 3D (Video) by adding a Time
axis.

- The Challenge: Temporal Consistency.

- Spatial-Temporal Attention: The model must ensure that a "cat” in frame 1 is
the same "cat” in frame 60.

- Flow-Based Guidance: Using motion vectors to guide the diffusion process so
movement looks natural rather than "warped.”

Computational Cost . o o
Video generation requires massive VRAM and distributed training across

thousands of GPUs, often utilizing "DiT” (Diffusion Transformers).
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Responsibility: Ethics & Safeguards

As generative models reach "photorealism,” several critical issues arise:

- Deepfakes & Misinformation: The ease of creating "evidence” that never
happened.

- Algorithmic Bias: Models inherit social biases present in the training data
(e.g., gender/racial stereotypes in generated occupations).

- Data Provenance: The debate over training on copyrighted works without
attribution or compensation.

Technical Mitigations

- Watermarking: Embedding invisible digital signatures (like SynthiD).

- RLHF: Reinforcement Learning from Human Feedback to alignh model outputs
with human values.
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The 2026 Standard: Flow Matching (FM)

- The Concept: A framework for training Continuous Normalizing Flows (CNFs)
without complex SDE simulations.
- The Goal: Learn a vector field vy that generates a flow ¢ pushing noise to

data.
Diffusion (The "Old” Way) Flow Matching (The "New” Way)
- Stochastic paths. - Deterministic, straight paths.
- High curvature. - Optimal Transport alignment.
- Needs many sampling steps. - Extremely fast sampling.

The Flow Matching Objective
Lem(8) = EexlVa(x, t) — u ()|

The model vy simply learns to predict the "velocity” u; that points directly toward
the data.
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Generative models - Diffusion Models - Sources

- Introduction to Diffusion Models for Machine
Learninghttps://www.assemblyai.com/blog/
diffusion-models-for-machine-learning-introduction/

- Step by Step visual introduction to Diffusion Models
https://erdem.pl/2023/11/
step-by-step-visual-introduction-to-diffusion-models

- Deep Unsupervised Learning using Nonequilibrium Thermodynamics
https://arxiv.org/abs/1503.03585

- Denoising Diffusion Probabilistic Models
https://arxiv.org/abs/2006.11239

- Diffusion Models: A Comprehensive Survey of Methods and Applications
https://arxiv.org/abs/2209.00796
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Questions?
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