
Knowledge Intelligence for Discovery and Decision-making (KIND) Lab

Adv ML for Gen-AI

(Variational) AutoEncoder

https://ml-graph.github.io/spring-2026/

Yu Wang, Ph.D.

Assistant Professor

Department of Computer Science

University of Oregon

Personal: https://yuwang0103.github.io/

Lab: https://kindlab-fly.github.io/

https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://ml-graph.github.io/spring-2026/
https://yuwang0103.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/
https://kindlab-fly.github.io/


KIND
kindlab-fly.github.io 2

Summary

1D Gaussian Distribution 2D Gaussian Distribution

ℝ ℝ2

ℝ256×256
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Summary

Modeling Data Distribution 𝑥𝑖 𝑖=1
𝑁 → 𝑋

𝑥 ∼ 𝑋
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Summary

• Statistical Methods

o Gaussian Estimation (1D or 2D or higher)

o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

• Machine/Deep Learning Methods

o Auto-Encoder (AE)

o Variational AE

o Generative Adversarial Network

We either assume the shape

Or we use assumed shape to

approximate

We do not assume

any prior shape
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Problem so far……

High-Dimensional Data

ℝ1, ℝ2

ℝ256×256
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High-Dimension Data



KIND
kindlab-fly.github.io 7

Observation

A key assumption: high-dimensional data lies on the 

low-dimensional manifold space
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Observation

A key assumption: high-dimensional data lies on the 

low-dimensional manifold space
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𝒘𝟏 = [𝟏, 𝟎]

𝒘𝟐 = [𝟎, 𝟏]
𝒙𝟑 = [𝟑, 𝟒]

𝐜𝐨𝐬𝜃 =
𝑤1
𝑇𝑥3

𝑤1 2 𝑥3 2

𝐜𝐨𝐬𝜃 𝑥3 2 =
𝑤1
𝑇𝑥3

𝑤1 2
= 𝑤1

𝑇𝑥3

PCA - Variance Maximization
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PCA - Variance Maximization

𝐿 𝑤, 𝛼 = 𝑤𝑇𝑆𝑤 + 𝛼 𝑤𝑇𝑤 − 1

∇𝑤𝐿 𝑤, 𝛼 = 2𝑆𝑤 + 2𝛼𝑤 = 0

∇𝑤𝐿 𝑤, 𝛼 = 𝑆𝑤 − 𝜆𝑤 = 0 𝑆𝑤 = 𝜆𝑤

Constrained

Optimization
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PCA - Variance Maximization

𝑆𝑤 = 𝜆𝑤

𝝀𝟏 ≥ 𝝀𝟐 ≥ ⋯ ≥ 𝝀𝑛

𝒘𝟏 ≥ 𝒘𝟐 ≥ ⋯ ≥ 𝒘𝑛

𝒘𝟏
𝑻𝒙𝟏 = 𝝈𝟏

𝒘𝟐
𝑻𝒙𝟏 = 𝝈𝟐

𝒘𝒏
𝑻𝒙𝟏 = 𝝈𝒏

…

𝒘𝟏 = [𝟏, 𝟎]

𝒘𝟐 = [𝟎, 𝟏]
𝒙𝟑 = [𝟑, 𝟒]
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PCA - Variance Maximization
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PCA - Variance Maximization
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PCA - Variance Maximization
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PCA - Variance Maximization
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PCA - Variance Maximization
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PCA to reduce dimension and then GDE/GMM

High-Dimensional Data

ℝ1, ℝ2

ℝ256×256
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PCA to reduce dimension and then GDE/GMM

PCA + GDE/GMM

ℝ1, ℝ2

ℝ256×256

PCA
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PCA to reduce dimension and then GDE/GMM
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PCA to reduce dimension and then GDE/GMM
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Connection between PCA and Reconstruction Loss

Maximize Variance

Minimize Reconstruction Loss
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PCA = Dimension Reduction + Reconstruction

PCA – Reduce Dimension/Reconstruction

GDE/GMM – Latent Distribution Modeling

ℝ1, ℝ2

ℝ256×256

PCA

GenAI
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From PCA to AutoEncoder
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Linear Layer PCA is AutoEncoder
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Linear Layer Autoencoder/PCA is limited

Linear Layer cannot separate Linear Layer cannot separate
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Linear Layer Autoencoder/PCA is limited

PCA Reconstruction

Linear Layer

Nonlinear Manifold
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Nonlinear Layer can bend space

𝑦 = 𝜎(𝑤T𝑥 + 𝒃)
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From PCA to AutoEncoder

Can we add nonlinearity?
Yes, then it becomes

neural network!
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AutoEncoder
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AutoEncoder

Original vs Linear vs Nonlinear
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AutoEncoder + Supervised Classification

Need to estimate the latent distribution post-hoc!
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AutoEncoder + Supervised Classification
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AutoEncoder + Supervised Classification
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Problem of AutoEncoder

How to use AE to do Generation? You might need to estimate latent distribution
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Problem of AutoEncoder
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Motivation of Variational AutoEncoder

AE model latent space point-to-point
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Motivation of Variational AutoEncoder

How about we modeling latent space point-to-distribution?
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Motivation of Variational AutoEncoder

And then we can sample from the latent distribution and regenerate the iimage
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Variational AutoEncoder

For Encoder

Modeling a 

Distribution
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Variational AutoEncoder

For Sampling

Sampling from Latent 

Distribution
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Variational AutoEncoder

Decoding
Decode 
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Variational AutoEncoder

Training Stage

Reconstruction Well

Latent Space can support sampling
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Variational AutoEncoder

Training Stage

Reconstruction Well
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Variational AutoEncoder

Training Stage

Latent Space Support Sampling 
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Variational AutoEncoder

Training Stage
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Variational AutoEncoder

Training Stage
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Variational AutoEncoder

Training Stage
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Variational AutoEncoder

Training Stage
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Variational AutoEncoder
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Variational AutoEncoder vs AE
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QA
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