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Data Distribution

Dog

Cat
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Data Distribution

Dog – P(Dog) Cat – P(Cat)

1. There is no concrete image/shape of the dog, everyone can come up with one of your own choice

2. But somehow dog and cat image distributions are different

When you draw an image, you are actually

sampling from a probability distribution!
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Data Distribution

1D Gaussian Distribution 2D Gaussian Distribution

ℝ ℝ2

ℝ256×256ℝ256×256
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Gaussian Distribution
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Estimating Data Distribution and Sampling from it

Estimate Data Distribution
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Goal of Generative Learning

Probability distribution of the objective based on the observed data

• Machine Learning Methods

o Gaussian Kernel Density Estimation

o Gaussian Mixture Models

• Deep Learning Methods

o Auto-Encoder (AE)

o Variational AE (VAE)

o Generative Adversarial Network

o Diffusion Model

𝑃(𝑥) 𝑥𝑥𝑖 𝑖=1
𝑁

Good DataGood Model

Using existing function to estimate what you do

not know that can best fit your observation

Using learnable function to estimate what you do

not know that can best fit your observation
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Gaussian Kernel Density Estimation

what you know

Estimate what you do not know

Using existing function to estimate what you do not know that can best fit your observation
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Gaussian Kernel Density Estimation

What you know is Gaussian

What you observe is a set of i.i.d samples

from a Gaussian

𝑥𝑖|𝑥𝑖 ∼ 𝑃𝑑 𝑖=1
𝑁

How can we estimate the gaussian distribution?

What is 𝜇, 𝜎 ?

Using existing function to estimate what you do not know that can best fit your observation
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Gaussian Kernel Density Estimation

𝑥𝑖|𝑥𝑖 ∼ 𝑃𝑑 𝑖=1
𝑁

What is 𝜇, 𝜎 ?

Using existing function to estimate what you do not know that can best fit your observation
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Gaussian Kernel Density Estimation

𝑥𝑖|𝑥𝑖 ∼ 𝑃𝑑 𝑖=1
𝑁

What is 𝜇, 𝜎 ?

Using existing function to estimate what you do not know that can best fit your observation
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Gaussian Kernel Density Estimation

𝑥𝑖|𝑥𝑖 ∼ 𝑃𝑑 𝑖=1
𝑁

What is 𝜇, 𝜎 ?

Gaussian Kernel Density Estimation
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Gaussian Kernel Density Estimation – Why it works?

Maximize Log-Likelihood of parametric distribution = Minimize KL Divergence

between the data distribution and the parametric data distribution
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1D Gaussian Distribution

Gaussian PDF

Sample from 

one Gaussian
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1D Gaussian Distribution
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1D Gaussian Distribution Estimation
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What if our data does not follow standard gaussian bell shape

Two Spike shaped Data does not align with Bell-shaped Gaussian

Instead of Assuming a fixed shape – parametric, why not non-parametric?
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Data Decode Probability Mass
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Data Decode Probability Mass – Dirac Distribution
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Data Decode Probability Mass – Soft Dirac Distribution
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Non-Parametric Distribution

Parametric vs Non-Parametric
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From Raw Data to Dirac to Gaussian Kernal Density

𝑥 = 𝑥𝑖 , 𝛿 = 1
𝑥 ≠ 𝑥𝑖 , 𝛿 = 0



KIND
kindlab-fly.github.io 23

From Raw Data to Dirac to Gaussian Kernal Density
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From Raw Data to Dirac to Gaussian Kernal Density



KIND
kindlab-fly.github.io 25

Maximum Likelihood of Gaussian Kernal Density

what you

know

Estimate what you

do not know

How about we do the same thing 

for Gaussian Kernal Density?
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Maximum Likelihood of Gaussian Kernal Density

what you

know

Estimate what you

do not know
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Leave one out Estimation of Gaussian Kernal Density

what you know

Estimate what you

do not know
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But what if our given data points are two dimensions?
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2D Gaussian Distribution
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2D Gaussian Distribution
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2D Gaussian Distribution
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2D Gaussian Distribution Estimation
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Application – Single Digit Generation

Dataset: 14780 images (6903 zeros, 7877 ones) ℝ28×28

If we directly consider a 784 Dimensional Gaussian:

• Too expensive

• Curse of Dimensionality
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Application – Single Digit Generation

Dataset: 14780 images (6903 zeros, 7877 ones) ℝ28×28
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Application – Single Digit Generation

Dataset: 14780 images (6903 zeros, 7877 ones) ℝ28×28

Most of the variation lives in a much lower-dimensional space.

 
We use PCA to compress each image to 2 numbers, fit a 2D KDE over that 

compressed space, sample from it, then uncompress back to pixels.
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Application – Single Digit Generation

Dataset: 14780 images (6903 zeros, 7877 ones) ℝ28×28
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Application – Single Digit Generation
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Application – Single Digit Generation
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Application – Single Digit Generation

Given a fixed mean and std, what is the 

likelihood of observing such instance?

High Likelihood – Normal

Low Likelihood - Abnormal
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QA
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