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Data Distribution

Dog

Cat



KIND
kindlab-fly.github.io 3

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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Estimating Data Distribution and Sampling from it

Estimate Data Distribution
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Outline

• Foundation of Gen-ML
• Distribution

• Estimation and Sampling

• 1 Dimension Gaussian Generation
• Gaussian Distribution

• Likelihood Function

• Maximum Likelihood Optimization (Theoretical/Computational Solution)

• Gaussian Kernal Density Estimation
• Parametric vs Nonparametric Distribution

• Dirac to Gaussian

• Maximum Likelihood Optimization on Gaussian KDE

• Leave-one-out Estimation on Gaussian KDE

• 2D Dimension Gaussian Generation
• PDF and Sampling

• Maximum Likelihood Optimization

• Application to Digit Image Generation
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1D Gaussian 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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1D Gaussian 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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1D Gaussian Estimation
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1D Gaussian Estimation
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Problem with only using 1D 1 Gaussian

If using one existing function to estimate is not enough, then let’s try more!
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Outline

• Foundation of Gen-ML
• Distribution

• Estimation and Sampling

• 1 Dimension Gaussian Generation
• Gaussian Distribution

• Likelihood Function

• Maximum Likelihood Optimization (Theoretical/Computational Solution)

• Gaussian Kernal Density Estimation
• Parametric vs Nonparametric Distribution

• Dirac to Gaussian

• Maximum Likelihood Optimization on Gaussian KDE

• Leave-one-out Estimation on Gaussian KDE

• Gaussian Mixture Model (GMM)
• PDF and Format

• Sampling from GMM

• Gradient Descent and E-M Algorithm
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Gaussian KDE

𝑥 = 𝑥𝑖 , 𝛿 = 1
𝑥 ≠ 𝑥𝑖 , 𝛿 = 0
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Gaussian KDE – Maximum Likelihood
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Gaussian KDE – Parametric vs Non-parametric

Parametric vs Non-Parametric
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Gaussian Mixture Models - PDF
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Gaussian Mixture Models – Sampling/Generation
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Gaussian Mixture Models – Sampling/Generation
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Gaussian Mixture Models – Estimation
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Estimating GMM using Maximum Likelihood with Gradient descent

We can use gradient descent
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Estimating GMM using Maximum Likelihood with Gradient descent
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Estimating GMM using Maximum Likelihood – Theoretical Sol?

𝑥𝑖|𝑥𝑖 ∼ 𝑃𝑑 𝑖=1
𝑁

What is 𝜇, 𝜎 ?

Gaussian Kernel Density Estimation
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Estimating GMM using Maximum Likelihood – Theoretical Sol?

1D Gaussian 1D GMM
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Estimating GMM using Maximum Likelihood – Theoretical Sol?

Different parameters they are coupled together

1D Gaussian 1D GMM
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Estimating GMM using Maximum Likelihood – Theoretical Sol?

Once we introduce z, different parameters are decoupled
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Estimating GMM using Maximum Likelihood – Theoretical Sol?

Once we introduce z, different parameters are decoupled
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Estimating GMM using Maximum Likelihood – EM Algorithm

𝒛𝑖𝑘 : 𝒉𝒐𝒘 𝒎𝒖𝒄𝒉 𝒄𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏 𝒅𝒐𝒆𝒔 𝒌𝒕𝒉 𝒈𝒂𝒖𝒔𝒔𝒊𝒂𝒏 𝒓𝒆𝒑𝒓𝒆𝒔𝒆𝒏𝒕 𝒕𝒐 𝒊𝒕𝒉 𝒅𝒂𝒕𝒂?

E - Step
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Estimating GMM using Maximum Likelihood – EM Algorithm

𝒛𝑖𝑘 : 𝒉𝒐𝒘 𝒎𝒖𝒄𝒉 𝒄𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏 𝒅𝒐𝒆𝒔 𝒌𝒕𝒉 𝒈𝒂𝒖𝒔𝒔𝒊𝒂𝒏 𝒓𝒆𝒑𝒓𝒆𝒔𝒆𝒏𝒕 𝒕𝒐 𝒊𝒕𝒉 𝒅𝒂𝒕𝒂?

M - Step
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Estimating GMM using Maximum Likelihood – EM Algorithm

𝒛𝑖𝑘 : 𝒉𝒐𝒘 𝒎𝒖𝒄𝒉 𝒄𝒐𝒏𝒕𝒓𝒊𝒃𝒖𝒕𝒊𝒐𝒏 𝒅𝒐𝒆𝒔 𝒌𝒕𝒉 𝒈𝒂𝒖𝒔𝒔𝒊𝒂𝒏 𝒓𝒆𝒑𝒓𝒆𝒔𝒆𝒏𝒕 𝒕𝒐 𝒊𝒕𝒉 𝒅𝒂𝒕𝒂?

M - Step
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Estimating GMM using Maximum Likelihood – EM Algorithm
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Estimating GMM using Maximum Likelihood – EM Algorithm
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Estimating GMM using Maximum Likelihood – EM Algorithm
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QA
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