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Principal Component Analysis



Applications

• Image Compression: Represent images (or patches) in a lower-dimensional basis (keeping dominant principal 
components)


• Visualization of High-Dimensional Data: Project e.g. gene expression data, text embeddings, customer features into 
2–3 dims for human interpretation


• Population Genetics: Identify population structure, genetic ancestry, subpopulation clusters


• Finance: Reduce dimensionality of many stock returns, risk factors, interest rates, or yield curves


• Manufacturing & Industrial Process Monitoring: Monitor multivariate sensor data over time (temperature, pressure, 
vibration, etc.)


• Healthcare: Reduce gene expression, medical features, or patient record dimensions


• Marketing: From many features (demographics, purchase behavior), find fewer latent “preference axes”


• Background Modeling in Video: Reduce video into temporal and spatial modes


• Physical modeling: Find main spatial and temporal models of a continuous fluid/material 
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Maximize Variance of Projections
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s.t. ∥u∥2 = 1

Covariance  
Matrix

L(u, λ) = uTΣu − λ(uTu − 1)Lagrange 
Multipliers

∂L
∂u

= 2Σu − 2λu = 0

Σu = λumax
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uTΣu
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Principal Component Analysis
To Maximize Variance of Projections

∑k
i=1 λi

∑d
i=1 λi

× 100

Percentage of  
Variance Preserved

Σu = λu
Solve

x ∈ Rd

Σ ∈ ℝd×d

Eigenvalue problem
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What are the dimensions of ,  and  in this case?x Σ u



U

u1 u2 u3 …

σ1σ2

σd0
0….

Ξ

Principal Component Analysis
Typically, eigenvalues and eigenvectors 

Σv = λv
Solve

X = UΞV⊤

Solve
More efficient

Singular Value Decomposition
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“Eigen-faces”

A Dataset of Faces


