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• Data Visualization
• Data Compression
• Noise Reduction
• Data Classification
• Trend Analysis
• Factor Analysis



Example
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• Given 53 blood and urine samples (features) from 65 people.

• How can we visualize the measurements?
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11

Matrix format (65x53)

Difficult to see the correlations between the features...

H-WBC H-RBC H-Hgb H-Hct H-MCV H-MCH H-MCHCH-MCHC

A1 8.0000 4.8200 14.1000 41.0000 85.0000 29.0000 34.0000 

A2 7.3000 5.0200 14.7000 43.0000 86.0000 29.0000 34.0000 

A3 4.3000 4.4800 14.1000 41.0000 91.0000 32.0000 35.0000 

A4 7.5000 4.4700 14.9000 45.0000 101.0000 33.0000 33.0000 

A5 7.3000 5.5200 15.4000 46.0000 84.0000 28.0000 33.0000 

A6 6.9000 4.8600 16.0000 47.0000 97.0000 33.0000 34.0000 

A7 7.8000 4.6800 14.7000 43.0000 92.0000 31.0000 34.0000 

A8 8.6000 4.8200 15.8000 42.0000 88.0000 33.0000 37.0000 

A9 5.1000 4.7100 14.0000 43.0000 92.0000 30.0000 32.0000 
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Spectral format (65 pictures, one for each person)

Difficult to compare the different patients...
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Spectral format (53 pictures, one for each feature)

Difficult to see the correlations between the features...
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Solution
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• Is there a representation better than the coordinate axes?

• Is it really necessary to show all the 53 dimensions?
• … what if there are strong correlations between the features?

• How could we find the smallest subspace of the 53-D space that  keeps the most 
information about the original data?

• A solution: Principal Component Analysis



PCA
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• Orthogonal projection of data onto lower-dimension linear space that...
• maximizes variance of projected data (purple line)

• minimizes mean squared distance between 
• data point and 
• projections (sum of blue lines)



PCA
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• Idea: 
• Given data points in a d-dimensional space, project into lower dimensional space 

while preserving as much information as possible
• Eg, find best planar approximation to 3D data
• Eg, find best 12-D approximation to 104-D data

• In particular, choose projection that minimizes squared error in reconstructing 
original data



PCA
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• Vectors originating from the center of mass

• Principal component #1 points in the direction of the largest variance.

• Each subsequent principal component…
• is orthogonal to the previous ones, and 
• points in the directions of the largest variance of the residual subspace
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Calculations
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To find           first note that  

where 

is the covariance matrix.  
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Calculations
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To find       that  maximizes                subject to

Let λ be a Lagrange multiplier

is an eigenvector of  S

corresponding to the largest eigenvalue

therefore
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Calculations
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We find that          is also an eigenvector of  S  

whose eigenvalue                  is the second largest.             

In general  

• The kth largest eigenvalue of  S  is the variance of the kth PC.

• The kth PC          retains the kth greatest fraction of the variation 
in the sample.
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• Main steps for computing PCs

• Form the covariance matrix S.

• Compute its eigenvectors:

• The first p eigenvectors                form the p PCs.

• The transformation G consists of the p PCs:
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Python Example
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https://jakevdp.github.io/PythonDataScienceHandbook/05.09-principal-
component-analysis.html



Ensemble Models
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Adopted from Piyush Rai
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Random Forests
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Boosting
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Reinforcement Learning
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Adopted from Fei-Fei Li, Justin Johnson, Serena Yeung
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Passive vs Active Learning
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• Passive learning
• The agent imply watches the world 

going by and tries to learn the 
utilities of being in various states

• Active learning
• The agent not simply watches, but 

also acts 



Passive Learning
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Markov Decision Process
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Markov Decision Process
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Optimal Policy
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Value Function
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Q-function
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Policy Iteration Algorithm
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Exploration - Exploitation
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Exploration of unknown states and actions to gather new information 

Exploitation of learned states and actions to maximize  the cumulative 

reward

 ε-greedy search:

Explore – with probability ε choose uniformly one action among 

all possible actions.

Exploit – with probability 1-ε choose the best action.

Start with a high ε and gradually decrease it in order initiate exploitation 

once enough exploration. 



Probabilistic Search
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Move from exploration to exploitation using
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Deep Q-learning
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Deep Q-learning
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Swarm Intelligence
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Adopted from Thiemo Krink
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Artificial Networks
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Evolutionary Computation
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Characteristics of Self-Organization
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Termites Simulation 
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Termites Simulation 
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Honey Bees Nest Building
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