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Algorithm 1: Eigenvalue Iteration

Input: Symmetric matrix A, tolerance

Output: Eigenvalues of A

1 Initialize B = A,

2 Sum_squares = » .

2.
i)

3 while sum_ squares > ¢ do

4 Find the largest off-diagonal element a,, in absolute value;
5 5 = %;
6 if s # 0 then
7 ‘ t= —_Si{m;
8 else
9 ‘ t=1;
10 end
11 | 0 =cos}( 11+t2);
12 ¢ = cos(0);
13 d = sin(0);
14 Update elements of B according to: for i # p,q do
15 bip = bpi = cay; — dag;
16 big = by = day; + cag;
17 end
18 bpp = app — tapg;
19 bgg = Qqq + tapg;
20 bpg = bgp = 0;
21 A= B;
22 Recalculate sum_squares = >, ay;;
23 end
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Algorithm 2: Eigenvector Calculation

Input: Rotation angle @, pivot indices p, ¢
Output: Eigenvector matrix V'

1 Initialize V' as the identity matrix;

2 while sum_ squares > ¢ do

3 | ...

4 fori=1tondo

5 for j =1 tondo

6 if i = j and i # p,q then

7 gij = 1;

8 else

9 if © =p and j = q then

10 gi; = sin(0);

11 else

12 if i =q and j = p then

13 gij = —sin(0);

14 else

15 ifi=pandj=pori=qandj=qthen

16 ‘ gi; = cos(6);

17 else

18 ‘ 9i; = 0;

19 end

20 end

21 end

22 end

23 end

24 end
25 Update V =V x G;

26 | Recalculate sum_squares = 3., a7

ij)

27 end
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Algorithm 3: Gaussian Elimination for Solving AX = A X

1

2

3

4

5

Input: Matrix A, eigenvalue A
Output: Eigenvector X corresponding to A
Construct matrix B = A — \I;

Augment B with zero vector on the right to form the augmented matrix [B|O} ;
Use Gaussian elimination to row reduce the augmented matrix to row-echelon form;

Extract the solutions X from the row-echelon form of the augmented matrix;

Normalize the eigenvector X to obtain a unit vector (if desired);

Algorithm 4: SVD Decomposition using Jacobi Method

10

Input: Matrix A of size m x n

Output: Matrices U, 3, V' for SVD decomposition of A

// Step 1: Compute AAT eigenvalues and eigenvectors
Compute C = AAT;

Use Jacobi method to compute eigenvalues i, o, ..., A, of C;

Sort eigenvalues ); in descending order;

Compute eigenvector matrix U corresponding to the eigenvalues of C
// Step 2: Compute ATA eigenvalues and eigenvectors
Compute D = AT A:

Use Jacobi method to compute eigenvalues py, pto, . .., p, of D;

Sort eigenvalues p; in descending order;

Compute eigenvector matrix V' corresponding to the eigenvalues of D
// Step 3: Compute X

Initialize 3 as a diagonal matrix of size m X n;

Set ¥y = /A for i =1,2,...,n (assuming m > n);
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Algorithm 5: PCA Dimensionality Reduction using Jacobi Method
Input: File containing Iris dataset

Output: Projected data onto the principal components
// Step 1: Read data from file
1 Read Iris dataset from file into matrix X;
// Step 2: Select the first four dimensions
2 Extract the first four dimensions of X to form matrix X
// Step 3: Center and transpose matrix X
3 Center matrix X and transpose to obtain a 4 x 150 matrix X;
// Step 4: Compute the covariance matrix
4 Compute the covariance matrix C = %X X7, where m is the number of samples;
// Step 5: Use Jacobi method to find eigenvalues and eigenvectors
5 Use Jacobi method to compute eigenvalues and eigenvectors of C'
// Step 6: Select the top two eigenvectors
6 Select the eigenvectors corresponding to the largest eigenvalues as the principal
components;
// Step 7: Project the original data onto the principal component
subspace
7 Project the original data X onto the subspace spanned by the selected principal

components;
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