SVD - Definition

A[mxn] = U[mxr] ) [rxr] (V[nxr])T

A:
m x n matrix (e.g., m documents, n terms)
U:
m x r matrix (m documents, r concepts)
)%

r x r diagonal matrix (strength of each ‘concept’)
(r : rank of the matrix A)

V:

n X r matrix (n terms, r concepts)
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SingularValue Decomposition

A~ UXV! =% 0;u; 0V}

n i
(/ \ ) E/ \
y VT




A~UZV! =% 0u;0V]

Oo,U,Vy

O,U,V,

7] oeoe Scalar
T eee VeCtor
. ... VEctor



SVD - Properties

It is always possible to decompose a real
matrix AintoA=UX V', where
U, 2, V: unique
U, V: column orthonormal
U'U=1I; VTV =] (I. identity matrix)
(Columns are orthogonal unit vectors)
2.: diagonal
Entries (singular values) are positive,
and sorted in decreasing order (6, =2 6,2 ... 20)
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SVD - Example: Users-to-Movies

A =U X V' -example: Users to Movies
S258E
T 11100
[
SciFi 33300
, 44400
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T 020 4 4
Romnc00055 \ \
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“Concepts”
AKA Latent dimensions
AKA Latent factors
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SVD - Example: Users-to-Movies
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SVD - Example: Users-to-Movies

A=U2XV'-example:
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SVD - Interpretation #1

‘movies’, ‘users’ and ‘concepts’:
U: user-to-concept similarity matrix

V: movie-to-concept similarity matrix

2. its diagonal elements:
‘strength’ of each concept
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