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Case study: How to query?

Q: Find users that like ‘Matrix’
A: Map query into a ‘concept space’ — how?
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Case study: How to query?

Compactly, we have:
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Case study: How to query?

How would the user d that rated
(‘Alien’, ‘Serenity’) be handled?
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Case study: How to query?

Observation: User d that rated (‘Alien’,
‘Serenity’) will be similar to user q that
rated (‘Matrix’), although d and q have
zero ratings in common!
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Relation to Eigen-decomposition

A=UZV"!

A=XAXT
A is symmetric
U, V, X are orthonormal (e.g., UTU=I),
A, X are diagonal

AAT=
ATA=VETUT(UZ V)=V ZITVT



Relation to Eigen-decomposition

A=U2 VT Shows how to compute
SVD using eigenvalue
decomposition!
A=XAXT
A is symmetric
U, V, X are orthonormal (e.g., UTU=I),
A, X are diagonal
XA X!
!y

AAT= UE VT(US VT)T= US VT(VSTUT) = USST UT
ATA=V 3T UT(UZ VT) =V ZETVT
X K XT  So, A =o¢;
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SVD: Drawbacks

Optimal low-rank approximation
in terms of Frobenius norm
Interpretability problem:

A singular vector specifies a linear
combination of all input columns or rows

Lack of sparsity:
Singular vectors are dense!
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