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Goal: Express A as a product of matrices C,U,R
Make IA - C-U-Rll; small
“Constraints” on C and R:
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CUR: Provably good approx. to SVD

Let:
A, be the “best” rank k approximation
to A (that is, A, is SVD of A)

Theorem [Viahoney & Drineas]
CUR in O(m-n) time achieves

IA-CURI; < IA-A ¢ + €l Al
with probability at least 1-9, by picking

columns, and
rows In practice:
Pick 4k cols/rows




CUR: How 1t Works

Sampling columns (similarly for rows):
ColumnSelect algorithm:
Input: matnix A € R"*" sample size ¢
Output: C; € R"*°

l.torc =1:n [column distribution]

2. Pla) =3 Alx)/ D i Al(i,j)

3.fore=1:¢c  [sample columns]

4. Pickj€1:n based on dlStIlbllthIl P
5

Compute C,(:, 7 7)/\/cP(J

()

Note this is a randomized algorithm, same
column can be sampled more than once
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Computing U

Let W be the “intersection” of sampled
columns C and rows R

Let SVD of W=XZY'
Then: U=W*=YZ* X'

Z": reciprocals of non-zero
singular values: Z*. =1/ Z..

+ 3 “ : ” Why pseudoinverse works?
W is the “pseudoinverse W o X 2 thor WA = X1 2.1 4
Due to orthonomality
W R X-1=XT and Y-1=YT
A N Since Z is diagonal Z-1=1/Z;
\ Thus, if W is non-singular,

pseudoinverse is the true

U=Wt+ inverse

U
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CUR: Provably good approx. to SVD

For example:

Selectc = O (k Tf k) columns of A using
ColumnSelect algorithm

Selectr = O (k I:f k) rows of A using
ColumnSelect algorithm

SetU=WT

Then: |4 — CUR|p = (2+¢€) |4 — Axllf
with probability 98%
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