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Distance Matrices Result: Algorithm Method
Let (X, d) be a metric space b Input: distance matrix A € R™", k, and € > 0. Theorem (Frieze, Kannan, Vempala 2004): For any matrix,
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Triangle inequality ® Thus for distance matrices, our goal is, for all x € X:
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Optimal Additional Estimate HAx:: Hz ZLV d(x' y)

Distance matrix: (SVD) error orror
Aij — d(xl,x]) . i | d tical Our method:
o 'MpIE and practica * Pick Z~X uniformly at random
Many applications: Prior work [BW18]: O(n1*Y) - poly(k, e~1). « Estimate each distance by the detour through Z:

E.g. image learning, image

2 ~ 2 2
understanding, protein structure d(x: y) ~ d(x» Z) T d(Z: Y)

onalysis, see survey: [DPRVLS) Result: Lower Bound + Thus, ¥, d(x,y)? = n-d(x,2)* + X, d(Z,y)’

Low-Rank Approximation Tight query complexity: o« P o
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Input: 4 € R™™ integer 0 < k < 1 Our algorithm reads O (nke™ ") entries of A. ‘ ‘. @
. . . . Theorem: Any algorithm with the same ~
Output: Rank-k approximation of A: suarantee must read Q(nke~1) entries of A. This involves only distances from Z -- hence, 0(n) time.

U, V' € R"™* suchthat A = UV . . . .
Experiment: MNIST with Euclidean Distance

Why? Matrices are space and time intensive

Method Comments Analytic Time Empirical Time
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