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running time is the above quantity times d, since we need O(d) time to hash a query point
or compute the distance between two points.

We can rewrite (1) as
31

p

4k1
k + q

k
n

2
.

Let k = log(n)/ log(1/q) = log(1/n)/ log(q). Then q
k
n = 1, and

k

31
p

4k

= log(n)
log(1/q)n

log(1/p)/ log(1/q)
.

Consider the exponent log(1/p)/ log(1/q): since p > q, this quantity is less then 1.

Theorem 3.3. One can compute a ‡-approximate nearest neighbor w/r/t Euclidean distance
with high probability in Õ

1
dn

fl(‡)
2

randomized time, where

fl(‡) def= log(1/p)
log(1/q) , p

def= 2
⁄ 1

0
(1 ≠ t)f(t) dt, q = 2

‡

⁄ 1

0
(1 ≠ t)f(t/‡) dt,

and f(t) = e
≠t

2
/2

/
Ô

2fi is the density function of the standard Gaussian.

What is fl(‡)? Ask the computer:
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