
where, R =
P

ij θijs
2
ij/
P

ij θij . Viewing sij as weights
in a weighted bipartite graph which satisfy conditions of
Lemma 4, we getX

ij

θijs
2
ij ≤ O(ε log(1/ε)) ,

since ε is the normalized maximum weight matching. Using
m =

P
ij θij < n gives usp2,h+1

≤ c2
1m

ε log(1/ε)
m

log2( m
ε log(1/ε)

)c3h2
2 (log( nm

ε log(1/ε)
)) 2h−4

≤ c2
1ε log(1/ε) log2( n

ε log(1/ε)
)(4c2)3

h2 log( n
ε log(1/ε)

)) 2h−4

= c2
1ε log(1/ε)22h−4c3h2

2 log( n
ε log(1/ε)

)) 2h−2

It follows that c122h−4c3h2
2 ≤ c3h+12

2 for small h and c2 >
c1 and c2 > 4. For the speci�ed values of h, c2 and c1, we
have,

p2,h+1 ≤ c1ε log(1/ε)c3h

2 (log(n/ε)) 2h−2

Thus, we have shown inductively that the bound for p2,h+1

holds given p2,h.

Given the upper and lower bounds for matchin g probabili-
ties, we have for trees of small height, ρ = log 1/p1,h

log 1/p2,h
. Clearly

for small values of h, 1/p2,h is dominated by O(ε log(1/ε)).
This gives us a value of ρ = O( 1−log(1−δ)

log(1/ε)
) which gives us

the following result as a consequence of theorem 1.

Theorem 5. Given a database of N trees, we can con-
struct a data structure of size N1+ρ that can be used to
compute approximate nearest neighbor in time Nρ, where

ρ = O( 1−log(1−δ)
log(1/ε)

). Given a query point whose nearest neigh-

bor is within distance δ, our search algorithm will return
a 1−ε

δ
-approximate nearest neighbor; essentially, our algo-

rithm returns a neighbor of the query point within a distance
at most 1− ε.

Remark 1. In the current definition of Algorithm 2, the
number of min-hash computations at the leaf level becomes
2h for c = 2 because of the recursion. This can be avoided
by using the same set of c min-hashes at each level resulting
in 2h min-hash computations for c = 2 . Under this assump-
tion, the analysis of the lower bound can be easily extended,
while the analysis of the upper bound remains an open ques-
tion.

6. CONCLUSIONS
We analyze sketching algorithms to compute similarities

between trees. Speci�cally, we study our algorithms us-
ing the framework of locality-sensitive hashing introduced
in [10]. This allows us to �nd an approximate nearest neigh-
bor among trees in time Nρ, where N is the size of the
database andδ and 1− ε are well separated upper and lower
bounds of distance in our algorithms.
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