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Proximity Search in Metric Spaces Using
Approximate K Nearest Neighbor Graph

MASAJIRO TwasAkr'!

Spatial indexing technology is indispensable for efficient retrieval of large
amounts of various data. K-nearest neighbor graph (kNNG), which is one of
the graph-based index structures, is known to significantly reduce the search
time, however, the cost of index construction is very high, while the discon-
nected graph components lead to decrease in the search accuracy. In this paper
we address these issues, and propose a method to efficiently construct an Ap-
proximate k-Nearest Neighbor Graph (ANNG). The proposed method preserves
the graph connectivity by adding nodes incrementally, and uses the partially
constructed index to perform the k-nearest neighbor search during index con-
struction. We experimentally show that the proposed method (ANNG) outper-
forms the existing one (kNNG) on both the uniformly distributed data and the
actual image feature data.
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Fig.1 A voronoi diagram.
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Fig.2 A delaunay graph.
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Algorithm 1 NearestNeighborSearch(G, g, s)
b—s

P — N(G,p)
¢« argmind(z, q)
zeP
if d(c,q) < d(p,q) then
p < NearestNeighborSearch(G, g, ¢)
end if

return p

000000000 0ooOooO0 Vol.3 No.o1l  18-28 (Mar. 2010)

000000000000k 0OD000000OKNNGOOOOODDODO 1000oo00oooag
Algorithm 1 0000000000000 DDODOOOO0OODOOOOODOOODOOOOOO
goooboobooooooobooooooboooooooooooooooOoooooonoa
00000000000000000000000000000 KNNGOANNGODOOO
gobodooboooooobooooobooooo

00000000000 0O0000oOAlgerithm 100000000000000OO
goboooobooobooooooooooooc10boooboOoboboobobooboooooo
OOKNNGOOOOOOOOOODOoooOOoOooooooooooooooooooooo
gotooooooobooboooooooooboooooboOobo0oooobOOooboooooObOoo
obobooooooooobooooooobooboOoobooooobooboooooobo 10000
gooooooooooobooooooobooOoooooooboobcOoboOoboOoobOoooooboo
000000oU0o0o00oU0000o0ooO0oUO0DO0OLUDOOU0OLO »s00 1H)OODOOO
ooo

rs =(1+¢er (1)
goobr0o0b0b00000oboo0obUbUe0ooooooboooobOobObOOOO rsO000O0
000000000000 Algorithm 20000-000000ROOOO0O0OOOOO
cOo0doooOooOoOoO0oO0OooooOoOoOoOoOoOoOooooOoOoOoOoOoOoRrROCOOOOOO

Algorithm 2 RangeSearch(G, q, s, 7, R, C)

rs — (L+e)r
for all p € N(G, s) do
if p ¢ C then
C —Ccuip}
if d(p,q) < r then
R — RU{p}
end if
if d(p,q) < rs then
RangeSearch(G, ¢, p, 7, R, C)
end if
end if

end for
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Algorithm 3 KnnSearch(G, ¢, s,r, ks, R, C)
for all p € N(G, s) do
if p ¢ C then
C—Cu{p}
if d(p,q) < r then
R~ RU{p}
if |R| > ks then
R — R — {argmaxd(z,q)}
end if e
if |R| = ks then
r «— maxzer d(z, q)
end if
end if
rs — (1+¢e)r
if d(p,q) < rs then
KnnSearch(G, ¢,p, r, ks, R, C)
end if
end if

end for
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Fig.3 kNNG.
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Algorithm 4 Create(G, P, k)
for all g € P do

if G =0 then
G —{q}
else

s < Random(G)
s < NearestNeighborSearch(G, g, s)
7+ 00
R~
C—19
KnnSearch(G, ¢, s, k, R, C)
G — GU{q}
N(G,q) — R
for all p € R do
N(G,p) < N(G,p) U {q}
end for
end if

end for
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Fig.4 ANNG.
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Fig.5 Number of dimensions versus number of nearest neighbor search trials for number of edges k

using kNNG.
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Fig.7 Number of distance computations versus recall for number of edges k using kNNG.
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Table 1 Number of distance computations and accuracy of nearest neighbor search for 10
dimensions.
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8 39.1 0.07 61.4 0.08
16 92.4 0.33 151.7 0.53

02 20000000000000000000000
Table 2 Number of distance computations and accuracy of nearest neighbor search for 20
dimensions.
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Fig. 14 Number of distance computations
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Fig. 15 Number of distance computations versus
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Fig.16 Number of distance computations versus recall for k nearest neighbor search.
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Table 3 Number of distance computations and recall for 20 dimensions.
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Table 4 Number of distance computations and recall for 50 dimensions.
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Fig. 17 Number of pivots versus number of distance computations for number of dimensions using
LAESA.
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Fig. 18 Number of distance computations ver-
sus recall for range search using image
features.

Fig.19 Number of distance computations ver-
sus recall for k nearest neighbor search

using image features.
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