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Proximity Search using Approximate K Nearest
Neighbor Graph with a Tree Structured Index

MASAJIRO Twasaki'!

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. In our previous work,
we proposed Approximate k-Nearest Neighbor Graph (ANNG) which uses the
partially constructed index to perform the k-nearest neighbor search during in-
dex construction. However, when ANNG has large number of nodes, the cost of
searching neighbor nodes from the node selected at random is high. In this pa-
per we address this issue, and propose a method that uses tree structured index
to reduce the cost of searching neighbor nodes. We experimentally show that
the proposed method outperforms ANNG on both the uniformly distributed
data and the actual image feature data.

1. 0000

gobobooooooooooboooooooooooboooooooooboOoooooon
goooobooooobooooooooooboooboooooooboooooobooboOogo
goooboboooooooobooooooooboooOooooobooboOoooobooOoooooboo
gboooboooobodooooboooobooodooooboOooobooooOoooboOoDo
uoooooooooboooooooboooooooboOoOoboOoooobOboOoOoboooooDboo
gooooboboooooooboooooooobooboOoooooboooOooboOobocOOoooobooboo
ooboooooooooo

ooooocooooooooooooOoooooOoooobOboOooobOboOoooooo 2
gooooboooooooooooboooooooooooobooboOooooobooOooOooDbon
gooobooooooooooooooooooooooboOooooooOoDbooboOoonn
goooobooooooooboooooooooboooooooboooooobooOoboOooboOoOoo
gooooooooooooooooooboboooooboobooooooobooooooDooo
goooooooooooooooooboooooboobooooooboooDoboooooDooboo
goobooooooooooooooooooboooobobooooboooooooDoo
gooooboooooooboooooobooboooooooooooooooboooDbon
goooooooooooooooooooooobooooooobooooobooboooo
goooooooobooboooooooboooooooobooooboooooboobooooDoboo
goooboboooooooboooboooobooboooobooooooobDboboDObOon
gobodoooooboooooboboooooooooon

gobobooboodooodoooobooboooooooobooooooobooooooboooOoo
000000000 ANNGY 000000 OOOANNGOOOOOOODOOODOOO
oboooodooooobooodoooooboooooooo0ooooobooooooobooboOoo
O0O0OOOANNGOOOOUOODOOOOOOOO0OOOOO0OOO0OO0OOOO0oOoOoOoo
uboooboooobooooobooooboooOoOoOoOoOobOoOoboOobobooOoOoboboOoDo
gooooooooboooboooooooooooboOoboOooooobooOobbooooDObooo
0000000000000 00000ANNGOOOOOODOOOOOOOOOooOoOOO

11 Yahoo! JAPAN OO0
Yahoo! JAPAN Research

(© 2011 Information Processing Society of Japan



818 0O000OO0OO0O0O0COOOO0OO kOOOOOODOOOOOOO

gboboooooooooooboobo
2. 0000

00000000000 00D000000000000000000000000000
00000000000 000000000000000000000000000000
000000000000 D000000000n
0000000000000000000 R-tree?0R*-tree ® Okd-tree ¥ 0 quadtree 0
SS-tree ¥ 0 SS+-tree VO X-tree® 000 DODO0DO0OOODOOOOOODO VA-File”
000000000000 000D0000000000000000000000000
O0D000000Okdtree 0000000000 ANN'Y 0OOOOOOODOO LSH'Y O
00000000000000000000000
0000000000000000000000000000000000000000
0000000000000 000000000000000000000000000
00D000D000000000000000000000 20000 quadratic formd O
0¥ 00000000000000000000000000D00000000 L, 00
000000000000 00000000000000000000000000000
0000000000 L,00000000000000000000000000000
000000000000 00000000000000000000000000000
0000000000000 0000D00000® 0200000000 2000000
000000000000 00000Y oDooooo
000000000000 0000000000000000000000000000
0000000000000 0000000000000000000000000000
000000000000 00000000000000000000000000000
0000000000000 0000000000000000000000000000
0000000000000 00D00D000000000000000000000000
000D00D000000000000000000000000000000000000
000000000000 00000D000000000000
0000000000000 D00000000000000000000000000
000000000000 00000000000000000000000 GH-tree 0
GNAT 90 vp-tree 1”0 mvp-tree O M-tree ' 0000000000000 OOO0ODO
vp-tree 0000000000000 O00000O00O0O0 dvp-tree2? 0000000

00o0oooooog Vol 52 No. 2 817-828 (Feb. 2011)

00000000000 000D000D00D000D0000000000000000000
000000000 AESA?YOLAESA?Y 00000000 DOO0ODODOO
0000000000000000000000000000000000000000
00000000000000000000000000000000000000000
0000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
0000000000000000000000000000000000000000
000000000000 000® 0000000000000000000D000000
0000000000000000
0000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
00000000000000000000000000000000000000000
0000000000000 0000000
0000000000 000000D00000000000D000000000000
O satree?) 0000000000000 DO0OO0DOOOOODOO?® 0000000
0D000kODOODODOODOODOOOODOOO0DO KNNG? 0oooooooo
kKNNGOOOODODOD kO00O0O0O0O0O0OO0OO0OD0OD0OD0D0D0000000000000000
KNNGODOODOODODODOOOOODDO0000O0D000000000000000000
000000000000000000000 KNNGOOODOOOOO0O000000OkNNG
00000000000000000%)® 000000000000000000000
0000000000000000000000000% 00000000000000
00000000000000000000000000000000000000
0000000000000 kKNNGOOOOOOOOOOO ANNGY 000000ANNG
0000000 k000000000000 00000000000000000000
000000000000kD0000000000000000000000000000
0000000000000000000kO0000000000000000000000
OODOANNGOODOOOOODO0OO00O0D000000000000000000000
00000000000000000000000000000000000000000
ANNGO KNNGODOOOO0ODODODDO0000000000000000000000

(© 2011 Information Processing Society of Japan



819 0O00O0OOO0OOO0OCOOOO0OO kOOOOOOOOOOOOO

0000000000000 Algorithm 1 NearestNeighborSearch(G, g, s)
ANNGOOOODOOD 20000000001 0000000000000000O000O00 p<—s

gboooobooboooooboooobooobooooooooooboooboooooono P —N(G,p)
go20000000000000C0000O00000DOOO00O00OOODOO0OOODOOO CHanggDind(:v,q)
gobobooodooooobooloooboooobooooooooboooooooboOooooDooo if d(c, ¢) < d(p, ¢) then
goooobooooooooooooobooboooooobooboooooooooooobooboo p < NearestNeighborSearch(G, g, c)
gooooboooooooooobooooobooboooooooboobocOooooboOoboOobooOobo end if
gooooboooooooooooooocooooobooboOoobooOobo100000OooDOono
goboocooobooooooobooooboobooo

return p

3. ANNGOODOODOO
gooobooooooooooooooobooooooobooooooobooboOooooooo 1

0000000000000 000000O00ANNGOOOODOOD 1000000000
gbooooboooooooooobooooooooooooooOooooboOooooooDo
gobooooooooooooooobooobooooOoOooboooooooboboOobooooboo

gbooooooooboooboboooooooOoo 100000000 bOO00b00O0000
000000000000000000000000000000000% 0000000
001 GUUOOUOUpO GUOUOUON(G,p) 0 GUOOUOOUO pO00O0OO0O0OODOOO

¢00000d(p,q)0 p0g0O00DO0DO0OODND pO N(G,p)00000000D
020000 d(p,q) < d(z,q) D00D0D0ODOOGOOOOODOONOD 20000
d(p,q) < d(z,q) DO0OOD0OO

00 100000000Algorithm 1000000000000 0000OD0OO0OO0O
O00Algorithm 10 GOO0O0OO0¢OO0O00s000000000ODOOOOODDOO
goooooobobobobbooooobbbbboodooooobbooooooonbobbo
gboboob1o00b0boboboooboboobboobobobobooboboboboo
0000000000000000000000000 100000 00000000
000000000000 Oo0oO0ODO0OANNGOOOOODOCO 1000000D0D kOO
O0O0D000O0OAlgorithm 1 00 0000000000000 OOCOOOOOOOOO
gbooobooboooobobobooooboobooboooboooooooobooobUobo
gbobooooooooooo

ANNGOOODDOOODO kOOOOO0O0O 10000000000000000000
gboooooooooboobooobboooboobooboobooboobooboubo
OOODODOOANNGOOOODODODOOOOCOOOOOOOOOoooooooon

ANNGOOOOOOOOODOOOD 100000000000000000 Algorithm 10
goo200000000000D000DO0OO0DbO0ODOODUOODODOODOODOO

00o0oooooog Vol 52 No. 2 817-828 (Feb. 2011)

2000000000000 bOobOO00oO0obobOoobDobDbDOobDobOoobDOoDOob
100dbogoboboooooobobooooooDobooooLDobUo0bobobobo
oo0oo0ooo0ooOoo0oooOoooOooooooooooU0 00 1)ODOOODOO
ggo
rs=(1+¢er (1)
gobbr0bo0bbdoobbdtiegbooobboobboobbbooob o
gbobobobobobobobobooboobobobobobob rsOO0OO0OO
0020000000000 Algorithm 20000-000000R0OO0O0O0OOOO
oo0cUoUdooooooo0ooooooooooDooooooooooooRrROCOoOOO
gbooboooooooo
ANNGO kO0OO0OOODODODOOOO0OO0O kOOODO0DO0D0O0O000000oooooooo
gboobooboobooooboooboobobobooboobooboobobooUubo
gbooobooooboooobooboobboboooooboboobo110boboboooboobo
gboobooooooboooobooooobooboboooboobboobobobobo
goobooOoooOooooooOooU0UobOoboOoOoUobD 1booOoUooDokOoOOoDoo
0000000 Algorithm 300000000k 000O00Random(G) 0 GOOOO
00D 1000000000000 Algorithm 300000000 KnnSearch O0OOkO

(© 2011 Information Processing Society of Japan



820 0OO00OO0OOOOOOCOOOOO0OO kOOOOOODOOOOOOO

Algorithm 2 RangeSearch(G, g, s,r, R, C)

Algorithm 4 KnnSearch(G, g, s, 7, ks, R, C)

rs — (14 €)r
for all p € N(G, s) do
if p ¢ C then
C«— CU{p}
if d(p,q) < r then
R~ RU{p}
end if
if d(p,q) < rs then
RangeSearch(G, ¢,p,r, R, C)
end if
end if

end for

Algorithm 3 AnngKnnSearch(G, g, ks, R)

s < Random(G)

s «— NearestNeighborSearch(G, g, s)
T+ 00

R—10

C—90

KnnSearch(G, g, s, 7, ks, R, C)
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for all p € N(G, s) do
if p ¢ C then
C —Ccu{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 — (L4+¢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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Algorithm 5 AnngCreate(G, P, k)
for all g € P do
if G =0 then
G —{q}
else
AnngKnnSearch(G, ¢, k, R)
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

7
<Ly
4 9
2
%
8 6
O 1 kNNG 0 2 ANNG
Fig.1 kNNG. Fig.2 ANNG.
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Fig.3 Data structure of ANNGT.

04 dvp-treeJOOOOOO
Fig.4 Subspaces of dvp-tree.

gboooooobooobobo 2000000000000 0O000O00O0O0ODOOODOO
goooooooooooooooooooooobooOoboOooooooooOoooooDoobonoo
0000000000000 0O00000000000000 ANNGDO 10000000
goboooooooooooooooboooooboon
ANNGTOOOUOOOOOOOOOOOOODOOOOOO0ooooooooooooo
goboooooboooooobooooboooobooooboooboobobobooooDo
00000000 ANNGOOOODOODOOOOO Algorithm 5 0 AnngKnnSearch O
OO0O0O ANNGTODODDODODDODDDOODODOOOOOOODOOOOOOOOOOOOO
goooooboooooooobooooooobobobo0ooooooooooboooooDobo
OO0 dvptree0OODODOOOOOOOCODOOOOOO0OO0O0O0O0O0OO0OOOOOOOOO
O0000o0oouooooooooooon dvp-treed0O000000O0O0OO

5. 0 Oogno

gobobooooooobooooooooboooooooooboooooooobooooDooon
O00000000000000 kNNGOANNGOANNGTOOOOOOOOOOOOO
bobooboooooboooodoboooooooooobooooOoboUobOoOoboOobOoobo
gooao

gobooobooooooocoobboOooboooobooooOoOOo 1o0bOOoOOODn
oOoooOoooojeol0 0000000000 OO0OU 2000000000 0O00O0OO
L, 000000000000O0O0OOOOOOOOOOOOOOOOOCODODOOODODO
gooooooooooobooooobooobobooooooooooooboobooboOoooonon

(© 2011 Information Processing Society of Japan



8§23 0O00O0OOOOOOOCOOOOO kOOOOOOOOOOOOO

1,22800000000 1000000000000 (2)000000000000000 44y 000000000 .
L, 0000000000000000000000 0000
Lo qgg 000000000 A
d@wﬁzﬁ§2m¢@uw) (2) ooooo (4)
i 51 0000000DOO0O00000000000000

000x0y 000000000020y 00000 20y 000000000000 0000000000000000000000000000000000000000
di(z:,5) 0 i00000000000000w0400000000000000n00 0000000000000000000000000KNNGOO k000000000
00000000000 000000000000000-,000000000000000000000 knOO
dvp-tree 100000000000000000000000000 1000000000 000000000000ANNGD ANNGTOOODOOODOD j0 k00000000 §
0000000000 5000000000000000000000 vantage point 0 0 00000000000000000000000000000 20000000000
0000 400000000000005000000000000000000000 0000000000000 2»00000000000000000000000kNNG
0000000000000 1000000000000000000 2000000000 000D kOOOO0O0 ANNGO ANNGTOOOOOOD /2000000000000
00000 50000000000000000000000 6000000000000 00000000000000000000000000000000000000000
000001000000000000 1,667000000000000000000 50 0000000000000 k04000 ANNGOOO ANNGTOOOO000000
000000000000000000000 500000 3,1250000000000 02000 k0000000000000 ANNGOOO ANNGTOOOO00O
0000000000005000000000000000000000000 5000 00000000000000KNNGOOO0000000000000000000
00000000000000000000000000vp-tree 00000 dvp-tree 0 000000000000000000000000000000 0300000000
00000000000000000000000000000000000000000 ANNGOOO0O000000000000000000000000 ANNGOOOOO0O
00000 50000000000000000020000000000000 8000 0010000 ANNGOOOO000000000000000 kKNNGOO 1.6%0000
0 ANNGD 1000000000000000800000000000000000 000000Y000000 ANNGOOO ANNGTOO0000000000000 200
000000000000000000000 dvp-tree 10000 ANNGOOOODOD 000000 0100000000000000000000000000 1000000
0000 ANNGTOO00000000000000000000000 000000000 50000000 anng000 anngt 000000000000000
0000000 k0000000000000000000000000 500000 N0000000000000000 10000000000000000000000
000000000000k0000000000000002000000000000 000000000000000000000000000000ANNGO00 ANNGT
00000000000 kO0000000020000000000000000000 000000000000000000000000000000ANNGTO00000
000000000000000000000000000000000 k0000000 00000000000000000000
0000000000000 52 00000000000000000
00000000000000000000000000000 10000000000 ANNGOOO ANNGTOOO000000000 k0000000000000000
00000000000000000000000000000000000000000 00000000000000000000000000000000000000000
00000000000000000000000000 ANNGTOO0O000000000000 ANNGOOO ANNGTOO000000000

0000000001 000000000000000000000000ANNGOODO

00o0oooooog Vol 52 No. 2 817-828 (Feb. 2011) (© 2011 Information Processing Society of Japan



824 0O00O0OOOOOOCOOOOOO kOOOOOOCOOOOOOO

1200
1000 P i

800 W ~+-anmng 4
//‘z/(( -m-anng 8
00 —&-anng 16
z —--anngt 4
o EEEEEEREEEEREE g
00 545:515'9"*‘“ -a-aangt 16

e o o0 (30 TSI SO
200 Fopa et ELTLT

IEREET HEIH

IS

0 . . . .
0 20000 40000 60000 80000 100000
REEHHY
05 O00000O0O0O0DOOOOO0OO0 1000000C0000DOOO0OO
Fig.5 Total number of inserted nodes versus number of distance computations of each node
insertion.
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