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Algorithm 1: GREEDY-AkANN-SEARCH
Input: X, a proximity graph, g, k, €, and a start point s

1 Xyisit < 8

2 C « (s,dist(s,q)) (C is sorted by dist(-,q))
3 Q+ C, 7+ oc©

4 while Q + @ do

5 (z,-) < the top of @
6 Pop (z,-) from Q
7 for each (z,2') € E(z) s.t. ' ¢ Xyisit do
8 KXoisit < Xopisit U {:L‘/}
9 T < the € k-th distance in C
10 if dist(z’,q) < 7 then
11 Add (z/,dist(z’,q)) into C and remove the last
one from C
12 Q <« QU (a/ dist(x',q))
13 Sort @ by dist(-,q)

14 S’ « the first k points in C

15 return S’
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Algorithm 2: PRE-PROCESSING OF LGTM

Algorithm 4: QUERY-PROCESSING OF LGTM

Input: X, L, and m
/* Hash table construction */
for each z € X do
3 for each i € [1,L] do
Maintain z in the bucket with
Gi(z) = (hi1 (), ..., him(x))
for each i € [1,L] do
for each bucket in the i-th hash table do
L Sample O(1) points in this bucket

Remove not sampled points from this bucket

[

M

w N o o

©

/* Undirected AKNNG construction */
10 Run NNDESCENT [13] on X

11 Convert each directed edge into undirected one

Algorithm 3: QUERY-PROCESSING OF LGTM (a sin-
gle hash table case)
Input: X, g, k, €, a hash table, and an AKNNG
1 s < the nearest neighbor of ¢ in the bucket with G(q)
2 Run Algorithm 1
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Input: X, g, k, €, t hash tables (¢ is the number of
available threads), and an AKNNG
1 Prepare ¢t copies of q, q1, ..., gt
2 Run Algorithm 3 for q1, ..., ¢¢ in parallel
3 Merge the AkKNN results of g1, ..., gt
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T2, ZOAHKEICED, kDEL DALY Fo3bhiuL, HEZE
KTFEE35Z L% Recall Z[H] L TE 3,
EHONYY1T7F—TIERWBREBE. ¢t ZHHWaER AL v
F¥ &322 (RIMBICBIZ LEZ L2t ET3), IZLDICY
Y ¢G5z E, tlDqDat—q,..,q¢ 2E3. X
IZ, 7XV@avr—Ttic7raY XL 3 2AHNCHETT B,
IIT, ENFNDAE— g IR LTGi(-) 29 2 L ichER
T3, Z3UTkD, Bz nyrar—7 A siimdiGon
3. R, %3aE—D AEKNN 2#<v—Y LT, AKNN 253,
BREHEE. v a7/ y MIEBED /) — ¥
ZRMLCW2 720, HBAIZO001) THend. N, 271
DA — g CHLTEFLETAIY ZL 1 OHTQ ICE
MLz —F#Ed%, 72)0a—R@HsREsnsgk
&, TAITY XL 4 ORFAFE R IE O(max; ¢1,4 Ni - deg) =
O(max; c1,4) Ni) TH 5,

5 % Bz

AETIE, BEFEROFEERZ R T, £2THFIZ, Ubuntu
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RAM %58 L 7235 L ofTo 7.

5.1 % E
F=AEY bk RO=ZODF—=%+t v b ZEBRICH,

e SIFT?: 128 XJG, 1,000,000 fild SIFT K itb -,

e GIST : 960 &JL, 1,000,000 fHlD GIST Ff il 7~

e  Deep|7] : 96 KJG, 10,000,000 fE D Deep Fifi.
JXYWIEFET =Yy MCHBEIN TR DRV
(SIFT ¥ & O GIST % 10,000 fil, Deep % 1,000 ffl) . AFET
AR B EERFERIY, 2TO7 1) 2T L EBOEIETH 3,
FHEULZILTV XL, RO7ILY) XL %L 72

o LGTM: AfTIRETZ 7)Y XA, LGTM @ LSH
1%, SIFT, GIST, Deep ZH\7=HEIZNL, m (w) 221
Zi4 (200), 5 (1), 10 (1) KKFEEL~, £, ~Nyva
F—=703 18 fEREEE L 7.

e HNSW [29] : small world network €T/ D 77 7 £ ~
Ty 7 A%\ 7z state-of-the-art D AENN R 7L 3 X 4,

e NSG[15] : Hil#EH% AKNNG iSBML72 974 >~
T v 7 A% H\ 7z state-of-the-art D AKNN R 7L 3 X 4,
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T ZLADBMMD T T r—F LR CGEDICEE» OEREETH
ZZEDRENTVE LD, EThRET7ILTY LMD T
L) ZLFEHE L 2V, ETlRZ 7 LY XL CH+T
FEL, g++ 5.5 2T, LA 7> ar-03 %ML T
av ANl ¥, 2V FRAL Y T4 Y 7I2iE OpenMP
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52 t D EE

LI, T2 Ay 27 —7L (ALy F) OEHPELL
71D Recall DE{LZHER T2, ZOEBETIE, k=10,e=1
E L7, F£7:, SIFT 8 XU Deep Tl deg = 15, GIST Tl
deg =30 & L7,

t %2 BN & R 7R VI RREEE R ° & Recall 22X 2
WWRT, K2 XD, £BTOT—FLy MIBWT, t BKELK
212 & Recall WREL BB Z D325, ZOfERIL, 4.3.2
HICB U 2 e —8,T 5. —/, ¢t BIKREL & 513 LIREEGT
HIOBDREL L2 E0b2 5. Thi, t HPKELRDIZ
Ymax; g Ni bRELH270THS. o DRI, ¢
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5.3 AKNNG &DL#

Ny YA DMREMIET 570, LGTM & AKNNG O Lt
ZfT-7. AKNNG ¥ LGTM & F U Z{T->Tw3
EITHEET 3. k=10t = 8 IZF¥E L 72K iilj & o RS E]
& Recall & 1 I8 7. £ 1 &9, LGTM i AKNNG X
D b BT ERI D Rz b b 57, Recall 2SEW T &
Bohd, Ziu, BAPRELLIIBEORDHFIZED, v
FLEDHEHPOEREAREBONSE I EERL T3,

5.4 State-of-the-art D7JILIJY XL EDLLE
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# 1: AKNNG & LGTM o Hifig

Data | 7)L3) X4 | FEEEEHEIRISL | Recall
AKNNG 397 0.818
SIFT
LGTM 391 0.889
AKNNG 974 0.722
GIST
LGTM 970 0.803
AKNNG 846 0.848
Deep
LGTM 802 0.903
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