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Research on multi—nearest neighbor graph similarity search
based on dimension division

BIAN Aobei, TAN Zongyuan, WANG Hongya

(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

Abstract: Approximate nearest neighbor search is widely used in artificial intelligence, recommendation systems, and other fields.
Algorithms based on nearest neighbor graphs are highly regarded for their fast search speed and high search accuracy. However,
experiments have shown that these algorithms still suffer from serious long —tail query problems on many datasets. This paper
proposes a solution to the long —tail query problem by introducing a dimension —divided multi —nearest neighbor graph indexing
scheme. Experiments demonstrate that the multi—index nearest neighbor graph algorithm achieves a performance improvement of
more than 10 times compared to the HNSW algorithm on datasets severely affected by long—tail queries.
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Fig. 1 Demonstration of multi-index search process and partitioning in multi—index construction

2.3 HEEXISDHRRSITBE RS MR EHCH a3

PR | AL N ) 32 A8 B 748 i 22 9] 4 P
THE L, T S A I TR A HO T 1) R 4
JE s R B T AU R, R AR SR I T T
i) 48 JBE K] 0 R I A SR, i DA S0 408 1 2% 5 Ay e s
BRI, 5, f e G S M4 Yoy, I

BRI AR R 4, Ts e S, 3 IBAERE )43
JafgE) L ANaES, LS, , Sy, S, S, LS, VI B
YIRS n AN, B e B4R B 5300 R
dy,dy, - dy,d,d o ARG YIRS
SRS G, LG, , 6y, 6y, Gl G FER
M, R L(h) &3, DADY S i BO0E S R ] 4 U 4



552 ] WAL, A BT YRR A 2 AR AR S R AR TS 73
It K S RAE L V1 3o 2 A0 F, B o i 4 P, FEA SO Z2 3 S8R R 5 | 25k R 514

FER 2, A4y B 4y A B AR R 4548, X RE R
fifi iy e 22 S0 408 Pl AR BE B8 11 ) 22 AN T B kA
AU O EE B TR ) AR T 2.2
ZATAR IR BT 58, 2 B J 43 3 s B AR 22 i 4 P R
o | R g ] R 35 2 3 0 4 1 22 0 40 R4 A B
e 475 T HNSW S409% ¥ e pisf ]

LRG| ITABIE 5 HNSW #4 & B 8] X kb W3 2,
126 2 AT, 7E Trevi ™ BB SE I, 48 B R 43 07 ik 1)
0| Fy ] ] 5 B4 HNSW ' 225 | #g 4t fisf i) JE A
AR, 7 AR 45 T 4 500 43 7 vk R 5 |
] LB~ HNSW' ' 28 5] Ay 2 i ] e 2 3 57% .,
25y BT R R e 25 | R el A v = B ) ) S )R
AL 5 5 A 22 18] B B A R A A A 4R
FYEF R FE , 1 an e HE P S5 o B2 L A 4 B R 1Y
Bl b b T A A% B T v T A % ]
FE, HILAE Trevi™ I, 2R 5| 5 AR5 B[40,
1717 248 AR B BB A L A Glove™ | 23 4B IR %K
5| i PR T FE R AR 51, R A B R R 43
() 2 ke IS T AR, 1] 2 408 R0 40 6 kb e
8T 2 AR R R 51 1R gt ]

%2 Z%3iE4ES HNSW HIE R E 5Tt

Table 2 Comparison of construction time between multi —index
nearest neighbor graphs and HNSW
p— LRG| HNSW #9325 genf(al /
Fsf ]/ ms Ifla]/ms  HNSW %)

Gist! " 63 630 + 63 621 89 174 1.43

Sift1mt! 16 576 + 16 677 24 638 1.35

Trevi' 2! 9 035 + 9 092 17 789 1.01

Glove 2] 22 246 + 22 111 28 286 1.57

AR AE A 2 D7 i, o R A RO 2 B R
FIAEER RS0 S S A, e 2
MR FIER T, B R 5 BN, K A
B 2 2 kA R B RS T 100 1, AR
SiftI M B AR T T A 153 MK EA
WL, MERG IR 6 uf, R 2 M KES
i, ZIEMWERTIHREBAERE NS E RG]
AR SN T AR, (AT R A R R

(1) Z BRG] b = A

(2) I R[] 52 A4y it i Rt o HE 3 27 A QR
PRI TR MR

)R Z At v, Bl B 8 R 1
AE , T HAEC R 25 0] ok R A S o 1) A o,
ABERFHIMZ T BRI EH .

Bk 2 A, YIorde e I, AR SCR A E 3840 e 1
JraC BRI 2 MYV R & A 2R R 2 R
(14 1o 22 ) e KRR P R R AT 4R 8
2.4 TEEHRBHBANGFEEZELDE

RIS T 4 S R AR T 2R R 06 ) 4K
it LA K P R B | S5 AR U s I B N A7 T Al R
WNAEAS ], X F 2RI G5/ ARG 7, AH X
FRESHSMHHEZ NSRBI, Bk
A 22 R 4R 1 K (R B o (R 4 1 8
S, 3 AL T M R B A R B, AR SiflM Y|
Gist'"®! Glove ™' Trevi® %2 MNERE 450 &
P, M RABFER A 32 I, RS AY 24 B ok R
A 16. 139, 5t/ IMUA 6. 261, 4B 323 (8] 43 o FH 19
S o el KA 1. 9%,

BT ZUEE, v L 2 R 5169, AR R
], ELAAABEanIE 2 Fros (AR SR 6 0]
Bl i 2.3 Wb o AR S, S,, Sl
F HNSW' P B HER G454 6, ,6,, FT I, %
2T GBI —AGEkg b, A S AR JE 2s (el
MEEZBIAERL G, WABIEEE , WA B A7k 6, 4B %
B WEEL -1 0E, LL 0 S S, ek G,
H1 3 S5 U-1 A BESE, REH G, R o5
SEAAY 2 NARE 2 S A, M ¢ REE, B
56l q Fe AR T M g1, 0,5 SR)G, g, .9, 5750
Y IR)GT N (&0 J 22 [, 3] ol [y 3] 2485 453 |, ¢, A
LWAVIIR 5.0.2 2585, g, Vilnl 4 450 e, 8%
R EGL AR R AT,

B2 WNRIAHTREE
Fig. 2 Merge diagram of dual indexes

23 )4 I BB TR AR A TR 5 | A A s ) S
AT LRGN . 515 I R B ) — T 4R
R BRI S RN O(m x N) , X H N R4k
BB, m TR R R B /N s (/N T
N, TRGIHEEEZIEN O(N x log’N), %
AR A AR X T 2230 40 5 A B AR 37. 5% , (HI2 &K 5]
di N AE2S AT e HNSW S @ 25% , PR 4347 I
55 3 TSR AT



74 Bk

2N A | = T A ¢

16 %

3 XLI§

ARSCI 7 L S 56 v ol P 6% IR 55 i A 44 T A
CPU %15 Intel (R) Xeon( R) Silver4110CPU@ 2. 10 GHz,
WNAF R/ 64 GB35 45 248 Ubuntu 18.04.6 LTS,
ARSCH SR FH A B 3 T Faiss—1.5. 0 5230,
RO 16 272, MEREXS LL(H et 7E 4k
FERI iy 2B L SRR i R B m iR
16, e K FE K GZ LY i R G i R
5 (H R 23l R i 25 8] 5, 200 mo = 16 B
RV n] 35 21 52 4 59 $8 R AR 5 efconstruction 36 78 & 5 |
Fa Aok AR P8 R A A B B P R R, i S BOR
FE AR B I3 21 Ry SR 4 B SR R (L
JE o A I ] 3K AR SORE efconstruction $71%
BN 50, FEIRSECT 2SR IE R 51 5k R AT R 454
UfPERE, B k3 K 1 A B )t BT &R
SR B E R 20, B 1E 28 (8] 45 31 B 48 J8 23 ]
A HNSW 3k 5 22301 40 1R 53 vk 5 08 8 A
1. m = 16, efconstruction =50, 1F 4 2 55 £
FRIFSLE: BR AR BRI 3,

x3 HiEE
Table 3 Datasets
Bl Ei35s BARERN AR
Gist! " 960 1 000 000 1 000
Sift1M % 128 1 000 000 10 000
Glove' ] 100 1192514 200
Trevi 2! 4 096 99 900 200

Gist! " R —AN MR 5, 05 20 100 J7 41
P 060 MERE . SIFT! B4 40 & 1y 2 E%
() R | BE R A 2 (R b R B RUBE e
[ A TR BORAS R IR B A A, B8 1) 2 1Y
AR R 128, Glove ™ 438 1 192 514 M\ Tweets
PRI 100 2 BT AR AE ] B, Trevi™' Hi 400 000x
1024 {57 (. bmp ) EIMR A RY, B 5K FR & — A
16 x16 MEMGHN T A4, B T HERFE R 64 x
64 K , A G A R BT 0], IR, Trevit™ %&b
TG R KL 10 T4~ 4 096 Gkl 2 Ak,

BV R PR R A R, X F 44 i —
AL g, B U S R AR Z A N g 1 k
AL AR I AR ERS, MZA T B S kA
FATAR I R A E AT S, A H PIERE AT .

IS NSl 1SNSI
Recall(q) = : = 3
ecall(q) S P (3)

FEAR IR A [ SP-2  isf [e] e, ik A B

L YR REAY

TEVL b 4 MRS W4 3 )45 09 223 4R B 7
5 HNSW kb A7 e, a5 SR an ikl 3 s,

1.00

0.99

Recall@1
I =3
o o
3 =3

o
o
X

o
Nel
S

1.00

Recall@1
j=} (=}

e o

Recall@]
o
o

o
o
S

0.88

0.86

1.00

0.96

0.94

Recall@1

£ 0.92

0.88
0.86

ZE5IE4BE
HNSWI'3
2 4 6 8 10
AR ] /ms

(a) SiftIM" ¢k gExt 1

ZREEARE
HNSWIE!

50 100 150 200 250

AT [A] /ms
(b) Trevi"2" H:fEX L

ZHEI AR R
HNSWIBI

50 100 150 200 250
AT A /ms

(¢) Gist!"™ HEREXS L

LRG|
HNSWI3)

50 100 150 200 250
A ) /ms
(d) Glove 2T M BE L
B3 EREXTLE

Fig. 3 Performance comparison

1E Gist'" \Trevi[m \Glove:ZO: e i



5 2 1]

sl A BT YRRERI 2 20 A8 E A R R AR 75

() 2T 40 P 33 L AR 3K Recall B 5 HNSW' ™ Jy ik
AR, T Gist'" 7 1:7E Recall@ 1=0. 96 L) b1 fE
BT HNSW! " 979 Recall@ 1=0. 99 I, 4 i %] 43
fZ2 AR K7 e HNSW 1 g7 e 5 48, I HiZ o5
Al DLk 2 0 A A B A Trevi ™ BdlE4E L
HNSW ' 84052 B i i 2 A9 fe 5 A [R5 0. 965, 2%
T IE] A 243. 704 4 ms, 05 4305 15 BE 06 B 3k 1) B
F AN 1, AT E A 21. 550 ms, £E Glove ™
B E I B AT 1] R 4 B ) 43 60 22 300 48 18] )7 vk
5 HNSW ! P BEEME RE A AT, 7F Recall@ 1 R 1 AT
BERAEH, WiAE SiftlMT | 5 T4k R4 60 £
SR 5 HNSW! S B A P RE A, R h
Sift 1 M) b A 18 FF 35 T A el AR 48 2R B ik i
K|, A A K R A A, {UFE 10 ms BPA]
FIJi5 Recall@ 1 4 1,

ARG R b Tz 5 2.3 1l
RS EORTE IR 5 1R g i [ AR ], o 1) ft e
HE AR 33 43 RE % A AU AR A5 2. 2 7 v ISR FRT B A
HEZ AT AR 5| A 1) R R TR A3 3 m g [t (H
JEMRIR A ity 8 22300 408 PRI e HEHE e 5 R XA
SRS ] s PR I A B AR A BB 4 iz ik
IR 5 H B ] L HNSW S Bk i &2 8 57% A4,
T 2 A v B B b, 9 Trewi ™ 1 A4 2 s i)
e 5 HNSW! P BT,

FEWAE T T, A SCHEA 2 SR IR I, B3R5
R KA A BN m = 16, HEFHRIA
AR, B IR RGBSR BIEHITE m = 20,
R, R RY 2SR A T HNSW S Bk i T
25% .,

4 HRiIE

FE T AR R Y Fp e AR R AR AR R B 4
AR AR E RS MR AR SO A B R o 1 20k
R B S AR R AL, h T 4B R 5|/ A7 AE
BEALYE A i 2 AT B B 2R 51 X R A K R A i) I
AHHIR] . A SCHEZ A BARAE L5 B A Re i d i) 5
T A 1 ) Fe A AR 1 2R HNSW Y FEMEBE L K 5
PR E] 2R | b FH A7 23 8] 45 D7 T A T R4 B9 H
B, SR WIRIZ T R A S A DR R A Y )
1L, 2230 48 R S A 2 K R AT 1 g i 77 ) B 4R
[ AEXTF HNSW B3k f s A7 10X DAk iy sl ] 14 fig
PTF, MR RO E AT T 2.2
T Z P R T A g ] RG2S E) b, (HE,
FEXT T HNSW B3k | e 4 B (IR Bt 45 B & 511

AR B 2 5ST% A, dEJE R B A AU
1%, 5|4 Has EAX T HNSW & 25% .,

S Lk

(1] 3HEiE . = AR ORI a5 £ 35 4 Hr e [ EB/OL .
(2022-07-01). https://report. iresearch. cn/report_pdf. aspx?
id=4027.

[2] BENTLEY J L. Multidimensional binary search trees used for
associative searching[ J]. Communications of the ACM, 1975, 18
(9): 509-517.

[3] DASGUPTA S, FREUND Y. Random projection trees and low
dimensional manifolds[ C]// Proceedings of the 40" Annual ACM
Symposium on Theory of Computing. New York: ACM, 2008 .
537-546.

[4] GIONIS A, INDYK P, MOTWANI R. Similarity search in high
dimensions via hashing[ C]// Proceedings of the 25" International
Conference on Very Large Data Bases( VLDB '99). New York:
ACM,1999:518-529.

[5] BRODER A Z, CHARIKAR M, FRIEZE A M, et al. Min-wise

independent permutations [ C ]//Proceedings of the Thirtieth

Annual ACM Symposium on Theory of Computing. New York:

ACM, 1998 327-336.

LV Q, JOSEPHSON W, WANG Z, et al. Multi-probe LSH:

Efficient indexing for high — dimensional similarity search [ C]//

—
o)}
[}

Proceedings of the 33™ International Conference on Very Large
Data Bases. Vienna, Austria; VLDB Endowment, 2007 950 —
961.

[7] LU Kejing, WANG Hongya, WANG Wei, et al. VHP.
Approximate nearest neighbor search via virtual hypersphere
partitioning[ J]. Proceedings of the VLDB Endowment, 2020, 13
(9) : 1443-1455.

[8] JEGOU H, DOUZE M, SCHMID C. Product quantization for
nearest neighbor search[ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence, 2010, 33(1). 117-128.

[9] CHEN Y, GUAN T, WANG C. Approximate nearest neighbor
search by residual vector quantization [ J]. Sensors, 2010, 10
(12): 11259-11273.

[10]FU Cong, CAI Deng. EFANNA: An extremely fast approximate
nearest neighbor search algorithm based on knn graph[J]. arXiv
preprint arXiv,1609. 07228, 2016.

[11] HARWOOD B, DRUMMOND T. FANNG: Fast approximate
nearest neighbour graphs [ C ]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Piscataway, NJ: IEEE, 2016:5713-5722.

[ 12 ] KALANTIDIS Y, AVRITHIS Y. Locally optimized product
quantization for approximate nearest neighbor search [ C |//
Proceedings of the IEEE Conference on Computer Vision and
Pattern Recognition. Piscataway, NJ : IEEE, 2014. 2321-2328.

[13] MALKOV Y A, YASHUNIN D A. Efficient and robust
approximate nearest neighbor search using hierarchical navigable
small world graphs[ J]. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 2018, 42(4) ; 824-836.

[14 ] FU Cong, XIANG Chao, WANG Changxu, et al. Fast
approximate nearest neighbor search with the navigating spreading—
out graph[J]. arXiv preprint arXiv,1707. 00143, 2017.

[15] IWASAKI M. Neighborhood graph and tree for indexing high



76 oo ®m M5 M OH

16 %

dimensional data[ J]. Yahoo Japan Corporation, 2015, 22 2020.

[ 16]JAYARAM S S, DEVVRIT F, SIMHADRI H V, et al. Diskann:
Fast accurate billion—point nearest neighbor search on a single node
[ C]//Proceedings of the 33™ International Conference on Neural
Information Processing Systems. New York: ACM,2019; 1233.

[ 17]SHAY B. Elasticsearch is a distributed search and analytics engine
optimized for speed and relevance on production-scale workloads
[EB/OL ]. (2024 — 04 — 01). https://github. com/elastic/
elasticsearch.

[ 18] Facebook Research. Faiss: A library for efficient similarity search.
[EB/OL]. (2024-01-01). https;//github. com/facebookresearch/

faiss.

[19] LAURENT A, HERVE J. Datasets for approximate nearest
neighbor search [ EB/OL ]. (2024 -04-01). http://corpus —
texmex. irisa. fr.

[20] PENNINGTON J, SOCHER R, MANNING C D. Glove: Global
vectors for word representation [ C |//Proceedings of the 2014
Conference on Empirical Methods in Natural Language Processing
(EMNLP). ACL,2014; 1532-1543.

[21]JWINDER S A J, BROWN M. Learning local image descriptors
[ C]//Proceedings of 2007 IEEE Conference on Computer Vision
and Pattern Recognition. Piscataway ,NJ:IEEE, 2007 1-8.



