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Abstract: Approximate nearest neighbor search (ANNS) has emerged as a fundamental component in numerous intelligent
retrieval systems. However, with the diverse requirements of real-world semantic queries, relying solely on single-vector
queries proves insufficient. As a novel form of filtering-based vector retrieval, category-filtering approximate nearest neigh-
bor search (CFANNS) enables users to retrieve similar vectors whose associated category matches or is a sub-category of
the target category. Existing filtering indices are ill-suited for this scenario, failing to achieve optimal query performance.
This paper introduces an efficient graph-based index tailored for CFANNS and theoretically proves its optimality in query
performance. Additionally, a neighbor list compression technique is proposed, sacrificing minimal query efficiency to sig-
nificantly enhance index construction speed. Experiments across multiple vector and category datasets demonstrate that: (1)
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The theoretically optimal index achieves 5x acceleration in query speed compared to the most competitive baseline; (2)
After neighbor compression, the index attains 5—7x faster construction than the original one, and 3—5x faster querying than
the most competitive baseline, with equivalent or superior construction efficiency.

Key words: approximate nearest neighbor search; proximity graph; filtering vector search; query optimization

FEEXIRESEHREE X ERRIIEE, ET0
EREREERASRERNERRN— T ZER
NE|HT . BN, 16 2R 858 4 Al (Retrieval-
Augmented Generation, RAGIZEH, FNREFIRET
ZIREBRBINAR, KERFEGTER ARG
REE, FEdEERLMEMNPMEHEBLLD
NAENERNRERNFNIRIR. $AT0, fHBimEEAIL
NREFEZ M ERERRESHIEEFREREI
B, BRI RBRREEEN LR L TER
F0, FEEHIEENEIEX, BRIRIESERTE
WEZ LEVRFINEDRER K, FEXZHNA
RAFHBAH D BEREMAZAEURI IR,
ATEEZLEREK, AURERER
(Approximate Nearest Neighbor Search, ANNS)fElfFE
KERPEFELHAFRIANSGE, BIERARSIEW
INRERIRE, XLERS|IEEIATLUD AETRERY
R3S, BEFoARNRS|IMMLRETERRSI
[1][8][23][24][25][26][28]°

BB EERIUEERELNY H S a9
SIERFKIC, —KHERREREREESEIIME
FBROSRER, EZZR T, SEETHNEERE
BHE—HEZ BN BNNEEGEE—E
HEELUREXLEE EASEREYG. RMENERSIE
mENEETHIFHETERGEERENNER
IERINEE. ANRET—RIERTIRER, HHE
RETEIMREEENE—IFRIEINEG, B
HIRE PRI B X B AR E B [ LR E
(Directed Acyclic Graph, DAG)BEEXRK., BE—
IR ESFRAE, ANABRENESIEESHE
SERaERBUR T REFREZAERTEIRZX

BIEETHE KR, ZIEBEAR RS i e
SB#EZR(Category Filtering Approximate Nearest Neigh-
bor Search, CFANNS),

Bl 1 B T AT i s SR 2RI A R
= A1, REPIREN ARG EFRERENX
ke, XEAHEEII R MRS EE R
EEENEE. AREHRERNRIDREEIRN
BHERE. SEFREABLEMNREXXA

usril hnsw

tfilms.txt hnswlib.h
books . txt space_12.

usr2

12_def.md nsg

ip_def.md L...

H L A<B AR RO T 89 LA
28— T BB B 89 € X R AKA
ARtk k=2,#1H6(v,v,)
/home/usr2/12_def.md X E|B1A 7 FI R IR &9 AHF 5

space_ip.

/ /ann/hnsw/space_12.h: “N3 IR H XL FHE
/ann/hnsw/space_12.h B1 C1 C3 AA A =

/ann L EERIE ——— X[ AL
/ann/hnsw/space_ip.h I:_AI:_}"\I:_RI T AR I__P\‘

/home /home/usr2/12_def.md I:EAI.-ERII:EP\I A 40 F‘P\I:EP\I

/home/usr2/ip_def.md "5V 05Vt T AR 1 pa

1 RBT BRI ERA R 45
Fig.1 Examples of category-filtering approximate nearest
neighbor search

B RXHET, ARAERHBEMEE Nk
BENE, FERXEGKATEE SEIURIE-RE
FRAFRE. flal, BRHEFIRIIERAIE kR
St BRI, WRERIFHERAITIRAYIRERT
Ligis BV Mt B in s ke e A — 1 EReiRR R
— BRI, FEMEH RIS AR RE B R 4R
ZT. BRNERLEEZSHRICEBENSE, WeThe
ETFNEEEER CHERISER “/ann” THENE
PUCEBER, RANEREZI I EX, NHRE



&4 %% BH

FAER “fusr2” HRFRINAN . MNRAERRS
BEHREXTNE, UALERBR /" SEETER.
B—TEEREN B SREIEHETRIREIERS
RSB RTRESHALRNER G 2), SFENE
i1, FAF Bl REGLARESHMENE CSBENAIEIRIS G
(Bl 15 Cl, D2, HipapRA/NFSIHHZR)IE/R
RIR, AR LSRRG R sl 22t EE R,
RECBNBRTIERERS|IPFIFE LIRSS

TiIEREZRS B HEREFTREOERERTE, EE

MREXIEBIL IR R AWM RIERIEIE ML

ERERDARFERIKXRENEE, FIFER

BSRMERMRE, A TR CFANNS, —FFb=AIR

BENTNRBIME—DFTHITIBE (Oracle Proxim-

ity Graph)l®l2), {ZIESBEINTEFTBEIZERINREFRE

BHEELMIE, AMEIESRFIEEXIMEFHE

RIABEIGCA0(ICD), EFRcHEBIES ) FEAEN

[EF==EFFHE, FETENAEEAEEFEEX

BEAIRIHRD

ERE AN EBEIRI SR BE Z BB TR

ZEERA, BN EIRSCABETEEAER

BEHEENSEES. ETZ&I, FIUREEEaIX

R, AT —FERIERIAMEIRS], BEEIX

LE SR NI SR E RVRT AR 0=S B R PR FR R B SN

HI—IR, ATHREZHEBETAEERERITIE

B, ABEIT BIZRS|FH—LEEWBEIIE,

KIEFFHRIZIZ R THRS MIZEFH. LWRRA, £F

BXBXET, R3ISCEEEEL, BEEFEMN

ERMRERNTET R RE,

AN EETEEENT:

(1) AMREH T KRB USRI B REEARIT
T RIS RIT SREIRARRINBISR B NE. ANSTIE
IAHEREBEIEERSRITEENSIEERER
i%, Bo(eH M IraBEITIRELEEI0 (loglC)),
FIERAET RN BE SRR BEFIR, SEHEE

BEEMEPEERNE L.

(2) ANBEIBELEE LARRSIEEZHEBEEL
REBRRFNTEAR., T H—SREEETHE,
B TCIRIETERILIER, MR AEERESRIM
EFF, FEBEEAENEINTSRERESEKS
£8CcEXR, RAZEFEREASE RIS
FRIRKFNA .,

) & 4 MEaRINMELIEE FLIGKRE, &if
MERESE, FIXIRIBISEEN, HEthE AR LAY
FiES, REEEERIFIEREDBIBET Sxi
3~5xPIMEREIRTT, HRIERE—EMEEiEE L
S5 SE SR EIRMEEN A,
FXIBRTRERER, EaREEXIEE A
REET 2~5sxNEEMEERAMRENSEE
2N AHE, ERPEIIRIIEREEER
5|8 5~7x AT MBI FHLAR 0.3~0.8XFE/NNE
S5, BEESXItE A RIS E RIS,

1 FRSEFIR
KI5 E SO USRI P48 R A REAN 2L 51T I8

RIS RITM, BXTIERNFEMTC IR C,
EX 1 (ESASBER). BEUSONIERE

ENMEHIEEY, WF—NMEXNER—BEETEF

HNEEREqUAR BIRaSBEEL, IEEIEBIEERMN

BN VHHEE—NEEIS| = kNmEFESUE

IMEY es S, @)
EURIEBERNMAIBEEIEDENMER

HIaeB, MER A RITSMERES |IFHEILITE

BARVERRES ETRERIAE. BEEREEET

BEURIEBERRS I NEEERHE recall = kam

HARAFHRENEHLNES.

EX 2 GRTRIELRIETER). LTRSS
BED = (v,¢c}, HFVAENX 1 FHREHIESE. ¢
REBES, BEc():V - clEBEREvLE, Txv
FTERIE—EEELBI (RIS 2155, HAcHE



4 Journal of Frontiers of Computer Science and Technology 1 HNEL % 5K

(a) Category Table & Tree (b) Category-Enhanced Proximity Graph
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