IR SRR (ANNS)

AR A TR MSIL SRR

B Tl

lizhengchen®@smail.nju.edu.cn
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Question: FYPLLIELEHEEIRE ? LT ARXBALTTEN 7
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miRiEs (1/8)

o IELEMWBEE TN ma Y e
o (A8 HIABL B AT 2 B AR IE AR
o EILIEMMEE = MB=E R HEEIREZ (NNS)

r N N
= NLP a3 AIGC (G s
BiZ, 9%, BERE HUREE, mEHBEA, & gﬁgﬁ HENE, #

NEHE,

r/ E 5 !
\

Y /N L () Tteer ]

SR, || BEEIR, TimeE.

El: St iR N A
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mRBEE (2/8)

FEFHRG
o MNIST #iE&E
@ 28x28 784 dimension

R L2 BBEEENX:
d(a,b)= > (ay—by)’

1<i,j<28

d(, n) — 53.6424865723

&: MNIST Distance
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mrES (3/8)
MNIST neighbors =
|Ad 22A2222

Lle 6 6 L L b L 66

111 +737 1
FIre2rrsp

0C606CQ G060
&: MNIST Neighbors
IESESREZ (ANNS) 2025 £ 9 19 B 5/48

3
&
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WmRiEs (4/8)

RIE4R#EFE (Nearest Neighbor Search, NNS)

BE—NEEBES X = {x,%,...,x} CRIHEHEE g RY, B

PBIERMBERRHKE

x* = argmin dist(q, x),

XEX

Hep dist(-,-) HEEEEE.

P& A%  lizhengchen@smail.nju.edu.cn

ENRIESREZE (ANNS)
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Question: FHPLFEAIES/HINEEERSLR ?
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20 nearestficighbors 100 nearest neighbors

[#]: eg. Nearest Neighbor Search
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HRER (6/8)

AR RiIL PR RAIPE X
o BEMEN BRRY RE| +24%
o MEBHEAE HE ~ £F
o HEHRMSEFHIH 2RI

SIh: FEEAMEHVERENELT,

BEKIERARIBE = ElsiEspE ~

% (ANNS)

2025 £ 9 19 B
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HRER (7/8)

I RIE4REE (Approximate NNS, ANNS)

EX

BEER X ={x,%,...,x} CRI, EfEE gecRY:
o (1+¢)-ANNS: #F| », {548

dist(q,X) < (1 +¢) - dist(q, x"),

Heh x* AELHFIELE, >0,
o Recall@k: FER[ERY kK NMERF, BEHESKE Top-k BIELHI.
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HREE (8/8)

o FEEKXIESHE! (LLM) KR, ANNS B AEIMPAINIENS
EMEEREERA.
o 7£ RAG (HFEIREERK) H:
o REMREXHEIREERT
o FSMBERIEE KIESRE

- N 6.Response
m 1.Query
2 Chat 5.Query Vector

— — — —. Domain
| Co l_)(r‘fvl\e_dg_e' Interface

CcPU T Accelerator | ANNS Engine @ n-memory ANNS
—sL
( 'néw o w’ Vector TEBEBEE 2 "BEEEE o @ ssp-based ANNS
| - _._._ S Database _! _ ! _,‘ ©) Accelerator-based
DRAM @y <——>5SD ANNS

[&: LLM With ANNS
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ANNS E5|&i% (1/12)

o EXEEMUER, NAHREBIHEIEHE 7
e Naive Solution: iBIEERE, ITEEH ¢ SEI/RENIES
o TEAMESYLES:
O HIEENIEE X
Q HEXRM, MEXEUXSY
Q HFHEIEMBERRNER
o EEFHMRIIGHRIZFHEMRIESBIEER (ANNS)

B&E A%  lizhengchen@smail.nju.edu.cn IEERIASRE % (ANNS) 202549 H19 H 12 /48



ANNS E5|&i% (2/12)

o EifHY ANNS ZK5|REE:
© Tree-based
© Hashing-based
© Quantization-based
© Graph-based

o Lk, MIRMAKH T Graph-based J5i%

] o«
Hhe g ¥ .9
C PPl AN
— ] ;

IS L7

X a0\ |

T ¥ \®
tree-based hash-based quantization-based graph-based

E: Ei#t ANNS 5[ R A
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ANNS Z3|&Ei% (3/12)

° X5y / BE
o {BXITRHUMIERILALF - Why 7

o,

L ]S

[&: Tree-Based Solution: KD-Tree
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ANNS E5|&ix (4/12)

@ Question: Collision or Not?

o AEEAXM bucket I¥ER

hashing hash hashing hash

keys function buckets values Keys function buckets vaides
ceo——|7] >< ------------- oo 00— > %
00 0——>f 00 0—>F

e I [ N / :

% I I B oo
ooo——)/;/ ............. .o so0——>f
eo0e——| >< soe——>|
eoo— =1 N[ [ ce cee——>|

[&: Normal Hash [&: Locality Sensitive Hash
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ANNS ZE35|&% (5/12)

o MENE: MEERENEIAN BNFHE, SN FRELEAN D/B

o E{: MFEEHITEN, BEMHMHABRYWAL (EHEXE
3540 K-means)

° L N FEEBE—NESIFRT, BERDVEFMEEK

MéERR (fRiR2564E) DEIARR BG4

””””””

{ 558
N [——r—4

,,,,,,,,,,

BURIBIRINFERE

[&: Product Quantization
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ANNS Z35|&i% (6/12)

o ERERIFHFRIE "BE" RIIEX, 7 ANNS RRIL T HELL Hfth 77 i%
BERFRIIERE-
o FEMIER) APG EFITRILER, SFEWILE O(logn)

@]
% o
alery ° ©
o 0
0 o
(a) Original dataset (b) Graph index

[&: Graph Index.
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ANNS &5|&i% (7/12)

lune

y

(c) KNNG, degree = 22 (d) MST, degree = 20

[&: Approximate Proximity Graph.

BE A lizhengchen@smail.nju.edu.cn SEEIA4BIE R (ANNS) 2025 £ 9 19 H



ANNS Z35|&i% (8/12)
EFAEMEZI MR HNSW

entry point
y \ageﬂ

o 2 (@ /

[&]: Hierarchical Navigable Small Worlds.

Malkov & Yashunin, TPAMI 2018. Efficient and Robust Approximate

Nearest Neighbor Search Using Hierarchical Navigable Small World
BE A lizhengchen@smail.nju.edu.cn SEEIA4BIE R (ANNS) 2025 £ 9 19 H




ANNS Z5|&i% (9/12)

%LE SkipList FyiE TR

looking for 11...

fa;z: Iﬁ:fim

layer 2

layer 1

wro || ]—-O-"-0-0-0-
’ = 4 23 21 en

start 3 s

d

[&: Skip List.
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ANNS Z35|&i% (10/12)

ETAHERNEZRSINAEK: HNSW
Quesion: M\ SkipList Z{pIEFBIRFKEF HNSW HERFR ?

entry point

hearest neighboy

query vector

[&]: Search on Hierarchical Navigable Small Worlds.
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ANNS Z35|&i% (11/12)

HTuHHEES|{XFK: DiskANN (Microsoft)
FERA:
o 12#f Vamana E&5| (F—11)
o YIHENFIEMRBER THREEERSI
o YIHENTFIEMBER THERBERHI TSR
o EFRAFMEN (PQ) HE—FTRIVANFSL A

S. Jayaram Subramanya, F. Devvrit, et al., NeurlPS 2019. DiskANN: Fast
Accurate Billion-Point Nearest Neighbor Search on a Single Node.
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F5I&EZ (12/12)

[&: Vamana B & 5|#giE 218

S. Jayaram Subramanya, F. Devvrit, et al., NeurlPS 2019. DiskANN: Fast
Accurate Billion-Point Nearest Neighbor Search on a Single Node.
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A EEEE (1/4): ANNS B&tuER

Image Retrieval System

1 .
Looks like e Query with ® -
oy Image Only Feature Extraction
oRpEREY Feature Vector
DISTANGE{ciotes feaurs, clothes.color = ‘red’
auery_fotire)
SELECT* .
FROM clothes [:> SQL Dialect
o) e - O
- ORDER BY
DISTANCE (clothes.featur
Al ﬁ> o, query_feature)
ice Hybrid Analytieal Engine LiMIT ;.

[&: Hybrid Query 1.

Publication [SIGMOD. .Atmbu!e () siGmoD 2021
[ vear [ 202 ] consrams <
i imited effic accuracy

— input

prefer SIGMOD 20 Year

Vector
= Query et | > Embedaing)| P Feature vector § i
User . Input - -
- Y straint (c) Existing hybrid query processing

i [ Feature vector = SiGRIOD 3021

>[5 composite index [©)
High accuracy

" -
Vector Index ‘ Embed ding‘ Cyw
T PR 3020 yond vecirsimiaity seach i 0 1l search vectors thot »{ e
o ﬁ_,‘ S g o i 553 | s s
(b) User input query constraints

(a) Viector similarity search
[&: Hybrid Query 2.

Unstructured text

(d) Our hybrid query processing

2549 §19 B

SIE4PEZE (ANNS)
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MRAEBEE (2/4): ANNS BEHeE

PR E R EURREIRK
o APEXK: ZHFHES flm: " IHKTHERESHN. BARNMETES
GRS =N
o RAG iz EGSHaMtaiR + MIBERMES + MiREELR
o ZIESTHE: XA, BR. M. SMERMBENE—EN

HRER:
o BRI SEFEHIEERSINESHHE
o LML SIREMUBIENIFE—uFR
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MR AEEESE (3/4): 7z ANNS

Stream/Dynamic EREEE SCH ZH RN EH K E

Lambda Architecture

Option 1: Unified serving layer

Real-Time Layer

(Data Processing in Motion) Real-Time App
(Data Processing in Motion)

Serving

Layer
\ Batch Layer =

(Data Processing at Rest)

Z min/hr
B KBHRALEIESR: Lambda.
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s EEEsE (4/4): #sl ANNS

84t ANNS RZEROBEEK :
o fR%E ANNS R % ) BER5|, MERNEGHEEN
o MENMIHIBAVMEEH, AHR BRI

HESVSHRSP:
o RAG [R5 FMREZSIMY RS5EH, #E LLM RERFETRN
=
o HEEHFESNIZE: RAITHERMEFHERETENL, ERRSIZHFIR
BN SRR

I ANNS B9k :
o fRiE KERENS BEULEM
o #i3) MBERSIEMSILELIPRIEHILR
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AnalyticDB-V (1/7)

BESEFEBHIEE + RRERXREIERE
FEEIOMRE—E1E
MBS, BESANERITHIEELERRS

WFEHEREFESHNZE, SHBENWHEARWHHE (|Return|
< k)

W. Wei, et al., VLDB 2020. AnalyticDB-V: A Hybrid Analytical Engine
Towards Query Fusion for Structured and Unstructured Data.

" MEF I{ERSERPE (Before AnalyticDB-V - Alibaba)
o
o
o
o
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AnalyticDB-V (2/7)

° *ii:ﬂ:q:'uu.:_tt ANNS / :hals'éf ﬁ?ﬁ"]lﬁﬂ'

Fuxi
«- - - - Insert/Delete/Update
el

il — N v

‘ Coordinator #1 ﬂ—>{ Coordinator #2 <—>{ Coordinator #3 ‘ cPU

crPu
cPU

Read Node #1

Ouery
Processmg Feature —
Extraction
Service #1
Structured Unstructured
‘ WD D Data Index Data Index
Index MR
Job
‘ I Daily Index| on Fuxi
build
S g

Pangu Distributed Storage System

N—,

[&: AnalyticDB-V Architecture.
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AnalyticDB-V (3/7)

o Sy ARLALIE/RMACEFERSY, FRBIE LS FIRFT$H

\
|
I
|
|
I

Data Pipeline /== ~=—=—=—=======-= \

_____________ :- Queries

e

[&: Lambda framework in AnalyticDB-V.
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AnalyticDB-V (4/7)

o &3t Baseline ##E 5 Incremental £#{iE

Baseline Data | Incremental Data ! Incremental Data

Baseline Data

Data-Status Bitset :
| Data-Status Bitset

VGPQ :
Raw Data Raw Data| | |
Index ' VGPQ Raw Data HNSW Raw Data
! Index Index
V1 : V2
Records in
Baseline Data (V1)

Timeline

Build VGPQ index
Records in
| Baseline Data (V2)
| Build HNSW index
: WAL
: (v2)

Merge Records

Incremental WAL
V1)

[&: Merge Baseline Data And Incremental Data
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AnalyticDB-V (5/7)

Question: BFKISFAXERRETEEX ?

(a) IVFPQ (b) VGPQ

[&: Voronoi Graph Product Quantization.
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AnalyticDB-V (6/7)

BEEERRERE: 2549 A Pre-Filter 5 Post-Filter Fi 3.

©Q Plan A: SEBTIBIAEIE. B Naive HiEHBFETIREERE
=.

Q Plan B: SEBTIEIAEIE. iEA PQ EHENEE (FitH) K&k,
BEFEHRABEE, FAPQ IMEKEE.

© Plan C: SR iBiAidie, RSB VGPQ BREHKAMEE (H
o FI A R S SR BT )

Q Plan D: HHBIBANEIESEEAERN . FTERTIERIERML
L ERE.
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Question: 43#1 Pre-Filter §1 Post-Filter FiE Bt ¥ F0H .
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AnalyticDB-V (7/7)

—e PlanA -+ PlanC - recall=095 —* PlanA  —a PlanC 8o
o PlanB = PlanD —~eo~ Plan B —=~ Plan D

LSS = v i

o 0950 S =4

@
H
Response Time (ms)

100

5. Selectivity s, Selectivity

(a) (b)

e PlanA —i PlanC - recall=0.9 —+ PlanA - PlanC —— CBO
o PlanB —s PlanD —e- PlanB —= PlanD

10°
1000 ——=f

0975

500
5

0.900

Recall@Toj
g

Response Time (ms)

0.850

0825

0.800 - o

s, Selectivity

(c) (d)
E: X5z k = 50/250, A[E Plan Recall/Latency RIFRIR.

s. Selectivity
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FreshDisk ANN (1/6)

RARERERPE:
o LSH (Local Sensitive Hashing) IR A S5 Fm#E, (BFEEUTIE
=

o FEMKWINTF: FFEESMNIEIE L MERERM.
o BfEEIR: ZHFE5IFFETE secondary storage i, EifAFEIE.
o MATLE: PLSH (Parallel LSH) A47=2eH, FEiFMHH:
o 25 A MAEELAIMEZIETT PLSH, JLF RS —AMAEENA
FreshDiskANN #8383 (EFERZA).

A. Singh, S. J. Subramanya, R. Krishnaswamy, et al., arXiv 2021.
FreshDiskANN: A Fast and Accurate Graph-Based ANN Index for
Streaming Similarity Search.
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FreshDiskANN (2/6)

RARERGREE:
o E-TFHpyLI:
o HD-Index: H7Fd ARIE, (B EBRRE, BEIXRIA 30%.
° ;;D-Treei BEAZFFIREEF, EREEFLEEM, REYRXIEFRE
SIANBSHEIREE
o BZMAESHERFBEMEE, EXtTFEANMMEREEIFEEE.
o AZHIMBRGERANL BERERSINAR, FEEKXRIFFH:
o XF 1 {28 HNSW, £ 48 B Bimtlim =y 2 \HEE.

o X 10 {2k HNSW, FZEFER ZEH2E, FHEREFE 6 )it
IT—REZEH.
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FreshDiskANN (3/6)

B SRR S
o Insertion Policy: XF#1= p HIEN, BITIRIEEREE, ©EEFES
ERHANZA.
o Delete Policy A: ik = p B, E#EBRS p HXHIFBERIMNE,
AP FEAEERIS

o Delete Policy B: fif}= p B, BEREFERINE, FH7E p BIBHED
WEAHML: NTFEPRHEE—XFEE (pin, p) F (P, pour), T
E%ﬁ@ ':Fiﬁj]ﬂiﬂ (pina pout)o

Delete Policy A Delete Policy B

100 71—

—_
(=3
(=)

95 -

90 |-

5-recall@5
S &
T T
/
//

1 85 l 1
0 5 10 15 20 0 5
Batches (5% size)

|
10 15 20

o
(82}

[~—HNSW —— Vamana — NSG]

2025 £ 9 19 B 3848
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FreshDisk ANN (4/6)

o HF a— RNG EH Insert/Delete RHE

Algorithm 2: Insert(x, s, L, &, R)

Algorithm 4: Delete(Lp, R, @)

Data: Graph G(P, E) with start node s, new point to be
added with vector Xp, distance threshold a > 1, out
degree bound R, search list size L

Result: Graph G’ (P, E’) where P’ =P U {p}

begin

initialize set of expanded nodes V « 0

initialize candidate list £« 0

[£,V] « GreedySearch(s, p,1,L)

set p’s out-neighbors to be

Nout(p) < RobustPrune(p, V,a,R) (Algorithm 3)

foreach j € Nou(p) do
if [Nout(j) U {p}| > R then
Nout(j) <
RobustPrune(j, Nout (j) U {p}, a, R)
else
| update Nout(j) < Nout(j) U {p}

Data: Graph G(P, E) with |P| = n, set of points to be
deleted Lp
Result: Graph on nodes P’ where P’ =P\ Lp
begin
foreach p € P\ Lp s.t. Nout(p) NLp # 0 do
D « Nout(p) NLp
C « Nout(p) \ D //initialize candidate
list
foreach v € D do
[ €< CUNou(v)
C«C\D
Nout(p) < RobustPrune(p, C, @, R)

F483E % (ANNS) £9H19H

I lizhengchen@smail.nju.edu.cn blin 78 =31



FreshDiskANN (5/6)

StreamingMerge FBE: FA{LTE SSD By Long-Term Index (LTI) + B
7F RW-Templndex.
Y Templndex BRATFFE = EH RO-Templndex HMEFEH
@ Delete Phase.
BEEMNE LTI, FHITHT Delete KinfHill a RHA:
WA EER LTI B,
@ Insert Phase.
IEREHE pe N 27 SSD B LM FEp GreedySearch;
REASEERFENTE A &1,
TEmAi S 2 LTI,
© Patch Phase.
BRZEBEE LTI, 8 A §H S HBH T ERMEE
WBR AR SR LTI 3.
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FreshDiskANN (6/6)

70 30 1.6 =
260 1 295 — v
Es5 < Eud o
5 20 = s
5 40 g g1.2 o
& E15 g 90
=30 = £
= =10 B A
220 e =
5 g 208
3 10 & 3 2
I I =
0 0 ! s 0.6 [=A Ao
0 2.10° 4.10° 6-10° 5,000 10,000 15,000 0 10 20 30 40
Time elapsed since start of experiment (seconds) Time since merge start (sec) #Batches

Figure 6. Mean latency’measurements for the week-long steady-state experiment with an 800M FreshDiskANN index
processing concurrent inserts, deletes, and periodic background merge. (left) Search latency with Ls = 100 over the entire
experiment; (middle) Search latency during one StreamingMerge run, zoomed in from the left plot; (right) 10*#, 50" and 90"
percentile insert latency over the entire experiment.
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Filtered-DiskANN (1/4)

o IBRZHAEREY BRLER MERSIMESR
o ZRENAE:
o Post-processing: St 2%, HIIE i WERESREET
FREIXEMRIE, WEMR
o Pre-processing: A/ MTIRFHFRMERS| BifE: TREGHZIR

ZEHREFEHETHE X
o Inline-processing: 7£ IVF/LSH &3|hM#ETiRER 88 EEZR
51 EBR

A. Gollapudi, et al.,, WWW 2023. Filtered-DiskANN: Graph Algorithms for
Approximate Nearest Neighbor Search with Filters.
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Filtered-DiskANN (2/4)

e Graph-based &3| (HNSW, Vamana %) #HLk IVF/LSH:
o HIHKMEMR, BEELREETIEEESBE
o MEEMBHIHIEMNEEAMERE
o XENRE (HER. #E. I'E) JLFHEMKI Graph-based ANNS
SSILEFD LR Mim
o INA Filtered ANNS FikZB RS FIH Graph-based & 5|RIZE
%, (NEBE IVF/LSH E&H K
Filtered-DiskANN: @ E2#FSHREMSEIR—BERsIZH, HKIR
B TEZNEHFAEITFER. ERIIHFE—IRERE.
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Filtered-DiskANN (3/4)

o ELfiih, #RH Filtered-Vamana Graph.

Algorithm 1: FilteredGreedySearch(S, xq, k, L, Fg)

Algorithm 4: FilteredVamana Indexing Algorithm

Data: Graph G with initial nodes S, query vector x4, search list
size L, and query filter(s) Fg.
Result: Result set £ containing k approximate nearest neighbors,
and a set V containing all visited nodes.

begin
1 Initialize sets £ « 0 and V « 0.
fors € Sdo
L if Fs N Fy # 0 then
L L& Luds}
while £\ V # 0 do
2 Let p* — arg min, . r\[|xp — gl
3 Ve—Vu{p}
1 Let Noyy (")  {p" € Now(p™) : Fpy NFq # 0,p" ¢ V}
5 L= LUN(pT)
if | £| > L then
3 L Update £ with the closest L nodes to x,}
| return [k NNs from £L; V]

Data: Database P with n points where i-th point has coords x;,
parameters @, L, R.
Result: Directed graph G over P with out-degree < R.
begin
1 | Initialize G to an empty graph
2 Let s denote the medoid of P
3 Let st(f) denote the start node for filter label f for every f € F
4 Let o be a random permutation of [n]
5 Let Fy be the label-set for every x € P
foreach i € [n] do

6 Let Sp,, ) = {st(f) : f € Py}

’ Let [0V, ] « FilteredGreedySearch(Sr .
Xo(i): 0L Fxy )

B VeV,

9 Run FilteredRobustPrune(o (i),'VF,d(I),mR)

to update out-neighbors of o (i) .
foreach j € Noy(c (i)) do

10 Update Nout (j) < Nout(j) U {o (i)}
if |Nout(j)| > R then
1 Run FilteredRobustPrune(j, Nout (), & R)

to update out-neighbors of j.
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Filtered-DiskANN (4/4)

100pc specificity 75pc specificity 50pc specificity 25pc specificity Ipe specificity
100 S, ]100 - <100 O
esoe.
80 . 80 .| 80 80
2 1.
® 60 At 60 60 60
3
g 40 . 40 40 40
~ .
2 20 20 20 27 .,
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Figure 1: Turing dataset: QPS (x-axis) vs recall@10 for various algorithms with filters of 100, 75, 50, 25 and 1 percentile specificity.
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Figure 2: Prep dataset: QPS (x-axis) vs recall@ 10 for various algorithms with filters of 100, 75, 50, 25 and 1 percentile specificity.
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O ANNS EXREMIRE =

@ ANNS Z&E5|&i% (Graph/Tree/Hash/PQ) .

@ ANNS ;BRE&H#ZE: AnalyticDB-V, Filtered-Disk ANN.
Q 7zt ANNS: AnalyticDB-V, FreshDiskANN.
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Thank you!
Q&A
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