DiskANN

DiskANN: Fast accurate billion-point nearest neighbor search on a single node,
S. J. Subramanya, F. Devvrit, H. V. Simhadri, R. Krishnawamy, and R. Kadekodi, Advances in Neural Information Processing Systems
(NeurlPS), vol. 32, 2019.

AiSAQ: All-in-Storage ANNS with Product Quantization for DRAM-free Information Retrieval,
‘ Kento Tatsuno, Daisuke Miyashita, Taiga Ikeda, Kiyoshi Ishiyama, Kazunari Sumiyoshi, Jun Deguchi, arXiv:2404.06004, 2024.

FreshDiskANN: A Fast and Accurate Graph-Based ANN Index for Streaming Similarity Search,
Aditi Singh, Suhas Jayaram Subramanya, Ravishankar Krishnaswamy, Harsha Vardhan Simhadri, arXiv:2105.09613, 2021.

« .
S CUBRID



S 17
-/ 1L

o DiskANN 2 245l Al CIAT J|8F k-ANN QIS A THEH KAl ==
e CUBRIDO| C/A3 |8k k-ANN QG A 0 &2

\" CUBRID

© 2025 CUBRID Co., Ltd. All rights reserved. 2



DiskANN: Fast accurate billion-point
nearest neighbor search on a single node

v

AiSAQ: All-in-Storage ANNS with Product FreshDiskANN: A Fast and Accurate Graph-Based
Quantization for DRAM-free Information Retrieval ANN Index for Streaming Similarity Search
¢
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Background
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o Throughput
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Related Works
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DiskANN: Fast Accurate Billion-point Nearest
Neighbor Search on a Single Node
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DiskANN?

o 64GB &= & UM, =8 XHR 0| &2] 10 JH o] SE 0ff CHolt SSDO| X & ot
& A Al 95% O] &2l 1-recall@1, 5m latency Ml S

e Vamana 2 12|E2 NSG, HNSW 20 H &2 diameterl] ) M A
: sequential disk readE Z| A3}
Vamana 1 Z E In-memory QA S &= Jls. 852 HNSW, NSG1t S S0t HLE LIS
CH# 2 IOIE A ] =& =l U E| & (overlapping partitions)= ¢ &t (1 & = Vamana
ol ASE2 &g gE.
&KX CIOIE Al CHOH S CIENAZE 5B 2SS A He st M ds

e Vamanalt 8 & 8lH &= J|¥ (Product Quantization)t Z & ot DiskANN A|AES
=g &= U S. Eull-precision #1H = CIA TN H &S], Compressed 2 EH = Bl 2 2|0l
I Al
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Graph 2t & Notation

HOIEHASP E8cz ZooHP| =

P= 2 B0 oY ol= vertices 2t vertex APOI,I edgeE Jt Xl = directed graph
Olefst DN =ZeG = (P, E) 2t &7

O © directed graph OilAdp € P & [,

Nout (p) = p 01N S T E

Ty = pOll SHEol= HH HIOIHE 2/ 0|

o d(p,q) = ||zp —z4|| EF & p, q ALOI2] I 2l (metric distance)
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The Vamana Graph Construction Algorithm
Background: Graph-based ANNSs algorithm

_ T
Py OJ@A = A| /metr/co_
o OIOIEH4! P 2| geometric property S8 S DAl &F = (P, E) S 44
o ZHAA|
o ZO|HIHTy Of CHoHAs € P Ol =250 Algorithm 1: GreedySearch(s,x,, k, L)
o HIUXOZZTy W IINE XNES S “J2{EZ = E Data: Graph G with start node s, query x4, result
m 2O HIE S (| (A a;.) size k, search list 51.ze‘L >k
= —=a= Te) Result: Result set £ containing k-approx NNs, and
LHOF & 238 0|2 & = J1& JI)FE kJH B a set V containing all the visited nodes

begin
initialize sets L <+ {s} and V « ()
while £\ V # 0 do
let px < argmingep\y [[Xp — Xgl|
update L < LU Nout(p*) and
V+—Vvu{p}
if [£| > L then
update L to retain closest L
L points to X4

return [closest k points from L; V]

© 2025 CUBRID Co., Ltd. All rights reserved. 13 —




The Vamana Graph Construction Algorithm

Two Algorithms:

© 202¢

GreedySearch
RobustPrune

Algorithm 1: GreedySearch(s,x,, k, L)

Data: Graph G with start node s, query x4, result
size k, search list size L > k
Result: Result set £ containing k-approx NNs, and
a set )V containing all the visited nodes
begin
initialize sets L < {s} and V « )
while £\ V #0 do
let px <— argmingecp\y |[Xp — Xq||
update L < LU Nout(p*) and
YV« VU{p}
if [£| > L then
update £ to retain closest L
L points to X4

return [closest k points from L; V]

Algorithm 2: RobustPrune(p, V, a, R)

Data: Graph G, point p € P, candidate set V,
distance threshold o > 1, degree bound R
Result: G is modified by setting at most R new
out-neighbors for p
begin
V = (VU Nous(p)) \ {p}
Nout (p) — @
while V # () do
p* < argming cy d(p, p')
Nout (p) <= Nout(p) U{p"}
if |Nous(p)| = R then
L break

for p’ €V do
L if a-d(p”,p’) <d(p,p’) then

/
remove p' from V

_UBRID



The Vamana Graph Construction Algorithm
GreedySearch Algorithm

o i 2= Al D2qolofer A
o GreedySearch (s, x4, k, L) Jt
m local minimaOil & Al Wt Xl X &0
ANN01| =2 A =S = U= sparse graphs HEH FHE AQIDE?
ot flst S22 2: 8lA 28 1l (Sparse Neighborhood Graph, SNG)
X O

= X
s
2 EE0A, 2
ol
=

N—r

o
mE—m
i

oE8l=z Jte =z &0l &a O JhtE 010l &Mot= AdiZEE =5
Olo] FHcl qft B2 == pil CHoll, pOlilA SE 3= I HelE s0HF<= OlIE
IIH 2= g2 &= &= ULk

e e
o CXAN A2
OlAAQI TeE 2AHO0IXICH OdZ 250 =2 HIS0| &4 O(n2)
JIZ0| SNG J2HZo EH4S 2AI5 E< o131 (NSW S),
12 O| diameterE TEE &= U= FAHHO| Mg
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Algorithm 1: GreedySearch(s,x,, k, L)

Data: Graph GG with start node s, query X, result
size k, search list size L > k
Result: Result set £ containing k-approx NNs, and
a set ) containing all the visited nodes
begin
initialize sets L < {s} and V <+
while £\ V # 0 do

update L < LU Nout(p*) and
V+—VU{p'}
if |£| > L then
update £ to retain closest L
L points to X4

return [closest k points from L; V]

let px < arg minpec\v pr _ XqH .......................

© 2018 CUBRID Co., Ltd. All rights reserved. 16
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The Vamana Graph Construction Algorithm

SNG Graph out-neighbors of each point p are determined as follows: initialize a set S = P\ {p}. As long as

S all points p’ such that d(p} p’) o= d(])* : p’)
to
O

o © O
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The Vamana Graph Construction Algorithm

The Robust Pruning Procedure

e SNG —’E{S; OFEGt= def =2 B2, el Z 2| diameterdt 2 &= UL,
o = vertexJt et & 20| =0 A= line graph
o EI*:lOH/\-I X2 =X& ¢)|E +=dollOfF of= =2HME
o 2 vertexOl M F 2l vertex DHAI2l Heab 1 2 multiplicative factor 8t=
=== 2K
o O [ 2 vertexOlM CIHE 2= vertex2 2= & RobustPrune (p, P \ {p}, o, n — 1)
o QlalA A= H|E0| UHR AHE
e \amana= = RobustPrune (p, ) A
o V& n-1vertices2Ct G A © §6I” 1 EN
o RZ& degree bound

';U
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Algorithm 2: RobustPrune(p, V, a, R)

Data: Graph G, point p € P, candidate set V),
distance threshold o > 1, degree bound R

Result: GG is modified by setting [at most R new

out-neighbors for p

begin

Y (VU Now(p)) \ {p}

Nout (p) — @

while V # () do

p* < argmingy ey d(p, p’)

Nout (p) <= Nout(p) U {p"}

if |Nout(p)| = R then

break

for p' €V do
if «-d(p*,p) <d(p,p’) then
remove p’ from V

© 2018 CUBRID Co., Ltd. All rights reserved.
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Algorithm 2: RobustPrune(p, V, a, R)

Data: Graph G, point p € P, candidate set V),
distance threshold o > 1, degree bound R
Result: GG is modified by setting at most R new
out-neighbors for p

begin

V < (VU Now(p)) \ {p}

Nout (p) — @

while V # () do

p* « argminy ey d(p, p')
Nout(p) < NOUt(p) U {p*}
if |Nout(p)| = R then

B break

for p' €V do
if «-d(p*,p) <d(p,p’) then
remove p’ from V
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The Vamana Graph Construction Algorithm

Vamana Indexing Algorithm

e \amana: directed graph GZ iterative manner2 7=
o =J|3l
m 2 vertexJt ROHS eiE 0|22 JHkl= &8 JeHE=Z =I5t
m dataset POI medoid sE Al &2 4F
o Stepl:pe P LE FE2 2H =AHME ¢§I ofH, 2 SHIOA JeHZE HU0IESHH
GreedySearch(s, x_p, 1, L)0| p0il =&5t%
m 1) GreedySearch (s, x_p, 1,L)2 ’\'3”8H]4 Sga % d2et 2= E= V. plll =&

m 2) RobustPrune (p, V_p,a, R) = &dotH GE HUI0IE

m 3) 2= p € Nout(p) 0l CHoH M backward edge (p* -> p)E FItot0 JHE GE A4l
PY EI-/\H 34§O| Verte §J—|'pA|' |O| O:ijadg' tlél'
e p 2 degree)t RE = ot= &, RobustPrune (p°, N_out(p’), a, R)= &l M
o Step 2: Step19| MMl UHE=S MEBA H2la>12 ot O =
m HITHO=Z HEZOIEZRH &=0Ees 26 =, 82| Jes HXE g0 /g
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The Vamana Graph Construction Algorithm
Vamana Indexing Algorithm

Algorithm 3: Vamana Indexing algorithm

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
initialize G to a random R-regular directed graph
let s denote the medoid of dataset P
let 0 denote a random permutation of 1..n
for 1 <i<n do
let [L;V] < GreedySearch(s,x,(;,1, L)
run RobustPrune(o (i), V, «,R) to update out-neighbors of o(i)
for all points j in Nout(o(i)) do
if [Nouwt(j) U{c(i)}| >R then
| run RobustPrune(j, Nout(j) U {c(i)},,R) to update out-neighbors of j
else

| update Nout(j) <= Nous(j) Uo(4)

“. 5
© 2025 CUBRID Co., Ltd. All rights reserved. 22 A 4 CUBRID



Step 2

Figure 1: Progression of the graph generated by the Vamana indexing algorithm described in
Algorithmon a database with 200 points in 2 dimensions. Notice that the algorithm goes through
the first pass with o = 1, followed by the second pass where it introduces long range edges.
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The Vamana Graph Construction Algorithm
Comparison of Vamana with HNSW and NSG

e HNSW
o NSW=

A
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DiskANN: Constructing SSD-Resident Indices
The DiskANN Index Design

DiskANNZ2| s &) OtO[C| Of

°
o OIOIEA! POl CHoll VamanaS & &t
o ZWHEESSDUH M&
o &M Al GreedySearch Al & p2| out-neiborsIt & 2 & [HOtCH SSDOIA oY EE2E 2 H2 |

® - - - - - - - - - - - - - - - - - - - - - -

rgh-
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T
I
n

of stAl
(e} —
100X+ 2 0 A 102404 S MAGHE 22 RAM 822 4/ Z5HH & (4 * 100 * 1B ~= 400G)

hay

o
[
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S

0

1) HEH G- 109002 B 0fl CHSt e =
2) 8K HH CIOIHE HEZ20l &S =+
Ot5l= ol 2 uhe

—

EAsE A0
SICHH, HZEH S48 Al EiE 2F HEIE HAFED)}?
o A
1) 2 HIOIE ZOIEE 0424 JHCl centroidZ & & ol overlapping clusterE 2= 1)
2 2 AHN EEE S0 Ho Vamana Q12 A =6t F CF_&* PAPAI=IES
o 2)ZUO0IH Z2E peP 0l ol == HHE WO W20 ME, e =Z= SSD
e = 2= Al0l = full-precision vector, 2 24 Al 0l = compressed vector AtS
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PQ (Product Quantization)

o R HHE MY M HXE 2= HE(sub-vector)2 E&ot1], 2 2E2
“* At & (codebook)0ll A JHE JHE S & & (centroid)** 2

e centroid= 2 222 K-meansE 5ol ZE= M4

o FHcl HHUW CHol M 2 ME BlH 2 centroid2t2| 2l 2 codebook ¢ & &

oo T

vector 4,096 bytes
0 1 2 7

Sliced into

SN 126 x 320t | 128 x 3201 | 128 x 3201 [ 128 x 32-on [EECTTMES

HU
&
o

Replaced with id of
nearest centroid

8-bit 8-bit 8-bit 8-bit 8-bit 8-bit 8-bit 8-bit

8 bytes
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DiskANN: Constructing SSD-Resident Indices
The DiskANN Index Layout

o = (IO0IH 2] compressed vector= 0@ B2 2|0l H & ot 12l &£ 2f full-precision
vector= SSDO| M &

o 2 &0l THoll, 22 &2l full-precision vector x_iE M& st F, 20 RIS 0|22 IDE
Ol H&
o (M 0O/ degreedt RELHALHQOLZ IHY
" [Node 7 chunk ) A
- 1 Node /full vector
Block - [ Node (/+1) chunk — Block
Node (/ +2) chunk r = # of neighbors Nods Fahiink
> - Neighbor 1 of node / <
Node (/+3) chunk - -
- Neighbor 2 of node /
Block — Node (I +4) chunk . L — Block
" Node (/+5) chunk Neighbor r of node / (No use for alignment) P
(a) Node chunk fits in Node chunk of node / (b) Node chunk uses
a single block (DiskANN) multiple blocks
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DiskANN: Constructing SSD-Resident Indices
The DiskANN Beam Search

o ZOlHIH x qUl Hol A =2 & 0l=2= &= [ GreedySearch=Z, 2R [ OFCt
SSDOIAl Ol E& N_out(p*)E &10H2= 0| AiHAHE &4,
o SSD round-trip0O| &0 A latencyJt H &I Ct,
e neighbor 82E =XAH2Z M= Ual, LAVOIM W (494, 8J) S S0l S 2L
MZ 2022 2ol 2 LM =2 S UALE B4l
o SSDOIA B2 =2 g SEHE e A2 et AHE se A2 AL Hix
e SSD2I/0ORE RE X3l H4HZ UH=0 =W Il Melgds E0HE = JAL2L UA3
gl AA A0 Eel=E E0iicle =M, el O ¥2 Folz & Aldl= 20|
ol o
e 2 Beam Width (W) gl= 2,4, 8= S&0ot= 20l latency 2t throughput AHOI2] 2 =
& AFHFE2Z, 0l &0l M SSD load factorJt 30~40%, Z M S St= 2F AdIE2 1/0
X2l Al2t0l 40~50%E XtXloteE 2ds 2

4
“. 5
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DiskANN: Constructing SSD-Resident Indices

DiskANN Implicit Re-Ranking Using Full-Precision Vectors

Algorithm 1 DiskANN Beam Search with re-ranking

Data: Graph G with entrypoint s, query g, number of top candi-
dates k, beamwidth w,and search list size L > k
Result: PQ compressed node set £ and full-precision node set V,
each containing top-k neighbor candidates of ¢
L—{s}, V0
while L\ V # 0 do
let # denote top-w closest nodes to q in £
for p € P do
get node chunk of p from storage
end for
append PQ vectors of Nyy; (P) from RAM to L
append full-precision vectors of  from node chunk to V
L~ LYUNyyt(P),V «—VUP
if | £| > L then
set L with top-L closest nodes in PQ space to q in L
end if
end while
sort V by their full-precision distance to q
return top-k closest nodes to g in V 29
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Evaluation

o AIH HA
o z840: a bare-metal mid-range workstation with dual Xeon E5-2620v4s (16 cores),
64GB DDR4 RAM, and two Samsung 960 EVO 1TB SSDs in RAID-0 configuration.
M64-32ms: a virtual machine with dual Xeon E7-8890v3s (32-vCPUs),
1792GB DDR3 RAM that we use to build a one-shot in-memory index for billion point datasets.
°® /él [ea |j| ) EH Al
o HNSW
o NSG

(@)

\4' "
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Evaluation

In-Memory Search Performance

e SIFT1M (128 dim), GIST1M (960 dim), DEEP1M (96 dim)
o N €128 2F =EO| II2t0IEHE & (by parameter sweep)
o HNSW: M = 128, efC = 512
o NSG
m  SIFTIM, GISTIME 24! Y EZXE2| &F At
m DEEPIMOIAS R=60,L =70, C =500

o Vamana:R=70,L=75,a=1.2
o = 0 =H2SSD J[BFEAMO|EZ, VamanaE ?Igt E 2| E M
g e|s5= ootk Z1, A NSG gl 2K &l = &st= § A
2 2|&Z2 Vamana QIEA N &
4
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Evaluation

In-Memory Search Performance

e VAMANA ol 20t CI-t 22 &30 A =

SIFT1IM

~&—VAMANA

100-recall@100

——HNSW
97
-—-NSG
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/ s
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]
~
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Figure 3: Latency (microseconds) vs recall plots comparing HNSW, NSG and Vamana.
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Evaluation
# of Hops

e #ofhops == ClAA &J| =2 Hld

e HNSWZ2 NSGUHAl=hop = 220t & =0 A EME= d&E E0l=
S5t Vamana= = X==(R)2t adl HE =S hop =)t =2HE= A= &0l

N S —
10
ol
g - &
o 8]
~
- \
o
€=
© —a— HNSW
Y \‘_\*
0>) = VAMANA /a=1.2
<3 —®— VAMANA /a=1.4

o
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Evaluation - Comparison on Billion-Scale Datasets

One-Shot Vamana vs Merged Vamana

o XX 10

o 110 &=

-/ 4 - —

e Merged Vamana /1= &
= k-means 2HAHECZ Hd AFEZ U=

o &=
o ZFA
o 2t A
o ==
o 2 QOIE
X0
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AiSAQ: All-in-Storage ANNS with Product Quantization
for DRAM-free Information Retrieval
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Background

o IR HIOIEAIC A20 QISA AMS 9|5 DRAMOI M= oHs 220
HIZO0l DR 301 (120l SSD AE2IX 28 LR

RAGOIA CH9 QI XAl AAS ZRZ 8 0 0l2] QAUA AKX Ot =
DE QI AZ RAMOI AHEAIDIHLE, QEDICHAERIX 0 H25t= 2 X

o — - /M — =

« .
S CUBRID

© 2025 CUBRID Co., Ltd. All rights reserved. 36



Introduction

e DiskANN= C|A 3 JlBt ANNS| de facto standard
o HE=PQY=E YHE RAMO| FXlot2=2, 11 &S0 et QIO A2
AJI0 Oiet A &2HE2 JHAI A 28

o (o IElAZE MEE DRAM 2Y AI2+H2] 2| 224
o 0Ol =M= AiSAQ= DRAM At& &= UIOIEA2] AII0 2 A0l & 10M=
Aok, X AlZ2t2 DI0lotH SItot== =&

4/ T o

rOII
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Contributions

o <& CHR SIFT1B HIOIEHAZS Eget HE |2 HIOIEHAMH AL, RAM AIE &
~10MB £ DiskANN ==&=°| =2 Recall &4.
e SSD UIOIH BHX|I =&t =0, &2 HIZ2 A= Z2 % 95% 0| &2

1-recal@1= 22l == A AL =2 24,
o ZIO| ZHAH X OICIA 2T A|2H0| AFALAF S A| S

— — 7/ —

(&2 QIENA 2 Mt
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Preliminaries

e Graph-Based ANN Algorithms
e Index Switch for Multiple Source
e DiskANN

« .
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Proposed Method

| .I = l: 0.” F }” .I N
o Q =AN = T I-l j_ S ) X I-
ofLtel == (WOl X)< E=R=PNIv = =] £ L&
e OfLIC == (HIOIX =, ZE= R AJIE L E
Node chunk of DiskANN Node chunk of AiSAQ
Node / #of i Nbr1 {Nbr2 i i Nbrr Node / #of { Nbr1 i Nbr2{ i Nbrri Nodea i Nodeb | | Nodez
full vector i nbrs ri ID: a2 | ID: b ID: z full vector { nbrs ri ID:a i ID: b ID: z | PQ vec. i PQ vec. PQ vec.
Node 1 Node a Node z { ~ : Node b | i Node N
PQ vec. PQ vec. PQ vec. PQ vec. PQ vec.
DRAM DRAM

Figure 2: Data placements of a node chunk and memory of DiskANN (left) and proposed method AiSAQ (right)
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Memory Usage and Index load time
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Table 2: Memory Usage (MB) by DiskANN and AiSAQ

bpo DiskANN  AiSAQ (ours)

SIFT1M 128 bytes 146 11
SIFT1B 32 bytes 31,303 11
KILT E5 22M 128 bytes 2,803 14

© 2025 CUBRID Co., Ltd. All rights reserved.

Table 3: Index load time (ms) of DiskANN and AiSAQ

DiskANN  AiSAQ (ours)

SIFT1M 46.8 0.6
SIFT1B 16,437.4 0.6
KILTE522M  1,121.4 2.0
I
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Performance (Recall, Latency, Memory Usage)
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Figure 3: Recall vs latency graphs of DiskANN and AiSAQ
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Figure 4: Latency vs memory us-
age of DiskANN and AiSAQ
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FreshDiskANN: A Fast and Accurate Graph-Based
ANN Index for Streaming Similarity Search
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Introduction
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Discussion on implementing a disk-based ANN index in CUBRID
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