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Introduction

* High-dimensional feature vectors: LLMs, e-commerce, recommendation, document
retrieval ...

* Requirements: billions of vectors and millisecond query latency

* Traditional DBMS (NoSQL, RDBMS) are not designed for these datasets and
workloads

1. Vector queries rely on the concept of similarity

2. Similarity computation is more expensive than other types of comparisons

3. The cost of retrieval is more expensive compared to simple attributes (memory, disk)
4. Lack obvious properties that can be used for indexing (sortable or ordinal)

5. Hybrid queries require accessing both attributes and vectors together

dg CUBRID
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Open source
(Apache 2.0 or MIT license)

Source available

or commercial

Dedicated vector databases

Databases that support vector search
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Architecture of a VDBMS
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Current Systems

* Native: aim at providing dedicated vector capabilities.

* Mostly-Vector: limited support for attribute-related capabilities (Vald, EuclidesDB,
Pinecone, Chroma)

* Mostly-Mixed
* support a wider variety of queries and query plans including attribute-only
» storage models, query optimization

A {\6
* Milvus, Qdrant, Manu, Weaviate .. @ a‘c’nﬁe
@ Native Mostly-Vector e
 Extended < ®e
Native Mostly-Mixed

- NoSQL £l ative mosty-Mixed

* Relational 5
* Libraries and Other systems

* Search Engines Capabilities ]

* SPTAG Fig. 14 High-level characteristics of VDBMSs.
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https://github.com/microsoft/SPTAG

Query Processing in VDBMS

1. Similarity Scores
2. Queries and Operators
3. Query Interfaces

W .
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Similarity Scores

For two D-dimensional vectors

f:RP xRP - R

A similarity score can be used to quantify the degree of similarity between two feature

Ve§Iara Design

* basic scores - Hamming, inner, cosine, Minkowski, Mahalanobis
* aggregate scores - mean, weighted sum, other combine multiple scores
 learned scores

* Score Selection
* semantic similarity
 curse of dimensionality

Classifier performance

————————————————————
Number of features
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Bas | c Scores Distance Metrics in Vector Search

Cosine Distance Squared Euclidean
ey - = A.B T /o (Lf. Squared) 2
« Hamming o Es T4l T/ 2 (@i—w)
* I n n e r P ro d u Ct | Dot Product Manhattan (L1)
* Cosine Similarity

. . T yAREE A‘B:Zn:AiBi ] '<_}r i‘xa — ¥il
* Minkowski /

* Mahalanobis

Euclidean Mahalanobis
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L earned Scores

* Metric learning: find a transformation M
* informative input samples
 structure of the network model
 metric loss function

@ Class 1
[ | Class 2
AN Novel Class

(1) Original Data Space (2) Metric Space {3) Final Metric Space

@ .
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Queries and Operators

* Data Manipulation Queries
e Basic Search Queries

* Query Variants

* Basic Operators

A
5 .
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Data Manipulation Queries

* DM queries provides insert, update and delete

* An embedding model maps real-world entities to feature
vectors

_______________________________________________________

“: [ [0.05,-0.6,...] ]
El__z 5 { [0.4,0.7,..] ] |
~—— | : :
: ,_..9,._.., [ [0.2,0.01,...] ]
= ; [ [0.4,-0.6,...] ] :
N N |
! [ [0.35,0.1,..] ]
[ ]
/\'\ [ [0.9,0.3,...] J

A
‘n?i ™
© 2025 CUBRID Cooperation. All rights reserved. “?” CUBRID



Data Manipulation Queries

* The embedding model can live inside or outside the VDBMS

* Direct manipulation: users freely manipulate the values of the
vectors

* Indirect manipulation: vectors are hidden from users

Vald Pinecone
« UDF Of|AM AR M &+ S5 » AH St RES 2|8 MH[ANM ALE
o AFEX}7F "HIAE"Z HM * e.g.) OpenAl, HuggingFace ..

. BAE 9j2

-> API E3l 2H|E
> HIE| K{Ekn} M

¢ LIEHOR Vald 7 HE{2 3t & 244 23
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Basic Search Queries

Vector Search

N

(c,k)-Search Range Search
Exact Search Approx. Search
(c=0) (c>0)
Nearest Neighbor k-Nearest Approx. Nearest Approx. k-Nearest
Search (NNS) Neighbors Neighbor Search Neighbors Search
(k=1) Search (k-NN) (ANNS) (ANN)
(k=1) (k=1) (k=1)

Fig. 2 Basic search queries.
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Q U e ry Va rl a ntS Each vector is associated with a set of attribute

wohydsrid k-NN query written in SQL:

: : select * from S5 where attr < c¢
* Predicated Search Queries e

° Batched Queries . /:\ar:rt:(rentt?i:eof queries are revealed to the system at the
* The VDBMS can answer them in any order

Example: Multi-vector search in Milvus

Entity IDs
_)
o
=}
o
- 1Ds and score
— —1 Vtrecall —>
_> - Based o

- .
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Input: Multi-Vectors Dataset: Multi-fields Output: Consolidated ranking results

T ¥ereeal = pasedonvp aggregate similarity
score

. . Ranked
Normalization —» Reranking —_—
Entity IDs
Score normol
ization

RRF: comprehense by ranking order
Weighted avg: comprehense by score

 Multi-Vector Queries




Batched Queries

e --single query
SELECT * FROM items ORDER BY [2_distance(vec, '[1,2,3]') LIMIT
3;

e -- batch query
SELECT * FROM items ORDER BY I12_distance(vec, g.vec)
FROM (VALUES ('11,2,3]"), ('[4,5,6]"), ('[7,8,91)) AS g(vec);

How to improve batch queries?

« Computation sharing: Z7Lt fAISH HIE|tS| = AlLh 7HM
 Index sharing: $HHo| QlElA HAMO = o2 Zo|of e ALE
 Candidate reuse: & =& HE Fels =10, 2F Holof chal xHH A

\‘i CUBRID
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Query Interfaces

* Native and NoSQL VDBMSs - Small APIs (REST API, Python..)
* SQL extended VDBMSs - SQL

nearest neighbors °®

o

a k-NN query L@ 5

select * from items order by @——"@

embedding <-> [3,1,2] limit 5; . ® °

o
@
@ I @

a range query ° k-NN

query vector

embedding <-> [3,1,2] < 5;

filtered out
select * from items where
range query vector

8 .
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Storage and Indexing

* How to organize and store the vector collection to support
efficient and accurate search

* Partitioning Techniques
* Randomization
* Learned Partitioning
* Navigable Partitioning

* Storage Techniques
e Quantization
* Disk-Resident Designs

A
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Vector search indexes

* table-based: easy to update
* tree-based: to provide logarithmic search

* graph-based: empirically well but with less theoretical
understanding

dg CUBRID



Tables - Locality Sensitive Hashing

 Random Projection:
* LSH: RP £ &3l XX+
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Tables - Locality Sensitive Hashinc

uE]

Vi

« Of[A|

* datasets
« Vv1[1,2,1]
* Vv2[2,0,1]
« v3[0,1,2]
e Vv4([3,1,0] ?EI[:I;IO]
 wiLosl Q) = (mar2a)irg) = 1,2,-1) > (0,1, 0)

* pa rameters
« k=3(tHOIEY ABSH= hyperplane )

e g2(q) = (re,q)lrsq)ireq) = 3. 1, -2) = (1, 1, 0)

Elo] = Ic
e L=2(HIO|29 i 010
* randomized hyperplane | »
« TABLE1:r1=[1,-1,0],r2=[0, 1,-1],r3=[-1,0, 1]
« TABLE2:r4=[1,1,1],r5=[-1,1,0],r6 =[0,-1, 1] L = EE - )

e hash function S HE AH3| A S K=1 HEk v
e hiv)=1if(r,v)=0else0

[lall [Ivll . AN A7 1-|AHE

V5 = 2236 V6 = 2.449 t 5/ (2.236-2.449) = 0.9129 0.0871
5 = 2236 V5 = 2236 2 [ (2.236-2.236) = 0.4000 0.6000
V5 = 2236 V5 = 2236 0.4000 0.6000
V5 = 2236 V10= 3.162 5 /(2.236:3.162) = 0.7071 0.2929

© 2025 CUBRID Cooperation. All rights reserved. > V5= 2236 V10~ 3162 1/(2:2363162) = 01414 08588




Learning to Hash

* SKIP

o .N
{> CUBRID
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Tables - Quantization

* LSH shows high storage cost due to the use of multiple hash
tables

* k-means
* product quantization
e scalar quantization

© 2025 CUBRID Cooperation. All rights reserved. ‘!gﬁw CUBRID



Tables - Product Quantization

L -0.a5 -045 0.a% -0.62 -0.9% -0.76é 0.0 057 ]

* lossy-compression ey

* set the k # Of CentrOidS [ [-0.25 -045 0.as -0.62] [-0.98 -0.76 0.0% 0.577 ]
(2 m)

M&PP]V\? to the
closest centroid

A\

- ‘ el 9 entroid
o3 , 6
/% ° | // ;

4
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Tables - Prod

[N
subvector v\
@ @ closest ®
centroids ® centroid @
. °o o ®

uct Quantization

original vector

subvectors

clostering

PQ code
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Tables - Product Quantization
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Tables - Scalar Quantization

- float YA HE| RASS integer 2 A
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Trees

e splitting strategy?
* k-d TREE, ANNOQY (spotify), FLANN
* SKIP

<
K-d Tree Construction | | €186
v3 Each node is a (x,y) pair
oA ‘ o |
x2 -
@B ik
S | | ®G
[ Je @D
®H
y2 yl
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Inverted File

« HIE] Z7t= n Q] SE{AH 2= LIs (k-means)
. y vector 7t £5t= iy 2 AE2Q| centroid id 25E
=) S0l ot HIE{of| CHOHA] Bf A =St

a0 1 T o

Find nearest centroid

Inverted index

vector 5 X, %X, .. X X]
NBEEET B [0 X, oy 5]
vector9 [x, X, X, ..., X, X]

:

Query vectorS} A 3] 8

4
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HNSW (Microsoft, 2019)

o .N
{> CUBRID



HNSW (Microsoft, 2019)

layer 2
entiry
nearest point an
. wit Rbor on — lonyer | = 2
leyer | = 2 T —
layer 1
! mrarest [
. mitighbaur on — O :
layer [ =1 - a - r:;\—‘_\—\.:_\__
v \ | point on '
1 logger L= 1 !
'
layer O

nearest
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lger | = 0 ol on

longer L= 0

p
4
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HNSW (Microsoft, 2019)
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HNSW (Microsoft, 2019)
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DiskANN (Microsoft, 2019)

M 22| eldA Q| StA[ (HNSW...)
« SSD.

Index construction

Index Layout in disk

(" [Node 7 chunk _ N\
Node /full vector
Random Graph / \ - Block — | Node (/+1) chunk — Block
.\/T /./. /.\.\\- Node (i+2) chunk r = # of neighbors Node itk
- e \ / ) - Neighbor 1 of node / <
\ Node (i+3) chunk ;
\ = . Neighbor 2 of node /
Phase 1 - Block - | Node (i+4) chunk | > j — Block
- S et | Neighbor r of node / | . Qiiise e hewesal | )
S (a) Node chunk fits in Node chunk of node / (b) Node chunk uses
a single block (DiskANN) multiple blocks
Phase 2
i .
\‘ CUBRID
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DiskANN (Microsoft, 2019)

Figure 1: Progression of the graph generated by the Vamana indexing algorithm described in
Algorithm 3 on a database with 200 points in 2 dimensions. Notice that the algorithm goes through
the first pass with a = 1, followed by the second pass where it introduces long range edges.

© 2025 CUBRID Cooperation. All rights reserved.
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Query Optimization and Execution

SELECT User, Feature
FROM items WHERE User =
'Jack’

ORDER BY embedding <->
'3.1,2]

LIMIT 3;

* A given query -> multiple ways to execute

* Query optimizer: select the optimal query plan
* To achieve this goal: plan enumeration -> plan selection -> query execution

4
‘ ™
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[QO] Hybrid Operators

* Predicated query

» post-filtering (aka single-stage filtering): Visit

First!
* pre-filtering: Block First!

filtering Search Post-Filter

$899.99

$1299.99

$799.99 ' Pack Top 2 —r—v $799.99 —r— Filter:Below $1008 —-—r §799.99

$1099.99 ' 1$1099.99

$949.99

......................

© 2025 CUBRID Cooperation. All rights reserved.

Pre-
Vectors Pre-Filter Search
o ¥ 2 -
$1299.99
679098 - st o - SRRIRRE o - — SRR
$1099.99 Ko
¥ . F ¥
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[QO] Hybrid Operators: Block-First
Scan

* Online Blocking

. Eluril?gdindex scan, a vector is quickly checked to determine whether it is
ocké

* Offline Blocking

* For graph-based indexes, blocking can cause the graph to become
disconnected

Default Vector Index Introducing Filters Filterable Vector Index
0 . _ o __ o .
‘\ B . \\. -;-'n. Ih'\ B .
@ ----- & ® o ----. ®- - ®------
;" {. ©‘ . ‘. @ "i @
€--e- é---® ® . @ e
\ L Y = @ . &
\ ’ \
'.. "- . —'. .- " ® & \
\ i . - \ @
] 8 \
\ \ \ \
L ", S i
o ---- ® o----(o *---- ®

A
‘. ™
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[QO] Hybrid Operators: Block-First

Scan
Online Blocking

Collection
Search Req : : : ‘ Search Result
id vector chunk date
data=[0.1,—0,2,0.3,-0.4,0.5], .E .......... .. ......... . id:sso’distance:0_9876
filter="chunk like '%red%"", > : : : —— 3| @ id:236, distance: 0.9244
limit=3 : : : @ id: 870, distance: 0.8755
.
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[QO] Plan Enumeration

* Predefined
« Automatic: by optimizer
* SKIP!!

o .N
{> CUBRID
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[QO] Plan Selection

Estimated High

Selectivity

Medium (Bmte Farce Scan>

Real
Selectivity

Low

Post-Filtering
HNSW

Low

(Erute Farce ScarD High

Low
Pre-Filtering Pre-Filtering
Attribute Index HNSW

Pre-Filteri
( re-Filtering )

Fig. 10 Plan selection rules in (a) Qdrant and (b) Vespa.

Estimated
Selectivity

J
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[QE] Query Execution

 Hardware Acceleration
 CPU Cache
e SIMD
e GPUs

e Distributed Search
e distributed clusters
* scatter-gather pattern

» Qut-of-Place Updates
* Replicas
* LSM Tree
* Bulk update
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Conclusion
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Part |

HME 2+ overview
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@ Introduction — overview

HE p3. 2 YE= " VDBMS 7t B 202 FR=71" & B4 7HK
O| R = Fe[gtCt.

1. Vector queries = similarity 2t= ZHE0]| 7|gt

2. Similarity H42 7|Z H|w HASHCHH| B

3. M H|E X}A|7} Sha attribute 2ECF 2 (memory - disk)

4. Indexing 0l & AIEet £4 0| §i2 (BE 7ts M+ BX)

5. Hybrid query — attribute + vector SA| M2

Take-away: VDBMS 7t 28t DBMS 2/0f| layer 7} OtL|2t A FHE|22] 2
MOkl = O|F= 1-4-5 O] & £&517| m{Z0]|LCt.

A
© 2026 CUBRID Corporation. All rights reserved. 2 ‘1.' CUBRID



@ Query Processing — overview

HE p7-17. Ml 71| subtopic 2= M EICY,

Similarity Scores p8-10 Basic (Hamming - Inner - Cosine - Minkowski - Mahalanobis) - Learned (metric learning)
Queries and Operators  pll1-16 Data manipulation - Basic search - Variants - Batched
Query Interfaces pl7 SDK - SQL-like - 2§ == HEH
o WH Al "Similarity score MEH2 HAM Z&O| SIMES Hotlt" & DX,
e p12-13 2| embedding pipeline 12! contrast 7t 2stL|, 2H £ HE
M St = ("Data Source — Embedding Model — Embeddings") 2 EZ&
© 2026 CUBRID Corporation. All rights reserved. 3 “I CUBRID



® Indexing — overview

A= p18-35 (M52 "Storage and Indexing”). 7+& 2 HME.
H =744 80|, EZ| = log search, 12T = ZEA %[0,

Table-based

——» LSH:-L2H-PQ S
(hash - quantize) Q-sQ

Tree-based
(log-search)

v

Vector indexes Inverted File

Graph-based
(empirical best)

»  HNSW - DiskANN

© 2026 CUBRID Corporation. All rights reserved. 4
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@ Query Optimization and Execution — overview

& p36-42. CtA 7H2| subtopic.

Hybrid Operators p37 attribute + vector SA| X2|
Hybrid: Block-First ~ p38-39 attribute 2 selectivity 4 Xpct
Plan Enumeration p40 predefined - optimizer-driven
Plan Selection pal cost model 2| MEf 7|=

Query Execution p42 execution engine ZH

CUBRID #3H: hybrid 2| Block-First 7} 7} 71Tt — vector Q1= A
S & H|E0| I attribute EHZE MACHsH= FHEE

A
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® Current Systems — overview (X{t{X])

HES2 0| MEE p6 th ot & = =5l =. & deck OlM EF EE|E
2ol
Native — Mostly-Vector  attribute X| 2 Xt Vald - EuclidesDB - Pinecone - Chroma

Native — Mostly-Mixed  attribute + vector, query plan CtF  Milvus - Qdrant - Manu - Weaviate

Extended — NoSQL 7|& NoSQL of| vector =t%t Cassandra - Elasticsearch - Redis
Extended — Relational ~ 7|& RDBMS 0| vector &%t pgvector - SingleStore
Libraries / Other DB 7} Ot&l search SDK / Al FAISS - ScaNN - SPTAG

CUBRID 11.6 8 vector(N) + HNSW = Extended — Relational 2| X|.

4
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Part i

Benchmarks
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S0y —771e =

VDBMS HIX|0F3 = recall x latency & AR 2= EESIC paper =
AZ0lA S EHoF e 7 7EK| =2 He2|stot.

HEeot

Recall@k 0-1 HM ZZ! (ground-truth CHH])
Query latency ms (p50 - p95 - p99)  ALEX} M|
Throughput QPS MH X2|2Z
Build time S - min QlElA ZHA H|E
Index size GB RAM - disk $t=
Insert / update rate  ops/s streaming X|&-d
Hardware CPU - GPU-NVMe  H|u 3F4o| HA|

o OF =0t =X OtE= A2 £ICt Pareto MM 2 ElOf 2|0|7} ULt
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CHE HIX|OF3 4

ANN-Benchmarks  SIFT - GloVe - NYTimes - GIST - DeeplM 71& 92| Q1 2E&|= standard, recall-QPS =M
BigANN Challenge  Microsoft SPACEV - Bing - YFCC 1B-10B & k9|, disk-resident 7} 7tSStX|

MS MARCO passage retrieval 8.8M sparse-dense 2%, ZM EZ& IJt

DeeplB image features 1B high-dim (96), J2{Z QIEA H|w

 No single index dominates. Cl|O|E{ X X2 2| of &hof| 2 &
o F&elCt.

o [2tA] paper 2 Z2E2 "0 QUE AT} X102 7t OfL| 2} "0{T 04| A]
Z|FoIX| 210 =22},
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recall-latency M 2= H

F2recall | HNSW (large M) 1 latency
/_' (0.95+) DiskANN 1 recall
/_. 57t
%{;,%7_'3_0;" HNSW - VF-PQ-- %'TZ’;?
LSH IVF (coarse)----» ILI?;T;?
o Z2 oldAL mata|E (M - efConstruction - efSearch) £ 3AM2
ofC|of| S| Fotrt
o HH A "R2| YIAZEEQ| SLA 7t 0= FHQIX| HX| Holjof TtCt =
Ch=CF,
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Part lli

Challenges and Open Problems
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@ Freshness - streaming updates

VDBMS 7} &= prototype OlA production L2 AHZ wf 7Hx HX

HCO|&|
Txlolt |:—|=||

o &f-4H[-4L0] BYRUOI SORE UM recall 2 /X & +
U=t

o T QIHlA (FAISS - HNSW raw) & batch rebuild 7t 22 - 7184 &

o O TH:

o Out-of-place + merge (DiskANN - FreshDiskANN): Mf HHEH S
H QEAZ, 20| HX].

o Tombstone + vacuum: &%= EA|2t BHTE}IL

N
ot
4>

Al

=.

o LSM-style segments: 22 H|Z2| QIHA + 3 C|A3 QEHA AHZ,

CUBRID 2| vacuum - MVCC 2 &1} XfHAZ A StE 2| = X| A,
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@ Multi-modal - heterogeneous data

TrY vector field 2F CHR = A|AEI2 production 72| YE0F oFE,

e e

Text + Image ZiA4 CHE embedding 22 9| vector £ Z2 QG A|A] A
Filter + similarity WHERE category='A' ORDER BY embedding <-> q
Multi-vector per row 8t row 7} title - body - image embedding 2 SA|0| 7+A
Sparse + dense BM25 + HIE| score 2| 2
o QA QAXO|M O2{2: selectivity 7} O|2] HO|X| gb=CF —
attribute filter 7} 1% 21X| 99% QIX|oj| 2} =X F2Fo| FF g,
e paper = O|Z hybrid query 7IE|12|2 F0{ EE 3 O = L},
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3 Cost - resource trade-offs

VDBMS 2| 2FH|= 2IH|AT} K220 S0{7t=Lf 7t ZHSiCt,

In-memory HNSW RAM 37| (vector = x XF2l x 4B + J2HIX)  7}E 2 X|2F RAM H|MHE

Disk HNSW | DiskANN  NVMe IOPS - 7HA| hitg o £ 7hs, latency 7t
Quantization (PQ/SQ) QHA 37| 4-16x ZA recall &4 (MEEE 57)

GPU index GPU H|22| . SAE L3 C|HIO|A F& batch query 0l Z€, latency =4t

« "O{C|M H|ES &SX[" & O|2] Faoljof QlEH A

MEY
o AISAQ (DRAM-free) Z2 %2 H71= RAM 2 He| ot M= tisto 2

2
=
Pareto MM 21 S,
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@ SQL £8l - security - privacy
paper 7t OHX|2O 2 F= M| Zz2lo| OJsHZ EA

e SQL 53— ORDER BY embedding <-> q LIMIT k Z& AHAZL
B3, optimizer 7t Q1A SEZ 2UHt plan QH0f| A CHE 7], pgvector -
CUBRID 2| &%k,

o Security - St HM _ QIEA XX 7t vector EXE L&, 453}
ANN (HE - MPC) 2 A+ A, =4~tlix QG| E

o Privacy - Q4] &2 — embedding 2LZ2FE /2 £2 (inversion)
5Z40| 7ts. 22005 HHEHA ZX|= 2HE,

CUBRID 11.6 9| 2M22|= SQL 8 — security - privacy = &

OFAAE  spec v0.0.25 2| user-facing contract 7t %1 THA|0|H,

OOS (CBRD-26357) - information schema (CBRD-25859) &2 AtLH engine
DZHMELLS| timing O] PO 2 FXE| 11 QIC},
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Thank you

Q&A

o = deck: 2025-05-suvery-vdbms — paper 2= &z

— - O

o & deck: 1 ?|2| chapter overview - Benchmarks - Challenges 22

o

o« H=&:Pan - Wang - Li, Survey of Vector Database Management
Systems, VLDB Journal 2024 / arXiv:2310.14021
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