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Vector Data

TS2Vec
ResNet-50
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[0.84,0.38, 0.81, 0.00, 0.48, 0.6, 0.41, 0.85, 0.93, ..
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[0.89. 0.17, 0.44, 0.78, 0.33, 0.59. 0.29, 0.23. 0.22, ..)

[0.88, 0.75, 0.38, 0.77. 0.31, 0.98, 0.84, 0.79. 0.25, ..
(0.1, 0.77. 0.30, 0.56, 0.62. 0.14, 0.89, 0.19, 0.62, ..]

[0.63.0.41,0.97. 0.73, 0.64, 0.41, 0.96, 0.36, 0.87.
[0.51, 0.16, 0.26, 0.94, 0.53, 0.38, 0.39, 0.90. 0.55. .

[0.91, 0.99. 0.10, 0.87, 0.24, 0.91, 0.94, 0.35, 0.69. ..]
[0.89. 0.64. 0.14, 0.94, 0.51, 0.24, 0.61,0.99. 01, ).

[0.77. 0.65. 0.48, 0.94, 0.49, 1,00, 0.24, 010, 097, . ]

[058, 0.47, 0.01, 0556, 0.59. 032, 0.79. 095, 0.40,
Dense Float-Point Data

CLIP

Embedding Vectors

Unstructured Data

Sequences

—

Embedding
Models

O High Dimensionality

Objects are represented using a large
number of features (i.e., dimensions)

O Measured by Distances

Similarity
between
objects

Distances
between
vectors

Orange Cell Phone
Dog Stapler
Cat Printer
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Vector Search
O Vector Search (VS)

Vector Dataset Query Vector

vo  HEEEEEEEEEE | o o [

A2 NN | | | | | { |

A5 N | | | | | | | Results

Y [ T T T T T T T (N | | | | N N N I I | I |

70 o BN

k most similar vectors (KNN)

e Applications --------------------——---
: " s &\
. @ i= 6| () (Wl
! s IS L ®
i Recommendation Systems RAG / LLM Retrieval
| A & B TINE
! T o [\ .
: TR < Jadt | 1o Wi CURSOR
| Image-to-Image Search Music Recognition Code Assistants
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Challenges of VS

O Curse of Dimensionality

To4

As the dimensionality increases, the search
space grows exponentially

m Exact Search — Approximate Search o
(kNN — ANN) F el ¥ e TP mun
m Accuracy is measured by recall
The percentage of correct answers in the query results
Groundtruth Query results -

Recall = g = 80%

O Computational and Storage Intensive

Floating-point numerical vectors: [0.12, -0.53, 0.91, ...]
m L2 Distance Computation Cost: O(N X d) d(q,z) = Z(Qi — ;)

m Storage Footprint: 768 dims X 4 bytes = 3 KB per vector
1B vectors — ~3 TB
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Indexing and Compressing

Index Type Representative Methods

Tree-based KD-Tree, R-Tree

[IEEE TC75, KDD19, etc.] (Inefficiency in high-dimensional spaces)
Hash-based y

[VLDB15, TKDE23, etc.] LSH (Local-Sensitive Hash)

IVF-based

[Faiss library] IVE-Flat, IVF-PQ

Quantization-based 3Q, PQ, RaBitQ

[TPAMI11, SIGMOD24, etc.] (also used for vector compression)

Graph-based

[TPAMI18, VLDB19, etc ] PRI NSiE, Ve

. Focusing on high efficiency (QPS) and recall trade-offs

SIFT DEEP , _
. mm% Mainly designed for
. 104\ 8“103\“% memory-resident vectors

0.9 0.95 0.98 0.99 0.995 0.9 0.95 0.98 0.99 0.995
Recall Recall

4 x 10%

QPS
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Storage Architecture Evolution with Data Scale

Data Scale
Million Billion Trillion

T ] QT N (R i
| Memory | E Memory i | — Memory . E
: ! ; Cache I ' Hot data Coarse index |
' . . | ' Coarse index I S ——— !
i Fine-grained | | Hot data | (me=smmssemcrmsse O ‘.
i index E SIIIIIIIIIIIITTooooooooToooooooooooooT i Cache |
i i E SSD i i Warm data Fine-grained index i

I B
E Raw vectors ! E Fine-grained index B e \
: : : o Object / S3 |
N B [N e » i
| i 1 Rawvectors [T HlE { | Colddata mmEE [ m |
N ) o VIR . J

Memory-Resident VS Static Heterogeneous-Storage VS Elastic Multi-Tiered VS

[ Storage architectural evolution reshapes the VS techniques }

OO0 Memory-Resident VS: Store both raw vectors and indexes entirely in memory

O Static Heterogeneous-Storage VS: Space-intensive raw vectors and fine-
grained index structures are placed on SSDs, while compressed vectors or
coarse navigational structures are kept in memory

O Elastic Multi-Tiered VS: Dynamically place vectors and indexes across tiers
according to access patterns and cost-performance considerations
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Evolution of VS Techniques

ZN

Cloud-Native VS
Graph-based . Tree-based - l’___________’_’_”_’_’_’T’_’ ————————————————— \ i e iL * :
. ] |
VE-based { Memory 7/ifhs5  Coamseindex ! | turbopuffer | | 3vasen | | ziliz Cloud| !
- ase 1 e el T Bl T ] |
Quantization [ I A SRR, 8 I{:ﬂ — g :
: SSD Fine- %ramed i :Object Colddata | | ! o &y’ SaL :
Hash-based i index 11 /83 I e !
= (ommmmmmm e CAE = Elastic Multi-Tiered Storage
2
Heterogeneous Storage VS age.Orrtod Graph 3 "™ e e O .
e < Index & Layout . PageANN &N-Graph FEANN FBAMG :
l Memory ! e A :
V0 i . : i 1 [Starling| [MARGO || Gorgeous || DGAI ||
I~ Hot Data Coarse index j Graph-Based -, r DiskANN rLM-DiskANN o , !
e E— e, r r .
___________________________ X e SSaaaas PipeANN || GoVector
| SSD : A iFreshDiskANN Fltered-DuskANN i j [CPoANN[ SoVector
1 . . 1 1 L H
i [T MM Fine-grained | ! r r ™ | - o | r
H - 1 1 PQBF Zoom LLSH AN MicroNN LSM-VEC
| Raw vectors index H e ——— | Al s SrPRELg S Iar ;
| ——
\ / Multi-Method Coordination for Lower I/O Overhead
R S .
Memory-ReS|fi_¢?|_1_t_\_/_s““‘ Single-Method Index Mainly ,:,/tered—h r NHQ ‘ ARKGraph || SeRF eGraph‘rUNlFY i
/“'" ] |1 / - ————————— - ————————————————————————————I
) NSW i Multi-Method Indexing == —_—
Specialized i | >
ﬁ?athods i NN-D A i i | SPTAG E PM-LSH FSH-APG rADSampling rVSAG Tribase rTRIM ‘
[ escent|! 00 ;cce;--- 4 - J J J
[ —————————— 1 | :. I | |
Er LSH ‘ R-tree “ irPQ IMI E SRS ||HNSW | r|VFPQ FNGT r‘ScaNN | HVS T-MNG ‘FRoarGraph rymphonyQG ‘r DEG
1 [ la—— e e
1 !
:_’f'?_t[e_e__rfE’}[‘{"{‘_: :__?'f(_)_.__A_(_)__'rAnnoyJ QALSH rFANNG’r L2H rNSG ‘rlDEC NSSG r LvVQ rCAGRA‘rRaBItQ ‘ Quake ‘ CrackIVF
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Memory-Resident vs. Memory-SSD VS

4 ) 4
Memory (unlimited) Memory (limited)
e A
- -1 CO
entry Random per-vector access vo I a
S--->»c, HE-->»v. B v; I C
o Bl v: HC 1N Hot vectors Ce
(1] v.[I 1l
cE0 v-EELE O@)
. EE v. o
\' .
———)Ef %—)vz [?_] Hot structures c1o
N old vEILL e Compressed
e vs[I  Cache J[ Coarse index )| vectors
(o vEIl \ =
C -p»V (
SR ci) %—_ B :Vi% ' Block read (batch vectors)
S B |
o[ Vo] s E -l (||
*
Compressed vectors Raw Vo~ Vg4 9 V5~Vg V107~Vi3
Fine-grained index (Optional) vectors - - -
SSD Fine-grained index and raw vector blocks
. J \\
(a) Memory-Resident VS (b) Memory-SSD VS

(illustrated with graph-based methods)

O Random per-vector access — Block-level multi-vector access

O Additional trade-offs between query efficiency and memory usage
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Evolution of VS Techniques

ZN

Graph-based ] Tree-based [Jj
IVF-based Quantization [

Hash-based

Heterogeneous Storage VS

//////////

I
)
| [T Ml Fine-grained
| Raw vectors index

/"'"

7
Single-Method Index Mainly

Multi-Method Indexingk

Cloud-Native VS
) o
R 1R~ . * |
. ] ] ]
{ Memory 7HotData Coarseindex 1| | | wurbopuffer danasen | | zilliz Cloud| !
___________________________________ 1 |
------------------------------ 3 ! *> ™M '
=SSD Fine-grained "Object Cold data ! i @ l?;ﬂ SaL g i
i index :: e R e .
(ommmmmmm e Z tmmmmmmmmmmmmmme - Elastic Multi-Tiered Storage
2
Static Two-Tier Storage
Page-Oriented Graph _> i
Index & Layout ' |PageANN|[XN-Graph || LEANN :
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I [ .
Starling|[MARGO| | Gorgeous || DGAI ||
Graph-Based ! r DiskANN rLM-DiskANN i LE---?.E----, S [ :
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oo e Eae TS . ipe oVector
A {[FresnDiskANN] Filtered-Diskann|: | j [CPoANN[ SoVector
i r r r i e w . | : r
| [PQBF || Zoom || I-LSH | | !|SPANN|| SPFresh |SmartANNS: MicroNN ||LSM-VEC

I 1 —
] I
T rNHQ W\RKGraph rSeRF ‘FRangeGraphrUNlFY el
' I

2

Specialized
Methods

I
1 | SPTAG i PM-LSH rSH-APG rADSampling rVSAG Tribase rTRIM ‘
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Cost—Performance Trade-Offs & Network Bottlenecks
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Tutorial Overview

Part 1: Memory-Resident VS

Part 2: Heterogeneous-Storage VS

Part 3: Elastic Multi-Tiered VS

Part 4. Challenges and Open Problems
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Part 1: Memory-Resident VS

> IVF » Quantization » Graph

SIGMOQOD’ 26 Tutorial
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IVF-Based Methods

Organize vectors into clustered partitions and restrict the search to
the nearest clusters, thereby reducing computational cost

Index Construction Two-Phrase Search

~

. e e v Final
a A e ’ A y Top-k
el ~~‘.\ yr O ' i ' —
S s ; '
A - 0009 o i\ : o
;i e® @ e 1 : @)
‘0 %O O OOOOO f ; o
0 e®%® e e Wl : o
%0 o — &8P & . | ®
20t D3
S @ N :
OOC4OSO ‘e0z® o o © : o
o O* o o L o O* OO’,'I 'E 8
(] e o ) Exact Distance Calculator
O o O e ok [ e
Memory ) Memory

B Finding top-nprobe closest clusters

B Computing distances against all
vectors within those clusters to get
final top-k results

B Using k-means to divide the dataset
into clusters, each with a Centroid

B Vectors of the same centroid are
stored in one inverted list

SIGMOD’ 26 Tutorial 12



IVF-Based Methods

Insertion: Directly insert n- into corresponding inverted list

n n n | > N4 Ng Ns Ny
1 8 5 |

« Qutstanding QPS for batch queries (leveraging parallel computing)
« Extremely fast vector insertions

« High recall requires accessing numerous clusters
« Updates can introduce cluster imbalance, degrading efficiency

Best suited for:
O Scenarios maximizing QPS via heavy batch queries
OO0 Read-heavy, static or append-mostly workloads

O Latency-critical single-query (low-batch) scenarios
OO0 Highly skewed data distribution
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Quantization-based

-- SQ (Scalar Quantization)

SQ maps float values of each dimension to low-bit integers to reduce
storage cost and accelerate computations

Uniform SQ N
(equal-width bins)

_bi—aj

21‘

:cj—aj
x=[04,88,33,45] &= |~
J

-20 0.4 8.0

p1 HEEEEEE ] |
32 8.8 18.2

p2 HENEEEF | |
-0.2 3.3 6.4

p3 HENEEENN | |
1.6 45 48

p4 HENEEEF 1]
01 2 3 45 6 7 8 91011 1213 14 15

0 r = 4 bits »15

‘ Simple, Fast, Low-Cost

SQ form of
X

3

5

14

Non-uniform SQ
(density-aware / learned bins)

x=[04,88,3.3,45]

Vector
Compression
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20 04 8.0 SQ form of
GYI ([ [ [ | [ [ | X
3.2 8.8 18.2 5
D2 NN A =
-0.2 3.3 6.4 6
p3 IHIIEEEIE | L[ ] '
16 45 48 b
D4 WL ThEmE
0 12 3 45 6 7 8 910 11 12 1314 15
0« r = 4 bits »15
Better fit to data distribution
Distance Exact distance

estimation reranking
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Quantization-based __ pQ (Product Quantization)

PQ splits a vector into sub-vectors, then maps each sub-vector to its
nearest centroid and stores only the centroid index

D dim.
datasets

[ |

N vectors [ - ] raw x : raw q |
I | O Partltlonlng @ Partitioning
_ e raw X » raw q

D/m dim. @@ Partitioning vectors = = S T

into subspaces
@ ® looking for nearest ® Build distance table

centroid id centroids

IT = = " centroid id d (i) : dist between qi and cij
> » - 1 d212 | d312 | dan
c c c

I

n

/) - |
N vectors ]:[ ]: :
:l:: :

2
3 c23 c33 c43
m subspaces 4 24 34 ca4 $ d13: d23: i
@ @ Clustering within code book 4 di4 d24 d34 dag?
each subspace @ ldentify subvector Distance Table of q
ot 51 | b with centroid id
S | et | | L€ ® Estimate distances via fast lookup
K centroid c2 | 22 | | em2 compressed X
n B . .
centrois : : : : : : 2 | 3 | > ‘ | > | padist(@x)? = d112 + d222 + d33? + d422
mk . .
clk || Lexk | I £ (optional) @ Exact dist rerank
top-k results
codebook
Train Encode Query
Learn subspace Assign subvectors to Estimate distances via
codebooks centroids fast lookup
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Quantization-based __ rgBiiQ

RaBitQ encodes vector directions into binary codes for compact
storage and efficient distance estimation

Step 1: Normalization Step 2: Random Codebook:

Project vectors onto unitball Uniforminze quantized points

1 1 P
. ; Codebook C:= {+——} ||(3||=2D
Z t d o—C -C '—’ ’— )
c: centroi 5 O . qr 5" 75
Or,Qr: raw vector llo—c|| llar—cl| Random Orthogonal Matrix: P
0,q: normalized vector
o1 r Randomized Codebook C,_.,:={Px|x € C}

Unit Sphere

Only keeping the direction Uniformize codewords to remove

preference of data vectors
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Quantization-based

Step 3: Encoding Data

-- RaBitQ

Quantize each dimension
into single-bit representation

0 : quantization vector of o X:0=Px

Looking for o€ C Looking for x eC
nearestto O =

nearest to P'o

+1/3 B 1
-1 E> Xp | 0
+1/33 1

quantization code of o

Looking for nearest point in the
random rotation space

SIGMOD’ 26 Tutorial

Stepd: Estimate <0,0>
P Quantize query into Bg-bit SQ
and estimate <0,q> fast

<0,9>=<Px,q>=<x,P'g>

[Bg-bit uint]

[float] |:> au [Bq-bit uint]

[Bg-bit uint]

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

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

[fioat] [float]
[float] :>P-1q
foat] | o0y ol | apply
inv. rotation SQ
Gu|1] Gu(D]
; 5 { .
i &P { I
Xp '{:

Bitwise Computation

SIMD-friendly / FastScan-friendly



Quantization-based

sQ O Simplest design

O Lightweight O Low computation
PQ O Efficient lookup overhead

O Subspace codebooks O Low storage overhead

O Theoretically robust error control = gias?;r?ggreo\;(;rlzzfon
RaBitQ | O Storage-free codebook

O Bit-wise & hardware-friendly
sQ Disregarding inter-dimensional

lati

corTeiations O Limited recall due to
PQ High training overhead inherent precision loss
RaBitQ |\

Best suited for:

O Memory-limited scenarios
O Latency-sensitive scenarios

O Accuracy-critical workloads
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Graph-Based Methods -- PG(Proximity Graph)

Graph-based methods construct a proximity graph by linking each
vector to its approximate nearest neighbors, and perform search via
greedy or best-first traversal

1. Initialization: Starting from an Entry Node
and maintaining a dynamic; candidate set S
e

A
( )

S: N4 Ny Ng Ns

2. Expansion: Always picking the closest
unvisited node in S for expansion

njg entry node

N4 N1 Ng Nsg

3. Refinement: Computing distances for its neighbors and pushes them into S and
update S to keep the closest ef (ef = k) nodes

Ny N1 Ng Ng |:> N Ng Ns n;

4. Termination: Returning top-k results in S when no neighbors are closer to the
query can be found
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Graph-Based Methods __ pg construction

x Naive k-NN Graph: 2 ; dO\) SRPNEﬁ;e * |¥Vigable

Redundant & Isolated Dead end! Entry node Entry node
O*

Why not naive k-NN graph?

Connecting simple k nearest neighbors creates useless cliques, thus
leading to degraded graph connectivity

Solution: RNG (Relative Neighborhood Graph)

O Principle: Linking nearest points in different directions
O Example: Ais not linked to B, as B lies in approximatelya
the same direction as its neighbor C
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Graph-Based Methods  __ ynswy

Why not one-layer graph ? Why HNSW?

A single-layer graph easily gets stuck in local optima and require long
traversal paths. HNSW builds multi-layer graphs, where higher layers
contain fewer points that act as “highways” for faster navigation

O Top Layers: Extremely sparse, fewer
* points used for fast, long-range jumps

Layer=2

O Bottom Layer: Containing all vectors for
fine-grained search

Layer=1

Search Strategy

1. Start at the top layer and use “highways”
to quickly approach closer points

2. When no closer point is found, descend to

\4 the next layer

3. Repeat until Layer 0, where a standard
greedy search is performed

Layer=0

Decreasing characteristic radius
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Graph-based Methods

Quality degradation under deletions

Delete Policy A Delete Policy B

100 100
wn
® 95 95
=
Q
w

85 85 :
0 5 10 15 20 0 5 10 15 20
Batches (5% size)
[—~—HNSW —— Vamana NSG]

High index size

Insertion complexity is O(logn)
(similar to search)

100 million nodes X 16 neighbors = tens of GB

Best suited for:
O Low latency and recall-critical tasks
O Sufficient memory budget

O Extremely large-scale datasets with tight memory budgets
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Part 2. Heterogeneous-Storage VS
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Part 2: Heterogeneous-Storage VS

2025/01-2026/03 DRAM Spot Average Price

90

80

70 +

60 +

50 |

40

30

More éxpensive memory

10

0

f—'—“’_/..-

h S—

Starting from the third quarter of 2025, the spot
prices of DRAM and NAND flash memory have risen

by more than 300% cumulatively.

—tT
__,'——/‘

25/01

25/03

25/05 25/07 25/09

25/11

Dataset

Scale

GIST1IM
OpenAl-3072

MovieLens-10M

1,000,000 (1M)
1,000,000 (1M)
69,000 (69K )

Rapidly growing data volume

SIFT1B
SPACEV-1B
LAION-5B

1,000,000.000 (1B)

1,400,000,000 (1.4B)

5,000,000,000 (5B)
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26/01
Source: DRAMexchange, Global Semiconductor Observation, AJ Securities Research Institute

26/03

Spot Avg Price: DRAM:

4800/5600 (USD)

Spot Avg Price: DRAM:

3200 (USD)

Spot Avg Price: DRAM:

3200 (USD)

Spot Avg Price: DRAM:

2400/2666 (USD)

Spot Avg Price: DRAM:

1600MHz (USD)

Spot Avg Price: DRAM:

1600/1866 (USD)

DDRS5 16G (2Gx8)

DDR4 16Gb (2Gx8)

DDR4 8Gb (512Mx16)

DDR4 4Gb (512Mx8)

DDR3 4Gb 512Mx8

DDR3 2Gb 128Mx16

Memory—Res:dent VS to Memory-SSD VS

@ ol

0ooo

~

2 EEY [@ | Graph Structurej

'@

Memory-Resident

ANN Search

Vectors

|

= E

J

s

E%

Disk-Resident
ANN Search

'd

0000

(Memory [@[ Cache/Buffer ]

N

I/Os . Block Access

e >

(@' Graph Structure]

Vectors

o o
50 |

)

J




Method Categories

Based on the primary index used for filtering, we categorize existing
methods into: IVF-based, graph-based, and tree-based methods

= :I Hash Tables/ (2) Block filtering & ® .,9 (T v, [ ¢ ® v,
010 ZQ Directo query execution » LI v+ |6 66 &M v
ot - Y . —
(1) Block-oriented partitioning & layouts
Memory Disk
Memory Q Memory
EI-LSH @
¥ W TR I-LSH NeOPFA q:) ) Cluster
a ¥ . Centroids
S i I c Tree-based ¥ @ (
Routing Graph ~ Compressed Vectors ] PQBF (1) Clustering & partitioning
(3) C%?‘ZrZi:?; gt) Gra.ph updates oAl LSM-VEC (3) Probing-based (4) Update &
repairs B+ANN MicroNN query maintenance

Starling

:}g}“ %f‘:l:l (Trm

Vo~ [ Hg\VsTVe V10™~Vi3 :
o ° DiskANN

(1) Disk-friendly graph construction ReNaaiH

(2) Block-locality-aware storage & layout

Disk

ODINANN

SPANN

Graph-based : JP

DiskJoin

IVF-based

Zoom

lybrid IVFFlat

V2
V3
Vs

Vio Vi
Va Vg
Ve V7

(2) Block-aware storage & layout
Disk

The following materials can be found in our survey and experimental study:

. Search: A Survey, 2026.

[2] X. Chen, J. Qu, Y. Song, S. Lu, H. Li, M. Jiang, W. Zhou, J. Xu, X. Zhou, and F. Wu. Disk-Resident
Graph ANN Search: An Experimental Evaluation, 2026.

25
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Overview of IVF-based Methods

p Q1 (Partitioning)

How to achieve memory-efficient

clustering and balanced partitions? [ 1. Clustering &
Partitioning

Decomposition and Study

Memory-Efficient Clustering ]

Balanced Partitioning ]

Q2 (Storage) Boundary Vector Replication ]

Centroids in Mem, Lists/Vectors on Disk]

How to optimize disk I/O for page- [@% DBl cE ot
aligned vector search? Layout

Centroids/Lists in Mem, Vectors on Disk]

Q3 (Querying)

Hybrid Lists with Filtering ]

Cluster Probing & Pruning

How to balance search accuracy {ga 3. Progil:\gr-Based
and latency ? 4

Caching & Batching

Q4 (Update)

Wl s i}

)

J

[ 7~ 4. Update & Update Support Strategies }
)

Maintenance Incremental Rebalancing

How to maintain index quality with
incremental data updates?
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Clustering and Partitioning

0 Limitations and Solutions

L1: Clustering is
memory-intensive

I

L2: Uneven cluster size

s||L
cause imbalanced 1/O

leads to recall loss

3: Single-cluster assignmen’j

-

- ~ P
z’—o-‘\ I'd ‘/z’ \\\
090> sample ’
7 \ \
o o
,' OOOOO\‘ nodes ’lo Ooo O\
1900 0%° ! ) o,
‘OOOOOO/I \\OO ° /I
AN o o ~_ © 7
S o _- ~—_ "
next updaFe l
\ iteration o -q _centroids,
\ oo* (03',0/ y
N oo O 7
~ 4
- (o}
®, ©°

o

Mini-Batch k-Means
(e.g., MicroNN, Hybrid IVFFlat)

|

: Streaming small data i
: batches from disk to .
| incrementally train centroids :
|
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\ 4

Oo
Oo o) oO
o

o |lo O

ol e |=.2| [,°
0 o| |o

ON®) o 19) @)

ollo o||©

Balanced Clustering
(e.g., SPANN, SPFresh)

|

' Adding size penalties to |
| discourage oversized lists :
| and ensure even partitions |
|

-——
- - -

00.0 7 0O (o)
0 0%/ o© o o
° o 40° o (%

o o 0 o

Boundary Vector Replication
(e.g., SPANN, FusionANNS)

Storing boundary vectors
in multiple nearby lists



Block-Aware Storage and Layout

An IVF-based disk-resident VS method typically maintains three core
components: cluster centroids, inverted lists, and raw vectors.

___ Method ___ Memory _____ssD_____

SPANN / SPFresh IVF centroids + routing graph IVF lists + vectors
MicroNN IVF centroids IVF lists + vectors
Hybrid IVFFlat IVF centroids + Filter structures IVF lists + vectors

1. Centroids in Memory, Inverted Lists and Raw Vectors on Disk

O Lower memory overhead
O Unable to use ID information in the inverted list for pruning

O Higher memory overhead
O Combining other indexes (e.g., PQ) for more effective pruning




Probing-Based Query Strategies

Phase 1: In-Memory Probing
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Phase 2: Block-Aware Layout & 1/0

Contiguous Page-Aligned Layout
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Phase 3: Refinement & Reranking
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O Lightweight in-memory graph used

for finding nearest clusters

O Query-aware dynamic pruning

_______
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Only scan whose
distance to the
query vector is
within a (1+€)
factor of the closest

centroid

[

[

: only once

1 | q1:load Py Pgo

| | g2:load P Pes mp
| | 93:load Pcy Pes

I P., P.sonly need load
| once

[

O Cache hot lists to avoid repeated read
O Group batch queries to read each page

Pc1 Pc2 PcS Pc4 PcS
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o9 |© .‘ CC))O o

@) (@) (@)

T

]

29



Update and Maintenance Mechanisms

O Update Support Strategies

B In-Place Updates with Incremental Rebalancing (e.g., SPFresh)

_________
~~~~~~~~
\\\\\\\

i B \\ ,,,, K
O™ p ® 1. Insert or delete the nodes
~~~~~ ©0 . ® A,
6 @ . @imbalance 2. Monitor inverted list sizes and detect
O® -------- o imbalance
i @ split . . . .
Insert 3. Oversize lists are split and undersize
[ o> TR lists are merged
~. 0@ ('Q * NI _
C_\DT‘ S ‘ 4. Vectors are locally reassigned to
{ 0 ‘ (@) reassign nearest clusters
AN A2 J

ss\
~. ’
~ -
----------

B Out-of-Place Updates (e.g., MicroNN)

Leveraging DBMS transactions for atomic inserts/deletes
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Overview Of Graph-based VS

Memory Disk (SSD)
B Compressed Vectors for fast distance estimation
B Entry Vectors for traversal initialization
B Fixed-Size Buffer caching frequently accessed blocks

[ [ ]Compressed Vectors [ | Vectors [ | Adjacency List ]

B Graph Adjacency Lists
B Raw vectors

f EEE Memory (Limited Capacity) A
~— Entry Vectors Compressed Vectors Cache/Buf‘fer —
o O OO ©) OO L Jo [ Jal Jc |C3| | 4 | Viol |

Ovigp © O [ Jes [ Je[_Jer s [ 1o | Vis| |
O
\ q*?nearecgt © L Jewo [ _Jeunl Je[ Jas ... Hot Vectors |
f : Candidate Q 1 | )
andidate Queue 1
0 3 m I,,C,qmyze-_s%t_'r_nﬂ@q9'15}909e,;| o (vl <] ] @
! using compressed vectors : 8 1 ] o P
o ron for Next neravion | ST
Requests | vo I:I Compute exact distances v v | ’ /: Lookup
| it ettt ] N PR 1 e ==
v I:I using vectors in cache/block Cache Hit! Cache
| : Result Queue Miss
\ N~ : ; Working Memory l - )
. - ‘ i N
St 2] Read Related Block €----------------oooooo ’
E : Vol v ve - ||| s Fvz vo - ||| vel Vo vi - |
E :E> V1| |_’|V8 Vo - | V4| HVS V) | vy |—>| Vo V3 |
:~____F_L1I1 _G_r?_p|_"_|f‘_df3_x___z: Block 1 Block 2 Block 3

) Disk (Massive Capacity) J
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Memory-Disk Storage Strategy

O Major-In-Disk Table 2: Memory-disk storage strategies. Legend: » = Com-
pressed Entry Vectors, A = Compressed Vectors, B = Sampled
Auxiliary | Compressed Raw ad;rcaezr;y Entry Graph, ¢ = Cache, ® = Adjacency Lists, and ¢ = Vectors.
structures)  vectors vectors lists Type |Method Memory | Disk | Applications
Memory DISK DiskANN [12] AX °¢
. Starling [35 ARX
Most widely adopted strategy: Fast e ot
. Gorgeous [38] ARX °¢
with fewer I/Os, but memory _
. . MARGO [39] ARX °¢ (1) Low-latency/High-QPS ANN
overhead scales with data size Major- services.
in-Disk* BMG L] sl k. (2) Deployments with relatively
XN-Graph [40] AN °¢ sufficient memory budget.
O All-in-Disk Doal 2] Aw | =
PipeANN (8] AN o4
Auxiliary || Compressed ~ Raw . djc:1 :::;y PageANN[14] [ aTmk | aTod
structures vectors vectors lists (1) Memory-tight deployments
All-in- | AiSAQ [32] A * ¢ | (edge/on-device).
Memory DISK Disk® LM-DiskANN [25] * Aot (2) Scale-sensitive applications where
) L dataset-scale A cannot fit in memory.
Suitable for memory-limited LSM-VEC [42] mk | e

environ ments, but incurs h|g her * Major-in-Disk: compressed vectors in memory; adjacency lists and vectors on disk.
disk access and poor laten cy ® All-in-Disk (memory is still utilized): only auxiliary data in memory; all scale-

growing components (i.e., compressed/raw vectors, and adjacency lists) on disk.
f Budget-dependent placement.
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Storage Strategy Evaluation

Table 4: Disk (GB) and Memory (MB) Usage Across Datasets (Min/Max highlighted per dataset across all methods).

Type l SO 3 | Glove | SIFT-IM | SIFT-100M | Deep | Tiny | MSong | GIST | OpenAl

| Disk Mem | Disk Mem | Disk [Mem|| Disk Mem | Disk Mem | Disk Mem | Disk Mem | Disk [ Mem|

DiskANN | 0.790 160 | 0.811 108 31.908 | 2859f| 1.368 175 9.681 530 | 2.052 279 |4.174 574 | 16399 933
Starling 0.790 123 | 0.811 120 31.908 § 38191 1.368 196 9.681 595 [ 2.052 306 | 4.174 628 | 16.399 ) 1039

Maior-in-Dilk Gorgeous | 5493 138 | 4768 109 | 413.259 | 3056)| 5.277 198 | 29.564 445 | 5878 193 A = 30.708 | 818

ajor-in-Di

’ PipeANN | 0.752 153 | 0.763 125 31.789 | 2547§| 1.272 155 9.537 430 | 1.896 194 | 3815 274 | 15.259) 749.5
DGAI U.693 114 0.684 :¥4 30.990 4817)| 1.144 124 10.494 050 2.090 201 4.001 360 16.250 1 101s

PageANNf 0.613 102 | 0.605 61.5 | 21.202 | 2223)| 1.367 88.5 | 9.684 2985 | 2.053 100.5 | 4.186 169.5 | 16.529 | 456

AiSAQ 1.570 33 1.335 30 54.496 | 28.54| 2.033 315 [ 9.905 33 2.118 315 | 4.286 36 16.408 | 48
PageANN*t 0.514 435 | 0.558 30 63.580 | 25.5§| 1.270 30 9.540 285 | 1.900 345 = = 15.260 | 45

Notes: blue = mimimum, red = maximum within eac 1ISK or ivlem) across all methods; ties are nighlignted; missing entries (—) are excluded.

All-in-Disk

¥ PageANN major-in-disk version.
# PageANN all-in-disk (low-memory) version.

Memory Usage: Major-In-Disk uses much more memory, while All-In-
Disk keeps a Small, constant footprint (25.5-48 MB)

Miotar = Mpgy + Mpq + Migehe + C

If M;o¢q: IS less than the memory buget, we adopt the Major-In-Disk strategy;
otherwise, we switch to All-In-Disk strategy.
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Index Construction Cost

The total index construction time can be broken down into three main stages:

™, 0000 1. Navigation and Full Graph Building
-~ /(70000 2. PQ Training
| . 3. Graph Partitioning and Layout

‘‘‘‘‘

Finding: (1) For most methods,
\?OISDiskANN [ Starling T Gorgeous I PipeANN 1 AiSAQ [ DGAI [ PageANN indeX ConStI’UCtion t|me iS

[ PQ training 7 [ . = =
|7 Groonbuiane dominated by PQ training and
Partitioning & layout ; - -
= / ) 7 = || graph building. (2) Several
~ 1n3 a9 %% Z _ —4—‘74 2 1
_«g’m / 7;? 2 [1P methods fail to construct on
" R o i : billion-scale datasets due to
o AR ) excessive memory overhead

Glove SIFTIM SIFT1B De%;:)atase'l'tiny MSong  GIST  OpenAl and proh|b|tlve construction
Figure 8: Index construction time. tl mes
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Technology Decomposition
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All-in-Disk
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)

Layout
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............................

—-[ Clustering-Based
L S } —'[Gra ph-Replicated

T i 5 ( — )
! _I_I! Strateggy E———» Dynamic E Metric 4 ’
[ Hybrid E

F s ; Compute-Driven I/O-Compute Overlapping : Metric 5
' Query Execution --E | Query Performance |
............................... ) I/O-Driven I/0-Compute Overlapping | (QPS, DC and Mean 1/0) |
e : 1 In-Place | I:g Metric 6

: @ Update Mechanism ﬁ\ - .

: | ' | Update Efficiency
------------------------------- - Out-of-Place J
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Locality-Aware Disk Layout Strategies

D GIObaI LayOUt {E Metadata l:l Vectors I:I Ad jacency Li\lj
[E] Global Layout (across blocks)
B Coupled layout: vector + Coupled B e Decoupled ———————
adjacency lists in one block | s oy || e ., XTuolos
with graph ndex *#during the
B Decoupled layout: stores | soc P ccasspattan || ok v search
adjacency lists + vectors in  |AtExtremely High Dimensions: At Extremely High Dimensions:
separate blocks | s I ndex blocks keep localty |

AN

O Global Layout Evaluation

—eo— Coupled —4+— Decoupled
Recall@100=09] 120 Recall@100=0.95| 70

Recall@100=0.99

140
60
100
&120 50
o
100 80 40
80 60 30
UV O O Q VO O O IS SV O O S
SSSOSENSEES) S SSSS S S S SSSS S S S
N N N
HNG 6 O S HING &G O S HONG 5 O S
Dimension Dimension Dimension

Finding: Coupled layouts perform better in low-dimensional settings,
while decoupled layouts are more effective at higher dimensions and
recall levels
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Locality-Aware Disk Layout Strategies

O Local Layout

{E Metadata :’ Vectors I:I Adjacency Li.\'tJ

(1) ID-Based : Organize data by ID
(2) Heuristic-Based : Use graph

—— ID-Based —

— Heuristic-Based —

[5) Local Layout (in a single block)

— Clustering-Based —

¢ Graph-Replicated ~

topology to colocate neighbors [ 7% (- TEEEICTEE , el vt | P tbinstnabes .
i . Vector 1 |V7<vovsl IVA%OOO I lf © l
(3) Clustering-Based : Groups Wi o L oo T\ v |
. . | |
similar vectors Vector 2 L Vector 1 e —— e
(4) Graph-Replicated : Replicates | | YECOH L h b 12 1
adjacency I|StS Vector 7 Vector 7 Vectorl2 | v3 | vs
L Block )L Block ) L Block AN Block y
O Local Layout Evaluation
ID-based Heuristic-based EZ& Clustering-based Graph-replicated
§8 GloVe N 8 SIFT1IM . .
Sl - \ Finding 2:
= % § ° & N Heuristic-based layout
al N S AR 2 N : ]
= 2 z;s; 4 s NS N achieves the highest 1/O
D K s 9 Ko KXY (2 - . q
o’ | g;g; & &N || | utilization, outperforming
0090 095 099 9 0. 0. 0000 095 o099 |Othersby 1.91X,1.16X,
Recall@100 Recall@100 Recall@100

Finding 1: Overall I/O utilization remains low across all

methods, not exceeding 15%

and 1.83 X, respectively
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Cache Management Strategy

— Static Caching

Static Rc-gm:n/

Hybrid Caching

\D‘ynarmc Region

Dynamic Caching

+ Preload

¢ Identified at Initialization (No Replacement)

Hot Vectors

Hot Adjacency Lists

X Offline Profiling

~\

-

T e

+ Query-Driven

® Adaptive In-Memory Decisions
(LRU/LFU Replacement)

Recently Accessed
Vectors

Recently Accessed
Adj. Lists

~ || Query-Time Profiling

(.

)

O Static Caching (e.g., DiskANN, Starling, Gorgeous, PageANN)

Retains pre-identified "hot data" in memory without replacement

0 Dynamic Caching (e.g., XN-Graph)

Adaptively caches data using online replacement policies (e.g., LRU/LFU)
based on runtime access

O Hybrid Caching (e.g., Govector)

Partitions memory into a static region for long-term hot data and a dynamic region

for runtime access
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Comparison of cache strategies

—-— Static(graph-prioritized) --- Static(hot data) —— Hybrid —-— Dynamic
grapn-p y y
1 100
' SIFTIM | %] Deep | '} GIST
2 751l 75“ 751
T |
S qll g |
£ 50 50 1] r S
] ‘ Wa e o \ ’ ‘ |\\ s 8
6 25 : po_ v 25 ‘ 25 VAN, y U A T N A P Pt
S W SO AT IS TR N ys L P R i ot Lo
00 25 50 75 100 00 25 50 75 100 00 25 50 75 100
Hop Hop Hop

Figure 13: Cache hit rate vs. search hops.

OO0 Dynamic and Hybrid strategies outperform static baselines by 2.6x
to 2.75x on low-dimensional datasets (i.e., SIFT1M and Deep)

O Static (graph-prioritized) strategy achieves a hit rate 2.22x higher
than dynamic baselines on high-dimensional datasets (i.e., GIST)

Finding: The optimal caching strategy depends on dimensionality.
Dynamic and hybrid caching perform best in low dimensions, whereas
static (graph-prioritized) is more effectivein high dimensions.
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Query Execution

O To mitigate high disk access latency, async execution overlaps 1/0O
with CPU computation to reduce stall time.

A | Compute-Driven Overlapping
Gl 1lzlshetten]  {4]s]6 paeet Issues the next I/O request only
R s R after intermediate CPU
computation determines which
{CE (Bockd  } Time data blocks are required

I/O-Driven Overlapping

Proactively submits predicted
I/O requests and reorders CPU
computation according to the
arrival order of data blocks.

Time

v

(b) 1/O-Driven I/O-Compute Overlapping

Figure 6: Compute-Driven vs. I/O-Driven Overlapping
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/0 & Computation Evaluation

=1 PageANN(major-in-disk)

DGAI

B Gorgeous

[ESN Starling

PipeANN

[ DiskANN
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(a) Mean |/Os vs. Search Queue Length (L)

Under a consistent layout (i.e., DiskANN and PipeANN) , 10-

ding 1:

in

F

driven overlapping incurs no additional I/O in a single-threaded setting
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(c) 1/0 and Computation Time vs. Search Queue Length (L)

inant

making 1/0 dom

h latency. However, as dimensionality increases, computation
overhead becomes more significant

Async execution masks computation costs

INn searc

Finding 2
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QPS vs. Recall Evaluation

«— Starling =— DiskANN «— Gorgeous —e— AISAQ +*— DGAI |—=— PageANN(major-in-disk) PageANN(all-in-disk) PipeANN
Glove [*% SIFTIM | ®71 SIFT100M
100{~ ‘
12 128 ‘ 40{ = TN
g 100/ | —
O so S e ™
S = 2 50/ . ‘-t—_'_:'» 2 |
N MRt ot | | ol
80 85 90 95 100 80
M Tiny 150/
'\"\
e 384| |
G — T 100{ .
20 50 T
G S S - | - terem e '-*‘H*\
0 : e e ] ] : : : 1 01 : : : I 0f : .
80 85 90 95 100 80 85 90 95 100 80 85 90 95 100 85 90 95

Recall@100 (%) Recall@100 (%) Recall@100 (%) Recall@100 (%)

Finding: PageANN (major-in-disk) outperforms in low-to-medium
dimensions, whereas PipeANN dominates in high dimensions

O At high-dimensions, poor block locality makes multi-block accesses
inevitable, favoring I/O-driven overlapping to hide read latency

O At lower dimensions, stronger block locality makes graph topology
and layout more critical for reducing block accesses
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Impact of Page Size

—=— DiskANN  —— Starling —— PageANN(major-in-disk) —=— DGAI
—+— Gorgeous —— AISAQ PageANN(all-in-disk)
4KB 8KB 16KB
200 200
b=
=4
=& 1001 = 100
n
0 90 100 80 90 100
100
:\ ” \
FH“"’—*M;! 0 H_"_‘—O—O-w,;q
0 90 100 80 90 100
Fio 75 60
7 €50 50 40
o O
25 25 20
80 90 100 80 90 100 80 90 100

Recall@100 (%) Recall@100 (%)
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Recall@100 (%)

Finding: QPS generally
declines as page size
increases from 4 KB to 16 KB

@000

| longer I/O latency
Double Page-size| more data per I/O

@OO00CO000O

@ targe node () useful node () useless node
Without an effective layout
strategy to exploit this extra data,
most of it becomes redundant,
introducing unnecessary /O cost.
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Impact of Beamwidth

—a— DiskANN —e— AISAQ —«— Gorgeous —e— PageANN(all-in-disk)
~#- PipeANN  —e— Starling -=- DGAI ~e— PageANN(major-in-disk)
< 300 00 i
- ¥ 200
o O 100 50
& 100
0 0 0
200
60
(= PR 100
& %100 =~
Q 50 20
0 0 0
200 —=+1150 - -

> |60 p—
40
20

~ ¢ o - -
14 8 16 32 14 8 16 32 14 8 16 32
Beam Width Beam Width Beam Width

(a) Recall@100=0.90 (b) Recall@100=0.95 (c) Recall@100=0.99

Finding: Increasing the beam width improves query performance, but
the marginal gains progressively reduce, plateauing at around 16
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Update Mechanism

O In-Place Update
O O A

Memory delete list

' Delete(1)

N
Insert/ >

Delete(2)

B Direct Modification: edits on-disk
adjacency list directly and maintains
local graph topology.

B Deferred Cleanup: deletions are
recorded immediately, while space
recycling is handled later in the
background.

SIGMOD’ 26 Tutorial

O Out-of-Place Update

- _ \
Insert \

Merqe

Disk

B Batched Merging: updates are first
buffered in memory and periodically
merged into the disk index.

B Memory Overlay: new data is kept in
memory for immediate query visibility,
and later integrated into the disk
index asynchronously.
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Update Method Evaluation

-~ |n-place Update Out-of-place Update

1400

SIFTTM Deep| 1000 GIST
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(] 1000{ NN N h.. 800
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Figure 15: Search QPS under concurrent updates.
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Figure 16: Average update and merge time (The merge time
for in-place updates is consumed by the batch removal of
nodes from the deletion queue).

O The in-place strategy sustains 1.15x
— 1.27x higher search throughput
than out-of-place across all datasets.

O The out-of-place strategy achieves
significantly lower update latency,
ranging from 6.8x to 9.7x less than
the in-place approach.

Finding: The in-place update favors query-heavy workloads by
sustaining higher QPS, whereas the out-of-place update better suits
update-heavy or balanced workloads due to its lower update latency.
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Technique selection

Storage Layout Caching Execution Update

[Mem. unzed(lz) [ Dimensionality ] [ Dimensionality ] [ plock Packing ] [Read-Write Ratio]

(Equ.1) Factor (Equ. 3)
B<M,, || B=M., | [ Low || High Low |[ High 22 || <2 | [goaNce | Write-Heavy
v v v v
. Global: Coupled ; : Dri
All-in-Disk Local: Heuristic Dynamic / Hybrid Compute-Driven In-Place
C Global: Decoupled Static (Graph- ,
Major-in-Disk Local- Heuristic Prioritized) I/O-Driven Out-of-Place

Figure 17: Technique Selection.
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Overview Of Tree-based ANN

Tree-based methods first map vectors into orderable and low-
dimensional representations and then organize them using tree-
based structure to enable efficient pruning

r Projection-based Method Quantization-based Method\rHierarchical-CIustering-based Methocﬁ
L 1: .
BIoc:-y(grriented R@Cates i
Parti.tioning — [Pa]PazjPaj] f/.\‘ » <= Semantic
(Section V-A) Compressed /N " Clusters
______________________________ Representation\_ W,
Layer 2: Internal /
The Unitied Nodes [ Hash Ranges ] [ PQ Bounds Centroids
Index Structure  (Navigation) Memory/Disk
(B+_tree) 7777777 / 77777777777777 ) \ 7777777777777777777 Boundary
Leaf Node : haced
(Disk Pages) VeCtOfS
~ sequental "  PuningBased 3 L, J Y b /- f r;;'a'n'd'é};;h """""""
Traversal Traversal \{\ / Traversal
Layer 3:
Query Execution
(Section V-B) "‘ ]»mga;a?gﬁph
O ©
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Tree + Projection

AW 20 e fn-1W) fv) Az m-1 m (1) Mapplng vectors
raw vector 1 . e projection keys 1 c . .
L into low-dimensional
. raw vector 2 . projection keys 2 . .
Ll . _ Representations using
i data °e - .
I raw vector m-1 . projection keys m—1§ hash mapping
raw vector m . projection keys m §

' (2) Access projected
. objects sequentially

. in increasing order
. of their distance to

. the query

(3) Sequential I/0
occurs within each

accessed disk
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Tree + Quantization

o Compress
: raw vector 1
raw vector 2
full

data
raw vector m-1

raw vector m

Q a.Partition B+/- Tree by PQ codes(e.qg.,prefix)
: Q= ®query
AQD pruning e

Linear order does
not strictly preserve

AQD similarity ! £1,50 +—i51,100;

e o T e e e e e o S e B TS e
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..................................................

(1) Compress raw vector
into PQ codes

(2) Vectors are partitioned
by PQ codes and indexed
using a PQB+-forest,
which linearly orders PQ
codes within each tree

(3) Use PQ distances to
first select promising
PQB+-trees, and then
prune subtrees within each

selected tree
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Tree + Hierarchical-Clustering

(1) Data Partition & Layout
B Partition data via k-means
B Group similar vectors into contiguous blocks (2) Coarse Filtering
B Build a B+-tree with centroids (internal) and vectors (leaf) B Traverse the B+-

tree using cluster
Two-stage search: tree-based block selection + graph-based refinement

centroids
e | ®query B |dentify a small
Coarse filtering (in memory);  [NFOOEREY set of promising
leaf nodes
& b N
N H = N ; . (3) Fine-Grained
a . Search
@ P P B Load blocks
oo o ctafget A o7 D B Perform in-block
- . O S
A= o gl grar_)h sc_earch
- OEO LR o T W Refine final
- kcentroid 5 = ' candidates
= O _______ -y - - = C)O -
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Part 3: Elastic Multi-Tiered VS
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Elastic Multi-Tiered VS

/ Virtual Ware House Virtual Ware House

=

Difference 1: Three-layer storage architecture

loAe| abeloig

/

L 2

/A PNIIE]E @ TiDB =@ turbopuffer ! ]
@ Cockroach Labs  Difference 3 : Query

r

— ' network—1/O limitations
. DERT Greon ]
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e e e e e e

D * Zilliz . bottleneck has shifted from a
«+ Pinecone . single 1/0 constraint to dual

—_——

-

e e e e
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Elastic Multi-Tiered VS ¥ zilliz
Zilliz Cloud Tiered Storage Architecture

Three-tier cold-hot storage with on-demand loading

Fastest

-

A\

Local Memory(Hot Tier)

routing metadata, index headers,
and recently accessed vectors

Ve

N

Local SSD(Warm Tier)

frequently queried index files and
recent update logs

Largest

SIGMOD’ 26 Tutorial

o

/IStorage and layout

@ Cold-Hot Data Separation
Hot data in memory, warm data on
SSD, cold data in object storage

On-Demand Loading

Cold data loaded to SSD/memory
only when needed

\

uery and updates

Hierarchical Query
Memory locate — SSD search —
object storag e fetch

¢~ Append-Only Updates

Delta logs, tombstones + background

compaction, avoiding full rebuild

\
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Elastic Multi-Tiered VS ¥ ziliz

Zilliz Cloud Query Execution Flow
Distributed, Hierarchical Aggregation

—DCL/DDL—> Coordinator Registration Durable Storage
I
Management Meta Storage

......................... b
Workers 0 sted

DML——— eaming Nodes &~ Recovery WAL
E Streaming Node Streaming Node Streaming Node i Append : §g
E E Pulsar Kafka Woodpecker

Subscription

paL— | : Flush Object Storage
Query Nodes Data Nodes
. Query Node Query Node Data Node i Indexing / Compaction ‘nj;o mgs:
' joum |
Query Node Query Node Data Node : ""*' ccccc Sirne

[ Segment Loading J

1. Client sends a search request via SDK/RESTful API to available Proxy.

2. Proxy locates target nodes.

3. Streaming Nodes search growing data and trigger Query Nodes for sealed data.
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Elastic Multi-Tiered VS ¥ ziliz

Zilliz Cloud Query Execution Flow
Distributed, Hierarchical Aggregation

P e | Proxy — DCL/DDL—> Coordinator Registration Durable Storage
.“‘ |
\ Management Meta Storage
(( \ Poxy ‘L ______________________________
\ < ™ etcd
@ = i Workers ' i

Proxy —_ DML—' Streaming Nodes «———Recovery WAL
Streaming Node Streaming Node Streaming Node i Append ﬁ §g
Client SDK _ ' Pulsar  Kafka Woodpecker

Proxy
Subscription
——DQL Flush Object Storage
Proxy Query Nodes Data Nodes
Query Node Query Node Data Node i Indexing / Compaction ‘njf.o ME
: =
Proxy Query Node Query Node Data Node : ?3"*“ ccccc S

Segment Loading

4. Query Nodes search sealed segments using local vector indexes (e.g., IVFPQ,

HNSW).

5. Results are merged across segments and nodes, then returned.
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Elastic Multi-Tiered VS turbopuffer

turbopuffer Core Capabilities

Hierarchical Caching, SPFresh Index, and Object-Native

/ Hierarchical Caching \ Caching Strategy A
O Caches active data; offloads the

= turbopuffer .
rest to object storage
i RESTful . .
client | —API—> Memory/  |—|  object O Pre-warm caches via pre-flight
SSD Cache Storage (S3) .
query hints -
SPFresh Index \

Autonomous SPFresh indexing

- /{org_id}/{namespace}/index

O Autonomous: Zero-config.
centroids. bin : - Indexes are built and optimized
“l.l."“l i Namespace Config | . .
automatically in the background.
clusters-1.bin clusters-2.bin . .
(IIIIIII mom {IIII I S L Fast Pruning: Only search -
relevant clusters by performing a

: fast centroid lookup in memory.
Two-step Search: 1) Fast centroid lookup; O Object-Native: Effepctively mas}Ls

2) Batch fetching of cluster offsets from S3. . :
object storage latency via
massive /O parallelism. /
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Elastic Multi-Tiered VS A XIWI5|%
BlendHouse System Architecture

________________________________________________________________

' Virtual Vector Index : standardized abstraction layer that provides . o
unified interfaces for pluggable and extensible vector index management. [ Multi-Tiered Storage

________________________________________________________________

Cloud |- ; = Daemon/Resource /Local Memory )

Service Time Service Oracle Server J Manager O Metadata(index
structure information)|

Metadata Storage Ej Ej O Actual data(Original

\_Vvector data) Y,
, [Local Disk )

ead iy Wite & O Local disk index

—_——_——— ~ Index Build cache

_______ \_ J
~N

Remote Storage

Virtual File System O Vector data
\I:I Indexes )
Google Cloud|| Azure Blob

AWS S3 } [ S?orage ] [ Storage } [ HDFS ] The system employs the LRU
policy for cache management.
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Elastic Multi-Tiered VS A WIL3|52

BlendHouse Vector Search Framework
Cost-based hybrid query processing

St T ;
= C Metastore )
«-)---{--1»(Resource Manager
Query [P (Catalog /A_Ij) [Resource API e[ rg g )
Client = I S -»( Timestamp Oracle) 1

Lov (3 -
oeult B e Parser receives the SQL query and
~N_Scheduler

(Daemon ManageD

~Seament Solection T Compaction generates the initial query plan.
\ ; Task

S} 4 @ ) 2. Query Planner & Optimizer

I Hybrid
| Query Executor

________

performs RBO/CBO optimization.
3. Hybrid Query Scheduler
Segment

Allocation dispatches instructions of tasks.

oA ~+-+(ANNS teratop- '
et nder) | 4. Segment Allocation utiliz
\/ v GG Segment Allocation utilizes a

[ J consistent hashing ring to

Segment Cache Segment Cache ] ]

((Virtual Filesystem ) ) | (Virtual Filesystem ) implement a scheduling strategy.
Worker-A Worker-B

C Cloud storage )
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Elastic Multi-Tiered VS A NILI3|E

BlendHouse Vector Search Framework
Cost-based hybrid query processing

Metadata v

C Metastore )

»@esource Manageb

Query - (Catalog APIJ [Resource APD“

Client ["| \Parser,

- e e - -

Rasourc

-t--/-»( Timestamp Oracle

estamp

(Daemon ManageD

[Segment CacheJ

- ——

Segment
Allocation

‘

L( Virtual Filesystem )J
Worker-A

« Segment Selection

________

Task

~

--+\>(@ANNS lterator

Segment Cache

i Compaction

L( Virtual Filesystem )J

Worker-B

(

Cloud storage
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ANNS Iterator provides an
incremental vector retrieval
interface.

Scalar Filter performs attribute
filtering on non-vector data.

Partial and Final TopK perform
multi-level reduction to yield the

global Top-K.
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Conclusion

I Challenges of Existing Vector Search Systems

Query Interface Data-Index Strategy Query Execution
Query interface barriers Separation of data and index Execute index island

O Rely on proprietary O Storage-compute O Vector search runs as
APIs/SDKs (e.g., Faiss) separation via object an opaque "black-box"

O Lack standard SQL, storage O SQL optimizer lacks a
increasing complexity O Indexes built per shared cost model

O High difficulty for horizontal data segment O Disjointed relational
business integration O Indexes stored as filtering and search

K / Kisolated binary files / K /

The TEngineDB-V Solution: Unified SQL Semantics X Table-Centric

Global Indexing X Relational Execution & Distributed Optimization
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TEngineDB-V Overview

. i Control Layer il
An OLAP-Native Vector Search System = ——
for Large-k Workloads at Tencent veeor| [ indexchware Quer Rewrtng | O )| g

Detect IVF Prune £S LUT Compute IS Distance Estimate 2 Join TopK Manager

CBO Manager

1. Query Interface P e _
O SQL Representation of Vector @ || e - | (=

Search Semantics ) e [ _ Ve .
2. Storage & Index Strategies . —
O Table-Centric, Unified Storage gl T
Engine (2] B3] , .
O Segment-Decoupled Global . --»@»@» Goimzes recton —
Indexing ﬁwm:%
3. Query Execution - \?D
O Relational Execution ( _ somelaw
O Distributed-Aware Optimization | [wesso e [Tee) [ '%‘

Codebook =,
Unified Table
) Engine

Global vector Index Table Conmon Table Coru'non Table

' g )
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TEngineDB-V Solutions: Query Interface

I SQL Representation of Vector Search Semantics

/ N\ Hybrid Search Results
Core Advantages i SELECT category, count(x), min(dist), max(dist)
h

2 FROM ( Vector Searc
D LOW Learning Curve: 3 SELECT category, approx_l2_distance(
Bypass complex APIs (e.g., B d‘?m:eddi"g' [e.1,0.2, ...]
; 5 is
FaISS) and fU”y reuse 6 FROM images WHERE width > 1024 S | Flt
standard SQL. : ORDER BY dist LIMIT 1000000 calarmier

O Seamless Integration: s )t
Execute vector s GROUP BY category;
search and scalar

filtering together in a single CREATE TABLE images (

id bigint,

SQL query. 3 embedding array<float>,
O Native Data Modeling: ) category varchar,

Treat vectors natively 5 height bigint,

(array<float>) within o width bigint

)

standard distributed tables. !
¢ PRIMARY KEY(id)
K / s DISTRIBUTED BY HASH(id) BUCKETS 512;
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TEngineDB-V Solutions: Storage & Index Strategies

ITabIe—Centric, Unified Storage Engine

~— Segment-Decoupled and Table-Centric Indexing (Ours) — , Segment-Coupled Indexing ~

Global Index Local Local Local
m Index Index Index
< N v v v
Segment 1 Segment 2 e Segment n Segment 1 Segment n
--------- Index Storage --------, «---. Data Storage -===1 || - Data and Index Storage __,

[ 1 P
Decoupled|

034,.)| 53 | .. |s E Index File

PQ Codebook Table ..1'_—"

1 1 1 ] 1 1

- IVF Centroid Table R _' ' Data Table !

- - Data Table I !

: CID Centriod ' - i 1 | PID| Vectors |Atrr1| ... : Tablet ]
- ID | Vectors |Atrrl| ... ! 1 1

:

1

TCoug/edi

]
1

] 1
!l SubID SubCode | SubCentriod |! |
1 [ 1

0
1
2 |(049,..)]| 28
3
4

1 1
H PQ Codebook : =
: Quantized Vector Table ; E (0.10,..)| 88 L | S | :
: : : - o | Quantized Vectors | i Incremental vector M
‘| cD | PID | Codel | ... |Code32|! | ©076,..)| 65 | .. [i]]! - Rowset index
: Sharded by Clusters i i Sharded by PID 1 ||} Sharded by PID i
\!~==mmmmmmmmmmmmmmmmmmmmmmnnl | e mmmm e b o \lddinlinlinliinlinbedededbteeteitdie o, Top 10w
distance

% Table-Centric, Unified Storage Engine

O Storage Compression: Reduces disk
space and I/O overhead via built-in
compression.

O Smart Caching: Caches specific blocks
on-demand to boost memory efficiency.

0\0 Segment-Decoupled Global Indexing

O Avoid Scatter-Gather: Eliminates
performance bottlenecks for large-k
workloads.

O Precise Reads: Prevents loading
unnecessary pruned data.
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TEngineDB-V Solutions: Query Execution

‘(1) IVFPrune

O Calculate Query-to-
Centroid distances.

O Select nearest
clusters via Top_K.

O Extract candidates
via JOIN.

.

@ LUT Compute

O Build Look-Up Table
(LUT) via PROJECT.

O Aggregate rows
via AGGREGATE.

O Convert to single
array to avoid data

Kcopies.

@ Distance Estimate
0 Broadcast LUT to
candidates
via CROSS_JOIN.
O Accumulate
distances via table

lookup.

O Output final Top-K
Kresults. /

1 1 1
v 1. IVF Prune A edlVecore : 1 1 ANNS Results
1 T s ey 1
1 CID|PID [Code1] ... | Code32 : 1 Fused Operator with FastScan 1 Top-k Results
I E—P SCAN 4ol 2 J..] 103 " Acceleration + 1 [PID] Distance
: . 18 | 1 63 | ... 38 In-Clsuter Quantized Vectors | 1 o 1 56 2.19
1 IVF Centriod Table Quantized Vector Table Qv 1 : CROSS_JOIN : : 124 2.21
cID[PID[Code1] ... [Codes2] 1 I
1 JOIN | |
i I - 2 0| 20 |..] 103 i ta
i IVF Centroids IVF Distances Top-K Clusters 21361 29 1.1 78 : i CQV-LUT JOIN '
' CID | Centriod CID | Distance CID 1 [ciD[PID]Codet 2 LuT i ORI
. SCAN T oo _. l B et o 1 : ode1| ... |Code3 U : |
0 - I XTI PROJECT ? ggg TOP_K 742 : : ] 4 0 200 (2 103 | w©3s.021,...029)| 1 :
1 =il te . vl ] 4 [429] 95 ... 78 (0.35,021,...024) | 1
; - AL [ | I N i 1 |Vec. Distances
-------------------------------------------------------------------------------------------------------------------------------------------- 1 ! ]172]56 T3 e 59 (035,021, ..., 0.24) E 1 PID] Distance
L L .. 35,021, .., 0. v 1 R
1 2. LUT Compute PQ Codebook LUT i | 72 1932] 40 |. 121 | 035.021,..,024) . 5 506 31113
: SublID | SubCode | SubCentriod SublD| SubCode | Distance L a0
1 0 0 (0.50,0.97, ...) 0 0 0.35 Packed LUT e 11
v [ sean PROJECT]L O T 0 S | AGGREGATE | ot = |1 PROJECT P f
I .35, 0.21, ..., 0. 1
: PQ Codebook Table 0 127 (050,097, ...) : 1 _(PQ/DPPQ FastScan) : :
1 31 | 127 0.24 I .
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TEngineDB-V Solutions: Query Execution

ITabIe—Centric, Unified Storage Engine

TopK TopK Pre-Filtering Post-Filtering
¥ L3
Distance Estimate 9 Broadcast/Shuffle Join

t )
LUT Compute I P Jezasszccazs i
Scalar Filter T | Distance Estimate |}
f « 1 ]
@ | Broadcast/Shuffle Join @ Exchangeable ; t '
§ : LUT Compute '
[ ] : t '
Scalar Filter > IVF Prune : IVF Prune '

@ Exchangeable

(a) Pre-Filter (b) Post-Filter 2X2X2 — 8 Query PlanS
Cost model for 8 plans
Symbol Meaning Plan CPU Cost Memory Network
N Total rows ANNS Join
Ny Rows after filter
M, Rows after IVF Pruning Plan 1 (Pre-Filter-Broadcast-Probe) ~ M,Cgjs, MpCpuita + NrCprobe MyRy PMpRy
Kann Post-filter candidates Plan 2 (Pre-Filter-Shuffle-Probe) MpCaist (Nf + Mp) Chash + MpChuitd + NrCprobe MpRy N¢Rf + MpRy
RFp Scalar row width Plan 3 (Pre-Filter-Broadcast-Build) ~ NyCyjs, N¢Cpuitd + MpCprobe N¢Rp PNfRf
id psandla Plan 4 (Pre-Filter-Shuffle-Build) NfCaist (N +Mp)Chash + NfChuitd + MpCprobe NfRr  M,Ry + NfRp
g”“"’d g‘“;d °°Stt Plan 5 (Post-Filter-Broadcast-Probe) M, Cyjs; ReriCrunta £ NG zove oW PKannRy
robe robe cos .
C;:ash Hash cost Plan 6 (POSt'Fllter'Shufﬂe'PrObe) Mpcdist (Nf it Kann)chash + KannCouild + Nfcprobe KannRv NfRF + KannRy
G Distanceicost Plan 7 (Post-Filter-Broadcast-Build) M, Cgjs, N¢Cpuyita + KannCprobe N¢Rp PN¢Rp
P # Nodes Plan 8 (POSt'Fﬂter'Shufﬂe'BUild) Mpcdist (Kann i Nf)chash + Nfcbuild i+ Kanncprobe NfRF KannRv + NfRF

Jointly evaluates CPU, memory, and network overhead.
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Part 4. Challenges and Open
Problems
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Enhancing Elastic Multi-Tiered VS

1. Tier-aware Index Co-Design, where index construction and query
strategies must jointly consider SSD- and object-storage-aware data
layout and tier switching cost. Paradigm 3 (Future)

Multi-Tier
i d (Memory-SSD-0bj.)

o
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. Cache Coarse index
Paradi gm 2 Hot compact / Centroids
raw vec. & struc. Coarse graph
. Memo
. Two-Tier 2 ,
= Cache Fine-grained index
( Memo ry SS D) Warm compact Full graph
) . . or raw vec. Posting lists
Paradlgm 1 Cache || Coarse index ||Compact SSD
Hot Centroids vector ( )
One-Tier vec. / || [Coarse graph ||WEIET] | Cold compact vectors [T ]l ... |
. struc. Hash famlly ) | Cold vectors [l I T - |
(All-in-memory) Memory Object / S3
Fine-grained index
Index structure | (Rav yectors Full graph Posting lists B-tree 2025
Hash | ECHE P £
buckts P |:E--:. | Raw vectors I [T N --- |
Quantized IVF ] SSD
codes RN | -
Memory 20 ]. 9
2011




Enhancing Elastic Multi-Tiered VS

2. Adaptive and Predictive Caching, which leverages access prediction
to proactively migrate vectors and reduce latency.
Paradigm 3 (Future)

Multi-Tier

id (Memory-SSD-0Obj.)

Paradigm 2 .
- M
. Two-Tier : == :
- Cache Fine-grained index|
( Memo ry S5 D) Warm compact Full graph

Cache Coarse index
Hot compact / Centroids
raw vec. & struc. Coarse graph

) r . or raw vec. Posting lists
Paradlgm 1 Cache || Coarse index ||Compact S$D
. e —————— /
Hot Centroids vector —— )
One-Tier Ve /|| ICoaTEERpH] || mmET | Cold compact vectors [T ][l ... |
° _ struc. || Hash family || [Cold vectors ITACT N --- |
(All-in-memory) Q| Memory I Object / S3
( ) Fine-grained index 2025
Index structure ||Raw vectors Full graph  Posting lists B*-tree
Hash | ECHE &
buckts P |:E--:. | Raw vectors I [T N - -- |
Quantized IVF ] SSD
codes DN | -
Memory 20 1 9
T~ 2011
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Challenges and Open Problems

Basic Vector Retrieval Hybrid Search Vector Search with Analytical Operators
(Single Vector Search) (Vector + Filters) (Aggregation & Computation)
7 =N 7 N
Input - Input ; Input
Query Vector g Output (Top-K Vectors) Query Vector q i Output (Top-K Vectors) Query Vector q é Analytical Operators | Output
ks ... | (OverMatched Results) | (Aggregated /
T — 3 } - = Grouped / Top-K)
_ 1 o000 | * " 1/ec000 + | B s
; Filter Conditions (Examples) ! h : Filter Conditions (Examples) Z # X
* 200000 « time>='2024-010" | 2 (@ @@ @@ | | - time>='2024-0100 | SUM COUNT AVG |.|.I.I.

e category IN ( ...)
 price < 1000

e category IN ( ...)
e price < 1000

300000 ||| .. 3/ 00000 .. g ® .. .| 9
‘ ¥ MIN  MAX '
e s=s
Vector Index @ Matched
@ Filtered Out
\ ? ), D,
Capability: Vector Similarity Search Capability: Vector Search + Filtering Capability: Vector Search + Analytics
@/ Algorithm: ANN Top-K v Algorithm: Filter + ANN Top-K /1 Algorithm: (Optional) Join + Filter +
Typical Use Cases: Typical Use Cases: _[I_I_ ¢Nr\ilc;lASSereg::::./GroupBy/Havmg/Wmdow
Senﬁmantic search, recommendation, E-comn'\erce, content platforms, R)/’\pG analytics, kno;/vle dge QA, Bl dashboards,
retrieval enterprise search trend analysis, cohort analysis
Evolution Retrieve : Retrieve + Filter : %4 Retrieve + Analyze
Paradigm (Search) (Search + Filter) (Search + Analytics)
SIGMOD’ 26 Tutorial 75




Thanks for your listening!

Yitong Song? Xuanhe Zhou? Christian S Jensen3 Jianliang Xu'

"Hong Kong Baptist University
2Shanghai Jiao Tong University
3Aalborg University

2026-06-02



