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01 BACKGROUND AND MOTIVATION

* Vector Data Management System (VDMS)
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«  Similarity Search (A ZA4H)
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Multiple Index Types
« Similarity search is noted for its high complexity
« Approximate nearest neighbor search (ANNS) algorithm requires its own index type

* -> VDMS usually need to maintain multiple index types

« Complete indexed query process: AF& X7} StLEQ| QIEA [odil off QIEA Ofj7fH=F X|7dsl0f e

Multiple Performance Metrics
« Search Speed: the request number that VDMS can handle per second

« Recall rate: the ratio of correctly retrieved similar vectors to the total actual similar vectors
+ VDMSE % 7tX|9| 45 XIEE SAlo| najsof &
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« Challenges in Auto-Configuring VDMS
+ VDMS Oi7ff = SESH &= ofEH
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Fig. 2. The best index type (e) varies with system configs.
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« Challenges in Auto-Configuring VDMS

« VDMS focuses on two important metrics: Search speed & Recall rate
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Challenges in Auto-Configuring VDMS

Tunable parameters are different for different index types, while identifying the most suitable index type within

limited tuning budgets is challenging.

TABLE 1
- = INDEX TYPES AND CORRESPONDING PARAMETERS IN MILVUS.
* Index typeOtCt =78 7t5¢t parameterl| =gt
Supported Description Building & Searching
- OEE9| 7|& auto-tunning method= D E MES| =7F 7ts%t parameterE Index _ Parameters
FLAT Exhaustive approach N/A : N/A
A SE7| Q 7} HA [=bN orto IVF_FLAT Quantization-based nlist ; nprobe
|-O |- | H_":O" parameter |- ET' |- Lo I | ST IVF_SQ8 Quantization-based nlist ; nprobe
IVF_PQ Quantization-based nlist. m, nbits ; nprobe
HNSW Graph-based M, efConstruction : ef
e o . SCANN Quantization-based nlist ; nprobe, reorder_k
o A= L
-  Z QlHlA RO CisH HEX o= Oj7/|H,-F 25H= S E 4 AUTOINDEX | Default configuration N/A : N/A

«  Time-consuming, LI X|& FA|St2 SfLS| QIEA 3T AHERE
Optimization Curves of

Different Index Types

« Index typeRl Z|H3|5t= AT 0= 12
MBS0 M2 Z YA 9Ho| M5 B . | P
. Ehat MEY o= Ao index type 27| 01242 £ os-
s
« 7|Z& auto-tunning solutions 2= VDMS2| §d EHE & s ZsHX| £ & e !
Mumber of Samples

{c) Optimization Curves
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* VDTuner
-« Multi-objective Bayesian Optimization (MOBO)E *{Ei5t0| VDMSE At 22 F445t= framework

« Bayesian Optimization (BO)

- =X 2E U8kl ANt V|8, 1H|8 SEEA g =09| global optimum 7|
- OX|e =X o+E 2ASH| flsil &EX 2| 2 & (probabilistic surrogate model)S 8

« Gussian Process& AFE2
- ME2 T+ 7L 2 5&0| et ftEXo 2 AHOIE -> MER HE S8zt 22 o=0| 7§fM
- Bt=IPE
«  Expected Improvement(El) &= Probability of Improvement(Pl)2t 22 Acquisition functionE ArEs Eote CHS X ™ 279

= = O
Acquisition functions= explorationit exploitation 7+2| #&d&S X0 XNotEl & B7IZ global optimum & 2282 = A



02 VDTUNER: AN OVERVIEW

«  Multi-Objective Bayesian Optimization (MOBO): 0|2 &&k|= =#Z CIF7| 8 BOE =&
N

. LCiAot 28 7t9| XA trade-offE LIEILH = Pareto Front(ZE|& of &2gh &= A

«  Acquisition functions 2% -> EHVI(expected hypervolume improvement) & &4l

o
- M=EZ2 £F40| 7|E &84 2o =7HE If Z7t5t= hypervolume= 8 -> MEZ2

- REZH ESFEH SOM ERHVIZE 7HE =2 £FM0| Acquisition functionOf 2|5l M=
«  EHVIZ Z|&2} -> Pareto fronto| TEHAH QI EE 0 CHAE S 7 M5tz EFNME &= dME RE

i)

f2(x)

f2(A) < f2(B) 2 (a)

HH
A
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Why MOBO is Suitable for VDTuner

- VDMSO| Cfet AFE X[AlS 276X IO W2 A HM3lSt= VDMSS| Ete|Ate| & E B0l =
. EBECHALY o7 27t B8O 2 EHMSL0] Bt E 3 Configuration H8E &
- O35 SEE XANSs7| o A KA Search speed®t Recall rates XX 3tstd= 27 Atetdr LX|

Challenges in Applying MOBO to VDMS Tuning
«  VDMSO| M+ index typeO| M2t F'd parameter?t 1
 Index typeOtCt 45 XtO|7} LO| = Index typelf &

T g X|
g o

Ot BOE VDMSO| HESH7| 2l5i A=

A SUSH B A2 HEEH, O
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03 VDTUNER: DESIGN AND IMPLEMENTATION

* VDTunerc E= QEA ROl B= 2 Jtsot O7iEH+-E St HXNQ BO Z&2S St5
. BO ZES S55t7| o) VDMS 7S grEXoz MEY
( User 1( VDTuner's Polling Bayesian Dptimizaliu:-n Engine
Similg :'S earch F‘refeéren ce| | O Initialize Sampling fc-r | ucceaawe—i
Different Index T Ab d
\ Requests (Not Necessary) JR = < _ni"__r'_ff_EEEfJ I{anIedge e andon |
p . Base Indexes
System Collected Data 4 F______@_ ______
Search Speed Recall Rate | e 1| % i |/,\j !
SN, S — | Recommend Next | @ ) |
<{®)" Milvus |@|ndex&5ygtem I Configuration With Tradeoff | Next Polling i Build Surrogate for !
| Replay Workioad |* Parameters I — index Type | _Poling Structure |
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Surrogate Model

- M8 7S HOIHE 7|22 2 D[X|o] =4 &

7| =
o T T mQt FEA T kx, X)2 EYSHE => f(x) ~ GP(M(x), k(X, X))

= 2 & index typel| index parameter®} system parameterE Z &St tunning parameter2| configuration
& x7t TOX|H, GP 222 0| ' 50| AM VDMS2| A& (Search speed, recall rate)= &8

=1 = T O
[ ) —n i — |
o X S

theE 7[R YHOIEYLEM oF0| HHE o Y=oy

x

)

I

oF!

OIEA QE0| ofs) FHE TA FIO|A B4

VDTunere= A2 CHE QIHIA QAo 5 Hesd2 10

epd
RS . (G ey = (A Vi @
- GP2| ¥ H|O|HE “d1t=t5tE= polling surrogate model= XH Ef Ui 77 e
t
- ds= Y AESt= i, =dE et ds NP ALE 1
{—gpd Yy ©) = argmax (3)
- O Z[Ho| #8910 HluSt 2 GO A I B %)=

i spd [, 5pd rec {, rec |’
(y=rd,ym==) €V |y P fYmaz — Y -'fyﬂm:r
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« Acquisition Function
«  X|™El index typedi CHd ME2IE configurations =M= O AMR
« HMX index type= X|HEl index type2L 2 A7, O| index typel £5tX| %= parameter= 7|24/ 2 A7
 Surrogate Model2| O Z0] 2} Z|CH utility 2t= H-E5t= ST index type2| parameter configurations =

. E X BEE 98} EHVIS AR

- HV() &= 25 HOolE2| hypervolume =7
- fX)= o] 220 o3l o=z ds as 57
- aEHVIE 4 2E Fd XS F715t= A0 CHSt expected hypervolume improvements & 22}

appvi(X,r,Y)
=E[HV(r,YU{f(X')}) - HV(r, V)]

:f (HV(r, YU {F(X)}) ~ HV (r,Y))df, @)
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Budget Allocation Among Index Types

Round - robin T+

. QYA QWS 2HNOR B, 2XNOE NS SO L2 £HE N2 B
. ST QHA QWS S NEX| YK, B QA

Round robin 7§40 2|3l Successive Abandon Strategy =%

. MAE o mat SHOR M4Tt AXID, B MM H oo dlHA YHe axoR F|
. QU A Q| T A0 HAF WS
. SN QIHA Q0| HOES NS 3 ALE HY 20| A LASHE, ST AYA RO F2 P42 FE O I J|ojEe o

» Score function

AHV = HV(r,Y)—HV(r,Y/Y:), (3)

Score(t) = max (HAV(r.Y/Vi))—= HV(r,Y/V:).
tefl1,.T}
Fd I8 T 2N 27| ddEX| 285 A 58

VDTuner= Z7|2| trigger 2712 2 window variance mertric 0| &

» Score function {22 QHA FHO| =27t @F 7|2t S XAEFEH2 2 Xo2|0|H, e lHA gH2 Z7|E

o= —
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03 VDTUNER: DESIGN AND IMPLEMENTATION

Algorithm 1 VDTuner’s polling Bayesian optimization.

Input Index type set {1,..,T}, index and system configura- .
tion space X € R4, and workload for optimization.

Initialize Observed data D; = @ for each index type ¢ and . OE
remaining index type set Tremain = {1,...T}. =
1 forte {1,...T} do
2. Initialize sampling for ¢ with its default configuration
xq. . E L|
3:  Replay the workload under zg. UL
4 Update D; with xp and observed performance .
(" u5™).

5. end for

6: while True do

7. if len(Tremain) > 1 then

8 for t € Tremain do

9 Calculate Seore(t) according to Equation [6]

10: end for

1 if Satisfy the windowed variance metric then .
12: Remove argmin,er._ Secore(t) from Tremain

13: end if

14:  end if

1. forte {1,.,T} do
16: Normalize D; by Equation [2]

17 end for
18 Build MOBO'’s surrogate with standardized data.
19:  {_poll <= next polling index type within T emain . == =]
. ot o
20:  Set search regﬁon X" for tunable parameters under
i_poll.

21:  Generate next configuration x,,.,, € X' by Equation

22:  Reply the workload and update D; ,,;; with feedback.
23: end while
Output Best found index type and configurations.

Putting Them

=22 2ZE o UK|

Together

ol

OIE A Q0| T3t £7| MBS 43 (1-58)

LHOFO) =

O A @Ol -6|'L|' O|AFO|_I 75'%)_, VDTunerE Dl_-lx-l ol_ll:ilﬁ ‘Igr_éc_i%

(@)
T o
Score function2 £ E7}, X|2o| QIEHA F3Z EI|SX]|

2= index type2| parameter configurationE At&3t0| E3t=l GP
surrogate model2 & (15-18%)
23l index typed| CH3H acquisition function X|CH3ISl=E £2 F42 4

(19-218H)

M=l 142 WIS Knowledge Base YOOI E (22&)

e, 22l EOf 2 €0| 75 X|F

15
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Handling User Preference

Constraint Model.
o AREAAlLIE[0 et FE FEL| M=k et
 Recall rate E2|&l A2k O|&BF FX|SHHAM Search speed&
+ Recall rate M|2F =7 (e.g., rlim > 0.85) LHOf|A] EFA
« Al 4E constraint El acquisition function2 2 CHX||
« M = oA Search speedE Z|CH3}StE O EF

Bootstrapping with Previous Data.

o AFEXIO| recall M E 40| BHESS= 4

o
o T
« MERZ recall §ef =0 XS52H st&dts A2 HEEH
- O™ MEZZ HO|EHON 3/ = A= FESH HEII JS = US
« O™ MEg HO|EZ surrogate modelS X£7|3}5l0] At EYS

apavi(X’,r,Y)

=E[HV(r,YU{f(X)}) — (r, V)]

= Azt

“("I‘,'I(-'r:'um[- "I"/“) — “I‘,‘I(‘\,runl P r / and) >

™ = f £8 ll 4
= [E(max( f*?( Xeand) —

bootstrapping

be ""/_./‘-“)) o /(./’” (tlt'ulul) >

-/ _tHv'f«r,yu{ftﬂcf’m—er,yJw, @)

rlim)

rlim).

¥))



04 EVALUATION

Experiment Setting
Platform: Milvus(H{™ 2.3.1)0| o 7}
Workloads: vector-dbbenchmark AF23H0] 2 £ AN

# 110 Ltk = M Z7EX| Sz N 2 HO|HM S HAE

Baselines

Default, Random Sampling, OpenTuner, OtterTune, qEHVI

Benefit of Auto-Configuration VDMS

Default Configurationdt H| @3t VDTuner2| d& 24 21t

VDTuner= &2 X[CH 14.12%2| Search speed?} 186.38%2| Recall rate”7tX| 34|
Clo|E Alofl 2t 7§ M=t CHE (Geo-radius > Keyword-match > GloVe)

AR AMOl HO[=7F MO 22ef HE Xtdl SO Mef t27] M=

SEAL

o

o

17

TABLE I
EVALUATED DATASETS.
Dataset Num. of Vectors F)imﬂ:nsinn Distance
GloVe 1,183,514 100 Angular
Keyword-match 1,000,000 100 Angular
Geo-radius 100,000 2048 Angular
TABLE IV
PERFORMANCE IMPROVEMENT BY AUTO-CONFIGURATION,
Datasets
Metric GloVe Keyword-match  Geo-radius

Speed Improvement 10465 11.17% 14.12%
Recall Improvement | 17.16% 62.61% 186.38%
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mVDTuner mRandom oOpenTuner oOfterTune oOgEHYI

« Tuning Efficiency } 150
N gmm
« VDTuner£ Search speed®} recall rate AO|O|A| #HZ O|&F § 500 I_’_H LTH
]
. EE BAIYS42 SH 219 30| f ¥ XA ous oyt e oo o
- ¥ 58| =A: VDTuner, gEHVI, OtterTune, OpenTuner, Random (@ Glove
2000
. E 2H DZOA baseline2 57} § 100
Z 1000
* Recall rate0| FASHA AotEl 012{2 SHO.0NHME 7HE & +HE § w0 I_H_‘ I_H_‘ I_m i_m im l‘m
‘ D.I‘IS 0.125 0.075 0.05 0.025
qacnﬁoe in Recall Rate
+ VDlunert 2 7|Z 3 H| 2810} Cf LIE ConfigurationS E #27 Aj2
730
- O X2 iteration2 £ &2 Search SpeedE Ed— 23t Configuration= 7t 3 600
& 450
° D.I‘IS 0. 125 0. U?S 0. EIS U.DQS
qacnﬁbe in Recall Rate
(c) Geo-radius
-¥ Random OpenTuner OtferTune qEHVI

Search Speed

f
1500 r 1500
Al
1000 el 1000
500 500
] ol
50 100 150 200 L] 50 100 150 200 o 50 100 150 200 o 50 100 150 200 o 50 100 150 200

Iteration Iteration Iteration Iteration Iteration
(a) Recall Rate = 0.9 (b) Recall Rate = 0.925 (c) Recall Rate = 0.95 (d) Recall Rate = 0.975 (e) Recall Rate = 0.99
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Why VDTuner Works Effectively

Effectiveness of Budget Allocation

Successive abandon strategy A4 £

« VDTuner?} 3 score functionS E8l 7%

. AH

O] Gl A
- —

Mu|H

=7t S7rofl whar 4

Effectiveness of Surrogate Model

=
=

7o 7IESKE

« Native Gaussian Process surrogate model1} pooling surrogate model= H|

- Pooling surrogate model2| ‘d& k&t (X 26%2| &)

Native Gaussian Process surrogate model
. 22 oA Q| Cfef 22AE X

Pooling surrogate model
o LCHYH recall rate 242

HO mIytS
EH—- O - =

A, B |AF

B Polling Surmogate B Mative Surrogate

2000
g 1750
2 1500
g 1250

1000

0.150.125 0.1 0.0750.050.0250.01
Sacrifice in Recall Rate

(b) Different surrogate models
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Score Waight

Recal Rate
o o
[=2] [=-]

o
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o
(X}
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(a) Different budget allocations
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Holistic BO Model VS. Optimizing Each Index Type Individually.
o 5 A2 A o8 MM E index typeO| Y, MM El paramete= 0§12

« 25 SCANNZ2 Z[H9| index type2 2 MEH Of74#H =] 80% O|&+0j| CHSH 4

MEEl index typeO| Cl|O|E{A0] t2} CFS
HO|E{ 2] E40| £ index typel| &80 ek
C

CHE OlolH S-d0| 2He] ds& E-dot7|

O

==

L parameter 882 Q@+

-> CtYSt workloadd| Cist VDMS = E40| e

VDTuner?} 44-dot Of7 H==0| HtE HhE =0 37 7| =
Fd 8ol 7| HHAONME 2 parameterl| H.50| H[ I
i

S7t5tH 2 E parameter= 7| 2822 A2 He| LHO|A

= 3 x|ot

QAR
A4 5| Of 7 1 40] X4O| 7} 5% 0|2k

TABLE V
CHANGES OF INDEX AND PARAMETERS ACROSS DIFFERENT DATASETS.
Datasets
Glove ArXiv-titles Keyword-match
Index Type Index: SCANN Index: HNSW Index: SCANN
and Parameters nlist: 301 M: 64 nlist: 680
of the Best nprobe: 36 efConstruction: 194 nprobe: 238
Configuration recrder_k: 283 ef: 100 reorder_k: 465

x
Sote Aoz 43

nlist ——nprobe

segment_sealProportion

—gracefulTime

MNormalized Parameter Value

Fig. 11.

B1i
Mumber of lterations

101 121 141

161 181

Changes of parameters with the number of iterations.
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Scalability

Larger Datasets
+ VDTuner®| ZIH2 EM & 2 ©|0|E M (deep-image)ol Al HZ
- MEHSEAILIZ|20|M £ 52| 7|ZEE (qEHVI I VDTuner?| 452 Hlu
+ VDTuner?t 8.18] O & F'd £=& HO|HA OJTHo| §5 B 2t 0|7 = 7Al

Handling User Preference
ArERE7F =4 recallof| Cigt M= 7t AS Uf VDTuner?| 21+8 A4S
o REOo| REd 22dE A A -> M RHO| U= VDTuner?t recall rateO| LA LUEL =2 4 A

-~ A o
Xlsol- = O|E

00I-
>

LSS e

= WD Tumer without constraint . WD Tuner without
bootstrappingO| M| 20| A= VDTunerl| Ats 7+d 2282 HS Y model and bootstrapping bootstrapping

- oy o Preference Recall Rate > 0 BS
- XNe=E > 085 Z|H3tot 0| H|O[HE AESH0 surrogate model2 ¥ Y

. DENO A7| THI LN B B REE HB ' *; ?
1:II:III T T

1 41 21 1 51 24 1 III
Mumkber nr’l erations

- VDTuner

Preference Recall Rate = 0.9

— [}
o =
=] =}
=] =}
._—= - SR

Saarch Speed
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 Scalability

« Cost-Effectiveness Optimization.

- Search speedE B ZRE St1, HE2| AFEES 12t HE 2480 4 2440| U= 8%
» Search Speed(QPS)2| Z=HE H|E 2&d(QPH)2Z A CostEff. — Scarch Speed (query/sec)  Search Speed
N o - ‘ ' Price ($/sec) 7 - Memory Usage
. CIE XY % 717 B4 ANeets H - S B840 HO|E 47 <
1.20
o % 110 . . | m Search Speed
. Dl22| ALt HM S0 71 £23 parameter EA} - Hip ﬂﬂﬂﬁﬂ‘ = Cost Eciveness
&
- MaRE ZCf 37((+3.09 GiB)2t AH A FH(+119 QPS) e 0125 01 0075 005 0025 007
" Sacrifice in Recall Rate
- M £ FHol HE2 22| AFSE0| 2A 0| O =2 M £ F 2[5
HAME A[Cf 37|85 FHSHA|T H|2 28 X3} HHL AM £=0f 02 Memory Usage _, o " inseriufSize
o o (GiB) 7 4 B 8 10 —+ segment_maxSize
El A|-'g'EoI: |7_|-9—| _FL‘%!% gcl-zlio-l AOI-EHX—-I|2§ 75|I-% k”:l-ul_-IE —j'c-l I:H 37'% _7|SII_-| %I- index_type
Search Speed — . ._ — . ' —* nprobe
(QPS) _4?: 500 550 800 T f50  —= Other Parameters

Average value Current value

(b) Parameter’'s contribution to memory usage and search speed.
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05 CONCLUSION
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