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An intelligent era calls for a more
intelligent database

Large-scale system Diversified data Diversified computing
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Al-Native Database

Al4DB

Manual - Automatic
O Self-optimization
O Self-configuration
O Self-monitoring

O Self-healing

O Self-security

O Self-design

) Al4DB
<<

. DB4Al4
i >

DB4AI

Al - as easy as DB
O Declarative Al

O Al optimization

[0 Data governance

0 Data provenance

0 Model management




Al-Native Database

Al Designed

Al Assembled Level 5

Al Enhanced |4

Al Assisted Level 3

Al Advised

Al engine plug-in Al engine built-in Al-driven components & Al-driven self-assembling & Optimal  Al-driven design, verification, and
Offline advisor Online monitor Declarative Al in DB Alin DB development

Al-Optimized Al-Native

Knob tuning Workload Learned index Self assembling Self design
Index advisor modeling optimizer Al optimization = AI&DB Fusion
View advisor  scheduling Declarative Al




Level 1: Al-advised DB

ODatabase advisor for making database
more intelligent

— Database Configuration

« Knob tuning =
 Workload management = rem
* Automatic Upgrade

— Database Optimization Jn
- Index advisor _ffP;BI

 View advisor
 Partition advisor =
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Al for Knob Tuning

OAutomatic Tuning is important and challenging

O Tunable options control nearly all aspects of runtime
operations.

O The number of knobs in a DBMS is huge and the
relationships are complex.
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C D BT u n e Agent The tuning system

Environment DB instance

State Internal metrics

<Agent>
CDBTune

Reward Performance change

) Action Knob configuration
.
Policy Deep neural network

Network

<Action>

Knobs

effective_cache_size
checkpoint_timeout
io_concurrency

Xact_commit/rollback
Blk_reads/hit
Tuple_fetched
conflicts




CDBTune
OCDBTune

— using deep reinforcement learning (DRL), an
end-to-end automatic CDB (Cloud DataBase)
tuning system

» deep deterministic policy gradient method (DDPG)
* try-and-error strategy

— Characteristics:
» end-to-end learning
* using a limited number of samples
* high-dimensional continuous knobs recommendation
* reducing the possibility of Local Optimum
* good adaptability
 accelerates the convergence speed



CDBTune: Working Mechanism

OOffline Training

— Step 1: builds a training model

— Step 2: trains the training model
* Training Data
* Training Model
 Training Data Generation

OOnline Tuning

— Step 3: utilizes the model to recommend knob
settings for an online tuning request

— Step 4: updates the training model by taking the
tuning request as training data

Ji Zhang, Yu Liu, Ke Zhou, Guoliang Li. An End-to-End Automatic Cloud
Database Tuning System Using Deep Reinforcement Learning. SIGMOD 2019



CDBTune

send request to the interacts information conducts collects and
server through the among the client, stress testing processes
local interface CDB and CDBTune related metrics
Client _ Cloud | -

( Cli y (Clou T \

' Workload s

Training
Request Internal Metrics

Tuning

!]I Request |
Knob

Settings

State Reward

Configurations Metrics

Memory Pool

. — . _

outputs the knob store processed
configurations data




Reinforcement Learning

O Reinforcement Learning

Knob Configurations: — - Value
<Knobs1, Knobs, ..., Knobm> |

— Method: DDPG
— Goal: learn the best policy

O Six key elements in RL
— Agent
 receives reward and state, updates the policy

— Environment
« Environment is the tuning target, specifically an instance of CDB

— State

 the current state of the agent, i.e., the 63 metrics
» describe the state at time f as s;

— Reward

» a scalar described as r;
— Action

» described as a;corresponds to a knob tuning operation
— Policy

 described as u(s;)

* a mapping from state to action

Knob Configurations Internal Metrics




DDPG
O About DDPG mm

— a policy-based method,
combination of DQN and actor-critic

— learn the policy with
high dimensional states and actions ,,

nternal Metrics: Knob Configurations Internal Metrics

D DDPG design <IM, IMIz,..., IMn> —_—— (Action) (St}te)

— Policy function: a; = u(s|0+#)
« O¢: mapping the state s; to the value of action a;
— Critic function: Q(s;, a;|69)
 represent the value (score) with specific action a; and state s;
« 09 is learnable parameters
— Inheriting from Bellman Equation and DQN: /(s.a) =E,,,.,-e[r(st.ar) + yQ¥ (st p(se41))]
 policy u(s) is deterministic, s;., is the next state, r; = r(s;, a;) is
the reward function, and y is a discount factor
— Minimize the training objective:  minL(69) = E[(Q(s, a|69) — y)?]
* where y =r(s;, a) + YQ F(St+1, H(St+1)|69)



Reward Function

O About Reward Function
— feedback information between the agent and environment
— guides the agent to learn by telling what behavior is right or wrong

[0 The design of the reward function
* r, T and L denote reward, throughput and latency

— 1. At time t, calculate the rate of performance change A from time
t—1 and the initial time to time ¢ respectively.

— 2. Reward function: use r to denote the sum of rewards of
throughput and latency:

AT, 0 = L —To

r=cr*rr+c *n M=|m,q,-1= T’;Tﬁ“

* rr: the reward of throughput Miam Tt
* r, : the reward of latency AL:IALH -t

r . the sum of rewards of throughput and latency

crand c, are different coefficients [ (A4 D) =)L+ Arspe1] Ao > 0
_((1 - At—»(1)2 - 1)|1 - At—>1-1|»At—>0 <0



Results
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CDBTune Throughput

Throughput (txn/sec)
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13801 =P=CDBTune lteration
1

0 20 40 60 80 100 120 140 160 180 200 220 240 260 266
Number of Knobs

Workload BestConfig DBA OtterTune

T L T L T L

RW 168.28% | 51.65% 14.48% |891% 129.80% | 3551%
RO 142.15% | 43.95% 14.73% | 11.66% 144.46% | 23.63%
WO 1128.66% | 61.35% 146.57% |43.33% 191.25% |59.27%




Results on Postgres
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Figure 14: Performance comparison for TPC-C workload
using instance CDB-D among CDBTune, Postgres default,
CDB default, BestConfig, DBA and OtterTune (on Postgres).
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Results on MySQL
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Figure 18: Performance on TPC-C for local MySQL.
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Results on MongoDB

#¢¢ MongoDB Default I CDB Default B OtterTune
e BestConfig BN DBA BN CDBTune
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Figure 13: Performance comparison for YCSB workload us-
ing instance CDB-E among CDBTune, MongoDB default, CDB
default, BestConfig, DBA and OtterTune (on MongoDB).
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QTune: Query-Aware Tuning

D Q u e ry 'awa re tu n i n g SELECT MIN(tb13.movie_id)

FROM tbll, tbl2, tbl3
- - WHERE tbll..info = '%act%"
OEncoding queries D o

Total Startup Child

D E n COd i n COSt 48.28 48.27 23.24| MIN(tbl3.movie_id)
9 e

Total Startup Child

D D o u b I e State tu n i n g 48.16 2324 243 | th]2.movie_id = tbl3.movie_id

243

Seq Scan Hash Join

Data Total Startup Child Total Startup Child
Agent TORE —rmrem 2070 2319 243 0 |tbl1.id = tbl3.type_id
(6) Score
Critic =~~~ » ’ Seq S Seq S
------- eq Scan eq Scan
(network) fg——m : - : ~ .
Action(5) ' Total Startup Child Total Startup Child
f A - 178 0 0 241 0 0
. ' (5) tbl3 tbl1.info = '%act%'
(8) , (4) I Acti
Action
Reward, Observation ( S') 1 @
—L = : Insert Delete Update Select tbll tbl2 tbl3 ... tbl8 Hash_Join Seq_Scan Aggregate ...
(2) Ellelronment ' [0 0 (1} 1 1 1 1.0 68.92 40.91 25.04 .. ]
Outer metric Inner state | = = = = = = ! -
L (1) DML (2) Tables (3) Operation Costs
T( 3)AsS T( 7 ) Queries @
Predictor ¢ (2) | Query2Vector (1) - Insert Delete Update Select tbll tbl2 tbl3 ... th18 Hash_Join Seq Scan Aggregate ...
(network) | “Features y Queries | Workload
g [ 0 0 0 1 1 1 1.0 0.1401 -0.166 -0.2423 ... ]

Guoliang Li, Xuanhe Zhou. QTune: A Query-Aware Database Tuning
System with Deep Reinforcement Learning. VLDB 2019



QTune

Configuration

Vectorize = Tune ==
Q; DS-DDPG A=[agay wapl —>w

Queries
[ Olfl+ Tune ]
| o 4 i)
O

DS-DDPG

— -

DL Model

Q=1{Qy, Q, -y Qu}

O State Change (Predicted)

(@]

8 Pudict,or)—' §'=Is'1,82 v 8" ml + Observation

O Features i 0=(0}, 05 .., O] [ AEFCric

Modul A=lag, ay ., ayl

S=[51,52;, s Sml

Knob Pattern

| P=[p1, P2 s Pml




Throughput (txn/sec)

QTune

Default 221 CDBTune QTune(W) XX Default 2777 CDBTune ] QTune(W) Xxa
BestConfig IR DBA O BestConfig I DBA O
OtterTune =<1 QTune(Q) Xx1 OtterTune =1 QTune(Q) =1
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View Advisor

OEquivalent subquery detector
OSubquery cost/benefit estimator

[0View selector

View Matcher

SQL Rewriter

|

Materialized View Optimizer

: Equivalent Materialized
View | || Subquery View
Genel rator Detector Selector
T~ Data Subquery
— Subquery Cost
.p| Meta | Extractor :
Data Estimator
O ee——"
- - . —
online - offline —
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View Advisor: Framework

AutoView System

3 — Recommendation
— = Cost ‘Ql—»MV1
— — i i | i Q27 gMV2 i
— c  Preprocess e Estimation ®ls| c Selection 0272 Rewrite
) - = Q3
Workload @) o 4 e x b N
(7] Q =
S % [ Encoder- s&
(o] ¢ w | Encoder- 82
2% Cost DQN
= 2 Reducer Bl b= Execute Result
= ] o | | model Workload’
-~ LB ) trainin
Dataset .. | — | -
(@) training g Materialize
Collect Data

1. MV Candidate Generation
2. MV Estimation Model - encoder-reducer
3. MYV Selection - DRL

4. MV-aware Query Rewriting
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View Advisor: Equivalent Subquery

0 Expensive to verify equivalence

O Extract SPJG segments

O Evaluate SPJG segments

select t1.user_id,count(*) as cnt
from (

S = "> select user_id,memo from user_memo

H 1, > Where dt='1010'and memo_type = 'pen')
Sg H n inner join (
H SZ H select user_id,action from user_action
i--» Where type = 1 and dt='1010")
' t2 on t1.user_id = t2.user_id
=-======>group by t1.user_id;
SQL Statement

- I

l- user_id_l=user id 2 |

pq
Sh Sy !
-1 PXadnd ]
/ N |
\ |
)

/T

~
” userﬁidi\A

user_id 1,V ’ I action

)
\ '
|
O-dt=‘1010’/\' \
memoilype:/pen’ \

\ ¢ \
user_actiorv

I memo

I dt=°1010"

Abstract Syntax Tree

LogicalAggregate(group=[{user_id_1}],cnt=[COUNT()])
pmm———— » LogicalJoin(condition=[EQ(user_id_1, user_id_2)], joinType=[inner])
H - --> |ogicalProject(user_id_1=[user_id],memo=[memo])
1 Sli LogicalFilter(condition=[AND(EQ(dt, '1010"), EQ(memo_type, 'pen')])

535 RT3 LogicalTableScan(table=[[user_memo])
H ~--» LogicalProject(user_id_2=[user_id],action=[action])
: SQ: LogicalFilter(condition=[AND(EQ(type, 1),EQ(dt, '1010")])
G LogicalTableScan(table=[[user_action]])
Logical Plan

Join
/‘V
Join
p - Aggregate
A Filter Filter
ggregate
; Table Table
Join Scan Scan
Filter Filter
Taf)le Taf')Ie
Scan Scan
S1

Aggregate
A
Filter
A
Join
O-tree -
Join Filter
Table
Al t Aggregate
| ggrega e| ﬂ ggAg Scan
Join Filter
A v A
Filter Filter Table
- - Scan
Table Table
Scan Scan
S
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View Advisor: Cost Estimator

Seq2Seq Deep RL
Dataset Cost Estimation MV Selection
Attention Agent EnV
TripIeS(Q' V' QV) ]E(tqsi()emantic Vector ]E(tqilvd)idden State g E Action Ql mi
Encoder Reducer * oE
u Vi State \
Dataset SIS S s o S ac,@\x\ P Observation
Koe® Mo ‘&q‘“ a‘
g v Out
1. Serializing and Encoding Encoder I
2. Encoder-Reducer Model na— GRU —n
* encoder — cost without view —
. .
* reducer — cost with view
3. Attention Mechanism U

Reserved word

4. Fine-tuning o



View Advisor: Subquery Selector

OLearn the benefit of materializing a
view of a subquery

T . value layer

(Y
D ARG
NS 4

-------------------------------------------------------

output layer

------

four common layers advantage layer

@ state s; reward r; .
ILP Solver @ action a;

@)state 5441 reward 7, [Environment
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Al-Native Database

Al Designed

Al Assembled o

Al Enhanced |4

Al Assisted Level 3

Al Advised

Al engine plug-in Al engine built-in Al-driven components & Al-driven self-assembling & Optimal  Al-driven design, verification, and
Offline advisor Online monitor Declarative Al in DB Alin DB development

Al-Optimized Al-Native




Level 2: Al-Assisted DB

LOMonitor and manage DB
— Self monitoring
 Statistics, workload, system
— Self diagnosis
* Error detection
— Self healing
 Failure recovery
— Self configuring
 Workload, upgrade
— Self optimizing
« SQL rewriter, online statistics

28



Self Monitoring

Attended Database
DB Management _ J.GI51T 5 (1) &=

Unattended

Autonomous DB Management Console

g

Autonomous DB Functionality

]

Agesbueyn

Information
Store

Anomaly Change Workload
Manager Manager Manager

Jabeue
Aiojisoday

I IS IS IS IS e e e EEm

asegejeq

Common Services

uoljejuswn}suj

Visualization / Rule / ML

OS/HWINetwork/App

LIS | jnstrumentation Information

Information J§]
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Workload Configuration

OWorkload modelling
— Feature, cost, latency, resources

OWorkload scheduling

— Prioritize workload
—OLAP & OLTP

OWorkload prediction
— Predicting workloads

| === Cluster Cen Query 3 Query 4 |

75000
= Qmwww

Dec 23 Dec 26 Dec

SD)



Al-Native Database

Al Designed

Al Assembled o

Al Enhanced |4

Al Assisted Level 3

Al Advised

Al engine plug-in Al engine built-in Al-driven components & 4Al-driven self-assembling & Optimal  Al-driven design, verification, and
Offline advisor Online monitor Declarative Al in DB Alin DB development

Al-Optimized Al-Native




Level 3: Al-Enhanced DB

OAI4DB: Learned DB components
—Learned Index
— Learned Cost estimator
— Learned Optimizer
— Learned Statistics

32



Learned Cost Estimator

CTraditional Cost Estimator i

Estimation

— Histogram esiate (5
— Sketch

— Empirical functions

— Failed for correlations [ W J f()]

between multiple tables

OLearned Cost Estimator
— Estimation model 02010859 _
— Tree-structure model
— Predicate embedding

' cardinality # cost
Learning-based 142(142)| 132312(132241ms)
Estimation

Estimate

Model

33
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Physical Plans

Hash
Join

[@
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\[ Scan J ( Scan )

r
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0.12,...,0.78
I vector
00001 i
>
00001 [ vector } [ vector ]

»>

Feature Extracto
N N Merge : n?me LolK,E EnCOding

Real Cost \ [ Join ] EM*} Predicate Encoding |‘

<plan,cos Hash Soan : Name - MetaData Encoding

| ,card> Jom : Hash Join
| Operation Encodin
Real / I P °
[ Scan } ( Scan J | Samples Sample Bitmap

Cardinality

J -

1
1
1
—
1
1
1

Encoding

.

10100 | [ vector ] [ vector ]

vectors

Tree-structured Model

Vs

— Representatlon Layer
23
® OE
Q& . >
Q. ) A Representatlon [Representatlon)
S
@ \\ \
—__/ |
[Representation) [Representation)

~

Estimation
Layer

Cost

v

\/

Cardinality

3 Tree-structured Estimation

2 Feature Extractor
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Learned Cost Estimator
Feature Extraction

Execution Plan

"Node Type":"Nested Loop"
"Join Filter":"(mc.movie id = t.id)"

"Node Type":"Hash Join"
"Hash":"(mi_idx.info type id = it.id)"

"Node Type":"Hash Join"
"Hash":"(mc.movie id = mi_idx.movie id)"

2

>
3

Pl

~

"Node Type":"Index Scan"

“Table Name":"movie_companies"
"Filter":"(production_year > 2010)"
"Index":"(id = mi_idx.movie |cl)

"Node Type":"Hash Join"
"Hash":"(mc.company_type id = ct.id)"

6

4

"Node Type":"Seq Scan"
“Table Name":"info_type"
"Filter":"info = 'top 250 rank'"

4

"Node Type":"Seq Scan"
“Table Name":"movie_info_idx"

"Node Type":"Seq Scan"

“Table Name":"company_type"

"Filter":"kind = 'production companies

ode Type":"Seq Scan”
“Table Name":"movie_companies"

mc.note LIKE % (presents)o6n)”

"Filter":"note not like '%(as Metro-Goldwyn-Mayer
Pictures)%' AND (note like '%(co-production)%’ OR

One-hot Encoding

Operator one-hot

= 0001

> 0010

not like 0100

like 1000
Operation one-hot

Nested Loop 0001

Hash Join 0010

Seq Scan 0100

Index Scan 1000

Table Name one-hot

info_type 0001
movie_info_idx 0010
company_type 0100
movie_companies| 1000

Sample Datasets

Column one-hot
mc.movie_id 000000000001
t.id 000000000010
mi_idx.movie id 000000000100
mi_idx.info type id |000000001000
it.id 000000010000
it.info 000000100000
mc.company_type id |000001000000
ct.id 000010000000
ct.kind 000100000000
mc.note 001000000000
mc.production year |010000000000
mc.id 100000000000

info_type.info movie_companies.note movie_companies.production_year company_type.kind
top 260 rank @s Metro-((égl_(;\:\:’y‘:-lxiﬁe)r Pictures) 1987 production companies
top 270 rank (2006)(USA)(TV) 2013 distributors
top 250 rank (2006)(worldwide)(TV) 1995 special effects companies
top 250 rank (2011)(UK)(TV) 1966 miscellaneous companies
Dictionary id | Operation MetaData Predicate Sample Bitmap
Token Represent 1 0001 padding 000000000001 0001 000000000010 padding
ation 2 0010 padding 000000000001 0001 000000000100 padding
'top 250 rank' 0'14605423’ 3 | 0010 padding | 000000001000 0001 000000010000 padding
; ) A 4 0100 0001 000000100000 0001 0.14,0.43,...,0.92 0011
production 0.51,0.22,
companies' ...,0.11 5 0100 0010 padding 1111
6 0010 padding 000001000000 0001 000010000000 padding
'(as Metro-
Goldwyn-Mayer 0.91,0.35, 7 0100 0100 000100000000 0001 0.51,0.22,...,0.11 1000
: : ...,0.25
Pictures) ’ 001000000000 0100 0.91,0.35,...,0.25
0.37.011 8 0100 1000 001000000000 1000 0.37,0.11,...,0.02 1000
'(co-production)’ 602 ’ 001000000000 1000 0.13,0.41,...,0.76
. , 0.13,0.41, 010000000000 0010 0.81
(presents) ...,0.76 9 | 1000 1000 100000000000 0001 00000000100 0100

35



Learned Cost Estimator

SQL Query

i ]
| !
3 SELECT MIN(mc.note) AS production_note, i
! MIN(t.title) AS movie_title, !
] MIN(t.production_year) AS movie_year i
1 FROM company_type AS ct, ;
i info_type AS it, i
| movie_companies AS mc, |
| movie_info_idx AS mi_idx, |
| title AS t |
! WHERE ct.kind = 'production companies' !
i AND it.info = 'top 250 rank' ]
| AND mc.note NOT LIKE '%(as Metro-Goldwyn-Mayer Pictures)%' |
! AND (mc.note LIKE '%(co-production)%') !
i OR mc.note LIKE '%(presents)%") i
1 AND t.production_year >2010 |
i AND ct.id = mc.company_type_id !
| AND t.id = mc.movie_id |
| AND t.id = mi_idx.movie_id |
i AND mc.movie_id = mi_idx.movie_id 3
i - 1

AND it.id = mi_idx.info_type_id.

Encoded Query Plan

Nested Loop1

Tree-structured Model

mc.note NOT LIKE
'%(as Metro-
Goldwyn-Mayer

mc.note LIKE

'%(co-production)%'

mc.note LIKE
'%(presents)%'

1

i

i
|
|

Representation
Model

i 2/ ~ ‘ i Representation ' Representation ‘ /
1 Hash Join Index/Scan Model Model P
3 : P - “WGoRe S b
N ! iRepresentatloni iRepresentatloni GoRo
Hash Join Hash Join . Model Model

| N\ 7T, L eRX T WER eRA R

| 4 5 7 8 iiRepresentationi iRepresentationi 3Representation§ iRepresentationH

i Seq Scan Seq Scan Seq Scan Seq Scan P Model P Model P Model P Model i

4, .
i Representation Model
,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,, ‘ Gi{ | < G,
F’,’—:—V X + = >
IRl oty 4
‘
B

o
3 )
35S
o |l & |2
2|92
Z
S| 5|8
O .
el ,/'
’ [ Linear ] Linear ] N
// 7 £ > \'L
7 T 1
/ Predicate \ /
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Learned Cost Estimator
String Embedding

Rules

HDinH — llDinH

(Prefiz, Pr(“Din”), 3)
(Prefiz, Pc Py(“in”), 3)

"Dinos" — "Din"

(Prefixz, P,(“D”)P, 3)
(Prefix, Pc Py, 3)
(Prefiz, Pc Py (“”) Py, 3)
(Prefiz, Pc P(“in”) Py, 3)
(Prefiz, Py(“Din” )P, 3)

"Dinos " — "Din"

(Prefiz, Py (“D”)P,Ps, 3)
(Prefiz, Pc P, Ps, 3)
(Prefiz, Po Py (“i”)P,Ps, 3)
(Prefixz, Pc Py(“in” )P, Ps, 3)
(Prefiz, Py(“Din”)P,Ps, 3)

Prefix Trie

D6

0.20.10.10.3

Di

090.10.20.6

0.10.30.20.2

"Dinos in" — "Din"

(Prefiz, P(“D”) PP, P,, 3)
(Prefix, Pc P Ps Py, 3)
(Prefiz, PoPi(“)P,Ps Py, 3)
(Prefiz, Pc P (“in” )P, Ps Py, 3)
(Prefiz, Pr(“Din”)P,Ps Py, 3)

D62

0.50.40.30.1

0.2040.10.5

"Dinos in " — "Din"

(Prefiz, P,(“D”)P,Ps P, P;, 3)
(Prefix, Po P, Ps P, Ps, 3)

(Prefiz, PoPi(“7) PPy PPy, 3)
(Prefix, Pc Py(“in” )P Ps P, Ps, 3)
(Prefiz, Py(“Din”)P,Ps P, Ps, 3)

"Dinos in Kas" — "Din"

{Prefiz, P,(“D")\D,Ps P, P, P I, 3)

(Prefiz, PoP,PsP,PsPc Py, 3)

(Prefiz, Po Py (“i" )P Ps P Ps Pc Py, 3)
(Prefix, Po Pi(“in” )P, Ps P,Ps Po Py, 3)
(PTefiZB, Pt(“DZ‘n”)PlPSPl psPOPl; 3>

Like ‘Din%’
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105_

103_

101_

Error

Learned Cost Estimator

10—1_

Cost median | 90th | 95th | 99th | max | mean
PGCost 4.90 | 80.8 | 104 | 3577|4920 | 105
TLSTMHashMCost 4.47 53.6 | 149 | 239 | 478 | 24.1
TLSTMEmbNRMCost | 4.12 18.1 | 44.1 | 105 | 166 | 10.3
TLSTMEmbRMCost 4.28 13.3 | 22.5| 104 | 126 | 8.6
TPoolEmbRMCost | 4.07 [11.6(17.5|/63.1|67.3| 7.06
o 10> e
10% 5
o 103-; o
: i _w0| g
4 = - o
— L] 100_; _s_ ’i‘
— - 10-1—;
10—2—; —
PgCard TLSTMHashMCard TPoolEmbRMCard 107 PgCost TLSTMHashMCost TPoolEmbRMCost
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Learned Optimizer

it is expensive to get the optimal plan

COEstimation is not accurate

— Cost-based method
— Rule-based method

#Relations (n) | #Processing Trees | #Solutions (#Trees - n!)
1 1 1
2 1 2
3 2 12
4 5 120
5 14 1,680
6 42 30,240
7 132 665,280
8 429 17,297,280
9 1,430 518,918,400

10 4,862 17,643,225,600
11 16,796 670,442 572,800

28,158,588,057,600

Worst In Workload

I [eft-Deep
Learning



Learned Optimizer

OQuery feature encoding
[OReward of a join

Q1:Select *From 71,72,73,74 Where T1.a=T2.aand T2.b = T3.b
and T1.c=T3.cand T3.d=T4.dand T1.e = T4.e @
and T2.f=T4.f and T1.h >50 and T1.h <100

Tl.a=T2.a 73.d=T4.d T1. e = T4e

Initial State Intermediate state Intermediate state Terminal State

Query q: RS[((Ty % T») x Ts,Ty), q]

Select * From T1,T2,T3,T4 (OO OO O 0O

Where T1.h >50 and T1.h <100
and T1.a=T2.aand T2.b =T3.b

¥ P
i i SN R(TxT)xT5,T4 (@ @ @)D O @ @)
and T1.c=T3.cand T1.d =T4.d @ @ @ C
( J ChlldSum RQ[Q]
(T1,T1)(T1,T2) ... (T4,T3)(T4,T4)

A. Query encoding for input SQL
X = > < R[(TlNTz NT3]

AR N

N-ary

RE[T, al(OOOOOOO)— @ ‘ ‘

IR RE[T,.b] RC[T .b] RT[T;]

RE[T, b(OOOOOOO)_'e ‘Nary @

concat
VXSEAs RT[T,] RC[T,.a] RY[T,.al R[T,]

Th(OOOOOOO)—

B. Table and column representation

(0000000)

e
=
=

C. Join tree and join state representation
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Learned Optimizer

Query q:
Select *

From T1,T2,T3,T4
Where T1.h > 30
and T1.h <50

and Tl.a=TR.a
and T2.b=T3.b

& % ®)

and Tl.c=T4.c

= > <

(QQQQ)

2 VvONES 7‘~\I\l NV N
{ \ SV AN

AT (O OO ODD )

X = > <

(2O O Q)

< VvoNES 7‘~\I\l NV N
{ XOSA-A N\ N ‘

971B8U81BOU0D

<

(T1,T1) (T1,T2) ..

. (T4,T3)(T4,74)

(A) Query Representation for input query

AT (TO O OO DD )

'\J

R0 (O O OOO OO)—

\4

gurrood

(0000000

R(T,)

R(((Tl X Tg) X T3,T4),q)
X XeXeXeXo)

<
R((Tl X T2> X T3,T4)[. ’ ‘J@[. . .J

ChildSum R(q)

R((Tl X TQ) X Tg)@ @ R(T4)

N-ary

@ii@

R(T,.b) R(st) R(T)
N- ary
R(T,) R(T, a) R(Tz a8 R
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Learned Optimizer

TABLE 11 TABLE III
MEAN RELEVANT COST TO DYNAMIC PROGRAMMING  EXPONENTIAL MEAN LOG RELEVANT LATENCY (GMRL) TO D
MRC benchmark GMRL benchmark
JOB TPC-H enchmar
, JOB | TPC-H
algorithm algorithm
RTOS 1.01 1.00 RTOS 0.67 0.92
ReJoin 1.75 1.00 ReJoin 1.14 0.96
QP100 7.81 1.06 QP100 NA 1.03
QP1000 1.62 1.00 QP1000 1.90 1.00
DQ 234 (130) | 1.01 DQ 123 | 099

GMRL on different tempiates of JOB

RTOS
0o
Rejoin
QP00

:

J J 4 > « y L » ) i LI 18 i L&) i M i v n 2 I o " b 2 n af mn > < " 2 1

Tempiate D



Level 3: Al-Enhanced DB

[ODBA4AI: Declarative Al

—Use SQL for using Al algorithms
— Lower the burden of using Al
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DB4AI

CDeclarative Al
_ Al'to SQL
— SQL completeness ~ ‘“Driver” Functions

— SQL advisor
OAIl optimizations

— Cost estimation
— Auto parameter
— Auto model

RDBMS
Built-in
Functions

— Parallel computing

RDBMS Query Processing
(Greenplum, PostgreSQL, ...)

[OData Governance

— Data discovery
— Data cleaning and fusion
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Al-Native Database

Al Designed

Al Assembled o

Al Enhanced |4

Al Assisted Level 3

Al Advised

Al engine plug-in Al engine built-in Al-driven components & Al-driven self-assembling & Optimal = Al-driven design, verification, and
Offline advisor Online monitor Declarative Al in DB Alin DB development

Al-Optimized Al-Native




Level 4: Al-Assembled DB

OSelf-Assembling

— Each component has multiple options

* Optimizer
— CBO, RBO, Learned

— Assemble the components as a database
* Reinforcement learning (RL)

— From single path to multiple paths
* Like map navigator

—Scheduling on diversified hardware
* Learned tensor model on Al hardware
* Traditional (cost) model on general hardware
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Level 4: Al-Assembled DB

SQL

Parser

Rewriter (Rule) @l Rewriter (Learned)
Rewriter )

: Optimizer Optimizer Optimizer

Optimizer (Rule) (Cost) (Learned)

Executor

Storage

Hardware e

< — W — =
_/-(' N

Hardware Hardware § Hardware Hardware Hardware

(CPU) (ARM) (AT) (NVM) )
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Level 4: Al-Assembled DB

OSelf-Assembling

— Each component has multiple options

* Optimizer
— CBO, RBO, Learned

— Assemble the components as a database
* Reinforcement learning (RL)

— From single path to multiple paths
* Like map navigator

—Scheduling on diversified hardware
* Learned tensor model on Al hardware
* Traditional (cost) model on general hardware
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Al-Native Database

Al Designed

Al Assembled o

Al Enhanced |4

Al Assisted Level 3

Al Advised

Al engine plug-in Al engine built-in Al-driven components & Al-driven self-assembling & Optimal  Al-driven design, verification, and
Offline advisor Online monitor Declarative Al in DB Alin DB development

Al-Optimized Al-Native




Level 5: Al-Designed DB

[Al-based design

— Data structure design V)
. - CRUD r . Y ( ) eep Analytic
- TransaCtlon deS|g n \ Relation Tensor )C\(siring/dassificati ..... )

Data al Data Data

I ntegration Model Model
—Storage design megration | Mode “ |

Data

—Index design mansgement )

—Optimizer design ~ --"27= . e
OAIlI & DB Co-design = ©

— Unified model

— Unified optimization

ML/DL

2hRh
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Al-Native Database

Unified SQL Interface
Self-Configuring Self-Healing Self-Security
Workl?ad Worklo?d Wor!dqad Kn(?b Softh.xre Softwaye Fault Recovery Masking
Modeling Scheduling Predicting Tuning Patching Upgrading
.. Live Migration
Self-Optimizing Auditing
SQL Optimization Self-Diagnosis
SQL Index View Partition
Rewriter Advisor Advisor A ioe Hardware Error Access Control
Query Optimizer Software Error
Car.dina.lity POSt_ Join Ol:der RBO CBO Lesfrn‘ed Immutability
Estimation Estimation Selection Optimizer —
Self-Monitoring
Executor Englne Data Statistics Traceability
Row Column Vectorization
System Statistics
Data Storage St
In-M Encryption
Row e et/ Workload Statistics P
Self-Assembling
Al Framework
| Al as UDF } | Al as View | | Model-Free | | Problem-Free
Heterogeneous Computing Framework
I Relational Model I | Graph Model | Time-series Model l | Tensor Model

|

[ FPGA |

| Neu |
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Five Levels of DB4Al

Al Advised:

* Offline Al-based knob tuning/statistics recommendation, offline data placement;
* Offline workload management, offline optimization;

Al Assisted:

* Self monitoring/tuning: online knob tuning, monitoring;
» Self optimization: query tuning, online index/view advisor;
» Self diagnoses, healing, protection;

Al Enhanced:

* Using Al-based algorithms to enhance the core components of database;
* Learned index, learned optimizer, learned storage, query engine customization, etc.;
* Al in database, declarative Al, DB-optimized Al;

Al Assembled:

* Functions decoupled as services. Functions deployed on heterogeneous environments;
* Al-based algorithms to choose the best execution paths of different services;

Al Designed:

* DB designed by Al, hardware and software codesign, automatic evaluation.
* Al-assisted semi-formal or formal verification for trustworthy and security;
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Five Levels of DB4Al

Level Consumability Description AT Skill
Level
1 Al Models as Algorithms available in the underlying DB High
UDFs system as UDFs or Stored Procedures
2 Al Models as Materialized the trained models as ‘views’ Medium
Views which can be utilized by other users. The views

will be automatically updated which i1s
triggered by data update or model update

3 Model-free No need to specify models. Given a problem, Low
automatically identify the models.

4 Problem-free No need to specify problems. Automatically Low
identify the problems and models.

5 Full-automatic =~ Automatically discover Al opportunities, Very Low
including model selection, algorithm selection
and data discovery
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Lessons Learned
OAI4DB

0 Database can learn from both internal and
external “environments” to achieve high
performance

O Al enhances database, especially
—Fast, flexible and strong adaptability

—Make DB more intelligent

ODB4AI

O In-DB Al consumability
[0 Make Al easily used in different fields




Challenges and Opportunities

OHardware/Software Co-Design
— Database chips
— Tensor model

— DB evaluation tool
« Like EDA

Agile Hardware Dev. Methodology

Optimizer/Tuner Paxos |
D O LAP 2 ) O ( DB Process 1 DB Process 1 5 DB |
— MUlti-mOdel, DB&AI CRUD/DDL Analytics style ||
Query Shared
OOLTP 2.0 e ——————— e ———————
CPU 1 CPU 2
o NeW hardware Core Core C?re Core Accelorat Progtglam
1 n n ccelerator mable
— NVM, RDMA, etc.
— Programable RDMA U U g1
Shared Memory 56







