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TODAY'S AGENDA

Autonomous DBMS History

Self-Driving DBMSs
Learned Components
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MOTIVATION

Personnel is ~50% of the TOC of a DBMS.
Average DBA Salary (2017): $89,050

The scale and complexity of DBMS installations
have surpassed humans.

Source: https://www.bls.gov/oes/current/oes151141.htm
Source: https://www.highbeam.com/doc/1P3-1149052351.html
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SELF-ADAPTIVE DATABASES (1970s-19905s)

Index Selection
Partitioning / Sharding Keys
Data Placement
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SELF-ADAPTIVE DATABASES (1970s-19905s)

SELECT * FROM A JOIN B
» ON A.ID = B.ID
WHERE A.VAL > 123
AND B.NAME LIKE 'XY%'
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SELF-ADAPTIVE DATABASES (1970s-19905s)
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WHERE A.VAL > 123
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SELF-TUNING DATABASES (1990s-2000s)

SELECT * FROM A JOIN B
» ON A.ID = B.ID
WHERE A.VAL > 123
AND B.NAME LIKE 'XY%'

Admm A.ID I
‘ A.VAL IS
Tuning B . ID I
Algorithm a B.NAME I
Optimizer

Cost Model
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SELF-TUNING DATABASE

 CIER

Admin

Self-Tuning Database Systems: A Decade of Progress

Surajit Chaudhuri Vivek Narasayya
Microsoft Research Microsoft Research

Surajitt@microsoft.com viveknar@m rosoft.com
ABSTRACT

7 " 2. AN INTRODUCTION TO PHYSICAL
In this discuss adv; S If-tuni; database tems
b e e o e s s DATABASE DESIGN

projectuf Microsoft Rescarch, This paper primarily focuey s ’
peoblem of automated physical database design. We gies highlight :" n:.’:p:r '“r";cfl"::t :.Eai)sn:{s;lgu"m —
i teas where rescarch on sclf-tuning database techpolcay pr- sl it ndeendens, Th s o 7075

from the AutoAdmin project that was started in Microsoft
Research in the summer of 1996. The SQL Server Pproduct group
at that time had taken on the ambitious task of redesigning the

The first generation of relational execution engines were

the data analysis and mining techniques to automate difficult ditihaica
tuning and administrative tasks for database systems. As our first o

goal in AutoAdmin, we decided to focus on physical database 2.2 State of the Art in 1997

design. This was by no means a new problem, by, ftwasstllan  Toe e of e workload, including queries and updates, in
open problem. Morcover, it was clearly a problem that impacted  pyical design wa Widely recognized. Therefore, at a high level,

perfomance tuning. The decision (o focus on physical database the problem of physical database design was - for a given
design was somewhat ad-ho. s close Klatonship o query  yorgioa finda configuration, i.¢. a set of indexes that minimize
Piocessing was an implicit driving function as the latter . beg e cost. However, early approaches did nex always agree on what
area of past work. Thus, the paper in VLDB 1997 [26] described constitutes a workload, or what should be meastyed as cost for a
our first solution to automating physical database design given query and configuration

Tuning

I this paper, we take a ook back on the last decade AW ppers oo hesteal desien of dasbases sared appearing a early
some of the work on Self-Tuning Database systems, 4 NPl 1974, Barly wock et oy by Stonebraker [63] assumed 4

° survey of the field is beyond the scope of this paper. Our parametric model of the workload and work by Hammer and Chan
thm discussions are influenced by our experiences with the specific [44] used a predictive model to derive the parameters, Later
or’l problems we addressed in the AutoAdmin project. Since our fegr ingly started using an explicit  workload
VLDB 1997 paper was on physical database deslgn, a large pant (g0, 156]. An explicit workload can be collected using the
Of this paper s also devoted to providing detals of e PROERSS tracing capabiliies, of the DBMS. Morcover, some papers
that specific sub-topic (Sections 2. 6). In Section 7, we discuss restricted the class of workloads, whether explicit or parametric,
briefly a few of the other important aress Wwhere self-tuning 1o single wble queries. Sometimes such restrictions  were
database technology have made advances over the last decade. gl ary for their proposed index selection techniques 1o even
e reflect on fure directions in Section § ang conclude in apply and in some cans they could justify the goodness of their

Section 9, solution only for the restrcted class of queries

All papers recognized that it is not feasible to estimate 2oodness

Of & physical design for a workload by actual creation o indexes

ermisson to copy without fee al or part of this matera granied provided
that the copies are not made o distributed for iy commercial advantage,
the VLDB copyright notice and the i of shy publication and fts dase

Endowment. To copy otherwise, or 0 republish, 1 Post on seryers.
o redistribute o lsts, requires a fec andior special Ppermissions from the
, ACM.

comparison among the alternag
model. For columns on which o
h

VLDB 07, Scptember 23.28, 2007, Vienna, Austria,
Copyright 2007 VLDB Endowment, ACM 978-1-59593-649.30710.
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SELF-TUNING DATABASES (1990s-2000s)

Number of Configuration Knobs Per Release

Bomysor. PBWPostgeSQL

«» 600
% 541
Y,
S 400
5 291
s 200
2 75
0 53

Source: Dana Van Aken 2000 2004 2008 2012 2016

& @ CARNEGIE MELLON
=2 DATABASE GROUP


http://db.cs.cmu.edu/
http://15721.courses.cs.cmu.edu/
http://www.cs.cmu.edu/~dvanaken/

CMU 15

& & CARNEGIE M

-721 (Spring 2019

)

CLOUD-MANAGED DATABASES (20105)

Initial Placement
Tenant Migration
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OBSERVATION

People have been working on autonomous
database systems for 45 years.

Why is this previous work insufficient?
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PREVIOUS WORK

Problem #1: Human Judgements

— User has to make final decision on whether to apply
recommendations.

Problem #2: Reactionary Measures

— Can only solve previous problems. Cannot anticipate
upcoming usage trends / issues.

Problem #3: No Transfer Learning

— Tunes each DBMS instance in isolation. Cannot apply
knowledge learned about one DBMS to another.
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OBSERVATION

Just like there are different levels of autonomy in

cars, there are different levels for databases.
— SAE (J3016) Automation Levels

We need to reason about the autonomous systems

to understand their capabilities and limitations.
— This will help us reason about how much a human needs
to be involved in its administration.
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AUTONOMOUS DBMS TAXONOMY

System only does what

humans tell it to do. Level #0: Manual

11


http://db.cs.cmu.edu/
http://15721.courses.cs.cmu.edu/

CMU 15-721 (Spring 2019)

& @ CARNEGIE MELLON
=2 DATABASE GROUP

AUTONOMOUS DBMS TAXONOMY

Recommendation tools that Level #0: Manual

Suggest improvements. Level #1: Assistant
Human makes final decisions.

11
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11

AUTONOMOUS DBMS TAXONOMY

Level #0: Manual
DBMS and humans work Level #1: Assistant

together to mange the system. ] evel #2: Mixed Management
Human guides the process.
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AUTONOMOUS DBMS TAXONOMY

Level #0: Manual
Level #1: Assistant

Subsystems can adapt without Level #2: Mixed Management

human guidance. T evel #3: Local Optimizations
No higher-level coordination.
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AUTONOMOUS DBMS TAXONOMY

Level #0: Manual
Level #1: Assistant
Level #2: Mixed Management

Human only provides high-  Level #3: Local Optimizations

level direction + hints.

L . 7 Level #4: Direct Optimizations
System can identify when it

needs to ask humans for help.
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AUTONOMOUS DBMS TAXONOMY

Level #0: Manual

Level #1: Assistant

Level #2: Mixed Management
Level #3: Local Optimizations
Level #4: Direct Optimizations
Level #5: Self-Driving
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CIDR 2017
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SELF-DRIVING DATABASE

A DBMS that can deploy, configure, and tune itself

automatically without any human intervention.

— Select actions to improve some objective function (e.g.,
throughput, latency, cost).

— Choose when to apply an action.

— Learn from these actions and refine future decision
making processes.

| SELF-DRIVING DATABASE MANAGEMENT SYSTEMS

12
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ARCHITECTURE OVERVIEW

i Workload Forecasts
* Component Models

SQL Statements

- Internal Metrics

% Search &
= Planning

£4% Actions

£5% Where to Deploy? (O When to Deploy?

oo S How to Deploy? ® Why?

=2 DATABASE GROUP
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SELF-DRIVING ENGINEERING

Environment Observations
— How the DBMS collects training data.

Action Meta-Data

— How the DBMS implements and exposes methods for
controlling and modifying the system's configuration.

Action Engineering
— How the DBMS deploys actions either for training or
optimization.

== | MAKE YOUR DATABASE DREAM OF ELECTRIC SHEEP:
ENGINEERING FOR SELF-DRIVING OPERATION
UNPUBLISHED MANUSCRIPT 2019
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ENVIRONMENT OBSERVATIONS

Logical Workload History

— SQL queries with their execution context.
— Need to compress to reduce storage size.

Runtime Metrics
— Internal measurements about the DBMS's runtime
behavior.

Database Contents
— Succinct representation/encoding of the database tables.
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SUB-COMPONENT METRICS

[f the DBMS has sub-components that are tunable,
then it must expose separate metrics for those
components.

Bad Example: {:'::'{E{ R O C k S D B
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SUB-COMPONENT METRICS
RocksDB Column Family Knobs

rocksdb_override_cf_options=\

cf_link_pk={prefix_extractor=capped:20}
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SUB-COMPONENT METRICS
RocksDB Column Family Knobs

rocksdb_override_cf_options=\

cf_link_pk={prefix_extractor=capped:20}

Column Family Metrics
mysql> SELECT * FROM INFORMATION_SCHEMA.ROCKSDB_CFSTAT;

default

default
default
default
default
default
default

C: CARNEGIE MELLON
=2 DATABASE GROUP

METRIC_NAME

COMPACTION_PENDING ° °
CUR_SIZE_ACTIVE_MEM_TABLE MlSSlng.‘

CUR_SIZE ALL MEM _TABLES

MEM_TABLE_FLUSH_PENDING

NON_BLOCK_CACHE_SST_MEM_USAGE Reads
NUM_ENTRIES_ACTIVE_MEM_TABLE

NUM_ENTRIES_IMM_MEM_TABLES

[ ]
NUM_IMMUTABLE_MEM_TABLE ‘X/
NUM_LIVE_VERSIONS Tltes

17
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SUB-COMPONENT METRICS
RocksDB Column Family Knobs

rocksdb_override_cf_options=\

cf_link_pk={prefix_extractor=capped:20}

Global Metrics

&

ABORTED_CLIENTS

ROCKSDB_BLOCK_CACHE_BYTES_READ 295700537
ROCKSDB_BLOCK_CACHE_BYTES_WRITE 709562185

ROCKSDB_BYTES_READ 5573794 Aggregated

ROCKSDB_BYTES_WRITTEN 5817440
ROCKSDB_FLUSH_WRLTE_BYIES 29068417

s Metrics

ROCKSDB_BLOCK_CACHE_DATA_HIT 64184
ROCKSDB BLOCK CACHE DATA MISS 1001083
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ACTION META-DATA

Configuration Knobs

— Untunable flags
— Value ranges

Dependencies
— No hidden dependencies
— Dynamic actions (i.e., an action creates new actions).

18
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UNTUNABLE KNOBS

Anything that requires a human value judgement
should be marked as off-limits to autonomous

Components.

— File Paths

— Network Addresses

— Durability / Isolation Levels

19
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KNOB HINTS

The autonomous components need hints about

how to change a knob.

— Min/max ranges.

— Separate knobs to enable/disable a feature.
— Non-uniform deltas.

20
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KNOB HINTS

The autonomous components need hints about

how to change a knob.
— Min/max ranges.

— Separate knobs to enable/disable a feature.
— Non-uniform deltas.

1 KB 1 MB 1 GB 1TB
: : : —

+10 KB +10 MB +10 GB
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ACTION ENGINEERING

No Downtime
Notifications
Replicated Training

21
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NO DOWNTIME

The DBMS must be able to deploy any action

without incurring downtime.
— Restart vs. Unavailability

Without this, the system has to include the

downtime in its cost model estimations.
— Bad Example: MySQL Log File Size
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NOTIFICATIONS

Provide a notification to indicate when an action

starts and when it completes.

— Need to know whether degradation is due to deployment
or bad decision.

Harder for changes that can be used before the
action completes.

23
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REPLICATED TRAINING

ML models need lots of training data. But getting

this data is expensive in a DBMS.
— We don't want to slow down a production DBMS.
— Building a simulator for the DBMS is too hard.

Ongoing Research: How to use the DBMS's
replicas to explore configurations and train its
models.
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25

REPLICATED TRAINING

‘h £4% Actions
U Replica

Master

Self-Driving
Manager

((

. £4% Actions
u Replica
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25

REPLICATED TRAINING

£4% Actions ‘ £4% Actions
Self-Driving
Manager

<‘

Master Replica

%% Actions

—
uReplica

%% Actions
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25

REPLICATED TRAINING
?7? E Wait Time

o o o @ RevertActions

£4% Actions
<‘

Self-Driving
Manager

%% Actions

P
uReplica
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25

REPLICATED TRAINING

|Z| Writes

Master i
PR ‘ Replica
|~-_’I\"’/1‘il‘es_> Self-Driving
U Manager
ZZam N
App Server

|Z| Writes

Replica
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25

REPLICATED TRAINING
299 (% SQL Statements ‘

©o o o . Physical Log
6 Reads URepllca
0 |2IW1’1R’S @ Self-Driving
Manager
ZZam u
App Server -

|:| SQL Statements
??? u Replica

Physwal Log

Master
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25

REPLICATED TRyYH ING

‘ @ Component Models
U Replica

6 Reads ‘
n (4 Writes @ Self-Driving
—
Manager
73

(% SQL Statements
Physical Log

Master

App Server
[ SOL Statements ~ @ Component Models
Physical Log ~ Re P lica

Y&l

® o ©o
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25

REPLICATED TRAINING

63 Reads [#]SQL Statements i
‘ @ Component Models
&3 Reads

Physical Log
U Replica
@ W/rttes

@ Self-Driving
Manager
K U

App Server

Master

EI SQL Statements @ Component Models

. Physical Log Re P lica

63O Reads

G'._? CARNEGIE MELLON
DATABASE GROUP


http://db.cs.cmu.edu/
http://15721.courses.cs.cmu.edu/

CMU 15-721 (Spring 2019)

(o

App Server
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REPLICATED TRAINING

£4% Actions ‘
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@ Component Models

Replica
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Manager
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REPLICATED TRAINING

£4% Actions ‘ @ Component Models

Replica
Self-Driving

Manager

App Server

Ya&rdls
vee ‘Replica
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ORACLE SELF

World'’s First
“Self-Driving”
Database

Oracle
Autonomous

Database

No Human Labor - Half the Cost
No Human Error - 100x More Reliable

ORACLE

oracle.com/selfdrivingdb

Human labor refurs to tuning, petching, updsting, snd meistanance of database
Copyrigh 017, Oracle andlor its affiliates, All rights reserved.
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RIVING DBMS

Self-Driving Database Management Systems

Andrew Pavlﬂ Gustavn Angulo, Joy Arulraj,

Haibin Lin, Jiexi Lin, Lin Ma, Prashanth Menon

IE Matthew Perron, lan Quah, Siddharth Santurkar, Anthony Tomasic
Skye Tom ana Van Aken, Zigi Wang, Y':ngjun Wu*, Ran Xian, Tieying Zhang
Carnegia Mellon University, *National University of Singapore

ABSTRACT

In the last iwo
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OBSERVATION

There are many places in the DBMS that use
human-engineered components to make decisions

about the behavior of the system.
— Optimizer Cost Models

— Compression Algorithms

— Data Structures

— Scheduling Policies

What if the DBMS could "learn” these policies
based on the data.
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LEARNED COMPONENTS

Replace DBMS components with ML models
trained at runtime.
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PARTING THOUGHTS

True autonomous DBMSs are achievable in the
next decade.

You should think about how each new feature can
be controlled by a machine.
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NEXT CLASS

SAP HANA Guest Lecture
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