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» Development History of StarRocks S siarRocks

1.x 2.X 3.x
Extremely Fast Query Fusion and Unity LakeHouse

[ CBO ] [ Vectorized Engine ] [ Pipeline Engine J [ Multi Table MV ] | Shared Data J L Data Lake Write J
[ Runtime Filter J [ Open Source J [ Query Cache J [ Global Dict ] | Semi Structured J [ Spill To Disk ]
[ Datalake Analytic J [ Unified Catalog ] | MYV For Lake } L Flat Json ]
[ Resource Isolation J [ Primary Key Model ] [ Full Text Search } L Vector Search ]

From 2020 To 2025



> StarRocks Architecture S8 starkocks

HTTP Mysql Tools Arrow Flight

FE

In-Memory Metadata In-Memory Metadata

Query Optimizer
Query Scheduler

In-Memory Metadata
Query Optimizer

Java Query Optimizer

Query Scheduler Query Scheduler

CN

Query Executor Query Executor
Data Cache Data Cache

Query Executor
Data Cache

C++

StarRocks Native & Iceberg & Hudi & Delta

S3/HDFS



StarRocks Optimizer Overview 1 S starRocks

Cascades Search Framwork

Property Enforcement

Plan Memo <:> Task Scheduler < !

Sort
Rewrite -
Init A Distribution
Extract - Rules
xtrac o .
Cost Estimation
Best Flan - Transformation
Rewrit Cost Model
CWrite
Implementation
Final Plan Statistics

Based on the Cascades and Columbia Papers



» StarRocks Optimizer Overview 2

SubQugery Rewrite
CTE Inline Rewrite
Predicate Push Down
Constant Propagation

Top Down
Memo-based Search

Partition Bucket Pruning
. J

Y

Logical Rewrite Cost Optimization

f—%

Tree-to-Tree

Transformations Join Reorder

Join Distributed Strategy
Agg Distributed Strategy
MYV Rewrite

e StarRocks

Global Dict Rewrite

Common Expression Reuse

Two Phase Sort Split

. Y J Apply Tuning Guide

Feedback Tuning

Physical Rewrite

(Optional)

A

f \

Tree-to-Tree

. Join Reorder
Transformations

Join Distributed Strategy
Agg Distributed Strategy



» StarRocks Optimizer Introduction S starRocks

StarRocks Optimizer
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Y

Multi Left Join Colocate

Global Dict Optimization

Partitioned MV Union Rewrite




e StarRocks

StarRocks Colocate Join
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Enforce For Shuftle and Colocate S starRocks

SELECT * FROM T1 INNERJOINT2ONa=b

Shuffle Join Enforce Colocate Join Enforce

{ Any, Any } { Any, Any }

— — =

{Hash(Tl a), Any} {Hash(TZ b), Any} {Hash(Tl.a), Any} {Hash(T2.b), An {Hash(Tl a), Any} {Hash(TZ b), Any} {Hash(Tl a), Any} {Hash(TZ b), Any}
! A A |

|
T1.a Colocate With T2.b

Bucket(T1.a) Bucket(T2.b)

T1 and T2 are normal tables

Scan satisfy the required property



Multi Inner Join Colocate S starRocks

SELECT * FROM T1 JOIN T2 ON tl.cl = t2.c1 Join T3 On T2.c1 =T3.cl

Multi Inner Join Colocate Enforce

R12 <1 T379 -1—7T3.-1 —_— R12 D1 1T'372.c1=73.c1

Hash(T2 cl), Any } { Hash(T3.cl), Any { Hash(T2.c1), Any } { Hash(T3.cl), Any }
w ﬁ ? |
l l
[ I
| |
Bucket(T2.cl) Bucket(T3.cl)

T1.c1, T2.c1, T3.cl are Colocated

Inner Join won't procude NULL
So Multi Inner Join Colocate is same as One Inner Join



Left Outer Join will Produce NULL

SELECT * FROM T1 Left JOIN T2 ON T1.c1 =T2.c1 Left Join T3 On T2.c1 =T3.cl

T1
Cl1 C2
1 a
2 b

The right table of lett outer Join will produce NULL

T2
Cl1 C2
1 a
3 b

T1 Left Join T2

T3
C1 C2
1 a
3 b

T1.C1 T2.C1
1 1
2 NULL

e StarRocks



Left Outer Join will Produce NULL S siarRocks

SELECT * FROM T1 Left JOIN T2 ON T1.c1 =T2.c1 Left Join T3 On T2.c1 =T3.cl

R12X1'3713.c1=T3.c1

{ Hash(T2.cl) } { Hash(T3.c1) }

A A
Not Satisty Satisty

{ Hash(T2.c1 + NULL) } { Hash(T3.c1) }
T]-NTZTI.C]-:TZ.CI

The NULL generated by left join makes property enforce unable to satisty




> The Result of Colocate NULL and Shuffle NULL are the same »', StarRocks

SELECT * FROM T1 Left JOIN T2 ON T1.c1 =T2.cl Left Join T3 On T2.c1 =T3.cl

T1 T2 T3
C1 C2 C1 C2 C1 C2 The NULL of T2.C1
1 a 1 a 1 a
2 b 3 b 3 b
Colocate
The Result Of T3.C1

T1 Left JOIN T2 ON T1.c1 =T2.cl
Left Join T3 On T2.c1 =T3.cl

Left Join Left Join
| Y
1 a 1 a 1 a
2 b NULL NULL NULL NULL

The NULL distribution of T2 does not affect the final result
So T2 and T3 still could do Colocate Join
We could add Null strict and Null relax mode to Distribution Property



Add Null strict and Null relax mode in DistributionProperty »'} StarRocks

Distribution Property

Column Id NULL Mode

Standard Equal Join NULL Safe Equal Join

NULL Strict




Add Null strict and Null relax mode in DistributionProperty b' StarRocks

SELECT * FROM T1 Left JOIN T2 ON T1.c1 =T2.cl1 Left Join T3 On T2.c1 =T3.cl

Multi Left Join Colocate Enforce

R122XT'379 .1—73.01 —_— R12MXM1T'372.c1=T3.c1

Hash(TZ c1, Null Ralex} {Hash(T3 c1, Null Relax):} {Hash(TZ c1, Null Relax)-\} {Hash(T3 c1, Null Relax)}

Satisfy T T Satisfy
Hash(T2.c1, Null Relax) { , }
Hash(T3.c1, Null Strict)

Hash(T1.c1, Null Strict)

T1.c1, T2.c1, T3.cl are Colocated

For the dirstribution column,
when Null relax mode, could ignore NULL value when enforce



» StarRocks Optimizer Introduction S starRocks
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Dict Optimization (Operations on Encoded Data)

String Column With Dict Encode

Dictionary
Value Id
Android 0
los 1

Encoded Values

Platform

Local Dict in Storage Engine

e StarRocks

Select * From Table Where Platform = 'los'

Filter

Platform

Int Compare is Very Faster Than String



StarRocks Low Cardinality Global Dict Optimization

Select Sum(PV) From Table Group By City, Platform

* Scan
e Filter
* Agg
* Sort
* Join

 String Functions

Aggregate Hash Table Aggregate Hash Table With Encoded
Key(Binary) Sum Key(Int) Sum
AndroidBeijing 40000 11 40000

String Encode To Int
AndroidShanghai 30000 et 12 30000
Faster Scan
IosBeijing 20000 Faster Hash 21 20000
Faster Equal
Faster Memcpy
IosShanghai 10000 22 10000
N /
N\ . .
N Platform City /
"o Global Dictionary Global Dictionary /'
Value Id Value Id
Android 1 Beijing 1
Ios 2 Shanghai 2

3X Performance Improvement For Aggregate

0 StarRocks



Low Cardinality Global Dict Rewrite Overview S starRocks

SQL Column Statistic Cache In FE Memory
Query Optimizer
Column A Statistic
Best Physical Plan CaCr:llie:zl:l , _ ~ “1 Column B Statistic
(String Column) _ y/ =
P
-~
: : ~
Physical Rewriter £
S Glocal Dict Cache In FE Memory
-~ ~
~ ~ .
Best Physical Plan GlSll)l:lc]k) . ~ - Column A Global Dict
(Int Column) SN

Column B Global Dict

Query Executor



Low Cardinality Global Dict Rewrite S siarRocks

Agg

Int
I Varchar -
* Tree Based Rewrite Varchar T Int
» Add Decode Node e o B .
» Attach Global Dict to Exchange - Sean —
Sean
 String and Array String Type Int

Scan



StarRocks MV
* Async and Sync

* Single Table and Mult1 Tables

* Auto Rewrite: No need to change the query

 Partition Refresh
Base Table

MV TTL
Year City Cost(sum)
2016 be1jing 10
2016 shanghai 30
2017 be1jing 20
2017 shnaghai 40

Materialized

Materialized

MYV (Year, Cost)
Year Cost(sum)
2016 40
2017 60

MYV (City, Cost)
City Cost(sum)

beijing 30

shanghai

70

&%
.' StarRocks

select sum(cost) from table
where year = 2016

-
Auto Rewrite

select sum(cost) from table
where city = shanghai

-

Auto Rewrite



> StarRocks MV Auto Rewrite S siarRocks

: Left Join
* Agg Rewrite
e Join Rewrite Filter
Scan Scan . ¢ _cutkey is not null
e Union Rewrite lineitem customer MV Rewrite
—
» Nested MV Rewrite Query

Inner Join

e Text-Based Rewrite

e View-Based Rewrite

Scan Scan
lineitem customer




» Why Need Auto MV Union Rewrite S siarRocks

MYV For Datal.ake MYV For RealTime

2025-03-10 2025-03-10
MY 2025-03 AN 5:00~09:00 09:00~10:00

A

Base 2025-03-10 2025-03-10 2025-03-10
Table BUEHIZIPHIL 09:00~10:00 10:00~11:00

Data Lake StarRocks Table Format

MYV speed up the recent data of Data Lake MYV speed up the historical data

Base
Table

We need to union the MV and Historical Table Data We need to union the MV and RealTime Table Data



MV

Inner Join

Scan
customer

Scan

lineitem

Filter
c_custkey > 20

Query

Inner Join

Scan
customer

Scan

lineitem

Filter
¢_custkey > 10

MYV Rewrite
—

» MYV Union Rewrite 1: MV is up-to-date

Scan
lineitem

Predicate Classification

Predicate Compensation
SPJG Rewrite

|

Inner Join

«Optimizing Queries Using Materialized Views:

A Practical, Scalable Solution»

e StarRocks

Scan
customer

¢_custkey > 10
¢_custkey <= 20



» MV Union Rewrite 2: Partial Partitions Refreshed S siarRocks

MV:

Partition Level Union
select count(*) from t group by a

Query:

select count(*) from t group by a
Scan
.o —_— Base Table
MYV and Base Table have four partitions: $
MV P1 Agg P2 Agg
Refreshed Refreshed

_
To Refresh To Refresh




MYV Union Rewrite 3: Partitioned MV With Predicate »'} StarRocks

Vv L select * from "MV" select * from t where a > 10 and a <= 20
i select * from t \i => union all
' where 2> 10 and 2 <=20 | select * from t where a > 20 and (select * from t where a > 20 and
Query: anionall T | dt="20250202" dt="20250202"
select * from "MV" union all union all
select * from MV select * from mv)

MYV and Base Table have two partitions:

Dt=20250202 St.eplz Following Step2.: .COmpen.satlng Step3: Get the final result
Microsoft's Paper Partition Predicates

Refreshed To Refresh Assuming All MV Partitions Consider MV Partitions Merge the result from step1
are refreshed refresh status and step2




StarRocks Query Optimizer
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» Challenges Of CBO 4 starkocks

CBO Challenges StarRocks Solutions




StarRocks Statistics Overview S siarRocks

* Count Auto Analyze Manual Analyze Optimizer
Max, Min : |

Schedule | :

. BT B Get Statistic
*Null Fraction i
*Distinct Count Analyze Job
(Full / Sample)
*Avg Row Size
Upsert
. Async Load
*Histogram '
. M CV Statistic Storage

‘Bucket Statistics



Optimizes Performance and Accuracy of Statistics Collection »'} StarRocks

MetaScan
(Count, Min, Max)

Improve Accuracy Reduce Execution Cost

Reduce Row Number Reduce Column Number

Statistic

Table Sample Predicate Columns

Collection

Improve Accuracy

Improve Isolation

Multi-Warehouse



» StarRocks Table Sample 1 4 starkocks

StarRocks Distributed Table Sampler

Range

Expr

Block

1024
Rows

Segment

g Block

Partition

Block



StarRocks Table Sample 2 S8 starkock

ZoneMap-based Page Sampler

A A A

Distribution1 £ N\ 7 N 7 N

1 10 10 20 20 30

High Clustering Histogram-based Uniform Sampling
A

(f ~\ L

Distribution 2 r N\ A
r N\
1 10 15 20 25 35
A

‘4 _ A :

Distribution 3 p A |

Low Clustering Bernoulli Sampling

-

A\
A
W

30

Distribution 4

-~ )0



StarRocks Predicate Columns $4 starrocks

Optimizer

Record Predicate Columns

e Where Filter Columns Manual Analyze
¢ Gr OI/lp By COl umns Use Predicate Columns SR Executor
Manager
Feedback
e Distinct Columns Auto Analyze

Persist Predicate Columns

e Join On Columns

Statistic Storage

Column Statistics need to be collected Only for Predicate (Dimension) columns



» StarRocks Optimizer Introduction S starRocks
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» Query Feedback: Overview S starkocks

Slow Query
SQL Tunning Advistor

—————————— b=
Query Optimizer e
Optimize With Guide | | Stm2

Detected Bad Plan

Execution Statistics
Query Executor

The result of Query Feedback is the tuning guide



Query Feedback: Use Case & What’s the Tuning Guide S starRocks

» Join tuning guide
» Optimize the left and right order of Join
» Optimize the distributed execution mode of Join (eg: broadcast -> shuffle)
* Agg tuning guide
» For cases where first-phase aggregation works well, disable streaming aggregation

and aggregate more data in first phase.



» Query Feedback: Use Case

Rows: 1,114

HASH_JOIN

plan_node_id=5 88.96
1s403ms458us o

Rows: 1,114

PROJECT (PROBE)

plan_node_id=1 Qo
9.154s

Rows: 1,114
OLAP_SCAN
plan_node_id=0 1.59¢,
25msl14pus |

Rows: 50,000,000

EXCHANGE (BUILD)

plan_node_id=4 6.84;
107ms964pus 1

Rows: 50,000,000

PROJECT

plan_node_id=3 0.05¢,
842.613us

Rows: 50,000,000

OLAP_SCAN

plan_node_id=2 2.44.,
38ms527us |

Optimize the left and right order of Join nodes

Rows: 1,114
HASH_JOIN
plan_node_id=5
Tms940us
Rows: 1,119
PROJECT (PROBE)
plan_node_id=1 0.03%
8.547us
Rows: 1,119
OLAP_SCAN
plan_node_id=0 6.57%
2ms74ps i

6.15°/o

Rows: 1,114

EXCHANGE (BUILD)

plan_node_id=4 4.82¢,
Tms521us [

Rows: 1,114
PROJECT
plan_node_id=3 0.03+
7.988us

Rows: 1,114

OLAP_SCAN

plan_node_id=2 77.29¢,
24ms390us [

&%
.' StarRocks



uery Feedback: Use Case

Rows: 11,998

HASH_JOIN

plan_node_id=6 70.13%
158597ms174ps [

Rows: 11,998

EXCHANGE (PROBE)

plan_node_id=2 0.01%
Tms360us

Rows: 11,998

PROJECT

plan_node_id=1 (01
27.048us

Rows: 11,998

OLAP_SCAN

plan_node_id=0 0.44-,
98ms562us |

Optimize the distributed execution mode of Join nodes: Shuffle -> Broadcast

Rows: 2,000,000,000

EXCHANGE (BUILD)
plan_node_id=5 27.55¢,

6s126ms562us [

Rows: 2,000,000,000

PROJECT

plan_node_id=4 0.09¢,
19ms198us |

Rows: 2,000,000,000

OLAP_SCAN

plan_node_id=3 1.79¢%
397ms655us |

HASH_JOIN
plan_node_id=5
Tms767us
Rows: 40,959
PROJECT (PROBE)
plan_node_id=1 0.03¢

21.427us

Rows: 40,959

Rows: 11,998

2.19%

Rows: 11,998

EXCHANGE (BUILD)

plan_node_id=4 2.86%
2ms310ps |

Rows: 11,998
PROJECT
plan_node_id=3 0.02¢
14.459us

Rows: 11,998
OLAP_SCAN
plan_node_id=2 42.30
34ms222us ]

&%
.' StarRocks



» StarRocks Optimizer Introduction S starRocks
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Adaptive Streaming Aggregate 1 S siarRocks

Select Count(*) From Table Group By Id ,r o

Result Sender

Result Sender

Result Sender

Final Agg

I

Data Receiver

Distributed Two-Phase Aggregation

Data Receiver Data Receiver

I I
I I
I I
| |
I I
I I
I I
I I
I I
I . . I
| Final Agg Final Agg |
I I
I I
I I
I I
I I
I I
I I
I I
I I

Data Sender

Local Agg has aggregation effect:
It can reduce the amount of shuffle

I
|
|
I
l
I
I
I
I
data | Local Agg
I
I
I
I
I
I
I
I
I




Adaptive Streaming Aggregate 2 S siarRocks

_______

Select Count(*) From Table Group By Id ,r |

Result Sender

Result Sender

Result Sender

Distributed One-Phase Aggregation

Final Agg

T

Data Receiver

Data Receiver Data Receiver

|
|
i |
|
| I
I I
| |
I I
I
' |
L I
Final Agg i | Final Agg
I
I
' |
| I
| I
| |
| |
| I
| |

| |
| |
Local Agg has no aggregation effect: Data Sender i Data Sender | Data Sender
I
' |
| ! :
I
e Reduces CPU and Memory resources Scan | Scan | Scan
| |
| |

 Reduces the build of useless HashTable ! i



Adaptive Streaming Aggregate 3 S siarRocks

Data Sender

* Prefer two-phase aggregation
* Runtime adaptive
* Good aggregation effect: use hash table Directly Shuffle

* Bad aggregation effect: directly shuftle data

Agg By
HashTable

Do not rely on error-prone cardinality estimates
Rely on real runtime statistics

Scan



Adaptive Runtime Filters Selection 1 S starRocks

¢ SuppOI't J Oin, TOpN, Agg Runtime Fllter Select * From Fact Join Dim
On Fact.Dimld = Dim.Id
. . Where Dim.Price > 100
* Support Local And Global Runtime Filter
o Shllfﬂe Aware Join Join
Dimld =1d Dimld =1d
* Push down Max/Min, In Filter To Storage Engine AN
/ 71\
. . 1B Rows /’// \ 1K Rows | > "RV B P yd - % \\“
* Support Runtime Filter Cache 'B Rows | IM Rows % IK Rows
/}/ yd L P / % \\\
/ / 1 \\
e Push Runtime Filter To Two Sides ﬁ
[
Dim Scan . . I Dim Scan
 SIMD Bloom Filter , .
Price > 100 Price > 100

Fact Scan

» Adaptive Join Runtime Filters Selection

Reduce Disk 10, Reduce Network Transport, Reduce Join Probe Rows

10 x ~ 100x Performance Improvement For Complex Join Query



Adaptive Runtime Filters Selection 2 S starRocks

double selectivity = true_count *x 1.0 / chunk_size;
if (selectivity <= 0.5) { // useful filter .
if (selectivity < 0.05) { // very useful filter, could early return
~selectivity.clear();
_selectivity.emplace(selectivity, rf_desc);
chunk->filter(new_selection);
return;

Issues:

 Some filters are ineffective

o Filters with low selectivity are applied last

// Only choose three most selective runtime filters
if (_selectivity.size() < 3) {

Filter compute has cost, _selectivity.emplace(selectivity, rf_desc);

: } else {
we should use most selective filters .

Do not rely on error-prone selective estimates
Rely on real runtime statistics



» StarRocks Optimizer Introduction S starRocks
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The Goal of SQL Plan Management O3 starkocks

*Ensure no performance regression after upgrading

-1t 1s difficult to ensure that the changes to the optimizer are 100% positive optimization.

*Ensure that the query plan for online business remains unchanged

Plan changes may lead to big queries, which 1n turn may cause production accidents



SQL Plan Management 1: How to Generate Baseline Plan

select *

from t0, t1, t2
where t0.v]l =tl.vl
and t0.vl =t2.vl
and t0.v2 > 200

Bind SQL

select *

from t0, t1, t2
where t0.vl =tl.vl
and t0.vl =t2.vl

and t0.v2 >spm_const var(0)

Parameterize

select *
from t0 join [SHUFFLE]| t2 on t0.vl =t2.vl
join [BUCKET] tl on t0.vl =tl.vl

where t0.v2 > spm_ const var(0)

Plan Storage

Physical Plan

Bucket Shuffle Join
/ \
Shuffle Join  tl
[\
t0 12

e StarRocks



SQL Plan Management 2: How to Use Baseline Plan S starRocks

select * select *

from t0, t1, t2 from t0, t1, t2

where t0.v1 = tl.vl where t0.v1 =tl.vl

and t0.vl =t2.vl and t0.vl =t2.v]

and t0.v2 > 1000 and t0.v2 >spm_const_var(0)

Parameterize

User Query

Find Baseline SQL

Removing Parameters

select *

from t0 join [SHUFFLE] t2 on t0.vl =t2.vl
join [BUCKET] tl on t0.vl =tl.vl

where t0.v2 > 1000

select *
from t0 join [SHUFFLE] t2 on t0.vl =t2.vl
join [BUCKET] tl on t0.vl =tl.vl

where t0.v2 > spm const var(0)

Normal Query Flow




Lessons From StarRocks Query Optimizer 0.3 starkocks

» Errors in optimizer cost estimation are unavoidable, and the executor needs to be able
to make autonomous decisions and provide timely feedback.

o In engineering, the optimizer testing system is as important as the optimizer itself. The
optimizer requires correctness testing, performance testing, plan quality testing, etc.

* Null and Nullable is Interesting and Annoying

» For Performance, we need to special handle Null and nullable

- For Correctness, we need to take care of Null and nullable in Optimizer and Executor

o Integrated optimizer could be more powerful than Standalone optimizer



Thanks

kangkaisen.com
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