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SELECT customer,

amount
FROM sales
JOIN customer

USING
WHERE

(cust 1d)
date=2008;

{ Table Scan }

SLICE 2

SEGMENT 2

GREENPLUM
DATABASE’

SEGMENT 1

Gather
Motion

Redistribute

Redistribute
Motion

Motion

I

|

I

I

I
==
Table Scan I
|

|

I

SLICE 1

{ Table Scan }

I

I

I

I

I

I Table Scan
==
I

I

SLICE 1 SLICE 2




Greenplum Z3&174% ©) sesnrem

«Th oY csv
@hadaap % Parquet O{Json} Google @Aliyun

PostgreSQL Cloud Storage Alibaba Cloud Computing

IAN PiyQtal
gt Mysal  —— Gidenplum amazon |S3 & wwio
o
‘ O rC <xm| l> MicrOS?’ftA AZ’U‘re i Azure Data Lake

HERSEMR, ORACLE



Greenplum B & =ERE © sk

Public Cloud Hybrid Cloud

L]
Cloud Service Providers: I |VOta I
Private Cloud

Amazon Web Services
On-Premise

Google Cloud Platform G ree n I u m ®
Microsoft Azure p

Run Greenplum in Any Environment

. .- . i . . Greenplum for . *  Greenplum Building .
- Bare-Metal . - Private Cloud .- PublicCloud .- p .t P £ .
. .- . . Kubernetes L Blocks :
. < *l o NN . « . ® The most performant way to run «
: : efamazon . Pi * «  Greenplum on premise .
. . . .. < . . ivotal . p p
. . ojvmware | . webservices  ° . Container Service . * :
. . e vSphere .. . . e | int f | N
. . . . *  Enterprise & Essentials(OSS K8s) , * Pivotal Blueprint for Del °
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Version 6

Massively Parallel Postgres tor
Analytics

Experience Greenplum Database, an open-source massively parallel data
platform for'analytics, machine learning and-Al
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v8.4 - 2314 commits
v9.0 - 1859 commits
v9.1 - 2035 commits
v9.2 - 1945 commits
v9.3 - 1603 commits
v9.4 - 1964 commits

&.3£11720 commits

PostgreSQL
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. @it ft (ZtmLock)

. MIBTEEESIUE (ARG DR N —PrER)

. FHNEZ kBt b (Ahfast path lock, Iwlock, cache &% M:)
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= 3 % OLTPH:E
Update TPS 24448
Insert TPS 46570
Select TPS 140000
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Greenplum Segment Host Memory »
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Segment 4

CREATE RESOURCE GROUP rg_sample
WITH ( CONCURRENCY = 8,
CPU_LIMIT = 30,
MEMORY_LIMIT = 60,
MEMORY_SHARED_QUOTA =50 )

rg_sample
Shared
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Transaction Slot #8
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Callid 1 Callid 2
Callid 4 Callid 5
Callid 7 Callid 8
Callid 10 Call id 11
Call id 1 Callid 2
Callid 4 Callid 5
Callid 7 Callid 8

Callid 3
Callid 6
Callid 9
Call id 12

Callid 3
Callid 6
Callid 9
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i”% /[\ ;'{J:;J: Day \ Item_name
Month Time_key TB;znd
Quarter €
o (HUEHEERIER R MBS S E Sy —
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Dollars_sold I:ocatiqn
Dimension
o T [FIN 3 FF PRIMARY KEY #1 _Branch Units_sold Table
imension
UNIQUE Q/JEE ’fEI /\ﬁi'% g/j/\/\ Table " Location_key
ﬁ %ﬁ Branch_key i:;et
Branch_name State
Branch_type

Country
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explain select count(*) from table fact f inner join table non replicated d on f.a = d.a;
QUERY PLAN
Aggregate (cost=0.00..874.31 rows=1 width=8)
-> Gather Motion 2:1 (slice3; segments: 2) (cost=0.00..874.31 rows=1 width=8)
-> Aggregate (cost=0.00..874.31 rows=1 width=8)
-> Hash Join (cost=0.00..874.31 rows=50000 width=1)
Hash Cond: (table fact.a = table non replicated.a)
-> Redistribute Motion 2:2 (slicel; segments: 2) (cost=0.00..433.15 rows=50000 width=4)
Hash Key: table fact.a
-> Seqg Scan on table fact (cost=0.00..432.15 rows=50000 width=4)
-> Hash (cost=431.22..431.22 rows=5000 width=4)
-> Redistribute Motion 2:2 (slice2; segments: 2) (cost=0.00..431.22 rows=5000 width=4)
Hash Key: table non replicated.a
-> Seq Scan on table non replicated (cost=0.00..431.12 rows=5000 width=4)
Optimizer: PQO version 3.29.0

explain select count(*) from table fact f inner join table replicated d on f.a = d.a;
QUERY PLAN
Aggregate (cost=0.00..874.73 rows=1 width=8)
-> Gather Motion 2:1 (slicel; segments: 2) (cost=0.00..874.73 rows=1 width=8)
-> Aggregate (cost=0.00..874.73 rows=1 width=8)
-> Hash Join (cost=0.00..874.73 rows=50000 width=1)
Hash Cond: (table fact.a = table replicated.a)
-> Seq Scan on table fact (cost=0.00..432.15 rows=50000 width=4)
-> Hash (cost=431.23..431.23 rows=10000 width=4)
-> Seq Scan on table replicated (cost=0.00..431.23 rows=10000 width=4)
Optimizer: PQO version 3.29.0

1 slice vs 3 slices

ANHEEYHEEN A
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o JE T Facebook, Greenplum 6.0 oA Compressor name Ratio Compression Decompress.
o . zstd 1.3.4 -1 2.877 470MB/s 1380 MB/s
o LAY T A RN i s BE
s g A zlib 1.2.11 -1 2.743 110MB/s 400 MB/s
o W RHILHAZR, T9E7if22lH
brotli 1.0.2 -0 2701 410 MB/s 430 MB/s

o GRS rILlmdan MRWUTE
quicklz 1.5.0 -1 2.238 550MB/s 710 MB/s

1z01x 2.09 -1 2.108 650 MB/s 830 MB/s
WITH (compresstype=zstd)

124 1.8.1 2.101 750 MB/s 3700 MB/s

snappy 1.1.4 2.091 530 MB/s 1800 MB/s

|zf 3.6 -1 2.077 400 MB/s 860 MB/s
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SELECT name, address FROM people;
SELECT ssn FROM people;

SELECT * from people;

CREATE TABLE
INSERT O 1
INSERT O 1
INSERT O 1
GRANT

123-45-6789

123-45-6790
123-45-6791
(3 rows)

[gpadmin@mdw

John Doe
Jane Doe
Jill Doe

~15 1

[gpadmin@mdw ~]$ psql -f col perms2.sql -U analystl testdb

address
__________ R
John Doe main street
Jane Doe fare street
Jill Doe hill street
(3 rows)

psql:col perms2.sql:2: ERROR:
psql:col perms2.sql:3: ERROR:

Pivotal

main street
fare street
hill street

permission denied for relation people
permission denied for relation people

GREENPLUM
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Differences between good and mediocre optimizers

produce large performance differences as data size
increases| 1]

[1] Z. Gu, M. A. Soliman, and F. M. Waas. Testing the Accuracy of Query Optimizers. In DBTest, 2012.

2011: H £ A EHIL{bgs GPORCA LI 45
2015: GPORCA &Emftib#s kAT
2019: 6.0 /& Afi, GPORCA &% 471, 211000 MUALHRAS
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create unlogged table

Ja— . . . table unlogged
« Unlogged &5 G WAL H B LUK+ N1 H 52| Mirror 19 5 (a int , b text)

E@ﬁﬁ distributed randomly;

« Unlogged 3281 8 R

o BIRSF LRI, FFH A Checksumfry, (B EAEE
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Katka Connector GREENPLUM

Greenplum Kafka
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o ImElim ANEAE, miE, ", (KIER

 Confluenti\ ik

o FEIEIEE S (Avro, Json, Text, Binary &z H & X AY)

« XFPIFTEGE Transform
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Kaftka Connector

Greenplum

manage batches

gpss

Master
Segment 1
Segment 2
Segment 3
Segment M
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gpfdist protocol
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Active interface

gpfdist
protocol

gp-stream-server
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Pivotal Greenplum Command Center

XRfER GPCC 6.0 BN
it AR 5523 gpec600
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Query Text

select s_name, count(*) as numwait from supplier, lineitem I1,
orders, nation where s_suppkey = 1.l_suppkey and
o_orderkey =11.|_orderkey and o_orderstatus ='F" and
11.l_receiptdate > |1.|_commitdate and exists( select * from

lineitem |2 where |2.|_orderkey=11.1_orderkey and
12.1_suppkey <> |1.|_suppkey ) and not exists( select * from

lineitem I3 where |3.I_orderkey=11.1_orderkey and
13.1_suppkey <> |1.|_suppkey and I3.l_receiptdate >
13._commitdate ) and s_nationkey = n_nationkey group by
s_name order by numwait desc, s_name;

Plan & Progress

Textual Explain

Gather Motion
31 0%
Hash Join
0%
I —
—
Hash Aggregate Hash
0% 0%
Table scan Group Aggregate
ont 0% 0%
Sort
10%

Redistribute
Motion 3:1

100%

Hash Aggregate

100%

tablescanont

100%
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test=# WITH RECURSIVE t(n) AS (VALUES (1) UNION ALL SELECT n+1 FROM t WHERE n < 100)
test-# SELECT sum(n) FROM t;

test-# SELECT * FROM t;
productname | price
_____________ fmmmmmmmem
galaxy | 1080.45
mi | 992.25
iphone | 1102.5

(3 rows)

FIFHEACTESZ L B 4% kb FR 2 4

test=# WITH t AS (UPDATE products SET price = price * 1.05 RETURNING *)
test-# SELECT * FROM t;
productname | price

_____________ fmmmmmmmmmmm
iphone | 1157.625
galaxy | 1134.4725
mi | 1041.8625

(3 rows)
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anobject: {

C PG SRR R
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s

awesome: true,

bogus: false,

- N HEREITE e merl
japanese: EE}E* HdD. ",
link: http //json riew com

- JSON, XML, KeyValue B LR = ,  motLink: REtp://Jsonview.con is grest”
. AR A TR
» WATELE BRI ER &

XML

k =v
foo => bar, baz => whatever
"l-a" => "anything at all"



Whether we’re analyzing social media, documents, call
recordings or other language, we need to know

But 80-90% of enterprise data is communications is in a
, like human-
readable formats, or binaries
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GPTEXT : Greenplum +
Apache Solr

FERAY SR 2 TR RAE V57

BT SURFESRFR TR MEAR T RY
NLP

B ceo FMIE8BK Introduces 2 New, Larger

iPhones;Smart Watch At Blipertine TR
Event /

Person Organisation Location

User

(D Create GPText Search Query

(3 Search Index Shards

(5 Aggregate and Return Results

GREENPLUM
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Greenplu
Master

m

(2 Dispatch Query to Segments l

I @ Return Results to Master
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Apache MADIib: Big Data Machine Learning in SQL

EE"" A RBR, TR
ZE NHIHLERF

ApacheliiZ PostgreSQL & NEHER R
H I H Greenplum N2
EliH5, T Giit 4y
@ MraE
I Ak https://github.com/apache/madlib
AN SCRY http://madlib.apache.org/

Wiki https://cwiki.apache.org/confluence/display/MADLIB/
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Supervised Learning
Neural Networks
Support Vector Machines (SVM)
Conditional Random Field (CRF)
Regression Models
Clustered Variance
Cox-Proportional Hazards Regression
Elastic Net Regularization
Generalized Linear Models
Linear Regression
Logistic Regression
Marginal Effects
Multinomial Regression
Naive Bayes
Ordinal Regression
- Robust Variance
Tree Methods
Decision Tree and Random Forest

Deep Learning

Keras Fit/Evaluate/Predict
Load Model Architectures
Preprocessor for Images
Parallel Image Loading

Data Types and Transformations
Array and Matrix Operations
Matrix Factorization
Low Rank
Singular Value Decomposition (SVD)

Norms and Distance Functions

Graph

All Pairs Shortest Path (APSP)
Breadth-First Search

Hyperlink-Induced Topic Search (HITS)
Average Path Length

Closeness Centrality

Graph Diameter

In-Out Degree

PageRank and Personalized PageRank
Single Source Shortest Path (SSSP)
Weakly Connected Components

Sparse Vectors

Encoding Categorical Variables
Path Functions

Pivot

Sessionize

Stemming

Statistics

Descriptive Statistics
Cardinality Estimators
Correlation and Covariance

Summary

Unsupervised Learning

Association Rules (Apriori)

Clustering (k-Means)

Principal Component Analysis (PCA)

Topic Modelling (Latent Dirichlet Allocation)

Nearest Neighbors
k-Nearest Neighbors

Time Series Analysis
ARIMA

Utility Functions
Columns to Vector
Conjugate Gradient
Linear Solvers
Dense Linear Systems
Sparse Linear Systems
Mini-Batching
PMML Export
Term Frequency for Text
Vector to Columns

Inferential Statistics - Hypothesis Tests
Probability Functions

Model Selection
Cross Validation
Prediction Metrics
Train-Test Split

Sampling
Balanced
Random

Stratified




3T Greenplum 3

d

Standby@
Master

Enlib

Segment
Host

Segment
Host

Keras Keras
L L T
TensorFlow TensorFlow TensorFlow

In-Database
Functions

Machine learning
&
statistics
&
math
&
graph
&
utilities
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madlib. linregr_train( 'houses',
'houses_linregr_bedroom',
‘price’,

'ARRAY [1, tax, bath, size]',
'bedroom’

TR T

houses_test.*,
madlib. linregr_predict( model.coef,
ARRAY [1, tax, bath,size]

) predicted_price
houses_test, houses_linregr_bedroom models
houses_test.bedroom mode L.bedroom;
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Social Network

* Grandjean, M. (2016)

Bank Risk
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* https://cambridge-intelligence.com

THE ),

Epidemiology

......

t5i

* http://www.netminer.com/community

1st Party Fraud
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* www.infoglide.com
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MMO Role-Playing Game

. early then disbandedactive bl 2nd update, then dsbanded

active between 15t snd 20d update

* www.researchgate.net

Gene

KEGG_LYSOSOME

nnnnn

REACTOME_RIP “  REACTOME_TRAF§

REACTOME TAK1
* www.researchgate.net

B HE/EGreenplumH 3CFf, ANFEEAIN G SE & 5 [ HE

Chemistry

Genomic Profiles: X Network: §

Genes/Loci

* hitps':/'/W\A'/\N'.nét&ré.co}ﬁ/éﬁibles/ R

SQL £ 1 B fE

Manufacturing

* https://blog.trifinance.com

Graph Algorithms and Measures

Types Question
1 “What are the sub-graphs,
M Group component, communities?”
2 “What is the character of the
—  Structure network structure?”
Graph-based |
Features )
3 Path “What is the shortest path
(distance) among vertices?”
4 . “What are the most important
—  Centrality vertices within a graph?”

GREENPLUM
DATABASE

F1/ MADIib #7F Greenplum #4T XA K&
o NEKEEIT (FLACTHHIILFNTI )

o FPEAFAETE Greenplum H ) FH 2K

Features

weakly-connected component

Density, Diameter,
Average path length,
Modularity

Single source shortest path,
All pairs shortest path,
Breadth-First Search

Degree (in/out, weight),
Closeness,

PageRank, Hub, Authority,
Betweenness,

Clustering coefficient
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Postgres 9.5 FF R 5ERK

5+ 0) 5 £ Greenplum 7.0 B
Upsert (Insert on Conflict)
1T g P
Block Range Indices
eI RE R ME R T
2% CPUN e e RiE e T
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Postgres 9.6 F-Z S A 5ERK DATABASE

2815 £ Greenplum 7.0
HATHATIR 4344, JoinFIR &

BE AT Vacuum B4 FE 18] A 4 BB 17 T

KR B HREIERE ) (LT HIA)

postgres fdw X fFfutftJoin, HEF, FATFIMIER

KIETETHERE, LHEIEZCPUHIRE RS 45 Lo0 R B 5
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Pivotal Greenplum Command Center F S S R SeSCTEnt Pivotal Greenplum Command Center FEEDBACK  DOCS
Dashboard
Report erate report
Dashboard
iy onktor Report  Generate report on database and role
Roles Database
Host Metrics — ry Monitor
ga Roles Database
Cluster Metrics The report is generated at 05:45 am on 2019-08-20. Host Metr
Your next report will be generated at 2
il Cluster Metric: From To
Most Skewed ot Hist 2019-07-14 11:09 2019-08-15  11:09 GENERATE
> avg di istory
o Relation Name cwed P size t
234 201 92 System —
waseaderd sediacte e tksied g Highest Storage Total Spill File
dmin . 1234568 2019.08-15 11:09:23
2019-08-15 11:09 Rank Name Storage Used Rank Name
P 1234568 2019.08-15 11:09:23 T r—
1234568 2019.08-15 11:09:23 gpadmir 1234568 1 padmir
123.45 6B 2019-08-15 11:09:23 Admin 123.45GB 2
1234568 2019.08-15 11:09:23 presey e .
1234568 2019-08-15 11:09:23 GP Broswer
ashley 4 shley
123.45G8 2019-08-15 11:09:23 1234568 4 ash
123.45 B 2019-08-15 11:09:23 bradleymk 123.45GB 5 bradleymk
1234568 2019.08-15 11:09:23 mike_carmen 1234568 6 mike_carmen
Need Vacuum use 1234568 7 data
Rank Relation Name Suspected B Last Vacuum Acce gp_timw 123.45 6B 8 gp_timw
High 2019.08-15 11:09:23 2019-08-15 11:09:23 admin_john 123.45GB 9 admin_john
High 2019.08-15 11:09:23 2019-08-15 11:09:23 S
10 team_data_( 123.45G8 10 team_data_088
Medium 2019.08-15 11:09:23 2019-08-15 11:09:23
Medium 2019.08-15 11:09:23 2019.08-15 11:09:23
Medium 2019.08-15 11:09:23 da06.15 11:09:23 Highest 1/0 CPU Time
Shed Rank Name 110 Rank Name
" 2019.08-15 11:09:23
: sl gpadmin 123.4568 1 gpadmin

2019-08-15 11:09:23

123.45G8

%15 11:09:23

3shley

le) 5 radleymk
Size Last Analyzed 2 bradieym
123.45G8 20190815 11 cd 6 mike_carmen
user2019 123.45 GB 7 19
123.4568 8
123.45G8 9
019-08
2019-08-15 11:09:23 10 123.4568 10 team_data_088
2019.08-15 11:09:23
123.4568 2019.08-15 11:09:23 .
Concurrent Connection Total Query Count
1234568 2019-08-15 11:09:23
1234568 2019-08-15 11:09:23 Rank Name Count Rank Name
987 1
Least Access
876 2
Rank Relation Name Storage Used Last Accessed
123.45G8 2019-08-15 11:09:23 gpmon 765 3
1234568 2019-08-15 11:09:23 ashley 654 4
123.45 68 2019.08-15 11:09:23
3.45 G 019-0! 11 543 5
123.45G8 2019.08-15 11:09:23
mike_carmen 432 6
123.45G8 20190815 11:09:23
1234568 2019.08-15 11:09:23 data_user2019 321 7
123.45 68 2019-08-15 11:09:23 gp_timw pIN! 8 gp_t
123.45.68 2019-08-15 11:09:23 admin._john m N »dmin_john
1234568 2019.08-15 11:09:23
10 teal data_088 98 10 team_data

1234568 2019-08-15 11:09:23
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AR scrver: rgado_dev

2019-08-1509:10:49  help

Storage Used
123.45GB
123.45GB
123.45GB
123.45GB
123.45GB
123.45GB
1234568
123.456G8
123.45G8

123.45GB

07:65:43

06:54:32

05:43:21

04:32:10

03:98:76

02:87:65

123.45GB

Count

987

876
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o A Relational Database

o A Massively Parallel Object Relational Database

e An Analytics Database

e A Transactional Database

e A Columnar Database

e A Traditional Row Oriented Database

e A Cloud Native Database

e A Graph Database at Mass Scale

e A Geospatial Database

e A Time Series Database

e A Structured and Semi-Structured Platform leveraging ANSI-SQL
e An Image Recognition Engine

e« An R and Python High Performance Computing Cluster (HPC)
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