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ML-Ops &iE#iBa Mk 8

Common challenges with model
operationalization:

Model Evaluation
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EXAMPLE

Tax Return Fraud (BT BB #R5E
H): BEMPIME R BT -
BRI RIEZE — RO EERVEREEME
BB MEES - LURHESE

EZS

PotsgreSQL/Greenplu
m with MADIib
supports this pattern
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EXAMPLE

Real Time Transaction Fraud
(ERRZERN): tEEFELER

HREFNAR L —1E ML 2 4B

DIAE s —2 B ERSEEH
AREERBYCIREME

PostgreSQL/Greenplu
m with MADIib and
RTSMADIib supports
this pattern

S4B EN 5 2R
SRS FRR/F 7D

EXAMPLE

Online Advertising (4 EEE):
ERESARENEE/AHES
T IS R EREEER

Highly specialized -
low number of
enterprise use cases
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it Apache MADIib & Greenplum PL/Python

= ML _

RIRIEE - =

 BEFTEFRY LIERE ) /as(bafE -

= BR 2D TR B E B AT

$ rtsmadlibflow --deploy --target kubernetes --type madlib-model -- input

modelspec.jso

n
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aaCAZEEGRRESR

K24/ & BHEEZE (Easy to deploy & light weight)

SRERRMR REST & &71E (Highly scalable
REST and Streaming )

I 252 Im s ML {E 742 (End-to-end ML
workflow )

RIE B R/ FER (Low latency
inference/predictions)

151818818 (Feature Transformations)

Shift & Load ZERT - HBAZEZEIVHE (Shift and
load deployment pattern, without code change)

< FEEMIEER K8s (Any flavor of K8s Supported)

— TR ST ERE



SEEEfE(MLEREE)RIEERERF

(% F BE{ENEBIHIEEER
Model Training Model Docker pull Extract Load Model Deploy
deploy Model . »
Greenplum+MA Greenplum+ HEBEAERERER " SHHREFTE
Dlib 1 5 E &R Ut || 458 47 P A PL/Container wKAREREk FERNEESET - A" BEIESR
=i~ FIlARE ML T {358 S PR A o] i R B ER #t Greenplum #f REETEENER BEERETRP
ki BlfE7E g~ B AV AR fE M LA IR #BHELIREST
Bl AP| FE IR AR
LA AHEF o=
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Greenplum MPP Shared Nothing Architecture

BN ORFEIEMEE ERERETRIZRE

= MPPSHEFTERRE
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N — - Standby Host
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Greenplum 2#; MLOps RIS EZ=
MADIib £ In-DB 73 #r$%1i7 (1)

I Defect analysis (3t 5 17 5 FA 22 45)

Perform all-stage analysis and improve analysis quality
Detect Suspicious Sensors by Correlation/Pattern

Defect analysis case

DIERABIRAS PR DT ESERRHRR

Typical single-node analysis method Greenplum's In-DB Analysis Method

Decreased reliability
of analysis results

Extension
Langque

Data Lake
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ERTHDHT

Native support

pyLDAvis XGBOOSt MCMCpack . ﬂLlFELlNES i

W NumP genslm
@ TensorFlow lﬂa

Bea msép ]

pandas III'I A{,i' ,;"A ! .,

c ETREBRERURRIRTIR T , SHE A SIRETT
S, MIESEMEBIRET A, IEBS
R SRR

c BRNFITRESITNEE R
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BHHIERAE RS E R £l R Bt E

Vs

Join sensor quality data

Split sensor data by condition

Data normalization

Remove meaningless data conditions

coefficient calculation & sensor selection

Correlation hypothesis verification, correlation

Facility Engineer Verification and Action




Greenplum 3Z#5 MLOps HIEE i

MADIib £ In-DB 73 fr$fig (2)

IR 25t S MEANAE A

¥ Supervised Learning
Conditional Random Field
k-Nearest Neighbors
Neural Network

“«

Regression Models
Clustered Variance

Elastic Net Regularization
Generalized Linear Models
Linear Regression
Logistic Regression
Marginal Effects
Multinomial Regression
Ordinal Regression
Robust Variance

Support Vector Machines

<

Tree Methods
Decision Tree
Random Forest

¥ Unsupervised Learning
¥ Association Rules

Apriori Algorithm

<

Clustering
k-Means Clustering

<

Dimensionality Reduction
Principal Component Analysis
Principal Component Projection

<

Topic Modelling
Latent Dirichlet Allocation

Cox-Proportional Hazards Regression

¥ Graph
All Pairs Shortest Path
Breadth-First Search
HITS
¥ Measures
Average Path Length
Closeness
Graph Diameter
In-Out Degree
PageRank
Single Source Shortest Path
Weakly Connected Components
¥ Deep Learning
¥ Model Preparation
Preprocess Data
Define Model Architectures
Define Custom Functions
Train Single Mode!
¥ Train Multiple Models
Define Model Configurations
Train Model Configurations
AutoML
¥ Utilities for Deep Learning
Show GPU Configuration

¥ Sampling
Balanced Sampling
Stratified Sampling

¥ Time Series Analysis
ARIMA

¥ Statistics
¥ Descriptive Statistics
¥ Cardinality Estimators

CountMin (Cormode-Muthukrishnan)

FM (Flajolet-Martin)

MFV (Most Frequent Values)
Covariance and Correlation
Summary

¥ Inferential Statistics
Hypothesis Tests
Probability Functions
¥ Model Selection
Cross Validation
Prediction Metrics
Train-Test Split

¥ Data Types and Transformations
¥ Arrays and Matrices
Array Operations
Matrix Operations
¥ Matrix Factorization
Low-Rank Matrix Factorization
Singular Value Decomposition
Norms and Distance Functions
Sparse Vectors
Encoding Categorical Variables

¥ Utilities
Columns to Vector
Database Functions
¥ Linear Solvers
Dense Linear Systems
Sparse Linear Systems
Mini-Batch Preprocessor
PMML Export
Term Frequency
Vector to Columns
¥ Statistics
¥ Descriptive Statistics
¥ Cardinality Estimators
CountMin (Cormode-Muthukrishnan)
FM (Flajolet-Martin)
MFV (Most Frequent Values)
Covariance and Correlation
Summary
¥ Inferential Statistics
Hypothesis Tests
Probability Functions

¥ Early Stage Development
Conjugate Gradient
DBSCAN
Naive Bayes Classification

Path Random Sampling

Pivot

Sessionize

Stemming Total 12+ Categories with 80+ Functions !

vmware
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—_Jupyter time_series_arima_demo Last Checkpoint: 09/15/2022 (autosaved) v

File Edit View Insert Cell Kemel

Widgets Help

B 2 ik 4+ 4 kR B C W Ccode b

In [ ]:
origdf

executed in 28ms, finished 06:36:22 2022-00-16

In [ ]: *¥%=ql arima_out_df <<

--#%# Troin ARIMA model with ‘grouping columns "=NULL,

--#% and 'non_seasonal_eorders'=[1,1,1]

DROP TABLE IF EXISTS arima

_beer_output;

E @ @ M

%sgl origdf << select * from arima_beer a order by time_id;

“include_mean'=TRUE,

DROP TABLE IF EXISTS arima_beer output summary;

SELECT madlib.arima_train(

):

"arima_beer',

"arima_beer output’,

"time_id",
"values",

NULL,

FALSE,
ARRAY[1, 1, 1]

g g T I OOCPLrTy

executed in 3.00s, finished 06:36:40 2022-08-16

RERER - mABDELE JrJriEE’JﬂﬁW_E
RRABIBREA D - RO HBEFTER
D MBRAERTT

H.

(MPP) RUER IR EZY -
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Greenplum 3Z#5 MLOps HIEE i
EREFIESIEN (1)

e fH

I PL/R example

CREATE OR REPLACE FUNCTION rf_predict_plr
id int[], y float8[], x1 float8[], x2 float8][])
RETURNS SETOF rf_predict_type AS

88 e e

library(randomForest)

temp_m1l<- data.frame(id, predict(m1))
return(temJ)_ml)

1

1

1

m1l<- randomForest(y ~ x1 + x2) :
1

{ Rsource

o

LANGUAGE 'plr’;

SELECT gender, UNNEST(id) AS id,
UNNEST(s_weight_predicted) AS s_weight_predicted

1 SELECT gender,
| (rf_predict_plr(id_arr, y_arr, x1_arr, x2_arr)).*

)a

ORDER BY id; Call PL/R function

Vmwa re® Confidential | ©2022 VMware, Inc.

I PL/python example

CREATE OR REPLACE FUNCTION rf_predict_plpy
(id_arr int[], y_arr float8[], x1_arr float8[], x2_arr float8][])
RETURNS rf_predict_type AS

§2

import numpy as np

from sklearn.ensemble import RandomForestRegressor

id = np.array(id_arr).T

y = np.array([y_arr]).T

X = np.array([x1_arr, x2_arr]).T

rf_regr = RandomForestRegressor(max_depth = 2,
max_features = "auto",
n_estimators = 200,
random_state = 1004)

rf_regr_model = rf_regr.fit(X, y)

y_pred = rf_regr_model.predict(X)

return {'id": id, 's_weight_predicted": y_pred}

I Python

g 1 source

LANGUAGE 'plpythonu’;

SELECT gender, UNNEST(id) AS id,
UNNEST(s_weight_predicted) AS s_weight_predicted

I SELECT gender,
1 (rf_predict_plpy(id_arr, y_arr, x1_arr, x2_arr)).*
I FROM abalone_array

ORDER BY id; Call PL/Python function

Parallel processing for each data node in Greenplum J




Greenplum 2#f ML-Ops HERE =
REEFTEFIGESHEN (2)

I Coding Example by using PL/Container

In [6]: |%¥sql

I PL/Container Mechanism

create or replace function plcpymldemo.employee_salary LR_model() returns bytea as
k3
# container: plc_python3 shared

@) Pvoa
Greenplum' Master QD Usage: simple linear regression demo
import pandas as pd

from pickle import dumps
from sklearn.linear_model import LinearRegression
'" load training data from view "'’
sub-query tableData = plpy.execute('select years_of_experience, salary from plcpymldemo.employes_salary_lr_training')
frame = []
,,,,, PRSTER R SIS = for rec in tableData:

: i H ' : ' frame.append(rec

' Segment QE 5 Segment QE ! : Segment QE ! df = pd_DEtsﬁramé(frime)

: i H ' : ' """ dependent variable, i.e years_of experience '"’
' DB Backend Core . DBBackend Core @ ' DB Backend Core % = df.iloc[:, :-1].values

R ieasilaie saias beedta il T T R T N TS TR St # independent variagble, i.e salary

A y = df.iloc[:, 1].values

- "' fit model "'

sub-query sub-query

|} ¥ ]
[ 1 i
i B ]
B ] 1 regressor = LinearRegression()
! : : regressor.fit(x, y)
Python/R : Python/R: Python/R: return dumps(regr‘essor)
+ N Results + N Results + Results %% language plcontainert;
[ 1 1
] [ 1
i i ]
i ] ]
[ 1 1
1 1 1
1 i H

data data data executed in 20ms, finished 14:04:52 2022-10-11

* postgresqgl://gpadmin:***§172.18.185.136:5432/fpgdb
Done.

out[6]: []

@pcmmer """""" @ct)mamer """""" @pcmamer """""" o HE—DIEMIES Python 3.x 2T - FEEREBZR PRI TS
— — — o HHZ Greenplum BEENEEER - 1)7} SEA gRIRIEEIIINGreenplum
e - EEZEEL Greenplum Function W EERREZT
o MMFERAHEEEAD TR 2N AEEF1TEZE(MPP) BUE Eisl

Vmwa re® Confidential | ©2022 VMware, Inc. 13



Greenplum 32#; MLOps RIEAHEE

=

ML #EE P E ERH (1)

select * from pyml.model repo mr ;
& a =

HENEE

R AN

FEHREEENER
EFRETERN
FHY

vmware

v [ pyml
~B =
v B madel_repo 11M g
b= B =

» B A% B modelrepot x

» [ public g
34

> e |<>Tse\ect'from pymlmadel_repamr |53 &.1—75C

> &S

by B =3 T3 noc model_description T 123 modelversion T

125id [} Aec model_name T [ model

>z Asimple model demo LR
> B 2K
> I REE

> A

RV F R A KA fE

(description)

employee salary simpls linear regression  cskleam linear_model_base L [552]

In [6]: X¥sql

create or replace function plcpymldemo.employee salary LR_model() retur‘
33

«# container: plc_python3 shared

Usage: simple linear regression demo
‘import numpy as np
‘import pandas as

‘from pickle 1mpurt dumps
from sklear‘n lmear‘ model 1mpnr'

= it e s it B AE YR T DA BINARY 2 24 [B1 &

tableData = plpy.execute('select year‘s_of_experlan:e, salary from plcpymldemo.employes salary_lr_training')
«frame = []
for rec in tableData:
“frame.append(rec)
df = pd.DataFrame{frame)
* dependent variable, i.e years_of_experience """

‘x = df.iloc[:, :-1].values
“# independent variable, i.e salary
=
e e w AIAREARAVIREL B MR pickleE
iregr: ar fit+{ L)
return dumps(regressor) A Q .
$3 language plcontainer; = b
memmwj 8 Abinary )14+

«y = df.iloc[:, 1].values
*fit model

* postgresql://gpadmin:***§172.18.185.136:5432/fpgdb

Done.

out[e]: []

Confidential | ©2022 VMware, Inc.

w2 binary (bytea) EFEREZERZT

.

A R AL ETT

RV E IR D 0] UFS R 2N B 2 A ]

In [

ZBpickleEHE_

TRAIRT - RS ANRE AL 2 f B Ry K

TE OR REPLACE FUNCTION plcpymldemo.employee salary lr model driver(model na
RNS void

container: plc_python3 shared
m pickle import loads

rt pandas as pd

rt numpy as np

This function is used to run the model by loading it from repositer
The input need is the model_name and model_version in the model rep
and the payload table from where the input to model is read. The ca
ayload in to the table and invoke this function.

ample usage is;

lect plcpymldemo.employee_salary lr_model_driver('employee_salary
£l _from tahle and deserciglize
plpy.prepare('SELECT model FROM pyml.model repo WHERE model name l=

I ‘splan =

‘1qry = lnsert into © + output_table + "(years_of exp, predicted_salary) v
plan = plpy.prepare(igry, ["fleat™, "float"]);

' Read years of experiences from input table .....
ahleNata = nlnv.executel "SEIFCT * FROM %= " % (innut tahlel’

EUERBERERAY G




reenplum #F ML VEAFE R =
G eeﬂﬁ'f |r i}_’ Ops RIRAHEEAZR Json HERWMBRER - REERLHMBE LIRSS
ML =2 EERS (2) Greenplum ME B ET (E1E @A )

I e ALEEY)
AR F5 1 T

@ PARTSMADIib %l

$ rtsmadlibflow —action deploy --target kubernetes --type plpy-model -- inputJson
linear_regression.json

~ rtsdmadlib
No arguments passed!
Usage:-=

rts4madlib --name unigue_name --type typ

name -> module name
action -= plopy|undeploy

type -> flow|madlib-model|plpy-model|feature-engine|featurecache|batch
target -= docker|kubernetes

inputdson -= path to input json for model #*only if action is deploy**

"linear_regression.json" 17L, 1802C written

N semammmEn

$ curl -v -H "Content-Type:application/json" http://192.168.99.100:30123/actuator/info

’ REST RB/RES—TEL SHE%R ZKGPRHEBARBREI -

WiE—SABFRBER - REHRE - KBOEIESR
Vmwarej Confidential | ©2022 VMware, Inc.
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FEH4EEE) (Event Driven) 1 F88/5F 73 IR #5

#E

I}

REEREIRIRIREMLOpsIHEEE N &b

ANEIBRFR1RHE
B BHARETE
7 7 M I BERI I

BERIEBME
RWE - Wik
g

4

AEBE TSR HEMLERIE ] - 12
AR FRIRETERIBE S - T BRFEEaH
B2 (concurrent) FZ=0iEE

Modeling at Scale

N

Artificial

Experimentation Intelligence:

Initial code development and testing, o——= Closeq Loop
model experimentation on samples. Machine

PostgreSQL

’ Learning

® Heavy compute tasks such as model
training across big data

Pivotal
Greenplum®

AR Postels ~
T " @yt R FTensorflow

Deployment

TP ;1 PostGIS .
..EE'“’ § Aot QR FTensorFlow ﬁ

® Production deployment of models to feed
downstream applications and reports

;

== N NG, = — | ‘E/_ =l X = %
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: (4 BB B3

I~

73 (RTS) iR #5 2 tHEA 7o 4

& redis

Feature Cache

Feature Cache
Manager

Micro batch

@

EEIi

Oy ¥

1 lib

R ol |l ®
r GemFire
m?ln'nbo ;‘:I Feature Engine MADIibFlow

©

Google

kubernetes

O o

Amazon

GKE

1

Y

Microsoft

AKE

Pivotal
PKS

= & O

VMW
Tanzu

—

VMware Greenplum

,"/M‘t
9

Massively Parallel

postgres

J

ME /A pus

AWS  Google Ms-Azure

Cloud

Cloud

cloud

@avmware

vSphere

vmware
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W—>

New Transaction
Event (JSON)

Update DB w/
New Event

AN
I )\
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= HBRED R

| ]

7

83 katka

ﬁu (Ao & iR #5)

Update DB w/
Scoring Decision

Load New Transaction Event

l

Read Features from

& ©

%,

Cache
DB (scheduled) Features
> Cache
Manager

*» 01000017

@s Real-Time Scoring Mechanism

Read

Pivotal
Cloud
Cache

Features

—— ©
me 7

MADIib Flow
(Orchestrator)

& O

Scoring Decision to GPDB

Scoring

s

Feature Engine

oW

[ MADIib REST |
(Scoring)

N

:EE'“’ —

Join
Event &

. Feature

Data

Decision

anmnm

v

Bootstrap MADIib Model

REST API

A4

P

Scoring Decision
(JSON)




Demo
Case Study: "EHFREFEIRZH" BERbR

K8 Cluster

. . Scored Transactions Topic
Transactions Topic
4 4 | .
\ §8 kafka
& katka

Greenplum
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Demo
Case Study: "ERRIEHMRSZHA" BRR

SEEECRIEEE 2 E T Greenplum

=
(=
(- -

!: Rt
. RIS
1. 55 EVRE (refreshable via REST)
3. Kafka B GREFE D EMEE

. One Kafka producer
II. One Kafka streams consumer
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