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Presentiamoci
Andrea Picasso Ratto Senior Big Data Engineer @NTTDATA

Background accademico:
- Software Engineering con specializzazione in Big Data
Architecture e Machine Learning

Focus Tecnologico:
ETL batch e streaming processing basato su
tecnologie Spark, Flink e Kafka
Natural Language Processing verticalizzato su temi di
Sentiment Analysis, Topic modelling e Text Summarization
Design di Architetture Big Data a microservizi

Nel tempo libero:
Amante dei viaggi in giro per il mondo
Accanito alpinista del weekend
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NTT DATA ITALIA: Data Intelligence Team
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import pandas as pd

from pyspark.sql.functions import *
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QUANTO CONTA LA SCALABILITA ) v ) D

Pandas VS PySpark: max value T
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PARLIAMO DI NUMERI

S

DATO GPS
- 340 Milioni di record al giorno
- 2,7 Miliardi di record alla settimana

&8 Kafka.
DATO DATALAKE & REPORTS

- 1400 tabelle

- 500 Milioni di record in batch
notturno

- 16 Miliardi di record scansionati

- 120 vCPU ~ 600 GB Ram DELTA LAKE
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APACHE SPARK

Databrick Framework per Massive Parallel Processing
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Speed

MLIib

Streamingll (machine § (graph)
learning)

Polyglot @ Powerful Caching
Apache Spark

Deployment

GraphX
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APACHE SPARK ARCHITECTURE

STORAGE MANAGER
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SPARK: TUTTO IN MEMORY

High level APl over Map-Reduce

Resilient Distributed Dataset — RDD

m Loop outside the system
------- R e,
= el N - . == —
2 CONCETTI FONDAMENTALI: e e o e

- Lazy evaluation

- Narrow vs. wide transformations Spaﬁ:'{

1

=> User can cache data in memory
Mostafaeipour, Ali, et al. The Journal of Supercomputing (2020):
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LAZY EVALUATION Details for Job 8

Status: SUCCEEDED
Completed Stages: 4

» Event Timeline
« DAG Visualization

Transformation

Stage 112 Stage 113 Stage 114 Stage 115

Exchange

paralielize ‘ parallelize
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Action

DAG — Catalyst {—“"I“'”‘ r .

g
R

|

Catalyst

Transformations

SQLAST

DataFrame

Dataset

v
"""" I
~- - I
~- P
S’ I

Abstractions of users’ programs!
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NARROW VS WIDE TRANSFORMATION

Memory hierarchy params:

oS Compteracion  |Aglstency  Nomlized umanTime |

- Latency 3GhzCPU Clock cycle 3Ghz 0.3ns 1s

Level 1 cache access 0.9ns 3s

"Narrow”deps:  "Wide" (shuffle) deps: Level 2 cache access 28 s 9
Level 3 cache access 12.9ns 435
RAM access 70 -100ns 3.5t05.5min
NVMe SSD I/O 7-150 ps 2 hrs to 2 days
Rotational disk I/0 1-10 ms 11 days to 4 mos
Internet: SF to NYC 40 ms 1.2 years
Internet: SF to Australia 183 ms b years

join with inputs not

co-partitioned

Zaharia, Matei, et al. "Resilient distributed datasets:
A fault-tolerant abstraction for in-memory cluster computing.".
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SPARK ECOSYSTEM

Spaiks Gr Gph/l/ “\Z
MLlib Spark™ SQL
.S'par‘ll\(Z
A\ DELTA LAKE streaming
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HIVE

U o R
Progetto nato in Facebook reso opensource |
|
|
Metadata store ACID transactional |
Managed tables
External |
— — Hive — — y CRUD insertonly temporary table ‘ anf(ﬂ |
—| data| g 3

JDBC connector ORC - - — | ; |
NO ACID asdf | |

asdf
asdf |

not
transactional :
Managed tables Vs External tables

{ metadata |
|
______________________ J
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SPARK MLlIib

Spor‘iz

MLIib

The Machine Learning Library ML Pipeline - Classifier 1 (Eg: Random Forests)
Feature
Vector Random
— Selector —
Assembler (Chi-S ) Model
Hypothesis Testing

spaik’ ||/

ML Pipeline - Classifier 2 (Eg: Logislic Regression)

Source Data /
Feature Logistic Model Tuning /
.
Ingest [ b?llﬁ?::s »{ Split Input Data into Vecior —— Selector = Regression ms v|°m| & —> k-Fold
- Train & Test Sets Assembler (Chi-Square) Model Cross Validation
Source
Data Files

ML Pipeline - Classifier n

Feature Other
Vector L1 gelector == Classification
Assembler (Chi-Square) Model
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DELTA LAKE

E' un progetto Databricks reso opensource.

A

DELTA LAKE

ACID transaction su file parquet:
DeltaTables

N
. - ) - . il Analytics
Interfaccia unificata batch e streaming = e — — M —» and Machine
—— 1]
—

O ] Learning
. . .
SC h em aevolution g quIe alla schema Batch Ingestion Tables Refined Tables Feature/Agg Data Store
validation anche on write (Bronze) (Silver) (Gold)
Time travel e Historical table Your Existing Data Lake

' amazon
ies 3

Azure Data Lake Storage
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COME SEMBRA

import spark.implicits._
val peopleDF = spark.read.json("examples/src/main/resources/people.json")

// DataFrames can be saved as Parquet files, maintaining the schema information

B COdICG Sempllce peopleDF.write.parquet("people.parquet")
val parquetFileDF = spark.read.parquet("people.parquet")

) InterfaCCIa pUIlta // Parquet files can also be used to create a temporary view and then used in SQL statements
parquetFileDF.createOrReplaceTempView("parquetFile")

val namesDF = spark.sql("SELECT name FROM parquetFile WHERE age BETWEEN 13 AND 19")
namesDF.map(attributes => "Name: " + attributes(@)).show()

- Variabili parlanti

// + - -
/7 | value|
// + -
// |Name: Justin|
/] + - +
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CATALYST OPTIMIZER

Ottimizzazione workloads:
- Caching

- Join strategies

- Partition Pruning

I
= Query
| |
SaL I\Parser : Analyzer : Optimizer : Planner : Esecution
\ [ = I il
Unresolved : Optimized ; o
Dataset Logical Plan —{ : Hl Physical < = Selected | LI gpp
Logical Plan Logical Plan - : S
G T f Plans Z Physical Plan| L (DAGS)
O T
Datarrarme Metadata || _ _ _ _ . _. . _._ . _._._ — B |
Catalog

adaptive planning
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CACHING

Without Spark Caching With Spark Caching
input —>|| iter.1 | output Transform |—> output
" one-time distributed
processing memory
input —>|| iter.2 [ output Transform [—> output
input —> Read |—> Cache
— output
input —>|| iter.3 [ output fransform g
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STRATEGIE DI JOIN

BROADCASTJOIN
SORT MERGE JOIN
SHUFFLE HASH JOIN

NESTED LOOP

rddB
rddA -
rddB is small. rddB is broadcast
to each partition of rddA.
Mapside Combine

Each partition of rddA is joined
with the relevant value in rddB

EER
100

WholeStageCodegen
472s(10.15s,12.45s,127 s)

Scan parquet

number of output rows: 10,213,484
scan time total (min, med, max):
249s(5.3s5,6.35s,76s)

Scan parquet

number of cutput rows: 3,478,883
scan time total (min, med, max):
1.9 8 (925 ms, 973 ms, 973 ms)

WholeStageCodegen
33s(1.4s,19s 19s)

Exchange

data size total (min, med, max):

3.7 GB (685.0 MB, 1203.0 MB, 1203.3 MB) |

v

Exchange

data size total (min, med, max):

79.6 MB (25.9 MB, 53.7 MB, 53.7 MB)

Sort

sort time total (min, med, max):

46s (17 ms, 19 ms, 116 ms)

peak memory total (min, med, max):
12.9 GB (66.0 MB, 66.0 MB, 66.0 MB)

WholeStageCodegen
WholeStageCodegen 3p.4 s (57 ms, 62 ms, 3.8 5)

Sort

sort time total (min, med, max):
802 ms (5 ms, 797 ms, 797 ms)
peak memory total (min, med, max):

460.9 MB (64.0 KB, 64.0 KB, 256.0 MB)

SortMergeJoin

WholeStaggCodegen
29.0 s (56 ms ms, 3.6 s)

v

Execute InsertintoHadoopFsRelationCommand

number of written files: 1
bytes of written output: 3,028
number of output rows: 0O
number of dynamic part: O
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PARTITION PRUNING

— | JOIN on Partition ID |<g————

SCAN Fact Table

part-201601-00000.parquet
part-201601-00001.parquet j
r—— = = e |

part-201601-00002 parquet

FILTER DIM FILTER DIM

A

SCAN Dimension Table

pant-201602-00256 parquet
part-201601-00257 .parquet
part-201601-00258.parquet

SCAN Dimension Table

part-201603-00100.parquet
part-201603-00101.parquet
part-201603-00102 parquet

part-201612-00010 parquet
part-201612-00011.parquet
part-201612-00012.parquet

Partitioned files with Multi
columnar Data

J N

Non Partitioned Dataset
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import pandas as pd

from pyspark.sql.functions import *
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PANDAS VS SPARK

‘:E;:lﬂPllCFlE"=’\:ir’

oark

Dataset < 1GB Dataset TB o PB

mlpandas

Single machine Cluster di macchine
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PANDAS VS KOALAS VS SPARK

|:5| pandas .-.Q}

SAPACHE&

rK

PO

Be immediately productive with Spark, with no learning curve

Koalas

N NTTDaTa




KOALAS x

~ ~

Koa las import pandas as pd

data = pd.read csv("fire department calls sf clean.csv", header=0)
display(pd.get_dummies(data))

Astrazione di Spark API
Interoperabilita con Pandas API
Dato organizzato in RDD

Lazy evaluation -> execution plan

import databricks.koalas as ks

data = ks.read csv("fire department calls sf clean.csv", header=0)
display(ks.get dummies(data))
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MEMORY

|H|pandas
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ATTENZIONE A COSA ACCADE DIETRO!

x
AQ P
Koalas \4

import databricks.koalas as ks
data = ks.read csv("fire department calls sf clean.csv", header=0)
display(ks.get_dummies(data))
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DATAVS MODEL PARALLELISM
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SPARK DISTRIBUTED MODELS

Classificazione e Regressione Spr K
MLIib

MLP integrato + integrazione Tensorflow da

Alberi decisionli e GBT

Clustering i
lj John Show LABS
Librerie utili:
SparkNLP ‘
P\

Azure mmispark , , ,
Microsoft Machine Learning for Apache Spark
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HYPEROPT

| @databricks m Ifl 0 w

B =
ﬂ Notebooks : —
=] ]

O PyTorcn [ Keras PyTarch B Keras

TR

Deep Learning Model i
e’ -y ¥
mIrow e A

SDQiZ Executor —n
+ _ ! - ' Optimal
SparkTrials ! | ‘ > 500 runs hyperparameter

4 T A) Hyperopt computes new
| " combination (
Hyperopt ' ‘ - hyperparameters to test

OPyToren [ Keras Driver

Deep Learning Model (B) Hyperparameter (D) Worker reports
values sent to ) .
Executor worker loss metric to driver
Worker Worker Worker

(C) Worker fits ML
model using
hyperparameters
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Deep Learning Model

Hyperparameters definition




TAKEAWAY S

Scrivere codice Spark e facile, farlo funzionare e un altra cosa

WholeStageCodegen WholeStageCodegen
. - - 4725s(10.1s, 1245, 127s) 33s(14s,19s 19s)
DAG e Iazy evaluation sono curciali s e
number of output rows: 10,213,484 number of output rows: 3,478,883
scan time total (min, med, max): scan time total (min, med, max):
249s(5.35,6.3s,7.65) 1.9 (925 ms, 973 ms, 973 ms)
Exchange Exchange
data size total (min, med, max): data size total (min, med, max):
M I I L] M I L] L] L] L] I L] 3.7 GB (685.0 MB, 1203.0 MB, 1203.3 MB) 79.6 MB (25.9 MB, 53.7 MB, 53.7 MB)
odelli ML limitati ma in evoluzione E—
WholeStageCodegen 3bas (87 me g = & 3

Sort Sort

sort time total (min, med, max): sort time total (min, med, max):

4.6s (17 ms, 19 ms, 116 ms) 802 ms (5 ms, 797 ms, 797 ms)

d peak memory total (min, med, max): peak memory total (min, med, max):
< > 12.9 GB (66.0 MB, 66.0 MB, 66.0 MB) 460.9 MB (64.0 KB, 64.0 KB, 256.0 MB)
— :
l t ]' > t l WholeStaggCodegen
l . 29.0's (56 ms, ms, 3.6 s)
SQLAST : Transformations :
; l

Project

Optimized

DataFrame Query Plan S

Dataset i

I
I
b f written files: 1
. il I g;rgseoq‘evr‘iﬁgnegu;pist_ 3,028
Abstractions of users’ progra ms! P o 0
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Global IT Innovator

andrea.picassoratto@nttdata.com
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