


Spark RDD

e Resilient Distributed Dataset

o BMESMIVENES (RDD)
o Spark RIMZILENIELE T

o IBHRSSER DTN, MRETEIEENFRIEIES
o IRITRRANDMARZANF
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RDD

o DT BENERE LA—1TRIZNEUES
o WENKRIEZ Lazy BY
o MASEFIIFAEIIERSUEZF. EFFMD K

o AILAEFE join F1EF Map and Reduce #E15RiZETBIZEFR
9 RDD

o T RDD I Y Spark RETATZH MapReduce #&1F

o EREHIEEFXAIBENT, BIIRIEET RDD AY lineage
5y 872 RDD KL B

« RDD B ER lineage, 1ox T BAA MEMISE FENEUE
SIREITEIRN, XE—TANEE. FAXT

lineage, fERFEMERMN T, BRIDAEE RDD, BEFRERS
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e —
Spark #1TizR
e Spark Fi Scala I
o Scala R—FRTEIA, BAXBMONRINEES

e Scala H1TIZE™E, £{MUF Hadoop F{ERAJ Map
Reduce #{E

o £ RDD #1755
o BT Python 3%, FIINA Python 472
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HEEE (2014 &F)

o £ AWS #EBIT, Databricks HIFAZ 0T Daytona Gray il
11l
o 33100 TB i (1 BIZRIER) HITHHE

o HItHFRLERE Yahoo{ER 2100 T RAY Hadoop MapReduce £E&%
BliERy 72 o Fp

o fB{17E 206 1 EC2 TR E{EF Spark, 23
o FiBEHIFEMEMIE (HDFS) L#1T, RB{ER Spark WAFE=E
o E 4 /NPT 190 BitEN LR 1 PB IR (10 B1Z%
iLx) HEF

o MARIREMETF Hadoop MapReduce IR Z7E 3,800 &1TEMN L
79 16 I\,
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Resilient Distributed Datasets (RDDs)

» Write programs in terms of operations on distributed datasets

» Partitioned collections of objects spread across a cluster, stored in
memory or on disk

« RDDs built and manipulated through a diverse
set of parallel transtormations (map, filter, join)
and actions (count, collect, save)

« RDDs automatically rebuilt on machine failure

€databricks



EF RDD Partition BH1T

o HMTHEBIABITZX EHITITREIXG
o 8 Spark RIEABTE RDD FRTERY Worker 1517
o B Worker (FRZ M2
o ¥fF Reduce #fE, BRAZHIX TN, AEREZEED XHIT

e SLfr L, Python FEFSHmIF—1El, 7AfFH Spark 5|1Z#H
171%E

o Spark Python EEFJA Python lambda iz &7 62 E &= R ERIEE S

o BRERMAED, AFH Spark TERAEZSEEN11E1XL Worker, S
> RDD X EH1T
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Partition /{1t

e RDD FMTREA UETEMCRAIBEITEIZE#HITD
X

o D XIfFH partitioner (9 XiEF) LT
e groupByKey, reduceByKey fl sort JE3R1E— 177 XGHI
RDD
o IRMPTEIEEREET join EZE—i#2, BBAEE
(@I R partition HRFHTHX, XWEEM join RE
ZRED
o XTERNE, BIERIEAFTEREE
o EIAE join IBATHIM M EUEETE— T8 L
e A RE—TBHEX D XEEFRRFKHAITTX

links = spark.textFile(..).map(..) .partitionBy(myPartFunc)
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more partitions =more parallelism

TTTTTLTTTTTTTTTTTT

I

: item-1  * item-6 : item-11 * item-16 - item-21 |
| item-2 item-7 | item-12 | item-17 | item-zz:
I item-3 - item-8 - item-13 - item-18 I item-23,
: item-4 | itemg | item1g | item1g | item-24,
, item-5 . item-10 . item-15 . item-20: item-25 :
| | | | | ,
I : : : |

— o — e —— — —

7 \ 7
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RDD w/ 4 partitions

______________________________________ .
: | | [ I
. . . |
: Error, ts, msg1 Info, ts, msg38 | Error, ts, msg3 | Error, ts, msg4 |
i Warn, ts,msg2 . Warn,ts,msg2 - Info, ts, msg5 . Warn, ts, msgg :
: Error, ts, msg1 | Info, ts, msg8 | Info, ts, msg5 | Error,ts,msg1 |
] : ; ; :
| o
e e e e e I_________I___________I__________'longesRDD

A base RDD can be created 2 ways:

- Parallelize a collection
- Read data from an external source (S3, C*, HDFS, etc)

€databricks



Parallelize

// Parallelize in Scala . Tak ting

val wordsRDD = sc.parallelize(List("fish", "cats", "dogs")) drE an existing in-
memory collection and
pass it to SparkContext’s

parallelize method

* Notgenerally used
outside of prototyping
and testing since it
requires entiredatasetin

# Parallelize in Python memory ononemachine

ﬁ wordsRDD = sc.parallelize(["fish", "cats", "dogs"])

(( // Parallelize in Java
=" JavaRDD<String> wordsRDD = sc.parallelize(Arrays.asList("fish", "cats", "dogs"));
e

€databricks



€databricks

// Read a local txt file in Scala
val 1linesRDD = sc.textFile("/path/to/README.md")

# Read a local txt file in Python
linesRDD = sc.textFile("/path/to/README.md")

// Read a local txt file in Java
JavaRDD<String> lines = sc.textFile("/path/to/README.md") ;

Read from Text File

There are other
methods to read data
from HDFS, C*, S3,

HBase, etc.



JR1E

o FFRSERIAVIRIE
e Transformations L}k
o J% RDD BREYZEIFT RDD

e Action GIfE
o REMELERER
o JBE & read-eval-print 18, #I40 Jupyter
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Transformations #[] Action

e Transformations (L) F[ENFT RDD B9—# Lazy #RE
o P18 Lazy, MiREREICEENITIERIE, HAAEIENIT
e Action (EIE) SRBHIEEMITE, UG EIREIZIFERIVE
EIEE NIINERTENE
o Action B3¥E
o count T (REIZFUBEFTEHNE =)
GREITTRAE)
o save fRfF CIEEUBEHLIFHEARS)
e IEFAEGEENIREFMEFIEUEHRIT Transformations
KEX—1EZT RDD, AEHIT Action, JF{EIR[CIZE
AR EHIESHEIFER S

o collect UKEE
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RDD /%% : Persistence 3}zl

o EZIXIEAMRITIER, FIREBUNEFG—ERRZRY RDD fFie
H, DURZD R VRS B (8]

o FHFAILAEA persist, & £— reliable (RIFE) R,
AT LEIRIE
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Distributed .

Operations on .

Data

« Two types of operations: transformations and actions

* Transformations are lazy (not computed immediately)

e Transformations are executed when an action is run

* Persist (cache) distributed data in memory or disk

€databricks



€databricks

: I
. . . |
: Error,ts, msgl | Info, ts, msg8 | Error,ts, msg3 | Error,ts,msg4 |
| Warn,ts, msg2 - Warn,ts, msg2 - Info,ts, msg5 © Warn, ts, msg9 :
I Error,ts, msgl | Info, ts, msg8 | Info, ts, msg5 |  Error,ts,msgl 1
I b )
. . ’ I
: | | | :
l__________________l_ ____________________
filter(A) ,.,ﬂg,ﬂ%«"
| s @65
v
Co T 1 T T [~~~ ~"~""~""7° }
I .
: : ] I
: Error,ts, msgl | | Error,ts,msg3 | Error,ts, msgd |
. . I
I : :
- I
: Error,ts, msgl | | | Error,ts,msgl |
: . . I
: I
I

logLinesRDD
(input/base RDD)

errorsRDD



I I
: Error,ts, msgl - Error,ts,msg3 - Error,ts,msg4 |
: | | | :
| : |
I I
I :

Error,ts, msgl . - Error,ts, msgl

! errorsRDD

I I
. I
: Error,ts,msgl . Error,ts, msg4
1 Error,ts, msg3 | I
: Error,ts,msgl - Error,ts, msgl :
L _|__________| cleanedRDD
.collect( ) -4
=
Driver
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Execute DAG!

.collect( )

L
™

€databricks Driver



Logical ]

logLinesRDD

Wfﬁifg/j%ﬁ’ .filter(7\ ) l i

errorsRDD

Wi£¢«g/“§"’ .coalesce(2) \i

w

.collect( )

€databricks
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Physical 4.Computeﬁ ﬁ ﬁ ﬁ

L L L__ _M"ogLinesrDD
e
Q\)
5,0 ST T T TSI
I i | I :
, :
: : :_ :errorsRDD
e T
Py
7.CO
cleanedRDD
e
oY
1.CO

Driver
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€databricks
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I T~~~ —-°-r |
! | ! ! | logLinesRDD
;""l"'F"'I"'ﬂ
Lo ! ! | errorsRDD
e ¥
I | :
.saveAsTextFile( ) : Error,ts,msgl - Error,ts, msg4
s3] <« = i Error,ts, msg3 | |
[ 8 I Error,ts,msgl - Error,ts, msgl :
I
! |_________. cleanedRDD
filter( AV maa. L
R

Error,ts, msgl I

Error,ts, msgl | Error,ts, msgl

€databricks -
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! ! | ! | logLinesRDD

SERELE SERTEEE

. [ [ ! | errorsRDD

I >
. I @
.saveAsTextFile( ) | Error,ts,msgl . Error,ts, msg4

s3] < = 1 Error,ts, msg3
= h Error,ts,msgl - Error,ts, msgl

Error,ts, msgl I

Error,ts, msgl | Error,ts, msgl

€databricks -

errorMsg1RDD




g._‘,gf‘% filter(A\)

€databricks

Partition >>> Task >>

o o o - o -

Partition

logLinesRDD
(HadoopRDD)

E o :_o :_o : o EerrorsRDD

_____ I L____L____!ilteredrDD)



Litecycle of a Spark .

1) Createsome input RDDs from externald
your driver program.

Crogram

ata or parallelize a collectionin

2) Lazily transform them to define new RDDs using transformations like

filter() ormap()

3) Ask Sparkto cache() anyintermediate

RDDs that will needto be reused.

4) Launch actionssuch as count() and collect() to kick off a parallel
computation, which is then optimized and executed by Spark.

€databricks



Transformations (lazy)

map () intersection() cartesian()
flatMap() distinct() pipe()
filter() groupByKey() coalesce()
mapPartitions() reduceByKey () repartition()
mapPartitionsWithIndex() sortByKey() partitionBy()
sample() join()

union() cogroup ()

€databricks



Actions

€databricks

reduce()
collect()
count()
first()
take()
takeSample()

saveToCassandral()

takeOrdered()
saveAsTextFile()
saveAsSequenceFile()
saveAsObjectFile()
countByKey ()

foreach()



Sorme Types of RDDs

* HadoopRDD
 FilteredRDD
* MappedRDD
 PairRDD

e ShuffledRDD
 UnionRDD

* PythonRDD

€databricks

DoubleRDD
JdbcRDD
JsonRDD
VertexRDD
EdgeRDD

CassandraRDD (DataStax)
GeoRDD (ESRI)
EsSpark (ElasticSearch)



Resilient Distributed Datasets

- Spark is RDD-centric

- RDDs are immutable

- RDDs are computed lazily

- RDDs can be cached

- RDDs know who their parents are

- RDDs that contain only tuples of two elements are “pair RDDs”

Stanford CS246H
Winter 2018



Useful RDD Actions

- take(n) — return the first n elements in the RDD as an array.
- collect() — return all elements of the RDD as an array. Use with caution.
. count() — return the number of elements in the RDD as an int.

- saveAsTextFile(‘path/to/dir’) — save the RDD to files in a directory. Will create the
directory if it doesn’t exist and will fail if it does.

- foreach(func) — execute the function against every element in the RDD, but don’t
keep any results.

Stanford CS246H
Winter 2018



Useful RDD Operations
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map()

Apply an operation to every element of an RDD and return a new RDD that
contains the results

>>> data = sc.textFile(’path/to/file’)

>>> data.take(3)

[u’Apple,Amy’, u’Butter,Bob’, u’Cheese,Chucky”’]

>>> data.map(lambda line: line.split(€,’)).take(3)

[[u’Apple’, u‘Amy’], [u’Butter’, u’Bob’], [u’Cheese’, u‘Chucky’]]

Stanford CS246H .
Winter 2018



flatMap()

Apply an operation to every element of an RDD and return a new RDD that
contains the results after dropping the outermost container

>>> data = sc.textFile(’path/to/file’)

>>> data.take(3)

[u’Apple,Amy’, u’Butter,Bob’, u’Cheese,Chucky”’]

>>> data.flatMap(lambda line: line.split(¢,’)).take(6)
[u’Apple’, u‘Amy’, u’Butter’, u’Bob’, u’Cheese’, u‘Chucky’]

Stanford CS246H 10
Winter 2018



mapValues()

Apply an operation to the value of every element of an RDD and return a new RDD

that contains the results. Only works with pair RDDs

>>> data
>>> data
>>> data
>>> data.

= sc.textFile(’path/to/file’)

= data.map(lambda line: line.split(‘,’))

= data.map(lambda pair: (pair[@], pair[1l]))
take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]

>>> data.

mapValues(lambda name: name.lower()).take(3)

[ (u’Apple’, ufamy’), (u’Butter’, u’bob’), (u’Cheese’, u‘chucky’)]

Stanford CS246H
Winter 2018
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flatMapValues()

Apply an operation to the value of every element of an RDD and return a new RDD

that contains the results after removing the outermost container. Only works with
pair RDDs

>>> data = sc.textFile(’path/to/file’)

>>> data = data.map(lambda line: line.split(€,’))

>>> data = data.map(lambda pair: (pair[@], pair[1l])).take(3)

>>> data.take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]
>>> data.flatMapValues(lambda name: name.lower()).take(3)

[(u’Apple’, u‘a’), (u’Apple’, u’m’), (u’Apple’, u‘y’)]

Stanford CS246H "
Winter 2018



filter()

Return a new RDD that contains only the elements that pass a filter operation

>>> import re

>>> data = sc.textFile(’path/to/file’)

>>> data.take(3)

[u’Apple,Amy’, u’Butter,Bob’, u’Cheese,Chucky’ ]

>>> data.filter(lambda line: re.match(r’~[AEIOU]’, line)).take(3)
[u’Apple,Amy’, u’Egg,Edward’, u’Oxtail,Oscar’]

Stanford CS246H
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groupByKey()

Apply an operation to the value of every element of an RDD and return a new RDD

that contains the results after removing the outermost container. Only works with
pair RDDs

>>> data = sc.textFile(’path/to/file’)

>>> data = data.map(lambda line: line.split(€,’))

>>> data = data.map(lambda pair: (pair[@], pair[1]))

>>> data.take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]
>>> data.groupByKey().take(1)

[ (u’Apple’, <pyspark.resultiterable.ResultIterable object at 0x102ed1290>) ]
>>> for pair in data.groupByKey().take(1):

print “%s:%s” % (pair[@], “,”.join([n for n in pair[1]))
Apple:Amy,Adam,Alex

Stanford CS246H "
Winter 2018



reduceByKey()

Combine elements of an RDD by key and then apply a reduce operation to pairs of
keys until only a single key remains. Return the result in a new RDD.

>>> data = sc.textFile(’path/to/file’)

>>> data = data.map(lambda line: line.split(€,’))

>>> data = data.map(lambda pair: (pair[@], pair[1]))

>>> data.take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]
>>> data.reduceByKey(lambda v1, v2: vl + “:” + v2).take(1)

[ (u’Apple’, u’Amy:Alex:Adam’) ]

Stanford CS246H

. 15
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sortBy()

Sort an RDD according to a sorting function and return the results in a new RDD.

>>> data = sc.textFile(’path/to/file’)

>>> data = data.map(lambda line: line.split(€,’))

>>> data = data.map(lambda pair: (pair[@], pair[1]))

>>> data.take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]
>>> data.sortBy(lambda pair: pair[1]).take(3)

[ (u’Avocado’, u’Adam’), (u‘Anchovie’, u’Alex’), (u’Apple’, u’Amy’)]

Stanford CS246H
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sortByKey()

Sort an RDD according to the natural ordering of the keys and return the results in
a new RDD.

>>> data = sc.textFile(’path/to/file’)

>>> data = data.map(lambda line: line.split(€,’))

>>> data = data.map(lambda pair: (pair[@], pair[1]))

>>> data.take(3)

[ (u’Apple’, u‘Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u‘Chucky’)]
>>> data.sortByKey().take(3)

[ (u’Apple’, u’Amy’), (uAnchovie’, u’Alex’), (u’Avocado’, u’Adam’)]

Stanford CS246H .
Winter 2018



subtract()

Return a new RDD that contains all the elements from the original RDD that do not
appear in a target RDD.

>>> datal = sc.textFile(’path/to/filel’)

>>> datal.take(3)

[u’Apple,Amy’, u’Butter,Bob’, u’Cheese,Chucky”’]
>>> data2 = sc.textFile(’path/to/file2’)

>>> data2.take(3)

[u’Wendy’, u’McDonald,Ronald’, u’Cheese,Chucky’ ]

>>> datal.subtract(data2).take(3)
[u’Apple,Amy’, u’Butter,Bob’, u’Dinkel,Dieter’]

Stanford CS246H 18
Winter 2018



join()

Return a new RDD that contains all the elements from the original RDD joined
(inner join) with elements from the target RDD.

>>> datal = sc.textFile(’path/to/filel’).map(lambda line: line.split(‘,’)).map(lambda
pair: (pair[@], pair[1]))

>>> datal.take(3)

[ (u’Apple’, u’Amy’), (u’Butter’, u’Bob’), (u’Cheese’, u’Chucky’)]

>>> data2 = sc.textFile(’path/to/file2’).map(lambda line: line.split(‘,’)).map(lambda
pair: (pair[0@], pair[1]))

>>> data2.take(3)

[ (u’Doughboy’, u’Pilsbury’), (u’McDonald’, u’Ronald’), (u’Cheese’, u’Chucky’)]
>>> datal.join(data2).collect()

[ (u’Cheese’, (u’Chucky’, u’Chucky’))]

>>> datal.fullOuterJoin(data2).take(2)

[ (u’Apple’, (u’Amy’, None)), (u’Cheese’, (u’Chucky’, u’Chucky’))]

Stanford CS246H 19
Winter 2018



Spark Euler it& Pi

NP n
e Euler A=t lim,_, Z,-Zl /% — %

o X1 CPU, R partition, FA1T

n = 1000000

ar = np.arange(n)

dat = ar.parallelize(ar, 2)

sgrs = dat.map(lambda i: 1.0/ (i+1)**2)
t0 = time.time()

X = sqrs.reduce(lambda a,b: a+b)

tl = time.time()

print("x=%f"%x)
print("time=%£"%(t1-t0))
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5l: K-means 322

o k£

o RE: FHERITHIEFLDR
o BN HIAS ps =BTk T EKWFILRFIEK kPoints
o Hit: KPoints B p ST RAY index

def closestPoint(p, kPoints):
bestIndex = 0
closest = float("+inf")
for i in range(len(kPoints)):
tempDist = np.sum((p - kPoints[i]) *x* 2)
if tempDist < closest:
closest = tempDist
bestIndex = i
return bestlIndex



5l: K-means B3

o T3 k £
o I data FIVE TR p #BIRGT N
o (j, (p,1))

o j = closestPoint(p, kPoints)

o (p,N@—"1"EWH MapReduce IR, 1BEE

data.map(lambda p:(closestPoint(p,kPoints), (p,1)))
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{yu Esz %lé

o 3K k =IO

o HEETXEjHNAMEBNR, HNENEIrHYE
« AN (/. (P, 1))
o KIYJE

o F reduceByKey

o j&Key, xZp, y& 1

o BEI—MNKRIK k BIEE (J, (X p, > 1))

reduceByKey(lambda x,y: (x[0]+y[0],x[1]+y[1]))

29 /48



f5l: KRR

tempDist = 1.0

while tempDist > convergeDist:
newPoints = data \

.map ( lambda p: (closestPoint(p, kPoints), (p, 1))) \
.reduceByKey (lambda x, y : (x[0] + y[0], x[1] + y[1]1)) \

.map (lambda x : (x[0], x[1]1[0]/ x[11[11)) \
.collect ()

tempDist = sum(np.sum((kPoints[i] - y) *x 2) \

for (i, y) in newPoints)
for (i, y) in newPoints:
kPoints[i] = y

e reduceByKey BEIK/NA KEA (J,(Z p, 2 1))

Oﬂ§—¢¥Liﬁi%,%ﬂE$Emﬁﬁmmﬂ@
o collect B, TERFEI kPoints

o iE: NRB, XAZE

BRI k-means BIAEH, Spark MlZZFEIER
BIFHITER
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Amazon EMR

o E5 2t FEfE Hadoop BEE—HARGHNEW AR
o ENE = LERDEMEIE YARN 52
o FEH

o MIMECERIFIRFIAFEEERNIEREAS,

o ¥ETESLHIELE

o FEEFTEIITIET REX

o IRETEMMN

o BRI
o« RAYMDH, MAIENHIETT
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Spark on EMR =3l

o M S3 MNE—/\EB Wikipedia i5la)H& (M 2008 FEZ|
2010 %)

rawdata = sc.textFile("s3://support.
elasticmapreduce/bigdatademo/sample/wiki")

rawdata.count ()

rawdata.getNumPartitions()

o ¥ RDD EffiklDN 10 B, MEREEHFHEFIA Spark By
FTIE

rawdata = rawdata.repartition(10)

43748



Spark on EMR =3l
. B S UE ARG ST — A,

def parseline(line):
return np.array([x for x in line.split(' ')])

data = rawdata.map(parseline)

44,/ 48



Spark on EMR 5l

e 1WiE, BTFHE namelist FRFA] row

def filter_fun(row, titles):
for title in titles:

if row([1].find(title) > -1:

return True
else:
return False

fd=data.filter(lambda p:filter fun(p,namelist))

45/ 48



Spark on EMR 5l

o MENEFAFANRZFESTE names JIFRE

def mapname (row, names):
for name in names:
if row[1].find (name) > -1:
return name

else:
return 'huh?'

e Map: F (name, count) &g —1T

e Reduce by name: Jll count

rd=fd.map(lambda row: (
mapname (row,namelist),int(row[2])))
.reduceByKey(lambda v1l, v2: v1+v2)
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Plan Optimization & Execution
 Represented internally as a “logical plan”

 Execution is lazy, allowing it to be optimized by Catalyst

€databricks



ERITIRE

o TERBME (BENERNE) NESERT

o HITMERIRITIE

o ITRIMEXT RASTAR, MEZARZT R/RAT
o BN RATER—THZ TN T [RIATTIRE
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ElIRITIRES

« EIFAIEER, BRI ERESMER TN LS,
S

. KEUETH

o Spark, Apache Flink, Storm, Google Dataflow
e NiasFTH

o Google TensorFlow, Microsoft Cognitive Toolkit
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Dataflow 11T

¢ S{EI:E/}IL ?Fﬁi%jj #ff#llff

» FunctionA =

unction g
Start

-  Function B

dataflow graph

Function Al FunctionC1 -
Function C2 \s‘-

Function A2

F"”Ct'°" A3 SNAY¥ FunctionC3  ~— > P
O XOCY FunctionC4  ——

' Function B1 LS et !on /

. Function B2 Function C5 /

' Function B3 FunctionC6 7

............................................

parallel execution graph
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Plan Optimization & Execution

joined = users.join(events, users.id == events.uid)
filtered = joined.filter(events.date »>= "2015-01-01")

logical plan

{ filter }
L3
N

scan scan
(users) (events)




Plan Optimization & Execution

joined = users.join(events, users.id == events.uid)
filtered = joined.filter(events.date »>= "2015-01-01")

logical plan

{ filter }

join }
scan scan
(users) (events)

this join is expensive =




Plan Optimization & Execution

joined = users.join(events, users.id == events.uid)
filtered = joined.filter(events.date »>= "2015-01-01")

logical plan optimized plan

‘ filter \ join

join ccan [ filter ]
/\ (users) ‘\

4 N [ ) 4 I
scan scan scan
(users) (events) (events)

N /L / o /




Plan Optimization & Execution

joined = users.join(events, users.id == events.uid)
filtered = joined.filter(events.date »>= "2015-01-01")

logical plan

(o
S

optimized plan

3

optimized plan
with intelligent data sources

join
N ™ )
scan scan scan scan filter scan
(users) (events) (events) (users) (events)
VAN / g /

filter done by data source (e.qg., RDBMS via JDBC) /



