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Hive: SQL-on-Hadoop
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5.1.2 Spark SQLi& 1t
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5.1.3 Aft 4 H#EH Spark SQL

Spark SQL: Relational Data Processing in Spark

Michael Armbrust’, Reynold S. Xin', Cheng Lian’. Yin Huai', Davies Liu', Joseph K. Bradley’,
Xiangrui Meng’, Tomer Kaftan', Michael J. Franklin®, Ali Ghodsi', Matei Zaharia'

'Databricks inc. *MIT CSAIL ‘AMPLab, UC Berkeley

While the popularity of relational systems shows that users often
prefer writing declarative queries, the relational approach is insuffi-
cient for many big data applications. First, users want to perform
ETL to and from various data sources that might be semi- or un-
structured, requiring custom code. Second, users want to perform
advanced analytics, such as machine learning and graph processing,
that are challenging to express in relational systems. In practice,
we have observed that most data pipelines would ideally be ex-
pressed with a combination of both relational queries and complex
procedural algorithms. Unfortunately, these two classes of systems—
relational and procedural—have until now remained largely disjoint,
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5.1.3 Aft 4 H#EH Spark SQL

Spark SQL: Relational Data Processing in Spark

Michael Armbrust’, Reynold S. Xin', Cheng Lian’. Yin Huai', Davies Liu', Joseph K. Bradley’,
Xiangrui Meng', Tomer Kaftan', Michael J. Frankiin‘:, Ali Ghodsi', Matei Zaharia™

'Databricks inc. *MIT CSAIL ‘AMPLab, UC Berkeley

Spark SQL bridges the gap between the two models through two
contributions. First, Spark SQL provides a DataFrame API that
can perform relational operations on both external data sources and
Spark’s built-in distributed collections. This API is similar to the
widely used data frame concept in R [32], but evaluates operations
lazily so that it can perform relational optimizations. Second, to
support the wide range of data sources and algorithms in big data,
Spark SQL introduces a novel extensible optimizer called Catalyst.
Catalyst makes it easy to add data sources, optimization rules, and
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5.1.3 Afr 4 Spark SQL
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5.2 DataFrame#t iz
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e | _por | |
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5.3 DataFramefy gl &

« \Spark2.0LL_FhRAF 45, Sparkfd H 48 i SparkSessiondz 1 & 1
Spark1.674 FSQLContext 2 HiveContexti H SR sEEL G B inad . #%
e, AFEZETHRE. SparkSessionsZE | SQLContext & HiveContextfrf
LiRe

SparkSession s £ MAS R BRI N a8 8ds, e 2ds i e sk
DataFrame, 71 H S DataFrame’%#: i SQLContextHd & F1 {3,
SR 5 18 FHSQLIE f) sk #R/ESE . SparkSession/R L T HiveQL LA 2 H:
fit A #i T- Hive f) T BE ) S 5

A DL~ 3R ) Al — > SparkSession b £ ;

from pyspark import SparkContext,SparkConf

from pyspark.sgl import SparkSession
spark = SparkSession.builder.config(conf = SparkConf()).getOrCreate()

stbr b, 1R 3hidk Npysparkbl )5, pysparkii BRIAFEAL T —/NSparkContext
SR (4FRNsc) Fl—A-SparkSessionsf 4 (& # Nspark)
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5.3 DataFramefy gl &

Q) DataFrameff, 1] LAM¥ Hspark.read#:fE, MAFIZERFI L
i n#EdE Gl dEDataFrame, %111
-spark.read.text("people.txt"): FEHCA S Fpeople.txtfl])
DataFrame

-spark.read.json("people.json"): #zHpeople.json A1
DataFrame; fEIZEUAH CAFEIHDFS SCHR), ZyER LA HIER)
AR

spark.read.parquet(“people.parquet”): ZH{people.parquet 4
& DataFrame
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5.3 DataFramefy gl &

Bl ] DASE S A G )
spark.read.format("text").load("people.txt"): =zH WA W AF
people.jsontl| & DataFrame;
spark.read.format("json").load("people.json"): HLELISONICAE
people.jsontl| & DataFrame;
spark.read.format("parquet").load("people.parquet"): HLHX
Parquet X f4people.parquettlzDataFrame.
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5.3 DataFramefy gl &

— AL

£ “Jusr/local/spark/examples/src/main/resources/” XM HZE N, XPMHFENE
PG ¥ s people.jsonFlipeople. txt.
people.json A A

{"name";"Michael"}
{"name":"Andy", "age":30}
{"name":"Justin", "age":19}

people tXt3CAF N AU T

Michael, 29
Andy, 30
Justin, 19
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>>> df = spark.read.json("file:///lusr/local/spark/examples/src/main/resources/people.json")

>>> df.show()

Inull|Michael|
| 30| Andy|
| 19| Justin|
e ST S— +
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5.4 DataFrameBJ{&7F

A LU F spark.write#:{F, 8—>DataFramefrRf# iiiA [E 4% 2 A
Hn, E—ANL RN DataFrame{# 12 BA [k oo, 7k
T

«df.write.text("people.txt")

«df.write.json("people.json®)

df.write.parquet("people.parquet®)

B ] DA A A B A 2UR 15 A
«df.write.format("text").save("people.txt")
«df.write.format("json").save("people.json")
«df.write.format ("parquet”).save("people.parquet”)
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5.4 DataFramefJ{& 77

T R S people.jsont G i —A~DataFrame, RN
peopleDF, i#lpeopleDF{RAF 2] 74 —"NISONCHH, A)E, HM
peopleDFFEEL— %1 (Riname%)) , #ZAEHEIRAER]— D A
A

>>> peopleDF = spark.read.format("json").\

... load("file://lusr/local/spark/examples/src/main/resources/people.json")
>>> peopleDF.select("name”, "age").write.format("json").\

... save("file:///usr/local/spark/mycode/sparksqgl/newpeople.json")

>>> peopleDF.select("name").write.format("text").\

... save("file:///usr/local/spark/mycode/sparksgl/newpeople.txt")

SR — AN 4 R newpeople.jsonf H sk (AN X)) RI— A8k
Nnewpeople.txtft) Hx CRE ST
part-00000-3db90180-ec7c-4291-ad05-df8e45c77f4d.json
_SUCCESS
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5.5 DataFramefy & F 31k

A] LU AT — L% H i) DataFrame# {E
>>> df=spark.read.json(“people.json”)

printSchemay()

>>> df printSchema()

o0 'I:
|-- age: long (nullable =
| -- mame: strinmg (nullable

select()
>>> df select(df["name"], df["age"]+1). show()

+------- R +
|  name|(age + 1)
+------- R +
|Michael | null|

| Andy| 41|
| Justin]|
+-mm - - +ommmmm -
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5.5 DataFramefy & F 31k

filter()

=>> df. filter(df["age"]=20). show()
et S
EELELE
et S
| 30|Andy]|
e Rt

groupBy()

>>> df. groupBy("age"). count(). show()
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| 19| Justin|
|nulL [Michael |

it +

>>> df sort(df["age"]. desc().df["name"] asc()).show()

| 19| Justin|
|nulL [Michael |

it +

( Sparkgm £ fiti(Pythonhi) )



5.6 M\RDD4%#15 % DataFrame

5.6.1 F) FH s S WL HE T RD DS 2
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5.6.1 FI| A & ETHHIHEETRDDIR I\

1E“/usr/local/spark/examples/src/main/resources/”H=x% T, AN
SparkZ 258 B i BB Z s people.txt, HABFI T

Michael, 29
Andy, 30
Justin, 19

WAE E A people.txthn & 2] N A7+ A i —DataFrame, FH-7H)H
)
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} 2 STHLHI HERTRDDA= I\

>>> from pyspark.sql import Row

>>> people = spark.sparkContext.\

... textFile("file:///usr/local/spark/examples/src/main/resources/people.txt").\
... map(lambda line: line.split(",")).\

... map(lambda p: Row(name=p[0], age=int(p[1])))

>>> schemaPeople = spark.createDataFrame(people)

#L I 9lm INy  4 Re At T A AR A

>>> schemaPeople.createOrReplaceTempView("people™)

>>> personsDF = spark.sgl("select name,age from people where age > 20")

#DataFrameH' &AL R A2 —17I0%, HEnameflagei B, 737l H
p.nameAflp.agek KB E

>>> personsRDD=personsDF.rdd.map(lambda p:"Name: "+p.name+ ","+"Age:
"+str(p.age))

>>> personsRDD.foreach(print)

Name: Michael,Age: 29

Name: Andy,Age: 30
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5.6.1 | A & 53 ¥ F3ERTRDDIR I\,

“Michael,29”

“Andy,30”

“Justin,19”

(Sparkm 27 fiti(Pythonfik) )

[ “Michael” , “297 ]

[ “Andy” ' {(30” ]

[ “Justin” , “19” ]

map(lambda Iine:lline.split(“,"))

FE IR ENEEE R

=int(p[1])))

p[0], age

Row( “Michael” ,29)]

Row( “Andy” ,30)

Row( “Justin” ,19)

map(lambda p: Rovi(name




5.6.2 (£ A%z N E X RDDIRT

ATCVASE IR AN B S5 M, U ZER g A2 7 2 X RDDAR (.

tban, IAE R EE i gmAE 7 it people.txtina it >k A Al
DataFrame, Jf5¢(SQLE M,

FLb. filfE “&k”

H3d. U RKT M

name age “RAICR” PHEL
Paxale W i = 13 N 2”»
%2”: FFIJ,VE %EPE'(JIE% “Michael}} 29
“Michael” 29
“Andy” 30
“Andy” 30 e
“Justin 19
“Justin” 19

& IS gw s 7 1€ X RDDR U SEalid A2
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>>> from pyspark.sql.types import *

>>> from pyspark.sqgl import Row

# TR “3R3k”7

>>> schemasString = "name age"

>>> fields = [StructField(field _name, StringType(), True) for field_name in
schemasString.split(" "]

>>> schema = StructType(fields)

# NHAR “ R

>>> [ines = spark.sparkContext.\

... textFile("file://lusr/local/spark/examples/src/main/resources/people.txt")
>>> parts = lines.map(lambda x: x.split(","))

>>> people = parts.map(lambda p: Row(p[0], p[1].strip()))

# A Rk A SRRl PREE R

>>> schemaPeople = spark.createDataFrame(people, schema)

T ARARES IR — T
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5.6.2 (£ A%z N E X RDDIRT

“Michael,29”

“Andy,30”

“Justin,19”

[ “Michael” , “29” ]

[ “Andy” , “30” ]

[ “Justin” , “19” ]

parts = Iines.maptlambda x: x.split(","))

(Sparkm 27 fiti(Pythonfik) )
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Row( “Michael” , “29” )]

ROW( “Andy” ’ “30” )

Row( “Justin” , “19” )

parts.map(lambdalp: Row(p[0], p[1].strip()))

people




IRz H N E X RDDFRT

AT Ml I R A2 T A v 4

>>> schemaPeople.createOrReplaceTempView("people")
>>> results = spark.sgl("SELECT name,age FROM people")
>>> results.show()

S S +--—+

namelage|

S p—— +--—+

Michael| 29|

Andy| 30|
Justin| 19|
S p— +--—+
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5.7 (£ Spark SQLIZ B #IEE

Spark SQLR] DL fParquet. JSON. Hives&#y
PR, I H AT DL JIDBCE R M IR

5.7.1 4% TAE
5.7.2 SEUMySQLEE 2 15
5.7.3 [MMySQLZEE 5 N\ E4E
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B S R TR EE LR S MR EE  Ubuntu# 3%
MySQL ) , ZELINUXR SR+ 2 IFMySQLE R
ZUREH L. http://dblab.xmu.edu.cn/blog/install-mysqgl/

o

SRAMIERE

A £ BB £ E A
EEgERnERIE100A%
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fELinuxH 5 I MySQLE HE FE

$ service mysql start
$ mysql -u root -p
# T e N VR N R

B\ THI SQLIE 1 58 A 2 AR I B2 -

mysql> create database spark;

mysqgl> use spark;

mysql> create table student (id int(4), name char(20), gender char(4), age int(4));
mysqgl> insert into student values(1,'’Xueqgian','F',23);

mysqgl> insert into student values(2,'Welliang','M',24);

mysqgl> select * from student;

(SparkZw 3L Ati(Pythonfii)) B k22



« N EMySQLIJIDBCIKENEST, Lt imysgl-connector-
java-5.1.40.tar.gz

HZ UK FE 7 $5 Dl Blspark ) %3 H 3k
/usr/local/spark/jars” i

*J5 Bl pyspark

$ cd /usr/local/spark

$ ./bin/pyspark
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1SEENMYS QL HE ZE = BV 1 35

L -
L -

>>> jdbcDF = spark.read \
format("jdbc") \
.option("driver","com.mysql.jdbc.Driver") \
.option("url", "jJdbc:mysql://localhost:3306/spark™) \
.option("dbtable", "student") \
.option("user", "root") \
.option("password", "123456") \

Joad()

>>> jdbcDF.show()
S S S — S —

id| name|gender|age|
S S S S— S —
1| Xueqgian| F| 23|
2|Welliang| M| 24|
S S S S— S —
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5.7.3 EIMySQLZ

EMYSQLEHE FEF I | — DN AR Nspark ) Bdis 2, FHaIEE 1
— A& FR Astudentfr) %
flad s, &F — MIRENE:

mysql> use spark;
Database changed

mysql> select * from student;

1 | Xuegian
2 | Wweiliang
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5.7.3 AMySQLEE S A KR

IAE T 169w B2, {Fspark.studentZ thifi AP 451

L -
Ay

#!/usr/bin/env python3

from pyspark.sgl import Row

from pyspark.sqgl.types import *

from pyspark import SparkContext,SparkConf
from pyspark.sgl import SparkSession

spark = SparkSession.builder.config(conf = SparkConf()).getOrCreate()

# M E B E R

schema = StructType([StructField("id", IntegerType(), True), \
StructField("name", StringType(), True), \
StructField("gender", StringType(), True), \

StructField("age", IntegerType(), True)])
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5.7.3 [EIMySQL##E &=

1t
Ir
o
e

# N E MW FEE, R P2 AERER
studentRDD = spark \

.sparkContext \

Jparallelize(["3 Rongcheng M 26","4 Guanhua M 27"]) \
.map(lambda x:x.split(" "))

# 1 H B Rows &, FE4NRowit] &4l rowRDDH ) —4T
rowRDD = studentRDD.map(lambda p:Row(int(p[0].strip()), p[1].strip(),

p[2].strip(), Int(p[3].strip())))

#1E ST ROWN GRIARE 2 TR (RIXS MR 2R, Bt AR AR U] B ke ok

studentDF = spark.createDataFrame(rowRDD, schema)

#E NEHE

prop = {}

prop['user'] = 'root'

prop['password’] = '123456'

prop['driver'] = "com.mysql.jdbc.Driver"
studentDF.write.jdbc("jdbc:mysql://localhost:3306/spark”,'student’,'append’, prop)
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5.7.3 [EIMySQLEIEES NE1E

%_
9
x
X
©
e
Q
S
s
g
"3 Rongcheng M 26" c ['3","Rongcheng","M","26"]
_>
"4 Guanhua M 27" ['4","Guanhua","M","27"]

rowRDD = studentRDD.map(lambda

p:Row(int(p[0].strip()), p[1].strip(),
p[2].strip(), int(p[3].strip())))

\/

Row(3,"Rongcheng”,"M",26)

Row(4,"Guanhua","M",27)
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5.7.3 [EIMySQLEHEES N EE

AT LE— TR, BEMySQLEIE ZF 4 ¥ spark.student
®RAETH A

mysql> select * from student;
S S S ——— S S +
| iId | name | gender | age |

S S S ——— S S +
| 1| Xueqian | F | 23 |

| 2 | Welliang | M | 24 |

| 3| Rongcheng | M | 26 |

| 4 | Guanhua | M | 27 |

S p— S R —— S S +
4 rows Iin set (0.00 sec)
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