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1 year of Flink - code
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16 Apr 2014
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What is Flink

DataStream
DataSet (Java/Scala/Python) Java/Scala

Streaming dataflow
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Hadoop M/R

runtime




Native workload support g"

Machine Learning at
scale-, .

Long batch -
pipelines _/ sspe==

Streaming
topologies

OW can an engine natively support all these workloads?
And what does "native" mean?
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E.g.: Non-native
. .

for (inti= 0;i< m axFeratons; #+ ) {

}

// Execute M apReduce pb




E.g.: Non-native
Streaming

w hile (true) {
//getnext few records
// issue batch job

}




Native workload support g"

Heavy -

= Machine Learning at
batch jobs /' serees 9

scale, ,

Streaming
topologies

How can an engine natively support all these workloads?
And what does native mean?
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Flink Engine

1. Execute everything as streams

2. Allow some iterative (cyclic)
dataflows

3. Allow and handle (mutable) state

4. Operate on managed memory



Program compilation pi=

case class Path (from : Long, to: Long)
valtc = edges.iterate(10) {
paths:DataSet[Path] =>
valnext= paths

.Join(edges)
where("t0")
.equallo("from ") {
(path, edge) =>

Path (path.from , edge.t)
}

.unin(paths)
distinct()

}next Pre-ﬂlght (C“ent)
Program

Dataflow
Graph

deploy

S

intermediate

results
Master




Flink by Use Case



streaming dataflows

Data Streaming Analysis



3 Parts of a Streaming Infrastructure ..

Server Logs
Sensors
Transaction
logs

Gatherin

Broker Analysis

9
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3 Parts of a Streaming Infrastructure ..

Server Logs

Sensors

O—0 II
O— _
Gkatka e

Broker Analysis

Transaction
logs .

Result may be fed back to the broker
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Cornerstones of Flink Streaming ..

" Pipelined stream processor (low
latency)

" Expressive APIs

" Flexible operator state, streaming
windows

" Efficient fault tolerance for streams
and state.
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Pipelined stream processom"

Complete pipeline online
concurrently

_______

-----
—-_——

source tokenizer window count

Streaming
Shuffle! b



Expressive APIs g

case class Word (word: String, frequency: Int)

DataSet API (batch):

val lines: DataSet[String] = env.readTextFile(...)

lines.flatMap {line => line.split(" ")
.map(word => Word(word, 1))}
.groupBy("word") .sum("frequency")
print()

DataStream API (streaming):

val lines: DataStream[String] = env.fromSocketStream(...)

lines.flatMap {line => line.split(" ")

.map(word => Word(word,1))}
.window(Time.of (5, SECONDS)).every(Time.of (1, SECONDS))
.groupBy("word") .sum("frequency")

.print()
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Windows
e

Delt
groupby sf 4 groupby | Tumbling
5% —> 30 sec
arice window
N

case class Count(symbol: String, count: Int)
val defaultPrice = StockPrice("", 1080)

//Use delta policy to create price change warnings

val pricelarnings = stockStream.groupBy("symbol™)
.window(Delta.of(©.85, priceChange, defaultPrice))
.mapWindow(sendWarning _)

//Count the number of warnings every half a minute
val warningsPerStock = priceWarnings.map(Count(_, 1))
.groupBy (" symbol™)
.window(Time.of(3@, SECONDS))
sum("count™)

More at: http://ﬂink.apache.org/news/ZO15/02/09/streaming-example%tml



Checkpointing / Recovery g

Operator checkpoint

Pushes checkpoint barriers starting

through the data flow

b@rrier 0
------------ Data Stream-—— @

{ _ checkpoint in
After barrier =iBefore barrier = progress \

Not in snapshopart of the snapshot
(backup till next snapshot)

Chandy-Lamport Algorithm for consistent asynchronous distributed snapshots
18



Batch on Streaming

Long batch pipelines



Batch Pipelines
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Batch on Streaming l.

" Batch programs are a special kind of

Finite Streams

streaming program

Infinite
Streams

DETNeq
Blocking

-

Pipelined
Data Exchange

Stream <:> .
Windows Global View

Streaming Programs Batch Programs
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Batch Pipelines

Some operators block (e.g. sorts / hash tables) 29



Operators Execution

WebLogAnalysis Example

Scheduled: 10/4/2014 6:30:03 PM
Runtime: 1 sec 265 msecs
Status: FINISHED
[ | ]
9999 | | SCHEDULED FINISHED
9 DataSource ([(url_O,dolor ad amet enim laoreet nostrud veniam aliquip ex nonummy ¢
8 DataSource ([(url_2,2003-12-17), (url_9,2008-11-11), (url_14,2003-11-5), (url_46,201
7 DataSource ([(30,url_0,43), (82,url_1,39), (56,url_2,31), (96,url_3,36), (31,url_4,36), (29.,u
6 CHAIN Filter (org.apache flink.examples.java.relational. WebLogAnalysis$FilterDocByKeyV
5 CHAIN Filter (org.apache.flink.examples.java.relational. WebLogAnalysis$FilterVisitsByDate) -> Map (Project
4 Filter (org.apache flink.examples.java.relational WebLogAnalysis$FilterByRank)
3 Join(org.apache flink.api.java.operators..
2 CoGroup (org.apache.flink.examples.ji
1 DataSink(Print to
600 700 800 900 0 100 200 300 400 500 600 700 800 900
18:30:03 18:30:04
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Memory Management
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Memory Management
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Smooth out-of-core performance ..

12

10

8
4 | -
2 -
D = T T T T T T T T T
1 2 3 4 5 6 7 8 9 10 11 12

Size of build side input in GB

Execution time in minutes
[ua]

Blue bars are in-memory, orange bars (partially) out-of-cot

26
t: http.//flink.apache.org/news/2015/03/13/peeking-into-Apache-Flinks-Engine-Room. htm/



Table API =

valcustom ers = envreadCsvFile(.. ).as('id, m ktSegm ent)
Jfier("m ktSegm ent= AUTOMOBIE")

valorders = env.readCsvFie(.. )
fiter(o=> dateFom atparse(o.ordem ate).before(date) )
as("orderd, custld, orderD ate, shppPrio")

valitem s = orders
Join (custom ers)w here ("custld = ")
Join (Uneitem s)w here("orderk = ")
select("orderd, orderD ate, shipPrio,
extdPrice * (Lteral(l1 Of) —discount) as revenue")

valresult= item s
groupBy("orderld,order ate, shipPrio")
select('orderd, revenue.sum ,orderD ate, shipPrio")

27



lterative data flows

Machine Learning
Algorithms



Iterate by looping

________
-

-

-

-
-
—————
- e
______
‘‘‘‘‘
Rd

—>| Step

Step

= for/while loop in client submits one job per
iteration step

= Data reuse by caching in memory and/or disk

29



terate in the Dataflow "

> Step Function Iteration R&sult>

2

Next Partial Solution -o
O [ w

Iteration Input

v

Iterate




Example: Matrix Factorization ..

% 900 13 hours
8
é 800
1= I > 700
Factorizing a matrix 2 F——
. S to large nodes
th 500
WI £
28 Dbillion ratings for 0
recommendations S
0 5000 10000 15000 20000 25000 SDCIIDD
Number of enties (million)
Item
W X Y Z W X Y Z
A 4.5 20 Al12o0.s 15 1.2 10| 08
5 = 35 ) e - = e
EC 5.0 20 ~ Clisio X
s 35 4010 . =
Rating Matrix Muaster:-x IVII‘;?I:?X

> at: http://data-artisans.com/computing-recommendations-with-flink.htmi;



Stateful Iterations

- LW Y EWAE



Iterate natively with state/deltas ..

Initial
Workset

Initial
Solution Set

Next Workset
~ N

Step Function

2 )
— Update

Solution L Solution Set

Set

Iteration Result

———
Delta lterate

>
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Effect of delta iterations...

# of elements updated

45000000

40000000

35000000

30000000

25000000

20000000

15000000

10000000

5000000

iteration



... fast graph analysis

Time (minutes)
o) (o))
o o

I
o

30 -

20 -

10 -

30 iterations

61 iterations and 30 iterations of
PageRank on a Twitter follower
graph with Hadoop MapReduce
and Flink using bulk and delta
iterations

61 iterations

Hadoop Flink bulk Flink delta

More at: http.//data-artisans.com/data-analysis-with-flink.html
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Closing



Flink Roadmap for 2015 =

Some highlights that we are working on

More flexible state and state backends in
streaming

Master Failover

mproved monitoring

ntegration with other Apache projects
* SAMOA, Zeppelin, Ignite

More additions to the libraries

37



BERLIN 12/13 0CT 2013
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flink.apache.org
@ApacheFlink




Backup



Flink community

120 #unique contributor ids by git

commits
100

80 -

60 -

40 -

20-

O T T T T T T T T 1
Aug-10 Feb-11 Sep-11 Apr-12 Okt-12 Mai-13 Nov-13 Jun-14 Dez-14 Jul-15



What is Apache Flink?

ETL, Graphs,
Machine Learning
Relational, ...

Kafka, RabbitMQ, ... Low latency,

windowing,
aggregations, ...

Historic data

HDFS, /DBC, ...



Cornerpoints of Flink Design"

Flexible Data Robust Algorithms on
Streaming Engine Managed Memory

[] No OutOfMemory Errors
= Scales to very large JVMs
= Efficient an robust processing

- Low Latency Steam Proc.
= Highly flexible windows

High-level APIs, Pipelined Execution
beyond key/value pairs of Batch Programs
- Java/Scala/Python - Better shuffie
(upcoming) > Besfesmnovedy large
/ 18% Imiz groups
Active Library Development Native Iterations
> Graphs / Machine = Very fast Graph
Learning Processing .
= Stateful-lterations-for-ML

=2 Streaming ML (coming)



Defining windows in Flink gt*

" Trigger policy

* When to trigger the computation on current window
" Eviction policy

* When data points should leave the window

* Defines window width/size
" E.g., count-based policy

* evict when #elements > n

* start a new window every n-th element

* Built-in: Count, Time, Delta policies

44



Streaming checkpoints



Source 1: 6157 Souroe 1:

Source 2: 4583 Souroe 2: ’
Source 3: GLEB Houroe J-:.rf
Source 4: 5334 Source -l.:
- ==
- . L
Ack. with position »

6791
Emit stream barriers

Current position: 6791 Current position: 6791
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Source 1: 6157 Source 1: 6791 Source 1: 6157 Source 1: 6791 \.‘
Source Z: 4983 Source I: 3484 Source £: 4983 Source Z: 5484 ‘l
Source 3: 61B8 Source 3: 6222 Source 3: 6183 Source 3: 6222 l.
Source 4: 5E34 Source 4: &010 Source 4: SB34 Source 4: 6010 :
I
]
A ]
[] 1
1 ]
" i !
Operator received barrier, Starts writing = Operator acknowledges F |
at each input Sna pEI-'_':'t of its after writing finished r I
state to persistent storage - ‘,'
- i
[
. ]
S~ Emits next barrier ,'
Current position: 7313 j-'
]
I
]
]
[
[
]
¥
7
#

Current position: 7156

Sink acknowladges

checkpoint after
receiving all barriers
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Program optimization



A simple program

orders = ..
lneitem s = ..

fiteredO rders = orders
fier(o => dataFom atparse(LshipDate).after(date))
fier(o => o.shipPrio > 2)

linettem sO fO ders = fieredO rders

Join (Uineitem s)
where (“orderld”).equalio ("orderHd”)
apply((o,)=> Selectedtem (0.orderDate, LextdPrice))

priceSum s = lineitem sO fO rders
groupBy (“ordeMate”).sum (“LextdPrice”);

49



Two execution plans .

sort L sort |
thhl-p;r_t ‘ [

< [ 17 )
o depends on |
oin :

Hybrid Hash relative
—— sizes of
buildHT prob input files buildHT prob
- broadcast forward ~ hash-part [0] hash-part [0]

DataSource
lineitem.tbl

DataSource
lineitem.tbl

50

Filter Filter

DataSource
orders.tbl

DataSource
orders.tbl




Examples of optimization g"

" Task chaining
* Coalesce map/filter/etc tasks

" Join optimizations
* Broadcast/partition, build/probe side, hash or sort-
merge

" Interesting properties
* Re-use partitioning and sorting for later operations

* Automatic caching
* E.g., for iterations

51



Visualization

52



Visualization tools

Filter (ID = 4)
...ogAnalysisSFilterDocByKeyWords

Parallelism: 16
Driver Strategy: FlatMap

Map (ID = 3)
Projection [0]

v

Data Source (ID=7)

.36), @9.un_56), (33,5, [~ "o iy

;Parallelism: 1

Data Source (1D = 10)
...009-2-16), (url_14,2004-11-), |

Parallelism: 1

Parallelism: 16
Diriver Strategy: Map!

Filter (ID = 6€)
...al. WeblogAnalysisSFilterByRank

Parallelism: 16
Driver Strategy: FlatMap

- Forwand |;-

Join (ID =2)
...erator$ProjectFlatJoinFunction

Parallelism: 16
Driver Strategy: Hybrid Hash (build: Projection [Of)

Filter (ID = 9)
...LogAnalysisgFilterVisitsByDate

Parallelism: 16
Diiver Strategy: FlatMap

Map (ID = 8)
Projection [O]

Parallelism: 16

Drriver Strategy: Map

CoGroup (ID =1)
....WebLogAnalysis$AntiJoinVisits

Parallelism: 16
Driver Strategy: Co-Group

Farward,
Sort an J1:ASC]
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Visualization tools

WebLogAnalysis Example

Scheduled: 10/4/2014 6:30:03 PM
Runtime: 1 sec 265 msecs
Status: FINISHED
9999 | | SCHEDULED FINISHED
9 DataSource ([(url_O,dolor ad amet enim laoreet nostrud veniam aliquip ex nonummy ¢
8 DataSource ([(url_2,2003-12-17), (url_9,2008-11-11), (url_14,2003-11-5), (url_46,201
7 DataSource ([(30,url_0,43), (82,url_1,39), (56,url_2,31), (96,url_3,36), (31,url_4,36), (29.,u
6 CHAIN Filter (org.apache flink.examples.java.relational. WebLogAnalysis$FilterDocByKeyV
5 CHAIN Filter (org.apache.flink.examples.java.relational. WebLogAnalysis$FilterVisitsByDate) -> Map (Project
4 Filter (org.apache flink.examples.java.relational WebLogAnalysis$FilterByRank)
3 Join(org.apache flink.api.java.operators..
2 CoGroup (org.apache.flink.examples.ji
1 DataSink(Print to
600 700 800 900 0 100 200 300 400 500 600 700 800 900
18:30:03 18:30:04
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Visualization tools

4 | Filter (org.apache.flink.examples.java.relational.WebLogAnalysis$FilterByRank) |
3 Join{org.apache flink.api.java.operators..
2 CoGroup (org.apache.flink.examples.ji
1 DataSink(Print to
* Q ® -
600 700 800 900 0 100 200 300 400 500 600 700 800 900
18:30:03 18:30:04

CoGroup (org.apache.flink.examples.java.relational.WebLogAnalysis$AntiJoinVisits)
localhost_3 [I deploying | running |
localhost_2 H deploying | running |
localhost_1 I deploying | running |
localhost_0 ‘ deploying running |

500 550 600 650 700 750 800 850 900
18:30:04
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