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Kepler is a Scientific Workflow System

o~ Kepler

e www.kepler-project.org
ae-—
* Across-project collaboration Builds upon the open-source
... Initiated August 2003 Ptolemy Il framework

e 2.5 about to be released

Ptolemy II: A laboratory for
investigating design

KEPLER: A problem-solving
environment for workflow
management

KEPLER = “Ptolemy IT + X" for
Scientific Workflows
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Kepler was applied to problems in different scientific
disciplines: some here anc many more...
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SO,
how can we use Kepler
workflows in the
context of big data
applications?

... While coupling all scales computing
computing within a reusable solution...
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APPLICATION-SPECIFIC KNOWLEDGE and QUESTIONS

BIG DATA

v
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nvIDIA
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amazon

web services
) Google Cloud Platforn

ON-DEMAND COMPUTE

Allows for data-enabled decision making at scale, using statistics, data
mining, graph analytics, but also computational science methods.

Requires support for experimental work by a
multidisciplinary group of experts and dynamic
scalability on many platforms!
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“Big” Data Engineering Computational “Big” Data Science

Find data Clean data Interpret results
Access data Integrate data Analyze data Summarize results
Acquire data Subset data Process data Visualize results

Move data Pre-process data Post-process results
ACCESS MANAGE ANALYZE REPORT
Build [

Many ways to look 1
at the process...

_ Explore [
not every step is
l > Report
automatable!
Scale
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Build Once, Run Many Times...

* Big data workflows should support experimental
work and dynamic scalability on many platforms

e Scalability based on:
— data volume and velocity
— dynamic modeling needs
— highly-optimized HPC codes

— changes in network, storage and computing
availability
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Scalability in Workflow

Task?
Task1 < > Task4
Task3

Finished Running Waiting

(a) Task-level scalability

| | |
input | @ @@ ® = = '
Data | @ Task1 » Task2 » Task3
Set
@ Running Waiting Waiting
(b) Data-level scalability
Input @
DZta @ ® Taskl |—» ® Task2 —»IG) Task3
Set
@ Running Running Running

SDbk_ (c) Pipeline-level scalability W
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Big Batch Data Application Examples

ORF_finder —)| ORFs
> Metagene LT—J
| CD-HIT, 90~95% 1D |

Non- redundant

Raw reads from Reads with

multiple
metagenomes

Pre-process

filtering [CD-HIT-EST, 95% ID| ORFs HMMER
1T il HMMERHEAD
T { RPS-BLAST

tRNA-scan Read [€D-HIT, 60 or 30% ID]
ﬂ' See Jﬂr Protein family
—— = s
—— Protein Annotation
m families

I Further analysis and metagenome comparison and visualization I

RAMMCAP: Rapid Analysis of Multiple Metagenomes with Clustering and Annotation

Local Learner Master Learner
4> lit :
; EVSSZtiIO}Ill & Data Local Master Final
Big By iniei — Quality > Ensemble > | Ensemble > BN
Ll P - Evaluation Learning Learning Structure

BNL: Big Data Bayesian Network Ensemble Learning
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Characteristics of the Big Data Applications

Data Size Tasks Computational
Requirements

RAMMCAP 7714 millionreadsand 12 Some are computation
much more with next bioinformatics intensive; some are
generation sequencing  tools memory intensive.

(NGS) techniques
All run on one node

10~100 GB
BNLA 5~ 100 million records 3 programs Run on one node
10~1000 GB written in R

Goal: How to easily build efficient Big Data applications?
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Distributed-Data Parallel Computing

* Aparallel and scalable programming model for
Big Data

— Input data is automatically partitioned onto multiple
nodes

— Programs are distributed and executed in parallel on
the partitioned data blocks

7 N . N
MAP MapReduce REDUCE
S o Move program
i to data!
m—h:"[‘:‘g'; http://www.lsr':::fs:pff:oerrzz.eu/proiects/
ﬂ"_’:‘ _-_g E Stratosphere/wiki/PactPM
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Distributed Data-Parallel (DDP) Patterns

Patterns for data distribution
and parallel data processing

* A higher-level programming model
— Moving computation to data
— Good scalability and performance acceleration
— Run-time features such as fault-tolerance
— Easier parallel programming than MPIl and OpenMP

p
COGROUP

. <——~l3l3 _____________
N} Il
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Some Available Big Data Patterns
(a.k.a., Distributed Data-Parallel Patterns)
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COGROUP

The executions of the
patterns can scale in
distributed environments

The patterns can be applied
to different user-defined
functions

Images from: http://www.stratosphere.eu

W(rDS

Center



Scalability across platforms...

Process

Purpose

—

Platforms
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/ Hadoop \/ Spark \

* Open source * Fast Big Data Engine
implementaﬁon of — Keeps data in Mmemaory as
MapReduce much as possible

e Resilient Distributed
Datasets (RDDs)

— Evaluated lazily

e A distributed file system
across compute nodes

(HDFES) .
— Keeps track of lineage for
— Automatic data partition fault tolerance
— Automatic data replication * More operators than just
e Master and workers/slaves Map and Reduce
architecture e Canrunon YARN (Hadoop
* Automatic task re-execution v2)
&)r failed tasks /k /
SDSC WOrDS
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The scalable Process should be Programmable!
®

People

?

Process

Purpose
>— Programmability
. e A— Reusable and reproducible
| = L ) programming interfaces to
ot R ‘.?;_"_{’_f'}}“.*xf.".msusu__m~‘é: systems middleware, analytical

tools, and end user&reporting

Platforms | environments.
JrDS
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Challenge Analysis

* How to easily apply the Big Data Patterns in a
workflow?

* How to parallelize legacy tools for Big Data?
* How to pick pattern(s) each specific task/tool?

* How to run the same process on top of
different Big Data engines, such as Hadoop,
Spark and Stratosphere (Apache name: Flink)?
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Support Big Data Patterns in Kepler

 We define a separate DDP (Distributed Data-
Parallel) task/actor for each pattern

* These DDP actors partition input data and
process each partition separately

e User-defined functions are described as sub-
workflows of DDP actors

 DDP director: executes DDP workflows on top
of Big Data engines
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RAMMCAP in
Kepler Workflow System

SDF Director

@ ParalleINum: 4 @ queryReadsDir: /home/test/input/queries

metagene.pl
Query Read Dir

> $queryReadsDir .| orfSequenceFile i

. Parallel execution of the DDP
rpsblast_pl_for_COG SuU b-WO rkﬂ OWS

referenceName . - . I
refer
tRNAscan-SE.pl RNA_parse.pl EXIStlng aCtorS Can eaSI y
e, . “ﬁ“b'“‘-"'-f°’-"°° reused for new tools
maskedInputFile ueryDir alighmentDir
referenceName referenceName-Lfam"Vcou"(Table

. classCountTable
cd-hit

\ Emteinguenceﬁle.-l clusterFile

(a) Top-level Workflow

Visual programming

MapInput Pre-Processing

DDP Director Local Program Execution

DDPDataSource Map .
port DDPDataSink

»>— D%

i ) SDF Director MapOutput
———————(b) Sub-workflow for tRNAscan-SE Create Map outputs out-
{{key="", value=""1} *—'_.__'-

(c) Sub-workflow for Map
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Kepler Workflow for Bayesian Network
Learning Application

DDPDirector
SDF Director
Input il Data Evaluation
SinputData
“ T M mPath DDPDataSource
- partitionPath Reduce
Input Partition Path W hi— DDPDataSmk
inputPartt
[% SinputPartitionPath ) p dtam—— out
@ Toeell Big Data actors and non Big Data actors work >z[’ -
seamlessly within a workflow through flow
SDF Director ) . .
@) hierarchical modeling
inputFilelndex w inputPath
i *&:m substring(0, in.length()-4) ) _ i
| -
» LocalLearner ReduceQutput
inputfl mapQutput MapOutput — : reduceo_mpm . o
3 filePath.substring(5) ) ) [ key=" vae="1} .'0”"‘ resultPath b {{key=", value="1} )
outputDir " _J masterLearnerResultDir |

¢) Sub-workflow for Ma g - S
SIS D
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Legacy Tool Parallelization for Big Data

* Black-box approach (we use this approach)
— Run a tool directly
— Wrap the tool with Big Data techniques
— Can quickly convert a tool into a parallelized one

 White-box approach

— Investigate the source code of a legacy tool and try
to re-implement it using Big Data techniques

— Time-consuming
— Often tightly-coupled with specific Big Data engine
— Could find more parallel opportunities

SDSC WG rDS
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Performance Factors of Legacy Tool
Parallelization

* Data partitioning

— By default, data is partitioned to 64 MB blocks in
Hadoop

— Load balancing is more important because legacy tool
execution can take a long time even with small input

e Data size for each legacy tool execution

— New Big Data analytics applications often try to
process minimal input data for each execution

— Because of legacy tool execution overhead,
performance is better if each execution processes
relatively large input

SDSC WG rDS
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Experiments on Performance Factors

16

o
-

O 80 cores O Workflow Performance with Different Sequence Numbers Per Execution

O 64 cores

A 48 cores o E\
A

These findings can be used to analyze the
best configuration for a Big Data application

14

Total Execution Time (minutes)

o —
- S
S -
(0]
i
S
o | '9 7
< -
0 o -
T T T T T T T I T T T
20 30 40 50 60 70 80 4.0 4.5 5.0 5.5
Data Partition Number Sequence Number Per Execution (Log)
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Big Data Pattern Selection

e A Big Data task could often be executed using
different Big Data patterns

* CloudBurst is a parallel mapping tool in
bioinformatics implemented using MapReduce

* We re-implement CloudBurst using MapCoGroup and
MapMatch and find they are easier to build

* Our analysis and experiments show no pattern is
always the best in terms of performance
 Performance depends on input data characteristics
— The balance of the two input datasets
— The sparseness of the values for each key

SDSC WG rDS
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Kepler Workflow for CloudBurst
Application

SDF Director

Input dir

@ exeChoice: MapCoGroup

Execution Choice For CloudBurst

outputrile  Display

DDPDataSource DDP Director

Map for Query

qryPath

D

Match
DDPDataSource2

SDSC
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(b) Using MapReduce for CloudBurst

outputPath

refPath Map for Reference DDPDataSink
trigger, it
(a) Top-level Workflow <;tpiath!—t
(c) Using MapMatch for CloudBurst
DDP Director —— S0P Direct
ataSource Map for Query irector
Path
) ~_DDPDataSource qryra @
inputDir
CoGroup
DDPDataSink | | afpath DDPDataSource2 vy, ; for Reference ]——DDPDataS'"k :
ou

outputPath ’

(d) Using MapCoGroup for CloudBurst
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Execution Choices for CloudBurst
Application

EShnred Options = MapCoGroup  MapMatch MapReducej

program: Is

Input File Parameters

inputDir: SHOME
inputFile (-i): SinputDir/ExecutionChoice.inputFile

Output File Parameters
checkOutputTimestamp: [#

outputDir: SHOME |
outputFile (>): SoutputDir/ExecutionChoice.outputFile |
Parameters

additionalOptions: | |

e e e e e e e e ey e e e ey e e e o e

MapMatch :
MapCoGroup ir
I

—————————————— Available Execution Choices -~ ————————————~—
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Big Data Process Execution

e Adaptability: Our DDP director can run the same
process/workflow on different Big Data engines

* The director transforms workflow into jobs
pased on each Big Data engine’s specification

* For Hadoop, CoGroup, Match and Cross

natterns are not supported directly. The director
converts them into MapReduce jobs

* Consecutive Map patterns are automatically
merged before execution to improve
performance

SDSC
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Engine Configuration of DDP Director

Edit parameters for DDPDirector

jobArguments: | |
configDir: | |
writeSubWorkflowsToFiles: |

includejars:

displayRedirectDir:

degreeOfParallelism: 1

startServerType: defawlt . ____x_
lengine: default |v] :
masterHostandPort: |
InumSame)VMWorkers: E Hadoop ] :
:class: [( Spark ‘ |
| Stratosphere |

_____________ Available Engines 2

SDSC >3rDS

SAN DIEGO SUPERCOMPUTER CENTER - Center



Overhead Experiments

o _
" W Execution Time < W Execution Time
B Kepler OverHead B Kepler OverHead
(o0} AN
=N w
() [0}
2 E
£ E 2
() g ] ()
= £
= = @7
C c
8 k<)
x x
i w
g g7
2o =
o
N —
o
o~ o -
MapReduce MapMatch MapCoGroup MapReduce MapMatch MapCoGroup
Kepler overhead for CloudBurst application Kepler overhead for CloudBurst application
with small input data with large input data
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Conclusions

* Usability/programmability

— Easy Big Data application construction through visual
programing

— The same Big Data application can execute on
different Big Data engines by the DDP director
* Execution optimization

— The findings on legacy tool parallelization and Big
Data pattern selection can help optimal execution

— The additional layer for workflow system brings
minor overhead
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More Research Challenges

* End-to-end performance prediction for Big Data
applications/workflows (how long to run)
— Knowledge based: Analyze performance using profiling
techniques and dependency analysis

— Data driven: Predict performance based on execution
history (provenance) using machine learning techniques

* On demand resource provisioning and scheduling
for Big Data applications (where and how to run)

— Find the best resource allocation based on execution
objectives and performance predictions

— Find the best workflow and task configuration on the
allocated resources
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Questions?

WorDS Director: llkay Altintas, Ph.D.
Email: altintas@sdsc.edu
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