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Dynamic & Adaptive Workflows

Discovery (LEAD) project

Weather & Severe Storm Prediction
Applications

Dynamic: Structure & Semantics of
workflow may change due to external
events. E.g. detection of a hurricane
during run may trigger another workflow,
or steer current workflow’s direction

Adaptive: How & where the workflow
executes is determined at runtime
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Provenance Collection: Challenges & Uses

Provenance on workflow (process) & data
products at fine granularity

Dynamic, Long running workflows

Helps scientists to

m Select workflows & data products
= Build workflows

= Track workflow execution

= Analyze data products from runs
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Karma Provenance Framework
Lightweight - do not duplicate available
metadata cataloging effort
= myLEAD personal metadata catalog
m ResCat service & data registry
Glue to integrate metadata on data &

services with runtime workflow
information

Scalability - 500 users, 100’s of
workflows, 10,000’s of data products

[1] A Survey of Data Provenance in e-Science, Simmhan, Y., et al.; SIGMOD Record, 34(3) 2005
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Karma Architecture?

Query for Workflow, Process,
& Data Provenance

Karma Provenance Service

Provenance Provenance
Listener Query API
Subscribe & Listen to

Activity Notifications

Provenance
Browser Client

s = WS-Messenger
() Message Bus Ws-Eventing Service AP Notification Broker
Workflow-Started &
Publish Provenance —Finished Actiyities Application-Started & -Finished,
ctivities as Notifications Data-Produced & -Consumed
Workflow Activities
Engine
e 9 Sy
- Orchestration "~.

¥ Service @ Service

10P/10C 10P

Workflow Instance
10 Data Products Consumed & Produced by each Service

[2] A Framework for Collecting Provenance in Data-Centric Scientific Workflows, Simmhan, Y.,
et al., Submitted to ICWS Conference, 2006
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Provenance Performance Study

Come up with workloads to benchmark
scalability of provenance system

Verify scalability of Karma with these
workflow & data loads

Do baseline comparison with another
contemporary provenance system:
PReServ

Monopolize the new compute cluster at
our department ©
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Experimental Setup

Provenance Clients Generate Provenance Provenance Service Components

WS-Messenger
Broker

Karma

MySQL

odinOOl odin064
od|n065 od|n128

Dual-Processor 2.0 GHz 64-bit Opteron Dual-Processor 2.0 GHz 64-bit Opteron,

4GB RAM Query Provenance 16GB RAM, Local IDE disk

Gbps Network

PReServ in Tomcat 5.0,
Embedded Java DB

Karma Service, WS-Messenger Notification Broker, MySQL
PReServ in Tomcat 5.0 container

Tyr web-services cluster (16 Nodes)

Odin computer cluster (128 Nodes)

Gigabit Ethernet, local IDE disk storage

SLURM job manager for parallel job submission on Odin
Java 1.5, Jython
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Collecting Provenance:

Simple “Buﬂdmg block” Wortkflow

(a) “Building-block” Service
10 Data Products each Consumed &
Produced by Service (10C & 10P)

10 Input 71‘;“3’" 10 Output
Data Products Data Products
Single Service Workflow

Simulates consumption of 10 data products as
input & generates 10 data products as output
No I/O or computation other than generating
provenance

Produces 22 Karma Activities (4 notifications) &
four PReServ assertions using Notifier Library
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Time to Record Provenance for Service Invocations

Cum tive Number of Invocations presentin Provenance Service (x22 Karma activities ; x4 PReServ assertions)
1250 3750 7500 12500 18750 26250 35000 45000 56250 68750
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(in Seconds)
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Number of Service Invocations
Total time to record provenance (Y axis) for “building block” setvice as the number of
service invocations per trial (bottom X axis) and the number of provenance records
present with the provenance service (top X axis) increase. Each trial is averaged over 50
iterations. Barring two points, the standard error for all averages are under 5%; it is under
10% for all points.
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Collecting Provenance:
Concurrent Linear Workflows

(b) Linear Workflow with 10 “building—block” Services
100 Data Products each Consumed & Produced by

10P Workilow 10C 10P/10C

10P/10C

Linear workflow composed of “building-block”
services; services run on individual nodes

Consumes & generates 100 data products

No I/O or computation other than generating
provenance

Produces 220 Karma Activities (40 notifications)
& 40 PReServ assertions
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0 4 8 12 16 20 24 28 32 36
Number of Simultaneous Linear Workflows
Times to record provenance for linear workflows with the number of workflows running
simultaneously. Left Y axis bar graph shows the average time over 50 iterations taken by
each workflow to complete as number of parallel workflows increase along X axis. The data
points are labeled with the average time. The right Y axis line graph has the total time for all
50 iterations of each trial to complete and is scaled by30 times the left Y axis. The standard
error for the average workflow time is bcrwecnd unde @
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Collecting Provenance:
Real-world synthetic Workflow

Repeat 10 times (For real workflow,
repeat until prediction satisfactory)

(c) Weather Research & Forecasting (WRF) Workflow
1639 Data Products Consumed &
892 Produced by Workflow
Interpolated Terrain &
Weather data input

16C]

14P  14C 14P 19C 6P 6C

WRF2ARPS ARPS Plot

Image xForm

Data Mining over Transform accepted prediction

Converted Data & WARF predictions & visualize results

configuration files
for WRF 22¢ 14p

Ensemble storm prediction
with different physics
WRF Forecast Simulation Workflow, identical to real-world
Ensemble runs with iteration; services run on individual nodes
Consumes 1639 & generates 892 data products
No I/0O or computation other than generating provenance

Produces 2657 Karma Activities (252 notifications) & 252 PReServ
assertions per run
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Average Time to Record Provenance per WRF Workflow
Total time to Record Provenance for all WRF Workflows

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Number of Simultaneous WRF Workflows

Average and total time to record provenance for WRF workflows running in parallel. Left
Y axis bar graph represents the average time for each WRF run to complete when averaged
over 25 iterations as the number of parallel WRF workflows increases along X axis. The
data points are marked with this average time. The right Y axis line graph shows the total time
for all 25 iterations to complete, and hence is scaled by 25 times the left Y axis. The trial for
20 concurrent workflows using PReServ could not be completed. The standard error for all
averages is below 1%.
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Collecting Provenance:
Increasing Number of Data Products

(b) Linear Workflow with 10 “building—block” Services
250 — 2500 Data Products each Consumed & Produced by Workflow

25-250P/25-250C  25-250P 25-250C 25-250P/25-250C
25-250C] 25-250P

Linear workflow; services run on individual nodes

Consumes & generates increasing humber of data
products: from 25 to 250 per service

No I/O or computation other than generating
provenance

Produces 520—5020 Karma Activities (40
notifications) & 40 PReServ assertions per run
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Number of Input/Output Data Products per Service in Linear Workflow
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Average Time to Record Provenance for Linear Workflow
(in Seconds)
©

03> (2 t t } t
250 500 750 1000 1250 1500 1750 2000 2250 2500
Total Number of Input/Output Data Products in Linear Workflow
Average time to record provenance from linear workflow with increasing data products
involved in each workflow. The average time over 100 iterations is along the Y axis and
labeled at the data points. The lower X axis has the total number of data products involved in
the workflow. The upper X axis has the number of data products produced and consumed by
each service in the workflow, and is scaled to 10 times the lower X axis since there are 10

services in a workflow.
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Querying Provenance

Three types of provenance can be queried

Process provenance

= When was a service invoked & in which WF?
What were its input and output data products

Data Provenance

= What service & WF generated this data product
& when? Which services & WFs use this &
when?

Workflow Trace

= What were all the services invoked in this
workflow & when? What data were consumed
& produced by them?
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Querying Provenance:
Size of Result Set

Response time for fetching increasing number of
provenance records through single query client
Process, data & workflow provenance for Karma
using WF, Service, Data ID

Workflow & data provenance for PReServ using
XPath

Provenance Services loaded with:

m 1000 linear WFs for Karma (10,000 service invocations;
100,000 unique data products; 220,000 activities)

m 100 linear WFs for PReServ (1000 service invocations;
10,000 unique data products; 4000 assertions)

Returns 0.01% - 10% of provenance documents
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4 100

Average Response Time for Query (in Seconds)
[Logarithmic Scale]

1 10 100 1000 10000
Number of Records Returned by Query [Logarithmic Scale]

Query response time to retrieve provenance with increasing number of records returned.
The average time to respond to each type of query is along the Y axis and the number of
records that the query fetches increases along the X axis. Both axes are in logarithmic scale.
The averages times are over 50 iterations; the standard errors for the response times for
Karma is under 6% for all but 3 data points, and for PReServ is under 3% for all data points.
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Querying Provenance:
Number of Concurrent Clients

Response time for multiple simultaneous
clients to fetch provenance records

200 Process, 200 data & 20 workflow
provenance documents for Karma

Not performed for PReServ

Services loaded with:

= 1000 linear WFs for Karma (10,000 service
invocations; 220,000 activities)
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Average Query Response Time per Client (in Seconds)
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Number of Simultaneous Query Clients

Query response time to retrieve 20 workflow trace, 200 process provenance, and 200 data provenance
from increasing number of concurrent query clients. The average query time over 50
iterations is shown on the left Y axis bar graph, the data points being labeled with this value.
The total time to complete the 50 iterations is the line graph on the right Y axis, and is
accordingly scaled by 50 times compared to the left Y axis. The X axis shows the increasing
number of parallel query clients. The standard errors for all averages are under 4%.
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Discussion

Karma scales well (linearly or better) for
all workloads considered - for collecting &
querying for provenance

Well defined, lightweight provenance:Glue
Use of mature software stack: MySQL,
WS-Messenger, SOAP libraries

PReServ provides flexibility & more
generic provenance scheme

= Looses out on performance; partly due to
storage layer
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Future Work

Running non-synthetic workloads
Logging of SOAP messages to rerun
Workflow; Recording configuration
parameters

Ways to use provenance

= Quality model for data products based on their
provenance3

Kinds of queries that can be done on
provenance: work-patterns

Standard ways to collect provenance

[3] Towards a Quality Model for Effective Data Selection in Collaboratories, Simmbhan, Y.L., et al., SciFlow Workshop, 2006
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