
Optimizing complex scientific workflows using 
a re -configurable heterogeneous -aware storage 

system for extreme scale computing

PhD Thesis

Hariharan Devarajan, PhD Candidate

hdevarajan@hawk.iit.edu

Advisor: Dr. Xian -He Sun

Department of Computer Science

Illinois Institute of Technology

mailto:hdevarajan@hawk.iit.edu


Optimizing complex scientific workflows using 
a re -configurable heterogeneous -aware storage

system for extreme scale computing

Premise of the work

2 / 61



HPC Applications

Complex 

Scientific 

Workflows

ÅHighly data -intensive

Åmulti -stage

ÅE.g., three sub stages of simulation, 

analysis and modeling .

ÅData Dependent

ÅMany stages interchange data or 

compare results to reach to a 

convergence

ÅIterative

ÅThe cycle of simulation, analysis 

and modeling is repeating for 

gaining higher resolution of data.

ÅManaged manually by application 

developers .

Source: The International Journal of High Performance Computing 

Applications 32, no. 1 (2018): 159 -175.3 / 61



Heterogeneous 

storage devices 

& solutions

ÅA variety of storage and 

memory hardware

ÅDifferent characteristics

ÅSensitivity to Random 

accesses

ÅConcurrency of operations

ÅDevice layouts

ÅPower requirements

ÅPerformance requirements

ÅDifferent Vendors

ÅOptimizations

ÅDevice drivers

Å Interfaces

Diverse Storage
NVRAM:

ÅSingle 5V Supply.

ÅInfinite EEPROM to RAM Recall.

ÅLatency 3µs

NVMe SSD:

ÅI/O Multipath.

ÅMulti -stream Writes.

ÅLatency: 12µs 

SATA SSD:

ÅTLC flash memory.

ÅNAND flash memory cells.

ÅLatency: 500µs

SATA HDD:

ÅMass device storage.

Åmechanical complexity 

makes it fragile.

ÅLatency: 7000µs
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?Diverse 

Applications

Diverse 

Storage Devices

Mismatch

Current Situation
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How can we support multiple diverse applications under a 

single platform that abstracts the complexity of efficiently 

utilizing heterogeneous storage technologies and maximizes 

I/O performance ?

Problem Statement
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Identifying Challenges

Profile I/O calls with low overhead. (1)

Automatically map I/O calls to appõs characteristics.(2)

Map different app characteristics to storage configurations. (3)

Perform I/O access optimization on diverse storage. (4)

Adapt storage software to changing configurations. (5)

Unify diverse storage devices and software. (6)

Diverse 

Storage 

Hardware
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Our Proposal

Diverse 

Storage 

Hardware

Profile I/O calls with low overhead. (1)

Automatically map I/O calls to appõs characteristics.(2)

Map different app characteristics to storage configurations. (3)

Perform I/O access optimization on diverse storage. (4)

Adapt storage software to changing configurations. (5)

Unify diverse storage devices and software. (6)

Understand & characterize application requirements.

Transform requirements to storage configuration.

Re-configurable storage representation.

Jal storage system
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Scope of this research

Application

Model 

Data 

Model

Storage 

Model

ÅSource Code 
based Application 
Profiler

ÅUse-cases

ÅCompression

ÅPrefetching

ÅReplication

ÅHierarchical 
Shared log Store.

Vidya

Ares

HFetch

HReplica

HCL

HCompress

ChronoLog
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Outline Profiler
Code -block level application profiling.

Data Compression
Multi -tiered data compression engine.

Conclusion

Jal

1

2

3

5

6

Data Prefetching
Multi -tiered data prefetching technology.

ChronoLog
A Shared log store.
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Cyclic Process of 

analyzing 

applications

Applicationõs I/O behavior

Vidya HCompress HFetch Chronolog Conclusion

Collect Data

ÅTrace application using 
tracing mechanisms.

Analyze data

ÅAnalyze collected data to 
find bottlenecks.

Configure App

ÅTune and tweak the 
applications.

Test & Measure

ÅTest if the changes 
improved performance 
and measure the metrics.

Baseline

ÅDefault I/O behavior 
of applications.

ÅTracing Applications

ÅObserving what application is 

doing .

ÅAnalyze data

ÅUsing data mining to extract 

patterns and co -relate back to 

application behavior.

ÅConfigure

ÅTrail and error on various 

configurations to tune 

application behavior.

ÅTest and Measure

ÅRerun application with new 

changes.
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Current Methodology of Profiling

Offline Profiling Online Profiling

Profiling is done before the 

actual execution of program.

High profiling accuracy.

High profiling cost 

Profiling is done during the 

execution of program.

Low profiling cost

Low profiling accuracy

Vidya HCompress HFetch Chronolog Conclusion12 / 61



Observation

Hypothesis

Behavior of an application 

stems from its source -code.

Predicting I/O behavior from 

source-code can enable us to 

understand cause of an I/O 

behavior.

1313 / 61



Vidya

Performing Code -Block I/O 

Characterization for Data 

Access Optimization

1) Hariharan Devarajan, Anthony Kougkas, Prajwal Challa , and Xian-He Sun, 2018,

December . Vidya : Performing Code-Block I/O Characterization for Data Access

Optimization . In 2018 IEEE 25th International Conference on High Performance Computing

(HiPC ) (pp . 255-264).

2) Hariharan Devarajan, Anthony Kougkas, Prajwal Challa , and Xian-He Sun, 2018, April .

Poster: Performing Code-Block I/O Characterization for Data Access Optimization . In 2018

IEEE 6th Greater Chicago Area Systems Research Workshop (GCASR).1414 / 61



Approach

1

Profile
ÅUse montage as a 

case-study.

ÅProfile using 

existing tools for 

CPU, memory, & I/O.

ÅCorrelate with code 

structures.

2

ÅHypothesize several 

code-structures.

ÅClassify them to 

increase/decrease 

I/O intensity.

3

ÅCollect several source -code

ÅExtract identifies code -structures

ÅMeasure I/O intensity through 

profiling

ÅTrain a ML model, code -block 

I/O Characterization (CIOC) , to 

predict I/O intensity.

Model

4

ÅDesign an 

automated tool
ÅExtracts features

ÅPredicts I/O intensity

ÅPerforms code -

optimizations

Build

Vidya HCompress HFetch Chronolog Conclusion15 / 61



Building the ML model

Collecting 

Data01

Training 

model 02

Validating 

Model03

Å Collect source code from different domains (graph, 

scientific, AI, benchmarks)

Å Extract features and build dataset

Å code-block unit (function/class/branch/loop/line)

Å 4200 records dataset

ὣ ὺ ‍ ‍ ὢz

Linear Regression Model

16 / 61

Å Good model fit
Å R2 = 0.92, f-statistics = 785

Å Top two significant variables
Å Amount of I/O

Å Number of files opened

CIOC: 

Code -block I/O 

characterization

Vidya HCompress HFetch HReplica Chronolog Conclusion



Vidya: Design

C C++ F90

.o

ÅExtractor

ÅUses LLVM to parse the source code and build a 

Program Dependency Graph (PDG).

ÅPDG is enhanced with I/O features on various 

pieces of code.

ÅAnalyzer

ÅAnalyzes the PDG and extracts code features.

ÅThe aggregator combines  code features to the 

root of the PDG and calculates the I/O intensity 

using CIOC.

ÅOptimizer

Å Identifies which code -feature can decrease I/O 

intensity.

Å Injects the changes and recompiles the code.

Vidya HCompress HFetch Chronolog Conclusion17 / 61



Evaluation

Testbed Configuration

ÅNode Configuration

Å128 GB RAM,

Å10Gbit Ethernet, and 

Å200GB HDD

ÅCluster Configuration

Å32 client nodes

Å8 storage nodes

ÅApplications tested

ÅSynthetic Benchmarks,

ÅCM1, 

ÅWRF, and 

ÅGraph500õs BFS and GMC

ÅCompared solutions

ÅDarshan

ÅOmniscõIO

Vidya HCompress HFetch Chronolog Conclusion18 / 61



Profiling Performance

Profiling Scale

Å Darshan 
Å profiling cost increases as 

scale increases

Å On lower scales the profiling 

accuracy decreases

ÅVidya and OmniscõIO is 

unaffected.

Workload Irregularity

ÅOmniscõIOõs profiling 

accuracy decreases as 

irregularity increases.

Å Vidya and Darshan is 

unaffected.

Complexity of Code

Å Complexity: loops, functions, 

classes, and files

Å Vidya 
Å parsing time increases as 

complexity increases.

Å 3x faster than Darshan

Å 2x slower than OmniscõIO

Vidya HCompress HFetch Chronolog Conclusion19 / 61



Optimization Benefits

Prefetching On/Off

Å Characteristics: Irregular 

workloads with simple code. 

Caching On/Off

Å Characteristics: repetitive with 

complex code structures. 

Å Overall observation:

Å Darshan has the highest accuracy and, hence, potentially be manually optimized.
Å OmniscõIO has less cost but inaccurate.

Å Vidya bridges this gap with overall best result (profiling + execution time).

2x - 3.7x

Performance improvement.  

Vidya HCompress HFetch Chronolog Conclusion20 / 61



Summary
01

02

03

04

Vidya proposes a trade -off between 

accuracy & cost of profiling.

Vidya proposes a methodology to calculate I/O 

intensity using source -code structures.

Vidya can reduce the cost of application profiling 9x 

while maintaining a high accuracy of 98%.

Vidya can be used to automatically optimize 

applications source -codes up to 3.7x.

A list of all 

observations

21 / 61



Outline Profiler
Code -block level application profiling.

Data Compression
Multi -tiered data compression engine.

Conclusion

Jal

1

2

5

6

Data Prefetching
Multi -tiered data prefetching technology.

ChronoLog
A Shared log store.
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Reduction of I/O bottleneck

ÅSeveral middleware solutions are 

proposed to reduce the I/O 

latency and increase application 

performance.

ÅIn all approaches, the solutions 

utilize an Intermediate 

Temporary Scratch (ITS) space 

(e.g., Main Memory) to optimize 

I/O access. 

I/O 

Optimizations.

Increasing the space of ITS would 

greatly enhance the effectiveness 

of these solutions. 

Data 

Prefetching

Data 

Caching

Data 

Buffering

Data 

Forwarding

Data 

Filtering

Data 

replication

Vidya HCompress HFetch Chronolog Conclusion23 / 61



Tiered Hardware Software

Add new intermediate 

resources to increase layers.

E.g., HBM, NVRAM, NVMe 

SSD, etc. 

Increases space availability.

Reduce I/O footprint through 

data reduction techniques.

E.g., Data Compression. 

Reduces Data Footprint.

Current approach: Increase ITS space.

Vidya HCompress HFetch Chronolog Conclusion24 / 61



Observation

Hypothesis

Benefit of compression 

comes from trading CPU 

cycles to reduce I/O cost.

The new hardware reduces 

this I/O cost.

A combination of these two 

approaches can compound the 

increase of available ITS for I/O 

optimizations.

2525 / 61



HCompress

Hierarchical & Intelligent Data 

Compression for Multi -Tiered 

Storage Environments

1) Hariharan Devarajan, Anthony Kougkas, and Xian-He Sun. "HCompress : Hierarchical Data

Compression for Multi -Tiered Storage Environments" IEEE International Parallel and

Distributed Processing Symposium (IPDPS),2020. (to appear)

2) Hariharan Devarajan, Anthony Kougkas, and Xian-He Sun. "Ares : An Intelligent, Adaptive,

and Flexible Data Compression Framework ." In 2019 19th IEEE/ACM International

Symposium on Cluster, Cloud and Grid Computing (CCGRID), pp . 82-91. 2019.

3) Hariharan Devarajan, Anthony Kougkas, and Xian-He Sun. "An Intelligent, Adaptive, and

Flexible Data Compression Framework . (Poster)" In 2019 19th IEEE/ACM International

Symposium on Cluster, Cloud and Grid Computing (CCGRID), 2019.2626 / 61
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Multi -

dimensional 

Optimization

ÅMatch three dimensions

ÅApplication Characteristics

ÅCompression Characteristics

ÅHierarchical Tier Characteristics

ÅWe can formulate it as a 

minimization of total time for 

executing an I/O task

ÅThe constraints required

Å# sub -problems should be small.

ÅData compression is useful.

ÅCompressed data fits in a tier.

Visual representation of 3D space.

Problem Formulation

Vidya HCompress HFetch Chronolog Conclusion27 / 58



Hierarchical

1

Dynamic

2

Flexible

3

Utilize all storage 

hardware efficiently.

Match hardware speed of 

devices to ideal 

compression libraries.

Dynamically switch 

compression libraries. 

Cost of reconfiguration of 

compression engine 

should be low.

Unify the interface to 

compression libraries.

Configure, add, and 

apply compression using 

a simplified interface.

HCompress Goals

Vidya HCompress HFetch Chronolog Conclusion28 / 61



ÅHCompress Profiler

ÅRuns a exhaustive benchmark to capture 

system and compression characteristics.

ÅCompression Cost Predictor

ÅUses linear regression model

ÅUses reinforcement learning to improve 

accuracy.

ÅEngine

ÅEmploys a dynamic programming (DP)

Å Data characteristics, Compression 

libraries, and Storage tiers

ÅCompression Manager

ÅManages library pool

ÅPerforms metadata encoding/decoding

HCompress Design

Vidya HCompress HFetch Chronolog Conclusion29 / 61



Testbed Configuration

ÅApplications tested

ÅSynthetic Benchmarks,

ÅVPIC, and 

ÅBD-CATS

ÅCompared solutions

ÅBaseline vanilla PFS

ÅSingle-tier with compression

ÅMulti -tiered without compression

Evaluation

ÅCluster Configuration

Å64 compute nodes

Å4 shared burst buffer nodes

Å24 storage nodes

ÅNode Configurations

Åcompute node

Å64GB RAM and 512GB 

NVMe

ÅBurst Buffer node

Å 64GB RAM and 2x512GB SSD

ÅStorage node

Å 64GB RAM and 2TB HDD

Vidya HCompress HFetch Chronolog Conclusion30 / 61



Impact of Data Compression & Tiered Storage

Compression on Tiered Storage Tiered Storage on Compression

Observations:

Å Different tier effect differently for each compression

Å HCompress balances trade -off dynamically and achieves 

the best multi -tiered throughput. 

Å Performing multi -tiered buffering with single 

compression doesnõt maximize the benefit.
Å data placement is not aware of compression.

Å HCompress achieves a benefit of 2x.

2x

Performance improvement.  

Vidya HCompress HFetch Chronolog Conclusion31 / 61



Scientific workflow

Observations:

Å Optimizes both write and read performance significantly
Å Optimizes all three parameters: compression time, decompression time and compression ratio equally

Å Achieves a performance boost of 7x.

7x

Performance improvement.  

Vidya HCompress HFetch Chronolog Conclusion32 / 61



Summary
01

02

03

04

HCompress showcased how data characteristics and 

system characteristics affect data compression.

HCompress proposes a hierarchical compression 

engine for multi -tiered storage environments

Quantified the benefit of utilizing hierarchical 

hardware and data compression cohesively.

HCompress can optimize scientific workflows up to 

7x compared to competitive solutions.

A list of all 

observations

33 / 61



Outline Profiler
Code -block level application profiling.

Data Compression
Multi -tiered data compression engine.

Conclusion

Jal

1

2

5

6

Data Prefetching
Multi -tiered data prefetching technology.

ChronoLog
A Shared log store.
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Explosion of data

ÅData is crucial to enable 

discovery.

ÅIDC reports predict that by 

2025:

Åglobal data volume will grow 

to 163 ZB

Å10x the data produced in 2016

Applications spend majority of 

their time on data retrieval. 

Data explosion

Vidya HCompress HFetch Chronolog Conclusion35 / 61



Tiered Hardware Software

New intermediate resources 

with higher bandwidth.

E.g., HBM, NVRAM, NVMe 

SSD, etc. 

Increases performance and 

reduces access latency.

Reduce I/O cost using several 

data access optimizations.

E.g., Data prefetching, data 

staging, data replication, etc. 

Reduces access cost by 

preloading data to compute.

Current approach: Optimize data access.

Vidya HCompress HFetch Chronolog Conclusion36 / 61



Observation

Hypothesis

Both tiered storage and data 

prefetching optimize the 

same problem.

A combination of these two 

approaches can compound the 

benefit to improve data access.
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HFetch

Hierarchical Data Prefetching 

for Scientific Workflows in 

Multi -Tiered Storage 

Environments

1) Hariharan Devarajan, Anthony Kougkas, and Xian-He Sun. "HFetch: Hierarchical Data

Prefetching in Multi -Tiered Storage Environments" IEEE International Parallel and

Distributed Processing Symposium (IPDPS'20), 2020. (to appear)

2) Hariharan Devarajan, Anthony Kougkas, and Xian-He Sun. "HFetch: Hierarchical Data

Prefetching in Multi -Tiered Storage Environments (Poster)" Proceedings of the

International Conference for High Performance Computing, Networking, Storage and

Analysis (SC'19), 2019.3838 / 61



Server-Push

1

Data Centric

2

Hierarchical

3

Lightweight and 

asynchronous data push. 

Server pushes 

appropriate data to the 

app in place of it pulling.

Utilize how data is 

accessed in a workflow. 

scheme looks at how data 

is accessed instead of 

apps accessing it.

Unify the diverse 

hardware tiers.

The engine matches data 

hotness to the spectrum 

of device characteristics.

HFetch Goals

Vidya HCompress HFetch Chronolog Conclusion39 / 61



ÅServer -Push

ÅEvent are captured through kernelõs 

inotify utility

ÅPrefetched data is push to the 

hierarchy

ÅData Centric

ÅScore Incorporates 

Å recency, frequency, and sequencing

ÅHierarchical Placement

ÅThe engine calculates placement of 

prefetch data based on multi -tiered 

storage and data characteristics.

╢╬▫►▄▼
░

▓

▬

▪
ᶻ◄◄░

HFetch Design

Vidya HCompress HFetch Chronolog Conclusion40 / 61



1. Specific Client I/O interception of open/close

2. Monitoring through VFS layer

3. Collect event through Hardware Monitor.

1. Each layer has a different daemon

4. Update Auditor

1. Calculate scores

2. Rearranges scores in descending order

5. Run DPE

6. Perform I/O on different layers.

Example

41 / 61 Vidya HCompress HFetch HReplica Chronolog Conclusion



Testbed Configuration

ÅApplications tested

ÅSynthetic Benchmarks,

ÅMontage, and 

ÅWRF

ÅCompared solutions

ÅStacker: ML-based online 

prefetching

ÅKnowAc: offline prefetching

Evaluation

ÅCluster Configuration

Å64 compute nodes

Å4 shared burst buffer nodes

Å24 storage nodes

ÅNode Configurations

Åcompute node

Å64GB RAM and 512GB 

NVMe

ÅBurst Buffer node

Å 64GB RAM and 2x512GB SSD

ÅStorage node

Å 64GB RAM and 2TB HDD

Vidya HCompress HFetch Chronolog Conclusion42 / 61



Benefit of Hierarchical Prefetching

Lower -RAM footprint

Observations:

Å A perfect parallel prefetching has 89% hit ratio.

Å Most common serial prefetching cannot overlap the 

data perfectly and has more misses.

Å HFetch uses ȧof ram and is 17% slower.

Extending Prefetching cache.

Å Adding more layers reduces the cost of miss 

penalty

Å Additional cache space on lower tiers

Å Devices slower than RAM but faster than PFS.

Å 35% to 50% faster.

Vidya HCompress HFetch Chronolog Conclusion43 / 61



Scientific Workflows

Montage

Observations:

Å Offline Profiler is accurate but has an initial cost through profiling.

Å Stacker doesnõt have that cost, but application-level prefetching hurts due to cache evictions and pollution.

Å HFetch optimized this using a global data -centric score which helps the overall workflow.

Å HFetch boosts read performance by 20-40%.

WRF

20-40%

Performance improvement.  

Vidya HCompress HFetch Chronolog Conclusion44 / 61



Summary
01

02

03

04

HFetch introduces a data -centric hierarchical 

prefetching methodology.

HFetch proposes a novel data centric scoring 

mechanism to measure the hotness of data.

Quantified the benefit of utilizing hierarchical 

hardware and data prefetching cohesively.

HFetch can optimize scientific workflows up to 35% 

compared to competitive solutions.

A list of all 

observations
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Outline Profiler
Code -block level application profiling.

Data Compression
Multi -tiered data compression engine.

Conclusion

Jal

1

2

5

6

Data Prefetching
Multi -tiered data prefetching technology.

ChronoLog
A Shared log store.
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Shared Log as storage model

ÅStorage is cheap and hence maintain 

what happened and when instead of 

mutation of data.

Å Inherent versioning semantics

ÅEnables high performance with 

append only semantics.

ÅDeletes are through invalidations and 

background compactions of log.

ÅEnable decoupled consumer 

producer semantics.

ÅAchieves tunable consistency 

semantics.

Malleable 

Storage

A Shared log is an ideal backbone 

for any storage requirement.

Vidya HCompress HFetch Chronolog Conclusion47 / 61



Observation

Hypothesis

Shared log is a good data 

abstractions for many 

storage systems.

A hierarchical storage and time -

based data ordering to build an 

efficient shared log store
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ChronoLog

A Distributed Shared Tiered 

Log Store with Time -based 

Data Ordering

1) Anthony Kougkas, Hariharan Devarajan, Keith Bateman, Jaime Cernuda, Neeraj Rajesh and

Xian-He Sun. ChronoLog : A Distributed Shared Tiered Log Store with Time-based Data

Ordering" Proceedings of the 36th International Conference on Massive Storage Systems

and Technology (MSST2020). (to appear)
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ChronoLog: High Level Design

ÅObjectives

ÅLog distribution

ÅParallel 3D data distributions

ÅLog ordering

ÅComplete ordering with indexing

ÅLog access

ÅConcurrent data access based on 

I/O size.

ÅLog scaling

ÅCapacity and auto -tiering

ÅLog storage

ÅTunable parallel I/O

Vidya HCompress HFetch Chronolog Conclusion50 / 61



ChronoKeeper

ÅDistributed Journal

ÅFast Data Ingestion

ÅFast Tail Operation

Å Lock-free tail updates

ÅUniform Data Distribution

Å Through distributed Hash Map

ÅTime Data Ordering

Å Through Partitioned Ordered Map

ÅCaching of Latest Events

Å Using backlogs

Vidya HCompress HFetch Chronolog Conclusion51 / 61


