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Å8:30 Introduction to data 
management at extreme scale ɀ 
Scott Klasky 

Å9:15 ADIOS 2 concepts and API 
(C++, Python, F90) ɀ Norbert 
Podhorszki

Å10:00 BREAK

Å10:30 ADIOS 2 API ɀ Norbert 
Podhorszki

Å11:00 Hands on with ADIOS 2 ɀ 
Files ɀ Ana Gainaru

Å12:00 Lunch

Å1:30 ADIOS @ scale ɀ Norbert 
Podhorszki

Å2:00 Introduction to Paraview + 
ADIOS + hands on Caitlin Ross

Å3:00 BREAK

Å3:30  Introduction to TAU and TAU 
+ ADIOS ɀ Kevin Huck

Å4:00 Hands on with TAU + ADIOS

Å4:15 Staging with ADIOS ɀ hands 0n 
ɀ Ana Gainaru

Å5:00 END

Outline
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Login to a virtual machine

    https:// tut###.supercontainers.org:8443/#e4s 

### is a number assigned for you in this tutorial

Username: tutorial
Password:  HPCLinux12!

Launch a couple of gnome-terminals
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ÅWhy you should use ADIOS

ÅWhat are the advantages of using ADIOS over other parallel I/O and in situ visualization 
frameworks

ÅHow to use ADIOS

ÅHow to get high performance using ADIOS

ÅHow to use ADIOS for in situ analytics

ÅHow to visualize data with Paraview for in situ and post processing of ADIOS-enabled codes

ÅHow to use TAU with ADIOS and to visualize the TAU-ADIOS files

ÅWhat programming language should we focus this tutorial on for you? C++, Python, F90, C

ÅPLEASE ASK QUESTIONS!

What should you get out of this tutorial
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Å8:30 Introduction to data 
management at extreme scale ɀ 
Scott Klasky 

Å9:15 ADIOS 2 concepts and API 
(C++, Python, F90) ɀ Norbert 
Podhorszki

Å10:00 BREAK

Å10:30 ADIOS 2 API ɀ Norbert 
Podhorszki

Å11:00 Hands on with ADIOS 2 ɀ 
Files ɀ Ana Gainaru

Å12:00 Lunch

Å1:30 ADIOS @ scale ɀ Norbert 
Podhorszki

Å2:00 Introduction to Paraview + 
ADIOS + hands on Caitlin Ross

Å3:00 BREAK

Å3:30  Introduction to TAU and TAU 
+ ADIOS ɀ Kevin Huck

Å4:00 Hands on with TAU + ADIOS

Å4:15 Staging with ADIOS ɀ hands 0n 
ɀ Ana Gainaru

Å5:00 END

Outline
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ÅVision

ÅNext generation workflows to drive our R&D

ÅApplication success stories

ÅData Reduction

ÅFuture Steps

Introduction Outline
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ÅVolume ς High-Luminosity LHC

Å/ǳǊǊŜƴǘ ǎǘƻǊŀƎŜ ƳƻŘŜƭ ŘƻŜǎƴΩǘ ǎŎŀƭŜ

ÅOptimized storage model remains too
expensive

ÅVelocity ς Square Kilometer Array

ÅUnprecedented and sustained
throughputs

ÅVariety ς ITER

ÅDozens of diagnostics (cameras, 
spectrometers, bolometers, sensors and 
probes) with long pulses

ÅValue ς ¢ƘŜ Ŏƻǎǘ ƻŦ ǘƘŜǎŜ ŦŀŎƛƭƛǘƛŜǎ ŀǊŜ ƛƴ ǘƘŜ ōƛƭƭƛƻƴǎ ƻŦ ϷΩǎ

4ÈÅ ÄÁÔÁ ÄÅÌÕÇÅȡ 4ÈÅ ÄÁÔÁ 6ȭÓ ÁÒÅ ÇÒÏ×ÉÎÇ ÅØÐÏÎÅÎÔÉÁÌÌÙ

2 Pb/s

7 Tb/s

300 PB/yr

9 Tb/s 5 Tb/s

300 PB/yr

SKA Regional 
Centers
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Observations:

ÅRatio of Storage/Flops keeps getting worse

ÅNew complex workflows with AI + HPC

ÅExperimental/Observational data is outpacing 
compute & storage

Supercomputing changes in the last 30 years

1988: Cray Y-MP: 2.7 
Gflops: Vector Processors, 
SSD storage (13.6 GB/s)

1996:Cray T3E: 0.001 
PFlops, massively parallel

1998: 0.0025 Pflops,ASCI 
Blue Mountain: shared 
memory across all procs

2002: Earth Simulator 40 
Tflops, 50MW, vector procs

2009: Cray XT5: 2.5 
Pflops: Multi-core, 

LUSTRE storage system

2013: Cray Titan: 27 
Pflops , NVIDIA GPUs 2018: IBM Summit: 200 

Pflops , NVIDIA GPUs

2022: Cray Frontier: >1 Eflops , AMD 
GPUs, Burst Buffer Storage 10TB/s, 

long term at 4.6 TB/s, 21MW

Foster, I., Klasky, S., et al., (2017, August). Computing just what you need: Online data analysis and reduction at extreme scales. In 
European conference on parallel processing (pp. 3-19). Springer, Cham.
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Working with domain scientists who have the following challenges: I need to 

ÅWrite a few times during my simulation, and can you help me write a little more often

ÅTime decimation is ok until important physics is lost, but they want ~ 5% overhead for I/O

ÅUnderstand/visualize data at a higher time fidelity during the experiment

ÅNear Real Time visualization is necessary for many domains

ÅCouple several codes together and integrate analytics during the experiment 

ÅCoupling applications with analytics is critical as the science becomes more complex

ÅReduce the data sizes which go on tape and move across storage tiers

ÅData Reduction with quantifiable error for the QoIs is critical to reduce storage/network 

ÅReduce the analysis cost as my datasets grow

ÅRemote access to data with different error bounds is critical for working with large data

ÅCompose and execute the coupled codes on HPC resources

Motivation
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Our vision is to allows applications to 
publish and subscribe to data

ÅWith no modifications, any code can 
tap into the I/O system 

Å5ŀǘŀ Ŏŀƴ ǎǘǊŜŀƳ ƛƴ ŀ άǊŜŦŀŎǘƻǊŜŘέ ŀƴŘ 
filtered/queried in a manner allowing 
ǘƘŜ άƳƻǎǘ ƛƳǇƻǊǘŀƴǘέ ƛƴŦƻǊƳŀǘƛƻƴ ǘƻ ōŜ 
prioritized 

ÅData written and read to storage will be 
highly optimized on HPC resources and 
queryable in a federated system

Our vision: creating a pub/sub system for high performance SDM

D. Pugmire, J. Huang, S. Klasky, and K. Moreland: The Need for Pervasive In Situ 
Analysis and Visualization (P-ISAV), WOIVô22.

Several analysis 
processes

KSTAR Data 
Stream

Fusion 
Simulation

D
a

ta
 r

e
fa

c
to

ri
n

g
, 

d
a

ta
 r

e
d
u
ct

io
n

, 
a

n
d
 p

ri
o

ri
tiz

a
tio

n



12

ÅDirect Acyclic Graphs (DAGs)

ÅTasks: Functions, standalone kernels

ÅData: file-based transfers

ÅDependencies:  Flow (Ą) or control (       )

Å1 Workflow = 1 Application

ÅWell defined structure

ÅFull interoperability between components

ÅNo intrusion in kernel codes

ÅEvolve as a whole

Traditional scientific workflows

bar

foo

gux

baz

Input file Input file

Output file
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ÅComposition
ÅProvide ways to express the structure of a workflow and describe the components

ÅRigid structure, no cycles, no tight coupling

ÅOrchestration

ÅPlan, deploy, and launch the execution of the components of a workflow

ÅPlanning is often static with a disconnect between theoretical and practical
scheduling and practical implementations

ÅData management
ÅManage the storage and transfer of files and handle the intermediate

data produced, consumed, and transferred

ÅEverything is file-based; read/write/move files

ÅCode management

ÅDeploy/install the code of the workflow components on all systems

ÅBurden of compatibility of components is on the WMS

Traditional Workflow Management Systems and limitations

https://s.apache.org/existing-workflow-systems
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Moving towards next generation workflows

Simulation A

Simulation B

Coupler

Input
file(s)

Input
file(s)

Output
file(s)

Ana/Viz Ana/Viz Ana/Viz

Decision

AI/ML
AnalysisHPC

HPC Simulation

Steering

Decision

Digital
TwinHPC

HPC Simulation

Steering

ML
Training

Control

Simulation

Simulation

Simulation

Simulation

Simulation

Output data set

Analysis query

Next Generation workflows need explicit data movement & command/control
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Requirements 

ÅSelf-Describing data which can be organized in hierarchies

ÅFast Parallel and Serial I/O to/from all tiers of storage (LUSTRE, GPFS, AWS, 
bC{Σ .DC{Σ ¢!t9Σ Χύ  ŀǘ ŀƭƭ ǎŎŀƭŜǎ

ÅNo changes to work over streams (HPC, WAN)

ÅAbility to get high performance for older and newer storage technologies

ÅTape, Parallel File System, Laptops, NVMe, Object Storage, next generation NVMe (e.g. 
Samsung storage)

ÅAbility to efficiently query the objects

ÅCan be used as a well-defined interface for a Service Oriented Architecture 
(files/streams)

Need an I/O framework that enables the next-generation WMS
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Vision
ÅCreate an easy-to-use, high performance I/O abstraction

to allow for on-line/off-line memory/file data subscription service

ÅCreate a sustainable solution to work with multi-tier storage

and memory systems for self-describing data-streams

Details
ÅDeclarative, publish/subscribe API separated from

the I/O strategy

ÅMultiple implementations (engines) provide

functionality and performance 

ÅRigorous testing ensures portability

ÅGPU-aware to reduce data movement

Åhttps://github.com/ornladios/ADIOS2 

Godoy, W. F., Klasky, S. ,et al. (2020). ADIOS-2: The adaptable input output system. a framework for high-performance data 
management. SoftwareX, 12, 100561. 

Host memory space Host Buffer Storage
ADIOS 
Buffer

Device 
Buffer

POSIX writeApplication ADIOS

GPU memory space

Host memory space Storage
ADIOS 
Buffer

Device 
Buffer

GPU memory space Variable
Pointer

Without GPU aware

With       GPU aware

ADIOS: high-performance publisher/subscriber I/O framework:

https://github.com/ornladios/ADIOS2
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ÅADIOS writes metadata for each variable on each
άŎƘǳƴƪέ ƻŦ Řŀǘŀ όƳƛƴκƳŀȄΣ Ҍ ƻǇǘƛƻƴŀƭ ǾŀǊƛŀƴŎŜΣΧύ

ÅADIOS supports range queries on each/multiple variables and only 
reads/moves the chunks which have data in the range of the query

ÅNext-ƎŜƴŜǊŀǘƛƻƴ ǉǳŜǊƛŜǎ Ŏŀƴ ŀƭƭƻǿ άƴŜǿ ǾŀǊƛŀōƭŜǎ ŘŜŦƛƴŜŘ  ŀƴŘ ǉǳŜǊƛŜǎ ǿƘŜƴ 
ǿǊƛǘƛƴƎκǊŜŀŘƛƴƎέΣ ǿƛǘƘƻǳǘ ƛƴŎǊŜŀǎƛƴƎ ǎǘƻǊŀƎŜ Ŏƻǎǘ

ÅE.g. define vecB=vector(BX,BY,BZ); define curlB=curl(vecB);define Bmag = mag(vecB)

ÅGet (curlB), get(Bmag, Bmag>5.5)

ÅThese next-generation queries allow the users to only read data of the derived quantities 
which satisfy the queries

ÅTake advantage of next generation storage (e.g. Samsung) includes compute at 
storage

Querying Large Scientific Data Sets

Gu, J., Klasky, S., Podhorszki, N., Qiang, J., & Wu, K. (2018, March). Querying large scientific data sets with adaptable IO system 
ADIOS. In Asian Conference on Supercomputing Frontiers (pp. 51-69). Springer, Cham.

Queries can reduce the data movement from storage to applications

chunk

Chunks which satisfy query
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ÅSimplistic approach to staging to decouple application performance from 
storage performance (burst buffer)

ÅBuilt on past work with threaded buffered I/O

ÅBuffered asynchronous data movement with a single memory copy 

ÅApplication blocks for a very short time to copy data to outbound buffer

ÅExploits network hardware for fast data transfer to remote memory

Å¢ƻŘŀȅΩǎ άƳƻŘŜǊƴέ ǎƻƭǳǘƛƻƴ ƛǎ ǘƻ Ǉǳǘ ōǳǊǎǘ ōǳŦŦŜǊǎ ƻƴ ǘƘŜ It/ ǊŜǎƻǳǊŎŜ

Introduction to staging

Abbasi, H., Klasky, S., et al., (2010). Datastager: scalable data staging services for petascale applications. Cluster Computing, 13(3), 
277-290.
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Transfer mechanisms

ÅFile based (BP4, BP5)

ÅNetwork based on the same 
resource (SST, SSC)

ÅRDMA (libfabric, UCX)

ÅMPI (one sided, two 
sided)

ÅTCP/ RUDP

ÅMemory references

ÅWAN data transfer 
(DataMan,SST)

ÅFiles ς GridFTP, scpΣ Χ

ÅStreams ς TCP, RUDP, 
RoCE

Placement options

ÅSame core

ÅDifferent cores/same node

ÅDifferent nodes

ÅDifferent resource (LAN)

ÅDifferent resource (WAN)

ÅHybrid (mixture of options)

Scheduling options

ÅFully synchronous

ÅFully asynchronous

ÅHybrid

Refactoring options

ÅPrioritize which data gets 
moved first

Storage options

ÅADIOS-BP5

ÅHDF5

Staging Options 

Gainaru, A., Klasky, S., et al., 2022, Understanding the Impact of Data Staging for Coupled
Scientific Workflows , IEEE transactions on parallel and distributed systems. 2022.
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ÅFides is a visualization schema

ÅFides maps ADIOS data arrays to VTK-M 
datasets, enabling viz using shared and 
distributed-memory parallel algorithms

ÅCatalyst provides in situ data analysis 
and visualization capabilities for 
ParaView

ÅInteractive visualization in a GUI ς post 
processing

ÅBatch visualization ς post processing on 
compute nodes

ÅIn situ (inline) interactive visualization in a 
GUI

ÅIn situ (inline) batch visualization 

ÅIn situ (in transit) batch visualization

Visualization services with Paraview/Catalyst/FIDES/VTK-M/ADIOS

Pugmire, D. , et al. ñFides: a general purpose data model library for streaming data.ò ISC 202, Springer International Publishing, 2021.

2K ranks

Simulation Vis service

Post hoc In situ (inline)

SimulationVis service

In transit

Vis serviceSimulation

SST, SSC staging and BP5 
through file system

ParaViewADIOSInSituEngineBP5, HDF5

Using the same application that outputs data using ADIOS
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ÅVision

ÅNext generation workflows to drive our R&D

ÅApplication success stories

ÅData Reduction

ÅFuture Steps

Outline
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GE is creating next generation simulations to optimize the efficiency of wind turbines and 
execute these on the OLCF Summit and Frontier resources on over 1K nodes for 20 hours

ÅThey generate 1.4 TB data per output step on 6K GPUs on Summit and want to write data 
at every 100 steps (300 wallclock seconds)

Å¢ƘŜȅ ǳǎŜŘ /Db{ ǿƛǘƘ I5Cр ŦƻǊ άŜŦŦƛŎƛŜƴǘέ LκhΣ ōǳǘ ōŜŎŀǳǎŜ ƻŦ ǘƘŜ ǎƛȊŜ ƛǘ ǘŀƪŜǎ 
2700s/step

ÅConverting the data to ADIOS-2 BP5 reduced the time to 6s (2% overhead)

Å¢ƘŜ ǘƻǘŀƭ ƻǳǘǇǳǘ Řŀǘŀ ƛǎ ƴƻǿ оос ¢.Σ ŀƴŘ ǘƘŜȅ ƴŜŜŘ ǘƻ ƳƻǾŜ ƛǘ ǘƻ D9 Iv ōǳǘ ƛǘΩǎ ǘƻƻ ƳǳŎƘ 
data to store at GE

ÅUsing MGARD in 1D we can compress the data >10X with 99.999% accuracy for the QoI 
in the turbulent regions

ÅNew R&D is still necessary to reduce the data to >100X

ÅNew R&D is still necessary to reduce the analysis time with Ensight/Paraview

Wind Turbine optimization: General Electric
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ÅWe originally helped PIConGPU to achieve I/O performance on the OLCF Jaguar system

ÅAllowed their code to get >10X I/O performance improvement

ÅNext, we utilized staging to increase the I/O bandwidth on Summit

ÅNow we are working on more in situ techniques for AI, Digital Twins

Accelerator Physics: PIConGPU

!
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ÅOur original goal was to reduce the I/O time in parallel I/O (2000) using parallel HDF5

Å2.3 GB of data on 1024 processors, output every 200 wallclock seconds on NERSC IBM 
SP2

ÅParallel HDF5 was optimized to have a 37% overhead;  74 seconds/write for 2.3 GB

ÅADIOS 0.0.1 was used; 8 seconds/write for 2.3 GB

ÅADIOS 1.0 was used in GTC on OLCF Cray XT4

ÅADIOS was optimized to write >20 GB/s

ÅADIOS 2.0 was used in GTC on Summit writing 2.4 TB/step at 2.5 TB/s (< 1 second/step)

ÅADIOS 2.X with in situ visualization has been integrated into GTC with EFFIS to allow for in 
situ analysis and visualization.

Fusion: GTC
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Å DeepDriveMD-S: streaming implementation with ADIOS-BP

Å Continual learning loop enabled by ADIOS constructs 

Å Streaming application of ML/AI

Å Streaming runs have better resource utilization for protein 
folding simulations than static file system-based runs

Å At least 2 orders of magnitude (100x) acceleration in sampling 
conformational states related to protein folding

Å Faster time-to-solution enabled by streaming runs

DeepDriveMD: enhancing the scalability for streaming AI runs 
25

Select N 

simulation

restart points

Simulation N

Simulation 1

Simulation 2

Aggregator 1

Aggregator 2

Aggregator M

Model 1

Model 2

Agent

Model K

Model weightsPositions/Velocities

ADIOS BP

[1... M]

MD Aggregators

ML Training

ADIOS Stream

File System I/O

1 2

3
4

5

Continual

Learning Loop

Elapsed time (hours)

DeepDriveMD-S

DeepDriveMD-F
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The XGC fusion code was created to understand the turbulent structures in the edge of the 
plasma

ÅThe output data written as a PDF is written every step (35s), but is 1 TB for an ITER run

ÅThe original output (PHDF5) took over 1000 seconds/step

ÅConverting to ADIOS2-BP5 results in <1 second/step

ÅThe total output during a 20hr run is 2 PB which is too large to store for a long time and to 
move to PPPL

ÅNew techniques with MGARD2 + Post processing allow us to reduce the size by 300X 
while maintaining errors with 10-8 accuracy on 5 of the QoIs, but new techniques to
remotely access data by accuracy/variable/step/ROI is still critical 

ÅIn situ visualization techniques for Fast Poincare surface plots help
understand important physics (homoclinic tangles)

ÅGPU optimized VTK-M services for Poincare plots speed up the analysis
from 1 hr to 60s using 1 Summit node

Fusion: XGC
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Å Different physics solved in different physical regions of detector 
(spatial coupling)

Å Core simulation: GENE
Edge simulation: XGC
Separate teams, separate codes

Å Recently demonstrated first-ever successful kinetic coupling of this kind

ÅData Generated by one coupled simulation is predicted to be
> 10 PB/day on Summit

High-Fidelity Whole Device  Modeling of Fusion PlasmasPI: Amitava Bhattacharjee, PPPL,
C. S. Chang, PPPL

Core-edge
coupling

Dominski, J., et al. "Spatial coupling of gyrokinetic simulations, a generalized scheme based on first-principles."Physics of Plasmas28.2 (2021): 022301.
Merlo, G., et al. "First coupled GENEïXGC microturbulence simulations."Physics of Plasmas28.1 (2021): 012303.
Cheng, Junyi, et al. "Spatial core-edge coupling of the particle-in-cell gyrokinetic codes GEM and XGC."Physics of Plasmas27.12 (2020): 122510.

From FY21 WDMApp Review
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ÅWe examine a complex workflow using XGC on Summit, with three in situ 
analysis for new scientific discovery

ÅWe execute XGC along with three analysis routines (Poincaré surface plot, 
Head Load calculation, Diffusion Calculation)

ÅThe overhead was 0.1% 1/1024 nodes

Hybrid Analysis of Fusion Data for Online Understanding of 
Complex Science on Extreme Scale Computers

Suchyta, E., Klasky, S. , et al., Hybrid Analysis of Fusion Data for online understanding of complex science on extreme scale 
computers, Cluster 2023.
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ÅOn Frontier, S3D researchers (Jackie Chen et al. SNL) were 
bottlenecked from their I/O and wanted help to reduce their 
data

ÅStep 1: Reduce the I/O cost

ÅStep 2: Reduce the datasize but ensure the QoIs from ML 
feature detection is accurate and place data in community 
storage for FAIR data

Combustion: S3D (most recent progress)

Vorticity fields in DNS 
of a turbulent jet flame:
Visualization: K. L. Ma, 
H. Akiba
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S3D on Frontier 1K nodes

ADIOS2 MPI-IO
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ÅWarpX is a PIC code with Adaptive Mesh Refinement using AMReX

WarpX code

Wan, L., Huebl, A., Gu, J., Poeschel, F., Gainaru, A., Wang, R., ... & Klasky, S. (2021). Improving I/O performance for exascale 
applications through online data layout reorganization. IEEE Transactions on Parallel and Distributed Systems, 33(4), 878-890.

WarpX write performance on Summit: weak scaling



31ÅADIOS Performance with WarpX and XGC on Frontier > 5TB/s, Flash-X with HDF5 on Frontier <0.2 TB/s 

Tier Capacity 
(PB)

Read BW 
(TB/s)

Write BW 
(TB/s)

Node-Local 33 75 38

Metadata 10 0.8 .5

Performance 11.5 10 10

Capacity 679 5.5 4.6

XGC, WarpX, Flash-X on Frontier

ADIOS Performance on Frontier

WarpX 70GB ɀ 360TB
XGC-ITER 2.1 ɀ 69 TB

64        128      256       512     1024    2048
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ÅE3SM researchers asked us at the beginning of ECP to speed up the I/O from 100 MB/s to > 1 GB/s

ÅNew performance enhancements with their SCORPIO-PNETCDF=1.3 GB/s: write time=123 s

ÅConverting the output to ADIOS-2 allows us to achieve >110 GB/s on Frontier: write time = 1.3s

ÅhǳǘǇǳǘ Řŀǘŀ ƛǎ ǎǘƛƭƭ άǘƛƳŜ ŀǾŜǊŀƎŜŘέ ǿƘƛŎƘ ŎƘŀƭƭŜƴƎŜǎ ǊŜǎŜŀǊŎƘŜǊǎ ŦƻǊ ŀŎŎǳǊŀǘŜ ǇǊŜŘƛŎǘƛƻƴ ƻŦ 
Atmospheric Rivers  (output is written every 6 hours), but we wanted to understand if we could 
output every hour

ÅUsing MGARD we could reduce the storage footprint by 4X and get 20X more accurate prediction for 
Atmospheric Rivers and 1.8X for Cyclone tracks

Climate:E3SM

Non reduced 6 hour

Reduced 1 hour
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ÅWorking with the SKA (Perth)  team we were asked to speed up the I/O and processing 
speed to allow more data to be moved/saved for the sky surveys

ÅThe first ever end-to-end workflow for processing the Square Kilometre Array (SKA) data, 
composed and verified on the Summit Supercomputer 

ÅFor the first time, radio astronomy data were generated and processed at 130 PFLOPS peak 
and 247 GB/s. The results are being used to reveal critical design factors for the next-
generation radio telescopes and processing facilities

ÅDesigned and developed core components of an end-to-end data processing workflow 
for SKA, including the I/O sub-system using ADIOS achieving 925 GB/s for pure i/O for 
storing table-based radio astronomy 

ÅNew challenges remain to reduce the storage and I/O cost when analyzing the data

ÅMGARD with mask encoding can reduce the data by 20X

SKA
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Scientific Achievement
ÅMost detailed 3-D model of EarthΩǎ ƛƴǘŜǊƛƻǊ ǎƘƻǿƛƴƎ ǘƘŜ ŜƴǘƛǊŜ ƎƭƻōŜ 

from the surface to the coreςmantle boundary, a depth of 1,800 miles

Significance and Impact

ÅUpdated (transversely isotropic) global seismic model GLAD-M25 
where no approximations were used to simulate how seismic waves 
travel through the Earth. The data sizes required for processing are 
challenging even for leadership computer

Å7.5 PB of data is produced in a single workflow step 

ÅWhich is fully processed later in another step

Improvement by appending steps
Å3200 nodes ensemble run, 19200 GPUs
Å50 tasks at once
Å5.2 TB per task in 133 steps
Å260 TB total per 50 tasks
Å7.5 PB per 1500 tasks (total run)

Seismic Tomography Workflow (PBs of data/run) [2.2 TB/s]

Lei, Wenjie, et al. "Global adjoint tomographyðmodel GLAD-M25." Geophysical Journal International 223.1 (2020): 1-21.

Map views at 250 km depth of vertically polarized 
shear wave speed perturbations in GLAD-M15 (2017) 
and GLAD-M25 (2020) in the Indian Ocean. New 
features have emerged in GLAD-M25, such as the 
Reunion, Marion, Kerguelen, Maldives, Seychelles, 
Cocos and Crozet hotspots.

50 tasks, 133 steps, 3200 nodesTime

No I/O 94s

BP3, one file per step 235s

BP4 one dataset per job
133x reduction in # of files 

156s

PI: Jeroen Tromp, Princeton
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High resolution simulation (E3SM-MMF)

Å E3SM F case (Active Atmosphere and Land) 

Åne120 1 day run, no restarts (only history), 21600 procs 

ÅData written out: 151.86 GB (1 file, 417 variables) 

Å E3SM G case (Active Ocean and Sea Ice) 

Å1 day run with no restarts (only history), 9600 procs 

ÅData written out: 77.46 GB (1 file, 51 variables) 

Å E3SM I case (Active Land and River) 

Å10 days run with no restarts (only history), 1344 procs 

ÅData written out: 360.81 GB (2 files, 1120 variables)

Ultra High resolution simulation (SCREAM) Perlmutter and 
Frontier

Åne1024 12 hours run with restarts and history, 2048 procs

ÅData written out: 3.46 TB (30 files, 1255 variables) 

E3SM Ultra-high resolution atmospheric simulations

Jayesh Krishna, 2023 E3SM All-hands-meeting poster presentation on SCORPIO
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Research and develop a streaming workflow framework, to enable near-real-
time streaming analysis of KSTAR data on a US HPC
ÅAllow the framework to adopt ML/AI algorithms to enable adaptive near-real-time analysis 

on large data streams
ÅCreated a framework to enable US fusion researchers to have broader and faster access to 

the KSTAR data, enabling
Å Faster analysis of data
Å Faster and autonomous utilization of ML/AI algorithms for incoming data
ÅMore informed steering of experiment

ÅAccomplishments
Å Created end-to-end Python framework, streams data

using ADIOS over WAN (at rates > 4 Gbps), asynchronously
processes on multiple workers with  MPImulti-threading

Å Applied to KSTAR streaming data to NERSC Cori. 
Å Reduces time for analysis from 12 hours to 10 minutes 

Using staging to establish capability for near-real time networked 
analysis of fusion experimental data (KSTAR)

Churchill, Klasky, S., et al.(2021). A Framework for International Collaboration on ITER Using Large-Scale Data Transfer to 
Enable Near-Real-Time Analysis. Fusion Science and Technology, 77(2), 98-108.

ADIOS
DataMan

time

F
re

q
 (

k
H

z
)

ECEI data
Quick analysis in ~10 

minutes
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ÅVision

ÅNext generation workflows to drive our R&D

ÅApplication success stories

ÅData Reduction

ÅFuture Steps

Outline
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ÅMGARD is a transform-based compressor (multi-resolution, multi-precision)

MGARD ɀ MultiGrid  Adaptive Reduction of Data

Conventional data reduction techniques

ÅEncoding

ÅError unbounded lossy compression 

     Limited compressibility, unknown errors

Error-controlled lossy data compression

ÅData transformation Ą quantization Ą encoding

ÅMathematically control errors in reconstructed data 

    Large compression ratio, guaranteed errors

Trust ς raw & derived quantities

Fast ς GPUs, platform portable 

Adaptive compression ς multi-
resolution, localized error control

Progressive retrieval ς incremental 
data recomposition, multi-views
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ÅMGARD decomposes input data into multilevel coefficients όͅάὧ and ensures:

where όͅάὧ is a reduced representation of όͅάὧ, † is the user-prescribed error bound on either 
primary or derived quantities, and Ὑίὗ  is the norm to preserve quantities-of-interest (QoI). 

ÅMachine learning for tighter error bounds

Å Pessimistic error estimation incurs extra storage and I/O cost

Error Control on Primary and Derived Quantities

Ὑίὗ ς ὺέὰὖ

ᶰ ᶻ

όͅάὧὼ όͅάὧὼ †

Compression for WarpX data: MGARD vs MGARD+ML prediction
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ÅData refactoring through MGARD multilevel decomposition and bitplane encoding

ÅInformation prioritizing

ÅResource constraints adaptive

ÅProgressively retrieve data to desired accuracy

ÅFor tasks requiring varied data quality (e.g., visualization, statistic analysis)

Refactoring and Progressive Retrieval 
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ÅAdaptively compress spatiotemporal variables and preserve analytical features (e.g., 
cyclones, atmospheric rivers) 

Spatiotemporal Adaptive Compression

Output data every hour (compared to every 6 hours)
Å Output 4x smaller with higher frequency (CR=23)
Å 38% more perfect matched and 10X less 

fully/partially missed cyclone tracks

AMR-based critical region detection & localized 
error control

hourly

hourly

6-hourly

hourly spatiotemporal adaptive (CR 23)
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ÅCompression and refactoring APIs

ÅPortable across different CPU and GPU 
architectures (AMD, NVIDIA, etc.)

ÅThroughput and compression ratio (CR):

ÅMGARD vs other lossy (cuSZ, ZFP-CUDA) and 
lossless (NVCOMP) compressors on Summit

MGARD Software Architecture & High-performance

Dataset

GPU Compressors

MGARD-X cuSZ ZFP-CUDA NVCOMP::LZ4

CR
Speed 

(GB/s)

C

R

Speed 

(GB/s)
CR

Speed 

(GB/s)
CR

Speed 

(GB/s)

C D C D C D C D

NYX 

baryon_density  

Rel EB: 1e -3 826 27 30 32 8 8 3.3 16 14 0.9 5 14

E3SM (PSL)

Rel EB: 1e -3 22 22 23 Crashed 5.7 13 12 1 6 16

XGC

Rel EB: 1e -3 17 30 31
Double not 

supported
5.1 17 14 1.1 6 18

QMCPACK

Rel EB: 1e -3 15 23 19 26 9 8 2.6 12 13 1.1 5 16

Miranda

Rel EB: 1e -3 51 29 26
Double not 

supported
8 17 14 0.9 14 12
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ÅVision

ÅNext generation workflows to drive our R&D

ÅApplication success stories

ÅData Reduction

ÅFuture Steps

Outline
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Å Idea 1: Collect ADIOS metadata file(s) into the ADIOS Campaign File (.acf)

Å aǳƭǘƛǇƭŜ !5Lh{ ŦƛƭŜǎ Ŏŀƴ ƘŀǾŜ ǘƘŜƛǊ ƳŜǘŀŘŀǘŀ ǇƭŀŎŜŘ ƛƴǘƻ ǘƘŜ ƳŜǘŀŘŀǘŀ ǘƻ ŘŜǎŎǊƛōŜ ƳƻǊŜ ŀōƻǳǘ ǿƘŜǊŜ ǘƘŜ άŘŀǘŀέ ƛǎΣ ŀƴŘ ǘƘŜ !/C can point to 
multiple ADIOS files including

Å Raw data: such as particle data file, the 3D mesh file, the 2D output, the diagnostics, ..

Å From multiple restarts

Å For analysis output

Å Lƴ ƳǳƭǘƛǇƭŜ ŦƻǊƳŀǘǎ ό.tрΣ I5CΣ Χύ ŀǎ ƭƻƴƎ ŀǎ ǘƘŜ Χ ŎŀƳŜ ǿƛǘƘ ŀ ǎŎƘŜƳŀ ŦƛƭŜ

Å Idea 2: Allow ADIOS to communicate either through a RESTFUL API (request are translated into pointers into files) or through variables (e.g. SST) 
over the network (HPC, LAN, WAN)

Å Security will be through SSH tunnels (or other mechanisms) 

Å Idea 3: Allow ADIOS to perform queries on

Å Primary Data

Å Known QoI

Å Unknown QoI

With very little storage overheads 

Å Idea 4: Optimize the return of information over data

Å MGARD can refactor data

The creation of the Exascale Data Store
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ÅExample: Read in a few variables and the MESH from a HDF5 file

ÅGUI picks which variables

ÅVariables are read in from the HDF5 file

ÅIf the data needs the mesh, it will read in the mesh

ÅAll communication occurs via memory references (copy if necessary) 

ÅAll work is done on the same number of nodes

ÅVisualization is done by the render in the same program unless sent 
in client-server mode to (e.g. Paraview) server

The Viz/Rendering abstraction moving to a SOA approach

Choose variable 
from GUI

Read data from 
file

Extract Isosurface

Render
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ÅExample: Read in a few variables and the MESH from a BP5 file

ÅGUI picks which variables

ÅVariables are read in from the BP5 file

ÅIf the data needs the mesh, it will read in the mesh

ÅAll communication occurs via memory references (copy if necessary) 

ÅAll work is done on the same number of nodes

ÅVisualization is done by the render in the same program unless sent 
in client-server mode to (e.g. Paraview) server

The Viz/Rendering abstraction moving to a SOA approach

Choose variable 
from GUI

Read data from 
file

Extract Isosurface

Render
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ÅExample: Read in a few variables and the MESH from a BP5 file

ÅGUI picks which variables

ÅVariables are streamed in from the BP5 file on a/multiple remote 
servers

ÅIf the data needs the mesh, it will read in the mesh

ÅAll communication occurs via memory references (copy if necessary) 

ÅAll work is done on the same number of nodes

ÅVisualization is done by the render in the same program unless sent 
in client-server mode to (e.g. Paraview) server

The Viz/Rendering abstraction moving to a SOA approach

Choose variable 
from GUI

Read data from 
file

Extract Isosurface

Render
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ÅExample: Read in a few variables and the MESH from a BP5 file

ÅGUI picks which variables

ÅVariables are streamed in from the BP5 file on a/multiple remote 
servers

ÅIf the data needs the mesh, it will read in the mesh

ÅAll communication occurs via memory references (copy if necessary) 

ÅAll work is done on the same number of nodes

ÅVisualization is done by the render in a different program which can 
be on a remote (e.g. Paraview) server or Python Notebook or ..

The Viz/Rendering abstraction moving to a SOA approach

Choose variable 
from GUI

Read data from 
file

Extract Isosurface

Render
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ÅExample: Read in a few variables and the MESH from a BP5 file

ÅGUI picks which variables

ÅVariables are streamed in from the BP5 file on a/multiple remote 
servers

ÅIf the data needs the mesh, it will read in the mesh

ÅAll communication occurs via memory references (copy if necessary) 

ÅAll work is done on the same number of nodes

ÅVisualization is done by the render in a different program which can 
be on a remote (e.g. Paraview) server or Python Notebook or ..

ÅA dashboard (e.g. esimmon) can subscribe to servers from many 
producers, allowing some users to see visualizations from 100s of 
different tools/users

The Viz/Rendering abstraction moving to a SOA approach

Choose variable 
from GUI

Read data from 
file

Extract Isosurface

Render
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Challenges:

Å{ǘƻǊƛƴƎ ǘƘŜ άƳǳƭǘƛǇƭŜέ ǾƛŜǿǎ ƻŦ Řŀǘŀ ŀŎǊƻǎǎ 
distributed facilitates and dynamically 
ŀŎŎŜǎǎƛƴƎ άǇŀǊǘƛŀƭέ Řŀǘŀ ƻƴ ŘŜƳŀƴŘ

Proposed research: 

ÅDesigning efficient metadata structure and 
managementalgorithm to

ÅAccess and recompose refactored scientific 
data across remote sites

ÅCreateάƳǳƭǘƛǇƭŜέviewsof dataper
application/analysisrequirements

ÅIntegrating with data management tools for

ÅCross-system data prefetching and caching

ÅUnified data abstraction and common I/O APIs

Data reduction for creating a remote data facility
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Å8:30 Introduction to data 
management at extreme scale ɀ 
Scott Klasky 

Å9:15 ADIOS 2 concepts and API 
(C++, Python, F90) ɀ Norbert 
Podhorszki

Å10:00 BREAK

Å10:30 ADIOS 2 API ɀ Norbert 
Podhorszki

Å11:00 Hands on with ADIOS 2 ɀ 
Files ɀ Ana Gainaru

Å12:00 Lunch

Å1:30 ADIOS @ scale ɀ Norbert 
Podhorszki

Å2:00 Introduction to Paraview + 
ADIOS + hands on Caitlin Ross

Å3:00 BREAK

Å3:30  Introduction to TAU and TAU 
+ ADIOS ɀ Kevin Huck

Å4:00 Hands on with TAU + ADIOS

Å4:15 Staging with ADIOS ɀ hands 0n 
ɀ Ana Gainaru

Å5:00 END

Outline
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ADIOS Concepts and C++ API


