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A A 1:30 ADIOS @ scaleNorbert
Podhorszki

A 2:00 Introduction to Paraview+
A9:15 ADIOS 2 concepts and APl  ADIOS + hands on Caitlin Ross
(C++, Python, F90Y Norbert &

Podhorszki
A A 3:30 Introduction to TAU and TAU

+ ADIO& Kevin Huck
A 4:00 Hands on with TAU + ADIOS

A 4:15 Staging with ADIOS hands On
Z Ana Gainaru

A 10:30 ADIOS 2 APt Norbert
Podhorszki

A 11:00 Hands on with ADIOS 2
Filesz Ana Gainaru

A A




tut###.supercontainers.orq:8443
### 1S a number assigned for you in this tutorial

Username: tutorial
Password: HPCLIinux12!

Launch a couple of gnonrterminals

<

ANOHIESENTITEL

4
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A Why you should use ADIOS

A What are the advantages of using ADIOS over other parallel I/0 and in situ visualizatic
frameworks

A How to use ADIOS

A How to get high performance using ADIOS

A How to use ADIOS for in situ analytics

A How to visualize data witRaraviewfor in situ and post processing of ADI&®bled codes
A How to use TAU with ADIOS and to visualize the ABIDS files

A C++, Python, F90, C
A PLEASE ASK QUESTIONS!

5
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A A 1:30 ADIOS @ scaleNorbert
Podhorszki

A 2:00 Introduction to Paraview+
A9:15 ADIOS 2 concepts and APl  ADIOS + hands on Caitlin Ross
(C++, Python, F90Y Norbert &

Podhorszki
A A 3:30 Introduction to TAU and TAU

+ ADIO& Kevin Huck
A 4:00 Hands on with TAU + ADIOS

A 4:15 Staging with ADIOS hands On
Z Ana Gainaru

A 10:30 ADIOS 2 APt Norbert
Podhorszki

A 11:00 Hands on with ADIOS 2
Filesz Ana Gainaru

A A




A Vision
A Next generation workflows to drive our R&D
A Application success stories
A Data Reduction
A Future Steps

7
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ATLAS CPU used 2015-2023 (monthly average)

mi for , Grid, Clouds and volunteer computing
A Volumeg HighLuminosity LHC |
N > Sr = 600 K - l..,_:,_ii{l“\:,'*i r):'lr" ,Ill"f”.t,‘-'l.r,-l.
A [ dzZNNI y u AUZ2NI IS = A L

200K

2021 2022 2023

A Optimized storage model remains t & w s oo o
expensive SRR LY

A Velocityc Square Kilometer Array

A Unprecedented and sustained
throughputs

A Varietyc ITER

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

AValuec¢t KS O2 4

R ————

SKA1-MID

Pa o

2T 0KSas

ATLAS managed data volume 2015-2023
800 PB

600 PB |—[
400 PB ﬂ—

0B

2015 2016 2017 2018 2019 2020 2021 2022 2023

300 PByr

- 8
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i TheEt it

1988: Cray WIP: 2.7 1996:Cray T3B.001  1998:0.0025PflopsASCI 2002: Earth SimulatatO

: Vector Processors, PFlopsmassively parallel Blue Mountain: shared Tflops 50MW, vector procs
SSD storage (13.6 GB/s) memory across all procs

—4 o fa e %QIK R | Tl
lm“‘““Iil g%% m @ivRoy fkfw."ﬂhm:“
Ui 0 R e ——
l | ! " AMDI1 o
2009: Cray XT5&: 2013: Cray Titary . 2022: Cray Frontier: , AMD
: Multi-core, . NVIDIA GPUs 2018: IBM Summit: GPUs, Burst Buffer Storage 10TB!
LUSTRE storage system , NVIDIA GPUs long term at 4.6 TB/s, 21MW

A Ratio of Storage/Flops keeps getting worse A Experimental/Observational data is outpacing
A New complex workflows with Al + HPC compute & storage

Foster, I., Klasky, S., et al., (2017, August). Computing just what you need: Online data analysis and reduction ataeseme s - 9
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European conference on parallel processing ((4®)3Springer, Cham.




Working with domain scientists who have the followirig =l need to
A Write a few times during my simulation, and can you help me write a little more often

A Time decimation is ok until important physics is lost, but they want ~ 5% overhead 1
A Understandvisualize data at a higher time fidelity during the experiment

A Near Real Time visualization is necessary for many domains
A Coupleseveral codes together and integrate analytics during the experiment

A Coupling applications with analytics is critical as the science becomes more comple
A Reducehe data sizes which go on tape and move across storage tiers

A Data Reduction with quantifiable error for the Qols is critical to reduce storage/netw
A Reducehe analysis cost as my datasets grow

A Remote access to data with different error bounds is critical for working with large d
A Composeand execute the coupled codes on HPC resources

10
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4§ HPC Center

Ourvisionis to allows applications to
publish and subscribe to data

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

A5F 01 OFyYy &UNBIY AY
filtered/queried in a manner allowing
0KS aYz2aid AYLRZNULFYGE )\yTz =, 4 2

prioritized ML

14
Other tool,x‘l- \
nd locatio )

A Data written and read to storage will be
nighly optimized on HPC resources and
gueryablein a federated system

KSTAR Datiaum

11
RAPIDS

D. Pugmire, J. Huang, S. Klasky, and K. Moreland: The Need for Pervasive In Situ
Analysis and Visualizaton®® SAV) , WOI V622.



A Direct Acyclic Graphs (DAGS)

A Tasks: Functions, standalone kernels
A Data: filebased transfers
..... >

A Dependencies: Flowa() or control ( )

A1 Workflow = 1 Application
A Well defined structure
A Full interoperability between components
A No intrusion in kernel codes

A Evolve as a whole

Input file

Input file

=

~
N
-~
~
S
~

Output file

12
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limitations

A Composition
A Provide ways to express the structure of a workflow and describe the components
A Rigid structure, no cycles, no tight coupling
A Orchestration
A Plan, deploy, and launch the execution of the components of a workflow

A Planning is often static with a disconnect between theoretical and practic
scheduling and practical implementations

A Data management

A Manage the storage and transfer of files and handle the intermediate
data produced, consumed, and transferred

A Everything is fildased; read/write/move files
A Code management
A Deploy/install the code of the workflow components on all sy
A Burden.af.campatibility.of components is on the WMS

)
i
.....
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Simulation
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Next Generation workflows need explicit data movement & command/control

Simulation

=
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A SelfDescribingdata which can be organized in hierarchies

A FastParallel and Serial 1/O to/from all tiers of storage (LUSTRE, GPFS, A\
bC{%Z .DC{Z ¢!'t9zx Xuvu L =k £f A0t S

A No changeso work overstreams(HPC, WAN)

A Ability to get high performance for older and newer storage technologies

A Tape, Parallel File System, Laptdp¥Me Object Storage, next generatidh/Me(e.g.
Samsung storage)

A Ability to efficientlyquerythe objects

A Can be used as a weléfined interface for a Service Oriented Architecture
(files/streams)

15
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Vision

ACreate an eas{o-use, high performance 1/0 abstraction
to allow for online/off-line memory/file data subscription service ‘

ACreate a sustainable solution to work with miér storage
and memory systems for salescribing datasstreams

®%e
ADI&s .‘

Detalils
ADeclarative, publish/subscribe API separated from Application | ADIOS Epos.mee
the I/O strategy s It
Host memory space Host Buffeli'—b Buffer =) Storage

AMultiple implementations (engines) provide
functionality and performance

ARigorous testing ensures portability

AGPUaware to reduce data movement

Ahttps://github.com/ornladios/ADIOS?2

Godoy, W. F., Klasky, S. et al. (2020). ADIQSThe adaptable input output system. a framework forpéegformance data

managementSoftwareX 12, 100561.

Device :

GPU memory space Buffer |

Wiihout GPU aware

Wéth GPU aware
ADICS

Host memory space : Bu{fer ==p Storage
Devi E Pointer :
GPU memory space EVICEN e ATADIE
Buffer .

”\\‘ 16



https://github.com/ornladios/ADIOS2

chunk

AADJOS writes metadata for each variable on each _ N
OOKdzy1e 2F RIUF OYAYKYIl EZ 5 u—Luf;a A2

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

ANextEIS;fSNJ UAzy | szNJ\Sa Oy Ftt2g ay
GNRARUOGAYIAKNBIFIFRAYIEST gAUK22dzi AYONBI a

AE.g. definevecB-vector(BX,BY,BZ); defioer|B=curl{zecB;defineBmag= magyecB
AGet curlB), getBmag Bmag5.5)

AThese nexgeneration queries allow the users to only read data of the derived quantiti
which satisfy the queries

ATake advantage of next generation storage (e.g. Samsung) includes compute a

storage  Queries can reduce the data movement from storage to applications

Gu, J., Klasky, S., Podhorszki, N., Qiang, J., & Wu, K. (2018, March). Querying large scientific data sets with adapyaiele 10
ADIOS. In Asian Conference on Supercomputing Frontiers (p91Springer, Cham.

17
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A Simplistic approach to staging to decouple application performance from
storage performancgburst buffer)

A Built on past work with threaded buffered 1/0

A Buffered asynchronous data movement with a single memory copy

A Application blocks for a very short time to copy data to outbound buffer

A Exploits network hardware for fast data transfer to remote memory

At 2RI @ Qa

ay 2

RSNY ¢ a2fdziAzy Aa
2

’ Computational Nodes .

Abbasi, H., Klasky, S., et al., (2010). Datastager: scalable data staging servpsagoal@pplications. Cluster Computing, 13(3),

277-290.

' RAPIDS
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Transfer mechanisms A Streams; TCP, RUDP,

A File based (BP4, BP5) ROkt Scheduling options

A Network based on the same acement options A Fully synchronous

resource (SST, SSC) A Same core A Fully asynchronous
A RDMA lfbfabric, UCX) A Different cores/same node A Hybrid

A MPI (one sided, two A Different nodes
sided)

A TCP/ RUDP
A Memory references

A WAN data transfer
(DataMan,SST

A Filesc GridFTPscpz X

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.

| Refactoring options
A Different resource (LAN) A Prioritize which data gets

A Different resource (WAN)  moved first

A Hybrid (mixture of options)Storageoptions
A ADIOSBP5
A HDF5

19
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A Fides is a visualization schema A Interactive visualization in a Gipost

A Fides maps ADIOS data arrays to-WITK P ocessd .
datasets, enabling viz using shared anftl Batch visualizatiog post processing on
distributedmemory paralle[algorithms compute nodes

A Catalyst provides in situ data analysisA In situ (inline) interactive visualization in a
and visualization capabilities for GUI
ParaView A In situ (inline) batch visualization

A In situ (in transit) batch visualization

Using the same application that outputs data using ADIOS

Post hoc In situ (inline) In transit

BP5, HDF5 ParaViewADIOSInSituEngine ST, SSC staging and BP:
through file system

Pugmir e, D. : et al . AFi des: a gener al pur pose dathang, 2081d e | ; ar f 020



A Vision
A Next generation workflows to drive our R&D
A Application success stories
A Data Reduction
A Future Steps

21
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=" ™

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

A They generate 1.4 TB data per output step on 6K GPUs on Summit and want to write
at every 100 steps (300allclockseconds)

At KSeé dzaSR / Db{ 4AGK | 5Cp

F2NJ GSTFFAOAS
2700s/step

A Converting the data to ADI&@SBP5 reduced the time to 6s (2% overhead)

AtKS G201t 2dz0Ldzi RFEOGl A& y29

ooc ¢. > [
data to store at GE

A Using MGARD in 1D we can compress the data >10X with 99.999% accuracyfar tr
In the turbulent regions

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

A New R&D is still necessary to reduce the analysis timeRvidightParaview

22
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A We originally helped®IConGPltb achieve I/O performance on the OLCF Jaguar system
A Allowed their code to get >10X I/O performance improvement

A Next, we utilized staging to increase the /O bandwidth on Summit

A Now we are working on more in situ techniques for Al, Digital Twins

I “l'—' 104
' 5122048 ©
L A +—
%‘ : 25¢ |u . EE
s, 100F m s b Z PFS bandwidth limit =
@ i ] O,
Q 1.7|1 ] 45 :
S , 16/61 — 2,
= 10 | e Ll A 16‘_ %0 107 ]
2 me AT —" B " o -
8 , A : : +
=t ' g - ﬁ Z H
B L P Freh? = [ 1SST+BP (streaming part)
= | ',] ' : § [ISST+BP (filesystem part)
Labels Note Number of OSTs|Aggregators 2, [ 1BP-only 7
PHDF5 ADIOS MPI ] ADIOS Aggregate AN — 2 | |
O] s ' PR .| ' PR S .| ' 3 sobond fg ]_O 64 128 256 512
100 1000 10000 8
Number of GPUs number of nodes
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A Our original goal was to reduce the I/O time in parallel I/O (2000) using parallel HDF5

A 2.3 GB of data on 1024 processors, output everyv2éliclockseconds on NERSC IBM
SP2

A Parallel HDF5 was optimized to have a 37% overhead; 74 seconds/write for 2.3 GI
A ADIOS 0.0.1 was used; 8 seconds/write for 2.3 GB

A ADIOS 1.0 was used in GTC on OLCF Cray XT4
A ADIOS was optimized to write >20 GB/s

A ADIOS 2.0 was used in GTC on Summit writing 2.4 TB/step at 2.5 TB/s (< 1 second/st

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

24
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Continual ADIOS BP

Learning Loop [1... M] ML Training

ADIOS Stream ——» Aggregato Is
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Positions/Velocities Model weights

A DeepDriveMBS: streaming implementation with ADIB®

A Continual learning loop enabled by ADIOS constructs
A Streaming application of ML/AI

A Streaming runs have better resource utilization for protein
folding simulations than static file systelnased runs

DeepDriveMD-F

—— DeepDriveMD-F ‘ | ‘ ‘ ‘ ‘ | | | ‘ | I | I
—— DeepDriveMD-S | I I I I | | I I I I

0 1 2 3 4 5 6 7
(i

| H!“:WIWIIHIIHIIHIIWIWIIHIIHIIWIWIHIW:“!HEW;WII

10
Time (us)

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

A Faster timeto-solution enabled by streaming runs

- "RAPIDS |




The XGC fusion code was created to understand the turbulent structures in the edge of t
plasma

A The output data written as a PDF is written every step (35s), but is 1 TB for an ITER rt
A The original output (PHDF5) took over 1000 seconds/step
A Converting to ADIOSRP5 results in <1 second/step

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

A New techniques with MGARD2 + Post processing allow us to reduce t
while maintaining errors with I®accuracy on 5 of the Qols, but new
remotely access data by accuracy/variable/step/ROl is still critical

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

A GPU optimized VT services for Poincare plots speed up the anaI)/f_-
from 1hrto 60s using 1 Summit node

26
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Pl. Amitava Bhattacharjee, PP
C. S. Chang, PPPL

2. Describe your performance on Summit (or equivalent) as completely as possible. Where possible, make

A Diffe rent phySiCS SOlved In d Iffere nt phySICaI reg Ions Of detector meaningful performance comparisons, characterize GPU utilization and identify bottleneck resources
(Spatlal Cou pl | ng) . XGCGENE -- coupled performance

XGC on 512 Summit nodes

A COre SImU|at|0nGENE s ‘ ] GENEonBSummitvnodes
Edge simulationXGC - i — pad
Separate teamsseparate codes

FOMSumrrm =748=423 FOMTltan
When linearly scaled to full Summit

A Recently demonstrated firgtver successful kinetic coupling of this kijiillis======= . Tmespentin couplngcommunicatn

using ADIOS: << 1%

R REER N !IIEN} B RN 1 INIEW Little waiting by XGC.

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

VTK-m physics plots

Dominski, J., et al. "Spatial coupling of gyrokinetic simulations, a generalized scheme baseepondiges."Physics of Rismas28.2 (2021): 022301.
Merlo, G., et al. "First coupled GENEGC microturbulence simulationsPhysics of Plasm&&8.1 (2021): 012303.
Cheng, Junyi, et al. "Spatial ceeelge coupling of the particia-cell gyrokinetic codes GEM and XG(Physics of Plasmda7.12 (2020): 122510.

27
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Core plasma
(hot, collisionless)

A We examine a complex workflow using XGC on Summit, with three in sit
analysis for new scientific discovery

A We execute XGC along with three analysis routiReincarésurface plot,
Head Load calculation, Diffusion Calculation)

A The overhead was 0.1% 1/1024 nodes

XGC weak scaling on Summit (odd time steps) XGC weak scaling on Summit (even time steps)

s

Diagnostics

Other grid operations

Other

Solver-related Solver-related
-

512 1024 256 512
# Summit nodes # Summit nodes

Time / XGC Time

w
ke
c
<]
v
@
)
c
<)
=]
©
—
=)
o
Q
7]
2
n
(]
E
-

Nodes = 256 Nodes =512

Suchyta, E., Klasky, S., et al., Hybrid Analysis of Fusion Data for online understanding of complex science on extreme scale
computers, Cluster 2023.




A On Frontier, S3D researchers (Jackie Chen et al. SNL) were
bottlenecked from their I/O and wanted help to reduce their
data

A Step 1: Reduce the 1/O cost

A Step 2: Reduce theatasizebut ensure the Qols from ML R == =
feature detection is accurate and place data in community ' Bl o

storage for FAIR data S3D on Frontier 1K nodes

Vorticity fields in DNS
of a turbulent jet flame:

Visualization: K. L. Ma,
H. Akiba

1400
1200
1000
800
600

BANDWIDTH

400

200
0 _ I
Writing Reading
m ADIOS2 mMPI-IO - 29
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: ‘ WarpX write performance on Summit: weak scal
WarpXcode

A WarpXis a PIC code with Adaptive Mesh Refinement uaid@ieX

. 3 mmm logicall tiguous
10 ogically contig
o - YarpX I/O improvements = chunking Z
\ w 12 = chunking+sub-filing-FPN o= A0
1 o V4
u Plotfile ®BP File ! <] o EUU T e RS L
600 A 1 —— 1
: a 10 X
‘ZJ. : -5'.' g decomposition = 1x1x2  decomposition = 1x2x1  decomposition = 2x1x1
M 400 ! 3 .0 & 10
O ! £ 10 -
1 ;J. £
1
B 'A_m B_m
1 2 = — — I
: I I i i 3 = logically contiguous wm chunking mm chunking+sub-filing
-2
0 10 Fig. 5. Impact of decomposition schemes when reading.
0.9 3.7 148 59.0 236.0 192 384 768 1536 3072 6144
SIZE (TB) of processes
M logically contiguous W chunking W chunl-(ing+sub-ﬁ|ing [ chunking+sub—ﬂ|ing+iWtra-prccess-merging B chunking+sub-filing+intra-node-merging
2 whole domain xy-plane xz-plane
10 256GB 107" 64MB 0" 64MB
1
Cer 0]
0
¢ I I | il Ll ||| |I‘“ | ||| il - ||I ||| “| \" ‘“ ‘“ ‘ |I| ‘|||| |‘“ I‘“ I “ I m
e II il Il I l Ill ol 00EE RN D ol o |||| | !
= p 4 8 16 32 64 128 128 128
[=)}
E Iane sub area = sub xz-plane
£ 100 32GB 10 16M
° -2
“ ‘II“ ‘II“ ‘Il I ‘ | | | ‘ il ! I|| | ||| | |“ II‘“ II“ ‘" i ‘II|| “||| M“ ‘I‘“ | ‘ ‘ ” |
16 128 128 2 128
# of processes # of processes # of processes

Wan, L., Huebl, A., Gu, J., Poeschel, F., Gainaru, A., Wang, R., ... & Klasky, S. (2021). Improving I/O performancedt® exasc

30
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Tier| Capacity Read BW, Write BW
(=) (TB/s) (TB/s)

Node-Local 33 75 38

Orion Metadata Tier

M etad ata 10 O . 8 . 5 | (40 MDS, 1 MDT per MDS)

Performance 11.5 10 10 x45 | Orion Capacity &

Performance Tiers
(450 0SS, 1 Perf. OST and

Capacity 679 5.5 4.6 2 Gap. OSTs per OS9)
FLASH-X (HDF5)

8 -
ADIOS Performance on Frontier 015
’ WarpX m XGC
WarpX70GBz 360TB 0.1 . | |
@ XGGITER 2.17 69 TB =
m 4 >
= =
> I 0.05 — — — -
N I
0
128 256 512 1024 2048 4096 64 128 256 512 1024 2048
Nlele[S Nodes

A ADIOS Performance withWarpXand XGC on Frontier > 5TB/s, FlasK with HDF5 on Frontier <0.2 TB/s



A E3SM researchers asked us at the beginning of ECP to speed up the /O from 100 MB/s to >
A New performance enhancements with their SCORPNETCDF=1.3 GB/s: write time=123 s
A Converting the output to ADIGSallows us to achieve >110 GB/s on Frontier: write time = 1.

Ahdzi LJdzG RFEGEF A& adAaff aGAYS | @SN ISRE FKAOK
Atmospheric Rivers (output is written every 6 hours), but we wanted to understand if we coulc
output every hour

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

wg Non reduced 6 houl

32
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A Working with the SKA (Perth) team we were asked to speed up the 1/0 and processin
speed to allow more data to be moved/saved for the sky surveys

A The first ever endo-end workflow for processing the SquafdometreArray (SKA) data,
composed and verified on the Summit Supercomputer

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

A Designed and developed core components of anendnd data processing workflow
for SKA, including the I/O stdystem using ADIOS achieving 925 GB/s for pure 1/O fc
storing tablebased radio astronomy

A New challenges remain to reduce the storage and 1/0 cost when analyzing the data
A MGARD with mask encoding can reduce the data by 20X

33
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Pl. Jeroen Tromp, Princeton

GLAD-MI15 P dinvsv GLAD-M25 _ = - . = dinVs v
- - - 3 Do - - ' 3 Oe-C

Scientific Achievement

A Most detailed3-D model of EartRa A Yy 1 SNRA 2 NJ a4 K2 ¢ 8§
from the surface to the commantle boundary, a depth of 1,800 milgy

Significance and Impact

A Updated (transversely isotropic) global seismic model GUAD : :
where no approximations were used to simulate how seismic wav: Map views at 250 km depth of vertically polarized
travel through the Earth. The data sizes required for processing ail shear wave speed perturbations in GLKR5 (2017)

challenging even for leadership computer and GLABM25 (2020) in the Indian Ocean. New
features have emerged in GLAIR5, such as the
A IS produced ir: Reunion, Marion, Kerguelen, Maldives, Seychelles,

Cocos and Crozet hotspots.

A Which is fully processed later in another step

Improvement by appending steps ;
A 3200 nodes ensemble run, 19200 GPUs 50 tasks, 133 steps, 3200 nod( Time | S
A 50 tasks at once Nol/O  94s

A 5.2 TB per task in 133 steps _

A 260 TB total per 50 tasks BP3, one file per ste| 235s

A 7.5 PB per 1500 tasks (total run) BP4 one dataset per jo  156s

133x reduction in # of file!

o4
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Energy Exascale
Earth System Model

High resolution simulation (E3SMMF) A (Active Land and River)
A (Active Atmosphere and Land) A 10 days run with no restarts (only history), 1344 procs
Anel120 1 day run, no restarts (only history), 21600 procs A Data written out: 360.81 GB (2 files, 1120 variables)
A Data written out: 151.86 GB (1 file, 417 variables) Ultra High resolution simulation (SCREAM) Perimutter and
A (Active Ocean and Sea Ice) Al

Ane1024 12 hours run with restarts and history, 2048 procs

A1 day run with no restarts (only history), 9600 procs
A Data written out: 3.46 TB (30 files, 1255 variables)

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

Scorpio /O write throughput (Frontier, OLCF)
ne1024 F case (3km, 2048 procs)

I Scorpio, PnetCDF
I Scorpio, ADIOS

Scorpio VO write throughput (Frontier, OLCF) Scorpio I/O write throughput (Perimutter, NERSC)
F case (28km, 21600 procs), G case (18 km to 6km, 9600 procs), | case (56km, 1344 procs) ne1024 F case (3km, 2048 procs)

I Scorpio, PnetCDF I Scorpio, PnetCDF
I Scorpio, ADIOS I Scorpio, ADIOS

(]
N

¢

I/0 Throughput (GB/s)
1/0 Throughput (GB/s)
>
1/0O Throughput (GB/s)

Jayesh Krishna, 2023 E3SM Alandsmeetingposter presentation on SCORPIO



Research and develop a streaming workflow framework, to enable-needr
time streaming analysis of KSTAR data on a US HPC

Allow the framework to adopt ML/AI algorithms to enable adaptive reattime analysis
on large data streams

Created a framework to enable US fusion researchers to have broader and faster acc
the KSTAR data, enabling

Faster analysis of data

Faster and autonomous utilization of ML/AI algorithms for incoming data

More informed steering of experiment
Accomplishments

Created enedo-end Python framework, streams data
using ADIOS over WAN (at rates > 4 Gbps), asynchronoUjsss
processes on multiple workers withlPImultithreading :

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

Quick ana{lysis in ~10

minutes o

ECEI data

I
Y]

Churchill, Klasky, S., et al.(2021). A Framework for International Collaboration on ITER Using-Saeje Data Transfer to
Enable NeaRealTime Analysis. Fusion Science and Technology, 77(2) @8




A Vision
A Next generation workflows to drive our R&D
A Application success stories
A Data Reduction
A Future Steps
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A Encoding A Data transformatiord, quantizationd encoding
A Error unbounded lossy compression ) A Mathematically control errors in reconstructed data
Limited compressibility, unknown errors Large compression ratio, guaranteed errors

A Is a transformbased compressor (mukesolution, multiprecision)

C raw & derived quantities

I= 17| 2% - ¢ GPUs, platform portable
Compressed bytes l ‘ ‘”‘"" / ; : . C mUIU'
- = em = —| | P 3t resolution, localized error control
0.1 001 le-5 I ( )\

¢ incremental
data recomposition, mukviews

() .’
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A MGARD decomposes input data into multilevel coefficiénts cand ensures:

Y 0 c 0 & 16 a B 6 & ol t
NZ

whered & Gs a reduced representation &f & @t is the usesprescribed error bound on either
primary or derived quantities, and; U is the norm to preserve quantitiesf-interest Qol).

A Machine learning for tighter error bounds

A Pessimistic error estimation incurs extra storage and /O cost

—
m
_I_

[y
w

—— Requested tolegs

| = Achieved toldranee

MGARD achieved error

—dk— E-MGARD achieved error

Maximum absolute error
Maximum absolute erro

=
o
=
=
a4
W
b
=
@
=
W
E
=
£
el
=

10 15 20

Index

Compression fowarpXdata: MGARD vs MGARD+ML prediction
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A Data refactoring through MGARD multilevel decomposition itlane encoding

Storage
' 1Oriti7i L lution dat
A Information prioritizing oo
o Precision o Data
\ D recomposition — recomposition b .

;| —————— ) e—
—> .

A Resource constraints adaptiv
llll

High resolution delta
am  Precision Data 1.5- W't 7

. [ ]
ID recom n recom n
b3 recomposition = eco posmo

retriever RERERS
- ——

A Progressively retrieve data to desired accuracy
A For tasks requiring varied data quality (e.g., visualization, statistic analysis)

. S7
. ZFP
B MGARD-DR

Elapsed time (s)

\
T =
g
]

=8
T C
he ]
<
Q
o

100 120 100 120 140
Requested PSNR Requested PSNR




Spatiotemporal Adaptive Compression

A Adaptively compress spatiotemporal variables and preserve analytical features (e.g.,
cyclones, atmospheric rivers)

Decomposed Normalize multilevel Mesh refinement on
coefficients (logarithmic) coefficients coefficient’s magnitude

Original data

Error of Adaptive Expand multilevel

Extend buffer zone Detected Rol

Compression - fol coefficients
o.oooos<:] i I <]
71]\_;’ 5 ; 359 - \\J —
| s hourlyO hourly spatiotemporal adaptive (CR Z3)
AMR-based critical region detection & localized Output data every hour (compared to every 6 hours)
error control A Output 4x smaller with higher frequency (CR=23)

A 38% more perfect matched and 10X less
fully/partially missed cyclone tracks
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GPU Compressors
cuSZ ZFP-CUDA

MGARD-X NVCOMP::LZ4

Speed
(GBI/s)

C D

C
R

Speed
(GBI/s)

C D

Speed
(GB/s)

C D

Speed
(GB/s)

C D

826 27 16 14 14

Crashed

Double not
supported

26 9 8

Double not
supported

A Compression and refactoring APIs
A Portable across different CPU and GPU
architectures (AMD. NVIDIA. etc.) Dataset
High-Level Compression API High-Level Refactoring/Progressive Retrieval API
Metadata Manager
Multi-Device Out-of-Core Processing Manager

Low-Level Compression API Low-Level Refactoring/Progressive Retrieval API
 CompresionPeine  Refecorngand RetrewlPipelne NYX
Key Compression and Refactoring Algorithms baryon_density
Mullevel Decomposiion  Quantizatin  Bitplane Encoding  Entropy ncoding | <010 10
Performance Auto Tuner E3SM (PSL)
Device Abstractions Rel EB: 1e-3

Customized Parallelization Abstractions
Task Manager Memory Manager Device Qi M Multi-Device M XGC
g 8% g evice Queue Manager ulti-Device Manager Rel EB: 1e-3
Serial Adapter OpenMP Adapter CUDA Adapter HIP Adapter SYCL Adapter
QMCPACK
il Rel EB: 1e-3
x86/Power/ARM CPUs NVIDIA/AMD/Intel GPUs Miranda
Rel EB: 1e-3
A MGARD vs other lossguSZZFRCUDA) ank

lossless (NVCOMP) compressors on Summit

42
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A Vision
A Next generation workflows to drive our R&D
A Application success stories
A Data Reduction
A Future Steps
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A ldea 1: Collect ADIOS metadata file(s) into the ADIOS Campaigadfile (.

A adz GALIX S 15Lh{ FAfSa OFy KIFI@S OGKSANI YSUOGFRIFGIF LX I OSR ’kaf poittdl K
multiple ADIOS files including

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

A From multiple restarts

A For analysis output

ALY YdZ GALX S F2NXI G4 o6.tpx I15CE X0 la t2y3 a GKS X OFYS gAGK

A 1dea 2: Allow ADIOS to communicate either through a RESTFUL API (request are translated into pointers into files) varthbbeste.g. SST)
over the network (HPC, LAN, WAN)

A Security will be through SSH tunnels (or other mechanisms)
A 1dea 3: Allow ADIOS to perform queries on

A Primary Data

A KnownQol

A UnknownQol

With very little storage overheads
A Idea 4: Optimize the return of information over data

A MGARD can refactor data

44
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A Example: Read in a few variables and the MESH from a HDF5 file Choose variable

_ : _ from GUI
A GUI picks which variables |
A Variables are read in from the HDF5 file i ?i?eta s
A If the data needs the mesh, it will read in the mesh = \
xtract Isosurface

A All communication occurs via memory references (copy if necessary)

A All work is done on the same number of nodes Rerv]der

A Visualization is done by the render in the same program unless sent
In clientserver mode to (e.g?araview server

45
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A Example: Read in a few variables and the MESH frBREtle Choose variable

_ : _ from GUI
A GUI picks which variables |
. . . = f
A Variables are read in from tHgP5file e ?i?eta ik
A If the data needs the mesh, it will read in the mesh = v
xtract Isosurface

A All communication occurs via memory references (copy if necessary)

A All work is done on the same number of nodes Rerv]der

A Visualization is done by the render in the same program unless sent
In clientserver mode to (e.g?araview server
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A Example: Read in a few variables and the MESH frBREtle Choose variable

from GUI
A GUI picks which variables I
A Variables arstreamedin from theBP5file on @multiple remote ibech b

sServers i

Extract Isosurface

A If the data needs the mesh, it will read in the mesh

A All communication occurs via memory references (copy if necessary) v
Render

A All work is done on the same number of nodes

A Visualization is done by the render in the same program unless sent
In clientserver mode to (e.g?araview server
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A Example: Read in a few variables and the MESH frBREtle Choose variable

from GUI
A GUI picks which variables I
A Variables arstreamedin from theBP5file on @multiple remote ibech b

sServers i

Extract Isosurface

A If the data needs the mesh, it will read in the mesh

A All communication occurs via memory references (copy if necessary) v
Render

A All work is done on the same number of nodes

A Visualization is done by the rendera different progranwhich can
be on aremote (e.g.Paraviewserver or Python Notebook or ..
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A Example: Read in a few variables and the MESH frBR5éile Choose variable

from GUI
A GUI picks which variables I
A Variables arstreamedin from theBP5file on @multiple remote ibech b

sServers b

Extract Isosurface

A If the data needs the mesh, it will read in the mesh

A All communication occurs via memory references (copy if necessary) v
Render

A All work is done on the same number of nodes

A Visualization is done by the rendera different progranwhich can
be on aremote (e.g.Paraviewserver or Python Notebook or ..

A A dashboard (e.gsimmor) can subscribe to servers from many
producers, allowing some users to see visualizations from 100s of
different tools/users
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H=High priority, M=Medium, L=Low

Challenges:

A{G2NAY 3T GKS aYdz (A LX
distributed faC|I|tates and dynamically
FOOSaaAY I AL NLALCE € ‘

Near Real Time

Proposed research: E"ESLLZ?.";“ streaming

Experimental Facility

Experiment

A Designing efficient metadata structure and / B:::é: e
managementlgorithm to T o | servee
A Access and recompose refactored scientific |t
data across remote sites e | a0
A Created Y dzt (vievsof 8agaper

application/analysisequirements
A Integrating with data management tools for

A Crosssystem data prefetching and caching
A Unified data abstraction and common I/O AP

— Immediate dataflow  —— Fjle |/O

Compute FaC|I|ty 1 (Tier 0)
‘ "€ L5/ NRT Al Workflowl

\I‘ NRT Al Workflow2
¥ NRT Al Workflow3

eractoret
Datal-SH
Datal-5M

£ §*| NRT Al Workflow1

VY NRT Al Workflow2

Y NRT Al Workflow3

€ | NRT Al Workflows
\¥' NRT Al Workflows

¥ NRT Al Workflows

Laptop(Tier 3)
> NRT Al Workflowd

‘ NRT Al Workflow5

¥ NRT Al Workflow6

() 2’
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A 8:30 Introduction to data
management at extreme scale
Scott Klasky

A

A

A 10:30 ADIOS 2 APt Norbert
Podhorszki

A 11:00 Hands on with ADIOS 2
Filesz Ana Gainaru

A

A 1:30 ADIOS @ scaleNorbert
Podhorszki

A 2:00 Introduction to Paraview+
ADIOS + hands on Caitlin Ross

A

A 3:30 Introduction to TAU and TAU
+ ADIO& Kevin Huck

A 4:00 Hands on with TAU + ADIOS

A 4:15 Staging with ADIOS hands On
Z Ana Gainaru

A







