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| - Postdoctoral Research Assouate Computer Saence/Apphed I\/Iathematlcs |

——

« https://jobs. ornI gov/lob |nV|te/8517/ e

|« Scientific Software Engmeer

 https://jobs.ornl. gov/Job/Oak Rldge SC|ent|f|c Software Engmeer TN-
37831/883774400/ . . —

 Computer Scientist |
« https://jobs.ornl. gov/Job/Oak Rldge Computer SC|ent|st TN 37830/883927400/

W NOAZA Rino
3. OAK r\LK; IDGE
1T 4t

klasky@ornl.gov, scottk007@gmail.com
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Computmg Capablllty has lncreased by a faetor of 1015 over the past 70 years

Appllcatlons push the boundarles of data e g RadloAstronomy

In 2022 the Vera C. Rubin Observatory |n Chﬂe WI|| coIIect 20 terabytes/nlght as part of
the Legacy Survey of Space and Time (LSST) -

* In 2028 the Square K|Iometre Array, WI|| generate 100 tlmes that amount

F|Iesystem/network bandW|dth falls behmd CPU/memory Fewer bytes/operatlon

Our goal is to create t-.he proper abstractlons & frameworks to cope with this deluge

1943, 5K Flops, Electronic _ .' 2022, 1.6 Ex Flops, Frontier,’ LUSTRE ~Filesystems continue to fall
Numerical Integrator And ~ filesystem _ behind computing power
Computer — no filesystem -

110

: 100
%OA[{RII)"‘E § 90
®keroy I'TWF)"I*TH:H =
| 172]
o= /__,—-——-.. g\
AMDI m 3 24
& 1

0

2009 2013 2017 2021 2024
Year

%OAK RIDCE

al Labo

klasky@ornl.gov, scottk007@gmail.com
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%OAK RIDGE

~National Laborato:

= Reb !
~ Analytics

gt _ .-_'SImulatlens—-- — .

=t . _.'- = [dly . Senl _- : experlments a_nd ______ — E = = e

Visualization =~ e

observat|ons = =

= Ap'plicatior.i"l_ﬁ\-pacﬁt":_ =
- High Energy Physics,
Accelerator Physics, Cancer
Smart Medicine .

, Climate , ‘Combustion,
Hype_rsonlcs Rocket_S_c_lence",*
General Relativity, Molecular
Dynamics, Chemistry, Radio
Astronomy, Fusion , Seismology,

- Wind Turbine

~ Understanding
new technologies

R&D Data
Refactoring

R&D Staging R&D in Scientific Data

& Coupling ‘ " Management



~1998:0.0025 Pflops,ASCI -~~~ ~2002: Earth Simulator

i : : :
wv MP:0.0000027 Pflops: PFIops,vmasswer parallel- -~ Blue Mountain: shared =~ —  0.040 Tflops, 50MW,
| Vector Processors, SSD = -~ memory across all procs vector procs
# for storage (13.6 GB/s) = === e
mm““‘“liig%%%‘ = - ﬁ Biigé @ eiRoy I'Flﬂﬁ‘w”lhrﬁtl_{
: _ |; = s g ?.g o= e ——

2009: Cray XI§: 25 = | _ =il 3: Cray Titan: 27 _ g\ 2022: Cray Frontier: 2000 Pflops ,
Pflops: Multi-core, : Pflops , NVIDIA GPUs 2018: IBM Summit: 200 AMD GPUs, Burst Buffer Storage
Pflops , NVIDIA GPUs 10TB/s, long term at 4.6 TB/s

LUSTRE storage system
- New applications are running complex
workflows with Al + HPC applications

. Experimental/Observational data is outpacing
compute & storage

« Ratio of Storage/Flops keeps getting worse
« |/0O variability gets worse as systems scale

%OAK RIDGE Foster, 1., Klasky, S., et al., (2017, August). Computing just what you need: Online data analysis and reduction at extreme scales. In

~National Laboratory By ranean conference on parallel processing (pp. 3-19). Springer, Cham. klasky@ornl.gov, scottk007@gmail.com
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System URL: https //www olcf ornl gov/fronner/
Manufacturer: = HPE =

Cores: 8,730,112 =
Processor:  AMD 3rd Gen EPYC 64C ZGHz
Interconnect:Slingshot-11

Installation Year: 2021

9,472 nodes, 4 GPUs/node

Performance

Linpack Performance (Rmax) 1,102.00 PFlop/s
Theoretical Peak (Rpeak) _1,685_.65 PFlop/s
Nmax 24,440,832

Power: 21,100.00 kW

Operating System:  HPE Cray OS

Storage

37 PB of node local NVMe, 716 PB of center-wide storage

%OAK RIDGE

-National Laboratory

klasky@ornl.gov, scottk007@gmail.com
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Wf HPC Center : il HPC Center

_ + Currently appllcatlons are typlcafrv Err| | (e

i 25 Application = B4 Application

programmedto : 1

+ Write/read to storage - | '
= s Storage 1 © Visualization

o Perform |n line V|suaI|zat|on or in- tran5|t = :

.+ Our vision is to allows appllcatlons to

publish and subscribe to data .= (a) Post hoc |

« With no modlflcatlons any code can tap
into the 1/0 system

» Data can stream in a refactored” manner
allowing the “most important” information
to be prioritized in the streams ' B storage

- Data written and read to storage WI|| be
highly optimized on HPC resources and

. : 210 210 | 210 21/0 P
gueriable _ = (Bwo) D (o)
© Visservice @ Vissérvice @ Visseérvice © Vis service Other tools

and locations
12 vis allocation 1 vis allocation

& Onsite vis cluster [2 Offsite vis cluster [ Jupyter Notebook

%OAK RIDGE D. Pugmire, J. Huang, S. Klasky, and K. Moreland: The Need for Pervasive In Situ Analysis

-NationalLaboratery” and Visualization (P-ISAV), WOIV’22. klasky@ornl.gov, scottk007@gmail.com
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Philosophy based on SerV|ce Orlented Archttecture

« Deal with system/appllcatlon compIeX|ty, rapldly changmg fequwements evolvmg
target pIatforms and diverse teams = - . |

Appllcatlons constructed by assemblmg serV|ces based on a unlversal view of
their functionality using an APl =

Implementations can be changed and'assembled easily

Manage compIeX|ty while malntalmng performance scalablllty
Complexity from the problem (complex physics) and the codes

Complexity of underlying disruptive infrastructure

Complexity from coordination across codes and research teams

Complexity of the end-to-end workflows

AK RIDGE 8. Klasky et al., "A View from ORNL: Scientific Data Research Opportunities in the Big Data Age," 2018 IEEE 38th International

onal Laboratory o ference on Distributed Computing Systems (ICDCS), 2018, pp. 1357-1368, doi: 10.1109/ICDCS.2018.00136 klasky@ornl.gov, scottk007@gmail.com
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Design abstractlons to work W|th data at rest and |n motion =
Understand the dlfferences between data and mformatron =

Create new mathematlcal frameworks to create a hlerarchy of information
from the data e =

- Similar to Adaptive I\/Iesh Reflnement I\/Iultlgrld technlques for Partlal Differential
Equations

* Similar to how we deaI with images, mowes but have well deflned error bounds

Create new analytlcsand visualization to take advantage of thew new abstractions
and frameworks

Record provenance to aid in the data lifecycle

Use automation to aid in the process

klasky@ornl.gov, scottk007@gmail.com
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Homoclinic tangle is produced by mrcroturbulence and breaks the Iast confmement surface in

tokamak, and was flrst dlscovered wh|Ie runnlng a coupled workﬂow usmg ADIOS-2

Science ' _ e

. Tokamak JENNERE de5|gned to have the Iast magnetlc conflnement surface called separatrlx _

surface possessing a hyperbolic fixed point: X-point

* It has been IonF known that homoclinic tangle can exist when there is 3D perturbation 6B in the |

magnetic field
large enough.

Discovery

Qw RIDGE

- Na

Poincare, 1881], dlsturbmg or destreymg the last confinement surface if 6B is

Fluctuating homoclinic tangles in full-
predicted by XGC

Gyrokinetic simulation in XGC discovers that the intrinsic electromagnetic current HTER edee,

microturbulence in a stationary operation condition generates homoclinic
tangle and destroys the last confinement surface around the X-point
This discovery opens up new research topics:

* A new escape route for confined plasma to open region

* Non-local physics interactions between edge pedestal and divertor plasmas

« Spreading the divertor heat-load footprint in fusion reactors, such as ITER

JH‘J T YIFLT‘UV‘L, ) Y
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In-memory coupling and online analysis on Top 10 HPC systems
Coupling several codes for a full digital twin of HIBEF experiments

Photon Source Photon Waveauide  Target/Sample Detection Photon Dato Analysis
XFEL Lenses Single particles Spectroscopy Structure determination
Synchrotron Mirrors Solids, surfaces Electronic structure
Optical Laser ands Transport
o p e n Pump-probe Plasmas Relaxation &
Thermodynamics

959y

]

ADI

* Use openPMD API with ADIOS2
* Add interactive, in-memory analysis

* Enable interactive simulation steering




%OAK RIDGE

~National Laborato

R &E) Understa nd

= Ana[ytlcs

ﬁ.s—_~--_-'_f_;_t’srmulatlens—-- — _ -

= = experlments and —;-f_.-—..-_;.-;""_f'_f'..;i'-_'-_ = ==

Vq_sua_ll_zatlon. T

observatlons = =

Fal e = _.'{T-'Celerltas DeepdrlveI\/ID E3SM e

R&D Data GE, GENE, GEM, GTC, JAXA, Understandmg
KSTAR LAIVII\/IPS NNE_SH = new technologies

PIConGPU, S3D, SKA e

SPECFEI\/I3D GLOBE TAE, XGC

WarpXWRF -

Refactoring

R&D Staging R&D in Scientific Data

& Coupling ‘ ; Management



- Create a sustalnable squtlon to work W|th mult| t|er storage

VISIOn . = e e L

 Create an easy-to- use hlgh performance I/O abstractlon
to allow for on-line/off-line memory/flle data subscrlptlon
service =

and memory systems

Research Details ‘ & ‘

 Declarative, publlsh/subscrlbe APl is separated from the I/O strategy
* Multiple |mpIementat|ons (englnes) provide functionality and performance
 Rigorous testing ensures portab|I|ty

« Data reduction techniques are incorporated to decrease storage cost

%BOAKIIL{%)DGE Godoy, W. F., Klasky, S. ,et al. (2020). ADIOS-2: The adaptable input output system. a framework for high-performance data
ronaberioy management. SoftwareX, 12, 100561. klasky@ornl.gov, scottk007@gmail.com
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.+ Avoid Iatency (of smaII wrltes) data for la rge TRl T4 = Bt
. bursts —use a type of self- descrlbmg Iog flle format |I B Interconnection network _ =
.+ Avoid accessing a file system target frem many e = - @%ﬁ @ @
b processes at Once . = _ == = = = ___'_:. 7 = = |Su%ﬁ | __ = _Sul;ﬁle i ISul;ﬁle ] Sul;ﬁle

« Apggregate to a small number of a_ctua.l_fw_r_ite’rs'_: = & Mmk DF_gf'gg£ég;ator_P_rocess_orr_ 5 -store

. Avoid lock contention"t-——i

. correctly & wrltmg to

- Two processes

-, - i accessing the
/ i same stripe

!« Avoid globalcommunlcatlon L e -----

: strlpeO strlpel

. Topology -aware data movement that takes

adva ntage of topology G B Application Nodes/GPUs
| SPECFEM3D  3200/19200
« Find the closest I/O node to each writer o o
B = e XGC 512/3072
racks/mid-planes | LAMMPS 512/3072

%OAK RIDGE Liu, Q., Klasky, S., et al. "Hello ADIOS: the challenges and lessons of developing leadership class I/O frameworks."
~National Laboratory o cyrrency and Computatlon Practice and Experience 26.7 (2014): 1453-1473.

Data Sizelstep /10 speed

250 TB ~2 TB/sec
26TB ~2 TB/sec
64 TB 1.2 TB/sec
457 GB 1 TB/sec

klasky@ornl.gov, scottk007@gmail.com
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=5 .7'\_- o

.+ Linear pIacement of data Ieads to hotspof on storage nodes | — = |
.+ Can’tleverage aggregated bandwrdth ‘poor scalablllty =

- Distribute data chunks on storage targets along the H|Ibert curve orderlng

» Does not change the data organlzatlon W|th|n each chunk

= Achlevmg near- optlmal concurrency for any access pattern | |
ﬁ = _ — _ 1oPeak Planar Read Performance = e plnes
| First Place, ACM Student Research § 3 _-T;:EEEE!
Competition Grand Finals 2012 3 - : E}I’_L%.—'_%'_!’
Hilbert Curve Ordering : g : g ([
; 15 1 k
OO0 00| ' B = : % - Consistently good and
- : 5
| é b__é ¢ = = = balanced read
Storagg torag Storage Storage
é— —6 . ’ 3 ' 1000 - performance
O‘i 3‘0 = 100l - Up to 37X speedup on
[4] o] e Jaguar for S3D
o H H B &
Hilbert Curve Reordering for a Linear Ordering 1 - - -
2D Array with 16 chunks

Extra-large (25073 per chunk)

%OAK RIDGE Tian, Y., Klasky, S., et al.(2011, September). EDO: improving read performance for scientific applications through elastic data
e ascnaiLageriony orgamzatlon In 2()11 [EEE International Conference on Cluster Computing (pp. 93-102). klasky@ornl.gov, scottk007@gmail.com
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HPC application such as WarpX?

kGB" 5) |

wnte Ihrougﬁput
6

!

: Ao et e e : s chunkmg+sub-f|hng FPN : 4
"i“‘; - = ch_l.ml.(lng+sub-fllmg FF'P :
.+ How do we balance the wrlte Vs, reafd cost of a Iarge scale e
 Typical choices are to write toa Ioglcaily conflguous f|Ie or i 1 || | | | | _
| chunk versions of this (e.g., HDF5) or to write separate = _ |

2B

read througghp

=y

lane

# of processes

‘II] ‘lIE“ ‘.I“ Ll

sub area

32GB

2 m il 1l ||“
16

# of processes

E _ # f 192 ?68 1536 3072 6144
~ chunks in many files (e.g., ADIOS-2) usmg one ﬂle per = ; S
process (FPP) or one f|Ie per node (FPN) - - el i y
= N B ‘]
+ The challenge can be in optlmlzmg.r_eadmg_. s == e ey
- What is the most optimal_organizatio'n_._?_,": | = § I I
B |ogically contiguous s chunklng | chunkmg+sub =filing - chunklng+sub—f|l|ng+|ntra process merglng [ chunklng+5ub -filing+intra- nede-merglng_ ;‘E . =
T T ety xy—plane — p1ane L —Iuglcallycontlguous e chunking mm chunking+sub-filing
256GB T 64MB 64MB Fig. 5. Impact of decomposition schemes when reading.
I I.||| e B L oA \l\
2 4 8 16 32 128 128

sub xz-plane

hhk 16MB i
| ||‘“ \|||I “III \I\I\

64 128 128
# of processes

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

klasky@ornl.gov, scottk007@gmail.com
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= =

=

—

=

ADIOS writes metadata for each
variable on each “chunk” of data

* Currently it contains mm/max but |t
can include variance, mean,

Queries can ‘contain 3 parts

| location, attributes, min, max, ...

| Scalars, Arrays

location, attributes, min, max, ...

Scalars, Arrays

location, attributes, min, max, ...

| Scalars, Arrays

1. The selection box to limit the pomts conSIdered

2. The query conditions -

3. The query output

The chunks which satisfy the.'queries are returned to

in a form of query predlcates_
connected with AND/OR operators

location, attributes, min, max, ...

Scalars, Arrays

50

0.0E+00

ADIOS and then the resultant data is given to the application.

- -
'.,__.. : ...._._.-_._..-. [

it D e

1.0E+10

location, attributes, min, max, ...

Scalars, Arrays

location, attributes, min, max, ...

Scalars, Arrays

2.0E+10
Num Hits

location, attributes, min, max, ...

Scalars, Arrays

location, attributes, min, max, ...

Scalars, Arrays

-8
LY

P e o F T T Ll TP P Py

—®—100-core minmax
=®-100-core no-index
=®-10-core minmax
=®-1(0-core no-index

= el Ll T

t f t t + + ¥ t f t + + + + 3 t t 1

3.0E+10

4.0E+10 5.0E+10

« This allows analysis tools to quickly query the data with no additional cost for storing indices

Research is in optimizing the merge/split of chunks for Write/Read performance

H\,H‘,P L GE Gu, J., Klasky, S., Podhorszki, N., Qiang, J., & Wu, K. (2018, March). Querying large scientific data sets with adaptable 10 system

ADIOS In Asian Conference on Supercomputmg Frontiers (pp. 51-69). Springer, Cham. klasky@ornl.gov, scottk007@gmail.com
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Hlstograms of Iatencres of 1MB wrltes to dlfferent OSTs on dlfferent days

SClentrﬂC Achlevement = 1_~ == ___ -_ . OosT0 _: __:O.STé_r 7 - OST-12 :

<
. Created a hidden Markov model of the I/O performance t_ L = t—_ - ;GOOd
« Based on observed propertles of the dlstrlbutlon of I/0 Iatenues L = = _ _ 2
- Used to characterize and predlct the I/O performance = = — L‘E = A “Mixed
of appllcatlons § S e e i
e .. Poor
Significance and Impact e i
« Being integrated into ADIOS so that ADlOS can Ieverage = A A 2
these results to guide the data placement ' X L ¢ Good
Research Details | s
: odel valigation
. Conduct /0 tests and collect time- dependent /0 traces i
for seven consecutive days = e = = : | s
 Build a hidden Markov model based on the statistical properties &
observed in the 1/0 traces :
« Validate the model by comparing the distribution of the ' Lat'ency of 1MB write (s)

predicted
|/O latencies against the distribution of the real latency

Xie, B., Klasky, S., et al. Characterizing output bottlenecks in a supercomputer. In SC'12: (pp. 1-11). Best student paper nominee.

AK | AIDGE Wan, L., Klasky, S., et al. Comprehensive measurement and analysis of the user-perceived I/O performance in a production

bora leadershlp class storage system. In 2017 IEEE 37th (ICDCS) (pp. 1022-1031). Best paper finalist. klasky@ornl.gov, scottk007@gmail.com
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.« Developed a runtlme system thafuse short messages to == = -
. distribute storage state and d|rect I/O re-routing ;_'_'_'7-_?;7;'_-_ | UG Rerduing (rF=0.1) 4

. * The system consider both wrlte and read performance
. by limit the degree of re-routing, and IS scaIabIe usrng
ﬂ‘,ﬁ a hierarchical scheduler | | |

| - = (@ WRITEIDLE : ARSI SN
| it = ios W e g P (2) RE-ROUTEREQ ' 0 50 100 150 200 250
GC - Global coordinat S :
Rigk Pr:ces:;:ir £ : =a s (3} RE-ROUEACK : . ' Run (21:20PM to 23:30PM, 2/27/2013, no noise injected)
SD; - Storage device I/0 Re-routing Framework (i) WRITE_MORE = =
o : (8) WRITE_REROUTE _ = : Titan
;"’ 7 i GC ] ' Re-routing Vlrtual z . : - = ' 1000 F e —o— static
i @ . = TS e | @ Messaging Layer e : = — - o 10 Re-routing (TF=0.1)
=25 | S s S 800
| =D sczn ) :
s vy e e T D e s s — Feash B 600
"l‘ ..... e. ..... ':'E}
| .l.l. .l. s
o
[ Interconnec( onhetwork) ]

'i i ! . L -!--'1"'3‘ ..
Run (21:20PM to 1:20AM, 3/1/2013, no noise injected)
File O File 1 File 2 File 3

%QAKIIL{%)DGE Liu, Q., Klasky, S., et al. Runtime {I/O} {Re-Routing}+ Throttling on {HPC} Storage. In 5th USENIX Workshop on Hot Topics in
aonalLaberiony Storage and File Systems (HotStorage 13). klasky@ornl.gov, scottk007@gmail.com

Hopper
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%OAK RIDGE
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= Ana[ytlcs

ﬁ.s—_~--_-'_f_;_t’srmulatlens—-- — _ -

= = experlments and —;-f_.-—..-_;.-;""_f'_f'..;i'-_'-_ = ==

Vq_sua_ll_zatlon. T

observatlons = =

Fal e = _.'{T-'Celerltas DeepdrlveI\/ID E3SM e

R&D Data GE, GENE, GEM, GTC, JAXA, Understandmg
KSTAR LAIVII\/IPS NNE_SH = new technologies

PIConGPU, S3D, SKA e

SPECFEI\/I3D GLOBE TAE, XGC

WarpXWRF -

Refactoring

R&D Staging R&D in Scientific Data
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Simplistic approach to staglng = = -
« Decouple application performance from storage performance (burst buffer)

Built on past work with threaded buffered 1/0

 Buffered asynchronous data movement W|th a smgle memory copy for networks which
support RDMA, TCP, RUDP, or MPI -- . . .

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

- Data is moved asynchronously using server- -directed remote reads
Exploits network hardware for fast data transfer to remote memory
Value added

. Allows scientists to use a data-in-transit technique
to write, reduce, analyze data

* Can be used to couple multiple codes together
« Can be used for asynchronous |I/O

A NAT-D
K72 VA T
X, UAK R]

I onzs Adwm‘ﬂ y

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

: Computational Nodes

Stag s HO NOdES ...

-h-v

klasky@ornl.gov, scottk007@gmail.com
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=

==

—_———

Transfer me'ch'anjsrns__i_" ' PIacement optlons 'jl"-‘.—';’;'__;__i’-"_i".__ScheduIlng optlons =
- Filebased Same core *Fully Synchronous |
- Network based on the same « leferent cores/same node FuIIy asynchronous
LR OLe leferent nodes = '-_ Hyerd
 MPl communication —
. RDMA (libfabric. UCX) = -D|fferent resoUr_ce .(LAN) . Refactorlng options
. MPI (one sided, two sided) * Different resource (WAN) - Prioritize which data gets
* TCP/RUDP ~+ Hybrid (mixture of options) R
- Memory references - Storage options
« WAN data transfer | - ——=—HDES
« Files — GridFTP, scp, ... * ADIOS-BPS, ...

e Streams — TCP, RUDP, RoCE

¥ OAK RIDGE Gainaru, A., Klasky, S., et al., 2022, Understanding the Impact of Data Staging for Coupled

~National Laboratory g ientific Workflows , IEEE transactions on parallel and distributed systems. 2022. klasky@ornl.gov, scottk007@gmail.com
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Use the staglng nodes and create a workﬂow |n the stagrng nodes = _
Mitigate performance |mpact of I/O of the GTC code by using asynchronous data movement

Improve total simulation time by 3 7%, , but we also |mproved the readlng performance +
anaIyzed the data + visualized the data -

= = = = = e - BPfile
e ~ sorted array_ e =
= =0 = = = BP writer l

Sort ’ - E =
= i _ \ Bitmap —»j

M\ i

A4

~ !

Particle array'_ _-

_ - s Index file
;B{ 'Histogram ]=B{ Plotter ]—emm

|
y ONTICTT

Y 2D HistograH Plotter ]—9‘ ‘

OAK R IDGE F. Zheng, S. Klasky, et al., “PreDatA - Preparatory Data Analytics on Peta-Scale Machines”, IPDPS 2010.

klasky@ornl.gov, scottk007@gmail.com
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e Traditional S|mulat|ons focused on scalmg a smgle app

« As they move to dlgltal twins, they have been evo}vmg
into complex workflows WhICh can m|x S|mulat|ons with AI

* The _graphs. show the cumulatlveexecutlon times of a

histopathology analysis pipeline that classifies image -

patches in WSIs to characterize tumor reglons and

lymphocyte distributions: =

* (Top) when multlple concurrent mstances of the models
are running in parallel, interference at the storage level
causes a delay in the execution of each application
shifting the distribution to the right

- (Bottom) when streaming data directly to the consumer
the I/O inference is decreased by 20%

* The results for analyzing 7,000 WSIs with the workflow
using 500 concurrent instances on Summit is presented
in the bottom: as we see, we can reduce congestion by
streaming the data |

N N
o w

Execution time [s
(e}
w

Execution time [s]

N
=}

N
|
N

The effects ofthe DL appl|cat|on run on the HPC appllcatlon =

oo-00-00-00-0S00000p
-o-o- - o8- % .
0-0-90-0-0-0 *H-00-090-0-9 »-0-0-00-00-0

0 5 10 15 20 25 30 35 40
Iterations

' The effects of the HPC appllcatlon run on the Al application

@ Individual run Coupled run

=

.UWM 25 TR € PN I NS 1A VPIREOGP S tgf PPN, It P
0 25 50 75 100 125 150 175 200
Iterations

Use streaming to improve the performance by 20%

1.0

Proportion
e o
o)) >

e
~

<
o

0.0

Codé

—— Default
Streaming

0 1000 2000 3000 4000 5000 660®0
Total pre-processing time (s)

GE Gainaru, A., Klasky, S., et al., Framework for Automating the I/O of Deep Learning Methods in Biomedical Imaging Applications,
Y submitted to IEE/ACM Transactions on computational biology and bioinformatics, 2022.

klasky@ornl.gov, scottk007@gmail.com
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. T - ; '. s = : $3D-Box | $3D-Box - $3D-Box ;so;aox | swox |
.+ Canwe break algorlthms mto two parts (NG E— 1 e ,

‘_v) 02| [ nsumyssad  insuAmlsisad | nstuAayssad  InstuAnalsisand ' In i Analyss and
_“i‘l &"3 : Visualzation Visualization Visualzaton Visualzabon Visualization o
i  Embarrassingly paraIIeI do thls |nI|ne — | || | BN |

it & 5S1

{ « Communication heavy —do thls 22| | — e e

I ~eL Analysis Analysis Analysis
asynchronously on separate staging nodes N Duser| vz | Visuaizaon

- Workflow to enable topological analysis of S3D SR

data from large scale simulations

* Visualization —in situ volume rendermg -

« Topological feature ex-_tract'io_n — uses a merge tree approaéh_ —

WS3D Min-situ data movement [ in-transit
« Main findings - = ™

vlr - : 2 : = = ’ _ in-situ statistics “
h « Topological feature extraction uses the hybrid approach
| hybrid vis | : 5.07

« Statistics is best with inline processing

* Volume rendering - works well in all cases won—EEE

O ———————————————————————————

%OAK RIDGE Bennett, Klasky, S., et al. (2012). Combining in-situ and in-transit processing to enable extreme-scale scientific analysis. In SC'12:

-National Laborator;
' Y (pp. 1-9). klasky@ornl.gov, scottk007@gmail.com
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1536 [ 3072 | 1536 | 3072 [ 1536 | 3072 1536 | 3072 | 1536 [ 3072 | 1536 | 3072

BT-MZ
(Class D)

BT-MZ
(Class E)

GROMACS
(ADH_ Cubic)

GROMACS

(D.DPPC) (Class C)

Challenge |
-Select suitable idle periods to
amortize scheduling costs

Challenge Il

—_
S
=]

® Counts = S
Aggregated. Time

N BN X
S O O O

Percentage (%)

(=]

STREAM
PCHASE
STREAM
STREAM
STREAM
PCHASE

24 48 72 9.6 12 >144
Length of Period (Milli-Seconds)

Harvest Idle Resource for In-Situ Analytlcs

- Dynamically predict idle resource availability -
- Reduce interference with execution
throttling

Simulation
. Prediction
ADIOS o
Monitoring

0

GROMACS LAMMPS

a
=
Q
%

GTS simulation with parallel coordinate visualization |
- Improve time to solution and resource efficiency

- Reduce off-node data movements

- Scale to up to 12288 cores on Hopper Cray XE6

Analytics

GoldRush
Scheduler ADIOS

|
e 5 |
''''' Monitoring Buffer f-—-—:=

Shared Memory
Data Buffer

Simulation Output Data - - > Suspend/Resume Signals —:= Monitoring Data
© Zheng, F., Klasky, S., et al. (2013). Goldrush: Resource efficient in situ scientific data analytics using fine-
grained interference aware execution. In SC’13 (pp. 1-12).
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Research and develop a streamlng Workflow framework to enable near--
real-time streaming analysis of KSTAR data on a US HPC =

* Allow the framework to adopt I\/IL/AI algorlthms to enable adaptlve near- reaI time
analysis on large data streams | . | .

» Created a framework to enable US fusion researchers to have broader and faster
access to the KSTAR data, enablmg = |

* Faster analysis of data
* Faster and autonomous utlllzatlon of ML/AI algorlthms for incoming data
* More informed steermg of experiment

: = Quick analysis in ~10
e Accomplishments ECEIdata i es % ﬁ
- Created end-to-end Python framework streams data T ) ee—) e

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

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

K RIDGE Churchill, Klasky, S., et al.(2021). A Framework for International Collaboration on ITER Using Large-Scale Data Transfer to Enable
ahabortoly: Near-Real-Time Analysis. Fusion Science and Technology, 77(2), 98-108. klasky@ornl.gov, scottk007@gmail.com
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,j“‘\u : : e = & - e -. . i __-j..'_: = : = “_ : ::—'__.__ = - e = : 'i'* e = e = E = — : . =

vl . . - s cesEoe melmll L R = e g e o e e | :

o ° Why in situ? _ e - o s e P e ARl F e (e

i * Imbalance between compute and I/O el o {ee | t ] ] oo

“,‘“}\ . == : . . (e _.'-_'_: = == = : .’ = 3 - | Off Node, Lk L .Shﬁ“"w = o . Time s e dapti :

w‘) 3 Rea I tl m e a na IySIS an d V|Su a | |Zat| O n ‘ : : = ’7 ___BB\.,‘POI?“:- - = :g?;:f = = _Copy x et Division | ~ " Adaptive Transform

f _ ~ | o T o Ielmen | e = 2“9' == s etk
il . . . . : 2 e e R - s - = - adapti derive

ﬂ - Probe a running simulation / experiment =~ | =2 |t Lol —

,;%Yt . F ; _ : S e pumés_e : D&:::fl L Indireet = irll-lhe— . Fixed
il (L. =3 ey o + A puting | = o = L

ﬁ : POSt hOCZ ha rd) bUt the B hOW to do It . IS - = _1125‘11:2;? _R,csour.c'c’”_"- — — ——| Blocking | Proportional
| == = = : : = L Inter- . z . : Non-

straightforward | - =0 . ' honne

L Inspection

In situ: hard and the ‘how to do it is harder
Why ?? |

{.‘ * No ‘file’ to open

* Insituis not just one thing
* Block or crash the simulation
« Unbounded costs

%NQAK}L{%DGE Childs, Hank, et al. "A terminology for in situ visualization and analysis systems." The International Journal of High Performance
S anonaaberen” Computing Applications 34.6 (2020): 676-691. klasky@ornl.gov, scottk007@gmail.com
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resources than in-line visualization
* Overall costs for each paradlgm WI” vary based on

Visualization Task and Outcome

A Isosurfacing, Cost Savings Achieved

& Isosurfacing, Cost Savings Not Achieved
@ \bilume Rendering, Cost Savings Achieved

20-

+ The use of in-transit V|suaI|zat|on reqmres more— == ~ A
|
|

use cases = = 18- = | O Volume Rendering, Cost Savings Not Achieved
In-transit can cost less
« Relative efficiencies and costs of dlfferent use cases ) i‘ I e R ik o
and in situ visualization paradlgms was not well 3 | o o st
UnderStOOd - S | ° . Af!oc(25%)3m'er?me+0t)elay
; 2 | ' ‘e - frmssind vl
- We identify and demonstrate the use cases where ey | R % Atcoow) o e 00oky
in-transit techniques are both faster and more cost e° Aloc(30%) Solvr Time » 20 Deay
efficient than in-line technlques 2 —
| + B
* In-transit techniques are more cost eff|C|ent than s
in-line for communlcatlon heavy algorlthms at ™ Lo
large-scale e = § o
® 3512
@ 1024
« We created a cost model for in situ visualization that o= @ 20

In-line costs less

sholws the performance of each technique at a given
scale

0.0-

00 01 02 03 04 05 06 07 08 09 10 11 12 13
Proportional Transfer and Resource Cost

. gctjcdy conducted on proxy applications running at
F

e Used VTK-m for visualization and ADIOS for in-
transit data movement

%QAK]IS%DGE Kress, J., Klasky, S., et al., (2019). Comparing the efficiency of in situ visualization paradigms at scale. In International Conference
prional LaboroY on High Performance Computmg (pp. 99-117). klasky@ornl.gov, scottk007@gmail.com
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Vq_sua_ll_zatlon. T

observatlons = =

Tl e _.'{T-'Celerltas DeepdrlveI\/ID E3SM =

R&DData GE, GENE, GEM, GTC, JAXA, Understandmg
KSTAR, LAMMPS, NNES__H ~ new technologies

PIConGPU, S3D, SKA e

SPECFEI\/I3D GLOBE TAE, XGC

WarpXWRF -

Refactoring

R&D Staging R&D in Scientific Data

& Coupling ‘ " Management



== = ¢ Data Reduction for Science: Brochure from the
e s Advanced Scientific Computing Research

: S Workshop

sl Dak Ridge National Laboratory

= = AC National Accelerator Laboratory
ey Habib Najm, dia National Laboratories

| 5 S , ==t : s e T o e Introduction

The reduction of
=0 - - - - el | quantities of interest (C a critical capability across the Office of Science ( pported
: = : = = = E = = s - : S eriments, observatio imulations produce data at volumes and velocities that are already
® a S y aJ l I I aye r = - =S = s = = = == : =l = Ee— 5 verwhelming network, storage, and col pabilities and their projected growth will atly
14 4 : : : = —= T g : - cerbate this imbalance. The Advanced i Rescarch p fiice he
z = rkst

= ntations. riment-specific  triggers,  filterin, and  feature

ke o 2 < : o = : = ctraction/Qols to identify priority research directions (PRD) leading to enhanced
! ® a I n I n I n gs 5 : ; = - ; abilitics in data reduction. This worl c ntific drivers,
‘ = bt 2 A - 5 = = = = - - such as radio mate, E s, nuclear
M : 2 s % : - phy ich are t / Research &
[ = i = T - 7 Development (R& in data reduction, bec
decisions that can limit the amount of knowledge gathered from S

.+ Data volumes and velocities from next ge neration experiments, Rl e e

workflows employ triggering, filtering, sampling, compression, reduced order

modeling and  feature  detection. The  workflow extend  from

. oObservations and simulations require new R&D in data reduction = [t

i = - In order for application scientists to trust data reduction methodol reduction

| - .

“ = c e ould be usable and adoptable by communities thro best practices, benchmarks, data
= - - sharing, resource sharing, and through the development of tools that enable scientists to navigate these

L] [ ] L] [ ] - 5
\ 4 P r | O r' | t R e S e a rc D I re Ct | O n S : sources. The workshop focused on new R&D capabilities which can allow scientists 1o quantify the
[ s ; uncertainties in Qols, along with preservi

technique:
| ' 4 L : = uncertaint

. 1. Trust: Accuracy and Performance -

Registration is Closed

Already Registered?

Home Agenda Presentations Contacts

—————

Data Reduction for Science Workshop
Sponsored by the U.S. Department of Energy,

; P rog re SS ive St re a m i n g : | Office of Advanced Scientific Computing Research

January 25,26,and 28, 2021

The workshop will be held using a virtual format.

2
3. Feature Preserving
4

. Platform Portability

OAK RIDGE INSTITUTE
FOR SCIENCE AND EDUCATION
V2 ancasa vu ovaur

Klasky, S., Thayer, J., & Najm, H. (2021). Data Reduction for Science: Brochure from the Advanced Scientific
Computing Research Workshop..ORNL; SLAC; SNL-CA, SNL-NM. Sppetfor e sirer 1 i e s or the st xerine g i i, ve e g Gl i, e, o s

Edge 25 your desktop browser*
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is atra nsfo rm- ba sed compressor -
mult| resolutlon muIt| preusuon =

decomposition

Data

 Compressed bytes

encodlng e At
2= L e

0.1 0.01 le-5

Similar to filtering Fourier coefficients, JPEG, wavelet methods

%OAK RIDGE Ainsworth, M., Klasky, S., et al., (2018). Multilevel techniques for compression and reduction of scientific data—the univariate
-National Laboratory g6 Computmg and Vlsuahzatlon in Science, 19(5), 65-76.

klasky@ornl.gov, scottk007@gmail.com
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AddC ti e
Jiiscuol = —e— _Q,u (Original Data)

- 5 = = '-'7_ ~—=— = --—Linear Interpolation
—= = = = — "= O _ ==
<z -\- - =

. 'Coeff|C|ent~computat|on = s N

- L2 projection, Imearmterpolatlon and subtract1on ) -

. Correction solver el e e Sy Swenany
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» another L? projection from fine grid‘to' c’oa."ré_ergr'id'ﬁ = =9 sl == i

Add Correction —— Quu

- Correctionapplication—+ — ~ = = e

-~ Linear Interpolation
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. Add correction to the nodal values on the_ coanrs_e'gr_id ' | - 4

=~ ")
“~. | Coefficient

[Add Correction

« Recomposition i;s-:"'thé inver's'e'-o'fdecompdsitibh,_" s  _>“

: e = : Hierarchical I
Coefficients Correction & Correction Refactoring
: Computation Solver Application ' :

Reduced
Representation
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%OAK RIDGE

-~ National Laboratory

klasky@ornl.gov, scottk007@gmail.com
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.+ Goal: transform u into a presentation that’s amenable to compression
I Define multllevel coefﬁuents u_mc by g
u mc[x] =(I- /7;9,-_-1) Qe u (X) '_ - XelNy

. where feabe s om e - =

* @, isthe [? prOJectlon onto V/,, the space of continuous pleceW|se Ilnear functlons

on (intermediate) mesh Py, - _ °“b'"" s 5D e AL

*» [l,is the linear mterpolatlon onto Vg 1 the space of
‘ continuous piecewise linears on P,_; _
! - This of this as a restriction operator in MultiGrld S e e T | EES

» IV, is the set of ‘new’ nodes in P,

X is the spatial location | | : — T

0.09

%OAK RIDGE Ainsworth, M., Klasky, S., et al., 2019. Multilevel techniques for compression and reduction of scientific data---The TroTrvarTate
-National Laboratory sa56 STAM Joumal on Sc1ent1ﬁc Computing, 41(2), pp.A1278-A1303. klasky@ornl.gov, scottk007@gmail.com
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Letu 0 c V,Wlth multllevel coeffuentsu mc u mc Let vol(ng) be the S|ze of
the P, mesh elements. If == e e —

z ZZS{JVOI(P ) z |umc[x umc[ ]|2 < T

XEN{,

then ” u-u ”s SE = =

To apply the theorem;-take u to be the Original .func_t'ion.

{ i e
%E * Compute the multilevel coefficients u_mc of u
| * Generate i _mc so that the inequality holds

e —

 Recompose to obtain a reduced function i respecting the error tolerance

klasky@ornl.gov, scottk007@gmail.com
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MGARD controls the compressmn errors |n quantltles of lnterest

. If we know how we’ II use the reduced data we can more aggressrvely
compress =

Let Q:V; - Rbea functlon of analyzer (e g the average over some plece of the

domain) =
IQ(u) Q(u)l IQ(u u)|<IIQIIsIIu alls=7

» Here|l Q |l is th_e o_perator norm of Q
* The choice of s (i.e., norm) affects how u is compressed
« Depending on the Qol, we will choose different values of s

K RIDGE Ainsworth, M., Klasky, S., et al. (2018). Multilevel techniques for compression and reduction of scientific data—the univariate
oroly case. Computing and Visualization in Science, 19(5), 65-76. klasky@ornl.gov, scottk007@gmail.com
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f * It's common in SC|ent|f|c datasets that only a smaII portlon of space are of mterest
« Store region- ~of-interest (Rol) with more bits and compress the rest W|th Iower prec15|on SO that
larger compression ratios can be achieved whlletask. mtere_sted__mf_ormatlon are preserved '

“‘J\ * Key TeChnlqueS ' e — B Orlglnaldata (log) Decomposed Normalizedmultilevel Mesh refinement on

e =i coeff|c|ent5 coefficients coefficient’s

- MGARD decomposition | e
- @i » AT
* Critical region detectlon by applylng '.

mesh refinement on the decomposed

r %7
'If COEffICIentS Sy E = _ Error of Adaptive Extend buffer zone Detected Rol Expand multilevel
‘_‘;" ; : Compression - . ] coefficients
.+ Region-wise error control through "
multi-level extended buffer zone e
h

« Mask-free, multi-error bounded data A —
compression and reconstruction

%OAK RIDGE Gong, Q., Klasky, S., et al., 2022, Region-adaptive, Error-controlled Scientific Data Compression using Multilevel Decomposition,
-National Laboratory R
SSDBMO022. klasky@ornl.gov, scottk007@gmail.com
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\ Storage

| S - SE s EE T L towtesolllondata==— 5 =~ =T
ol s o ——withprecisionrr, *— — — = — o

A _ | - Precision - O . -Data = .- =

i | | S~y 0D recomposition ) recomposition } = = o

e .\m:erpnlatiﬂn
— 2 - = ‘High resolution delta : -Iﬁnhrepsrglcl-;gi?:; i?ta

a8 | ~ Precision ——=— - PData - § aE
{: LD recomposition - recomposition
retriever i G =
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=
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— =
~
-
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¢
HJ .Ii

Progressively fetch tHe da_ta based on requested precision (i.e., tolerance 7))

« Reduces data movement for requested precision
. Allow incremental data reconstruction, from low precision to high precision
« Asynchronous data streaming and data analyzing

¥ OAK RIDGE

(National Laboratory
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Reduction in Retrieved Data Sizes |

Comparing to SZ, ZFP, and non-
progressive MGARD: additional
retrieval percentage under

given PSNR when dataof =~ -
previous precision are

available

Hurricane

w
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L IV4
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B MGARD
BN PMGARD

Additional
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s S

(=}

40 60 80 100 120 140
Requested PSNR

SCALE-LETKF
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Additional
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Additional
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s PMGARD
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Requested PSNR

QMCPACK

ZFP
= MGARD
mE PMGARD
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Requested PSNR

Reduction Retr ié\)-a"l_ and
' Recomposing

Compar.ing:"ft-) SZ, ZFP, and nbh_'- -

progressive MGARD: total
retrieval time when data is
transferred from High
Performance Storage System
and progressively reconstructed
using 1024 cores on Summit

Decompression
HEl Reading from PFS
H Fetching from tape

: --'--_-----R'eduiction iﬁfAh'aIysis Time

__ | Comp—a'_ring to SZ, ZFP, and non-
- progressive MGARD: speed of
- iso-surface analysis when target

PSNR is 60
Model % Resolu  Analysis Analysis
tion time (s) error
SZ 2.19% 5123 60.83 2.25%
ZFP 1.78% 5123 59.99 5.89%
MGARD 10.62% ST 10.99 5.08%
PMGARD 0.81 2573 11.16 5.67%

Liang, X, Klasky, S., et al. (2021). Error-controlled, progressive, and adaptable retrieval of scientific data with multilevel
decomposition. In SC’21 (pp. 1-13).
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Let V, C ... € V| be space of continuous piecewise multilinear functions
defmed on unlform tensor product grlds on a domain Q c RY. Let 9 be a
bounded linear functional on V,. Let u € V, with multilevel coefficients u_mc.
Let {i__mc be a set of multilevel coefﬂuents andletli € A'A be the
corresponding function. Then the loss in quantity of mtferest is bounded by:

1/2

1Q(u) — Q(a)| ZQM vol Z u_mc [2] — d_mc [2] |’
| reN/

where T, (Q)is the opérator norm of Q and can be mathematically derived

O 1H DGE Ainsworth, M., Klasky, S., et al. (2019). Multilevel techniques for compression and reduction of scientific data-quantitative control
National Laboratory o f accuracy in derived quantities. SIAM Journal on Scientific Computing, 41(4), A2146-A2171. klasky@ornl.gov, scottk007@gmail.com
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3.( )E\,Mé‘RULZK;%L Ku, S., Klasky, S., et al. "Gyrokinetic particle simulation of neoclassical transport in the pedestal/scrape-off region of a tokamak

-y
¥\

= L-.

. Afull- fgyroklnetlc partlcle -In- CeII (PIC) code WhICh spemallzes |n SImuIatlng klnetlc
transport in edge tokamak - - s e

. The code solves for a 5- dlmensmnal {r, z, qb} { | }) partlcle dlstrlbutlon functlon f
defined on unstructured-meshed radlal poI0|daI (RZy) planes

A simulation modeling ITER-scale problems will typi'cally contain trillions of
particles and can each day produce over 200 PB of data

S By plasma." Journal of Physics: Conference Series. Vol. 46. No. 1. IOP Publishing, 2006. klasky@ornL.gov, scottk007@gmail.com
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Ratio of co mpreSS|onrat|OS Y4 / I\/IGARD ~ _ e

_ - den5|tle _perIT_para InD _AVGQI_TD_ayg — = =
00— SCREILER - = = . S e e e
3 CCRMGY 94 — CR(BAH 99 = = e
- CRMG) 146 - =

CR(SZ) 165 |
- CRMG) 76.2

100EDS .~ - . 100604 - 1.00E-03 - 0.01
' NRMSE

MGARD shows more advantage on low-frequency Qols and in situations when the requested
error bounds are loose

%O,AK RIDGE Gong, Q., Klasky, S., et al., (2021). Maintaining Trust in Reduction: Preserving the Accuracy of Quantities of Interest for Lossy
~National Laboratory o mpression. In Smoky Mountains Computational Sciences and Engineering Conference (pp. 22-39). Springer, Cham. klasky@ornl.gov, scottk007@gmail.com
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Compressmn Framework AEMC -

AEMC combmahon of PD reduchon (AEM) and c:onsiralnt sqtlschhon (C)

_ ' PD Re_d_q_ct;pn e s e Qol Satlsfactlon — = =
“:L»“" ; 3 /————————————'————————.—————————”—-..‘_\ " e R e : e - . s : = Z _ : :
“N : : Encoder Decoder = St e 2 SHeE e e e
# l e oCompressed = Lo : s = : : ; =
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I N . = i ¥ = : 1 .
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‘______________________________‘L_le,'a : @ e Product _Encoded Lagrange
e ' = - : = Quantization Multipliers
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Product Encoded _ = e
1 Quantization " Coefficients Dataset

.« Auto-Encoder (AE): an artificial neural network that has an encoder and decoder for compression.
* Product Quantization (PQ): decompose high dimensional vector into the Cartesian product of
- subspace and then quantize the subspace vectors separately.
« MGARD: an error-bounded lossy compression technique that guarantees PD reconstruction error

. Lee, S. Ranka, A. Rangarajan, et al. Error-bounded Learned Scientific Data Compression with Preservation of Derived Quantities, '
accepted to Artificial Intelligence Data Engineering in Engineering Applications, 2022.
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Qol thsfachon for XGC conf -

IMP ROVEMENT of Qol by Constrcuni Sahsfq chon _j — lif_:_";_Lj"'. |
Works for various XGC hmes’reps s e Q J

|« The dash line indicates the reqwremen’r of XGC smenhs’rs '_'_" ==
| AVEI‘CIQEd ele] MGARDN: MGARD non-uniform (s=-1)
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-errors are reduced significqn-
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. We examine a. complex workflow usmg XGC on Summlt Wlth __
three in situ analysis for new SC|ent|f|c dlscovery = =

» We execute XGC along with three a.na-lysis__r_o-u-ti‘h'es
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Diffusion Calculation

XGC weak scaling on Summit (odd time steps)

# Summit nodes

[ Suchyta, E., Klasky, S.,

XGC weak scaling on Summit (even time steps)

E

g
5]
L

Diagnostics

Other grid operations

Solver-related
1

# Summit nodes

Time / XGC Time

e.
=
L

Nodes =256 Nodes =512

et al., Hybrid Analysis of Fusion Data for online understanding of complex science on extreme scale

computers, Cluster 2023.
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Using ADIOSZ2 to enable

SKA-scale processing

International
Centre for
Radio
Astronomy Andreas Wicenec
Research

On behalf of ICRAR DIA team and
the Gordon Bell prize finalist team

W W IECTEDN c:‘l‘-ﬁ"fj-'\ Govemment of Western Australia
Curt’ir‘l UrliUE rS'itlJ i WESTERN I j‘ & Depariment of the Premier and Cabinet
&) AUSTRALIA 121 crcverscione

. Wang, R., Klasky, 5., et al. (2020). Processing tull-scale square kilometre array data on the summit supercomputer. In SC20:
International Conference for High Performance Computing, Networking, Storage and Analysis (pp. 1-12). IEEE. Gordon Bell nom.  klasky@ornl.gov, scottk007@gmail.com
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. Scientific Achievement -+ — = —== =
- Most detailed 3-D model of Earth’s |nter|or showmg the ent|re
from the surface to the core—mantle boundary, a depth of 1 80

Slgnlflcance and Impact

== ;5‘5;;‘;7

« Updated (transversely |sotrop|c) global seismic model GLAD I\/I-

Map views at 250 km depth of vertically polarized
used to simulate how seismic waves travel through the Earth. T| shear wave speed perturbations in GLAD-M15 (2017)

processing are challenglng even for Ieadershlp cemputer - and GLAD-M25 (2020) in the Indian Ocean. New
| = - features have emerged in GLAD-M25, such as the
“ ° IS produced m , _ = ~ Reunion, Marion, Kerguelen, Maldives, Seychelles,

S‘%.A

Cocos and Crozet hotspots.

« which is fully processed Iater in another step e
50 tasks, 133 steps, 3200 nodes Time |

| Improvement by appendmg steps | =
'« 3200 nodes ensemble run, 19200 GPUs | ° /0 e 1
e 50 tasks at once BP3, one file per step 235s
* 5.2 TB per task in 133 steps BP4 one dataset per job 156s
260 TB total per 50 tasks 133x reduction in # of files

« 7.5 PB per 1500 tasks (total run)

%OAK RIDGE Lei, Wenjie, et al. "Global adjoint tomography—model GLAD-M25." Geophysical Journal International 223.1 (2020): 1-21.

National Laboratory

klasky@ornl.gov, scottk007@gmail.com
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Global Adjoint Tomography and Inversion Workflow

Earthquakes | Starting Model <

{[ Forward Simulation ]}—l
y J
Observed Data Synthetic Data

l—[[ Data Processing ]L_,

¥
Measurements

c ' Saved Forward Wavefield
[ Adjoint Simulation
Y
Kernels
1
I Post-processing ]]

17
Model Update

I'TB of wavefield snapshots
file for each earthquake.

Figure 1. Demo figure of the spectral-finite-element (SEM) mesh of the Figure 2: The workflow of adjoint tomography. In the forward simulation, the
globe. This figure shows the the Earth is partitioned into finite element. wavefield snapshots are saved on each mesh points. Those wavefield data will then

at certain checkpoints. Degree of Freedom: ~10410 (10 billion) current resolution and simulation length, each earthquake will generate ~1TB of
wavefield snapshots file.
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Fusion plasmas have a range of phenomena,
manifest over multiple time and spatial scales

Understanding fusion plasmas requires extracting information from multiple
diagnostics and simulations at these wide ranges of time and spatial sfgales .
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.+ Edge to HPC |ntegrat|on for NRT command & = f ‘ 1:“—!’ N\

control g58
i - Data Management technologles for the | IS E( 558
| convergence of HPC with AI/ML = - S =
g - Pr|or|t|zat|on of refactored data for use in -
~ streaming

environments

- Accelerate analytics from refactored data
: s : == Near-real-time distributed
~~ services for Data Understanding
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Experimental Models I o

* Further extensions of our th'eory to bound non-  Dstavnon
w2
s

linear Qols and work with complex unstructured

Extreme- scole
first-principles-
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‘ m e S h e S e Inform Simulations
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< > Big Simulations
Big Experiments NOT-real-time
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