- = M [

TR O g o, o SR,
Virtual Research Presentation Conference

A Scalable, Flexible Instrument Simulation Toolkit for Mission Design

Principal Investigator: Brian Wilson (174B)

Co-Is: Derek Posselt, Rachel Storer, Noppasin Niamsuwan, Benyng Tang, Berlin Chen Jet Propulsion Laboratory
Program: Topic California Institute of Technology
#R19135




Research Presentation Conference 2020

Highlights:

* Using Cluster computing to run 100+ Million OSSE'’s to characterize
science return and quantify uncertainties for various mission designs.

 Led to awon AIST’18 Project: Evaluating Designated Observables
for the Aerosol and Cloud, Convection & Precipitation (ACCP) Mission

* Developed open-Source PARMAP Library: Re-deployable Map-
Reduce parallel computing with a choice of backend schedulers:
multicore, Spark, Dask, and AWS on-demand Lambda functions.

*OSSE = Observation System Simulation Experiment



Research Presentation Gonference 2020

Parallel OSSE Toolkit:
A Collaboration between Scientists & Technologists

Technologists: Computing Technologies Instrument Simulation Codes  O)SSE Team:
Pl Brian Wilson Apache PySpark QuickBeam Derek Posselt
Sujen Shah SciSpark — AIST14 NEOS3 Rachel Storer
Chris Mattmann Py Mat/Vec for GPU Statistical Analysis Ethan Nelson

Noppasin Niamsuwan
\ / Benyang Tang
Sp

ark !ter Parallel OSSE Toolkit for Mission Design

PEr (= e )
Ll L7

et ) Integrated Toolkit in Python Applications:

End-to-end automated analysis * 2017 Decadal Survey-
16 to 1024-way Ensemble Parallelism proposed CCP "required”
"Quick look” Exploration observations
High-Fidelity Simulations - Radar constellations
Parallel Analytics (or on GPU) * All future instrument
Explore larger Science Trade-Space simulation & mission

design at JPL
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Schematic of the Mission Design Workflow
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1. Simulated Measurements
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Architecture of the Parallel OSSE Framework
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Jupyter Lab — Python Notebooks e \
* Uncertainty Quantification Scalable Knowledge Base
Scalable: [’“’ ][ ][ J[ ] docker Instrument Simulators | Da'mt:‘ |[ Shard ][Shard ] [Shard ]

Radiative Transfer Codes Archive of Reproducible Runs,

Tagged Configs & Metrics,
Aggregated Statistics, etc.

On-Premise [ms ][ ][ ][ ]

Cluster Spark Map-Reduce Cluster
,,,,,, J\Z Spark SQL Analytics Db.

Quickbeam H&B NEOS3

Amazg:l EMR [bbs || |[ | | g [

] ‘-’ElasticSearch (JSON docs):

\Orbits, geometry, footprintsj ]
elasticsearch

[wnr (= [1TDO
Ensemble of Nature runs with VERY high temporal & spatial resolution,
and parameterized microphysics

xarray  HDFS or S3 [RAMS
File 1I/O
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Applying PARMAP Python Library:
Easy, Redeployable Parallel Computing for Everyone

« PARMAP library (easy parallel computing in Python):
» Provides Map-Reduce operations over data, files or S3 URL's
« Enables parallel analytics over time, spatial tiles, variables,

model ensembles, multiple experiments, etc.
Simple coding for computin
* Deploy in multiple modes (without code changes): |pt' : J lel P g
* Multicore or GPU parallelism (single node) a.na y_ICS n para_ olovora
* PySparkling (pure Python library) file / tile / url series:
* Full Apache PySpark Cluster def metricFn(ncFile, variable):
« Xarray / Dask Cluster (dask.distributed scheduler)

« AWS Lambda Functions (fleet of workers)

* Choose type of Parallelism at deployment or run time results =

« Mode string = ‘multicore’, ‘spark’, ‘dask, or ‘lambda’ parmap(metricFn, urls,

+ Credentials encapsulated in a ‘config’ dictionary mode=‘lambda’,
+ Combine parallelism patterns: Multicore & Distributed numWorkers=32,

+ Tailor scale of parallelism to data size & data locality config)
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Notebook Analytics: PARMAP Cloud Architecture

PARMAP Parallel Compute

Python Notebooks _ adWs
S . SciSpark Cluster

(e.g. AWS EMR)

HEEE
preummgl “ EEEE
Archival File Series
Xarray/Dask Cluster RANGE (netCDF, HDF)
(e.g. GPU Containers on EKS) GET
EEEE ) .
HEEN

Hot Variable or Tile Cache
Fleet Of Lam bda FI'IS. (zarr’ npz, cog)

(e.g. AWS Lambda)
o000 Accessible
Oo00 \ J] Arrays /

4-GPU Instance

or Container Auto-Caching:

e Q000 - Pull variables from archive
Area-Avg. Time-Series Statistics - Cache quick-access arrays
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PARMAP Serverless: Use Lambda Functions at AWS

« Cloud Paradigm:
* NetCDF / HDF files series reside in S3 (NASA pays for storage)
« Hot Variables can be tiled & cached for even better performance
« User pays compute costs for parallel analytics — Lambdas or Containers

« Simple parallel coding using PARMAP library in Jupyter Notebooks

AWS Serverless Design

« Serverless Backend (transparent to user):
« Parallel Analytics computed in fleet of Lambda Workers
» Aggregation/reduce "in memory” using AWS ElastiCache (redis)
» Only final results saved on disk in S3 (no disk bottleneck)
« AWS Lambda functions bill every 1/10% of a second

* Near-Zero Costs Except When Actually Computing
« User pays for Lambda Workers & transient ElastiCache (key/val)
* No permanent Spark / Cassandra cluster needed
« At NCCS, using on-demand Dask Clusters for compute

* No permanent databases needed for most datasets (except ‘
time/space lookups for satellite swaths) *
Outputs
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Example of Forward Model Results
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Bayesian Optimal Estimation Retrieval

* Given a measurement Y we want to know the most likely state X

P(x]y) = P(y|x) P(x)

P(y|x) — Forward model y = F(x), linearized as y=Kx
P(x) — Prior knowledge x,
each term has associated error matrix S

* Minimize cost function
(y - KX)T Se-:l (y - KX) + (X - xa)T Sa-1 (X - xa)
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Example Case:
Retrieve Cloud Water Path in shallow clouds

* Observationy
* Radar reflectivity from Quickbeam forward model
* Cloud optical depth

e State x to be retrieved
* Profile of cloud water content
* Constant value of droplet number in height

* Assumed prior knowledge x,
* Constant profile of cloud mixing ratio 1 g/kg
 Cloud droplet number concentration 300 /mg
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Optimal Estimation Retrieval Validation

Retrieved Cloud Water Path Retrieval Error
® 94.0GHz [ 94.0 GHz
204 ® 355GHz 0.08 1 1 35.5GHz
® 13.6GHz ' [ 13.6 GHz
151 0.06 -
o
(] (=
> =
2 3
) 1-0 - 9
& 0.04 - "
0.5 4
0.02 -
0.0
T T T T T 000 = T -Lr-?-u-‘_ l—
0.0 0.5 1.0 1.5 2.0 -40 -20 0 20 40
Actual % Error

Figure 2. Optimal Estimation retrieval of Cloud Water Path for many profiles. (a) Scatter
plot of retrieved vs. actual for three frequencies. (b) Histogram of percentage error for
the same 3 frequencies.
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Phase 1: Phase 2:
Quickbeam 'Observations' (NEOS)
Radar Frequencies 3 (Ku, Ka, W) Radar Frequencies 3 (Ku, Ka, W)
Parameters Varied 5 (ice hydrometeor PSDs) Model Simulations 75

Complete set of 100m+
OSSE experiments to
be run in the won AIST-
1? grant; cross-product
of:

3 radar simulators

3 frequencies

75 RAMS model runs

15 time slices

Particle size distributions
3 radar sensitivities

2 footprints

- Etc.

Parameter Values

5 (0.1 to 10 times the default)

Time Slices

15 (5 in each of 3 life stages)

Model Simulations 75 Total 3*75%15 = 3375
Time Slices 15 (5 in each of 3 life stages) Per Slice | Total With 48 | With 1024 Cores
Time Cores
Profiles per Time 200 (100 convective, 100 5 Hours 703 15 16.5 Hours
stratiform) Days Days
Total 3*5A5%75%15%200 = 2109375000 (2.1¢9)
Per Profile | Total | With 48 With 1024 Cores Footprints 5 (1-5km)
Time | Cores
Is 24414 | 509 Days | 24 Days Total 3375*5= 16875
Days
Per Slice Total With 48 | With 1024 Cores
Time Cores
H&B 2.5 Hour 1758 37 2 Days
Days Days
Radar Frequencies 3 (Ku, Ka, W)

Parameters Varied

5 (ice hydrometeor PSDs)

Retrieval (Quickbeam or H&B)

Parameter Values 2 (largest, smallest values) Radar Frequencies 7 (All combinations of
1, 2, or 3 frequencies)

Scattering Choices 2 (single, multiple scattering) Radar Sensitivity 9 (3 values for each
frequency)

Hydrometeor Shapes | 2 (spherical, non-spherical) Footprints 6 (Native 250m, 1-5km)

Model Simulations

75

Model Simulations

75

Time Slices

15 (5 for each of 3 life stages)

Time Slices

15 (5 for each of 3 life stages)

Profiles per Time

200 (100 convective,
100 stratiform)

Retrievals per Time

20 (10 convective,
10 stratiform)

Total 3¥PASHQ*Q*TS* ] 5%200 = 86400000 Total 7*9*6*75%15%20 = 8505000 (8.5¢6)
(8.6¢7)
Per Profile | Total With 48 With 1024 Cores Per Total With 48 | With 1024 Cores
Time Cores Retrieval Time Cores
2s 2000 | 42 Days 2 Days 1 min 5906 123 6 Days
Days Days Days
Total Total | With 48 With 1024 Cores Total Total With 48 | With 1024 Cores
Phase I Time | Cores Phase I Time Cores
26414 | 551 Days | 26 Days 8367 175 9 Days
Days Days ___| Days

Table 1: Summary of all of the various configurations to be implemented in Phases 1 and 2, along
with the expected computational time necessary to implement each phase. Compute times are
based on proof-of-concept testing on the local JPL SciSpark cluster. Estimates of time necessary to
run on 1024 cores is.hased on.the.assumnption of linear scaling from 48 to 1024 cores.
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