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Science + HPC Al + Cloud




Applications

Where is ML being used in Science?

And what is different?



Opportunities for ML in Science
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e Regression
e Cluster and denoise
e Extract features
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e Surrogate models
e Inverse problems
e Generative models
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e Instrument control
e Smart infrastructure
e Robofics




Cross-cutting themes for ML in Scienc
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Thanks to Ben Nachman for several examples



Data Analytics via Supervised Learning

Classification
+ Localization

Instance
Segmentation

Classification Object Detection

Extending image-based methods to complex, 3D, scientific data sets is non-trivial!

Slide source Prabhat, LBNL



CNNs for 3D Climate Simulation Data on HPC

Predicted Exireme Weather Ground Truth Extreme Weather

Predicted Extreme Weather Patterns 2107-07-07 Ground Truth Extreme Weather Patterns 2107-07-07
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Deep learning results are smoother than heuristic labels

Achieved over 1 EF peak on OLCF Summit: Gordon Bell Prize in 2018

Thorsten Kurth, Sean Treichler, Joshua Romero, Mayur Mudigonda, Nathan Luehr, Everett Phillips, Ankur
Mahesh, Michael Matheson, Jack Deslippe, Massimiliano Fatica, Prabhat, Michael Houston




CNNs for Materials with Physical Laws

Physics-aware learning
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A network with 3D translation- and 3D
rotation-equivariance

Slides from Tess Smidt and Risi Condor; E.g., 2018 paper by Thomas, Smidt, Kearnes, Yang, Li, Kohlhoff, Riley



Inverse Design with ML

Designing materials, proteins, and small molecules with ML
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Search for a molecules using an
autofocusing generative model:
moves around the design space,
guided by an oracle Clara Fannjiang and Jennifer Listgarten at NeurlPS ‘20




Learning from sequence + graph structure
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Aditi S Krishnapriyan, Nicolas Swenson, Dmitriy Morozov, Katherine Yelick, Aydin Buluc



Graph NNs for Nevutrino classification
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* Apply graph convolutional techniques to irregular, 3D detector grid
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Graph Neural Networks for IceCube Signal Classification
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* Increase sensitivity of IceCube detector: 6.3x more events

* And improve Signal-to-Noise ratio by 3x
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IceCube Lab

IceTop
81 stations / 162 tanks
324 optical sensors
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8 strings optimized for lower energies +
7 standard central strings

480 + 420 optical sensors

Eiffel Tower
324 m
optical sensor R

Pattern of light deposition for muons bundles
(left) and a high-energy single muon (right).

Contributors: Nick Choma, Joan Bruna, Federico Monti, Michael Bronstein, Spencer
Klein, Tomasz Palczewski, Lisa Gerhardt, Wahid Bhimji and lceCube collaboration



Fairness in Physics

Separating signal from noise in the search for Lorentz-boosted W bosons at

Large Hadron Collider
Background only
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LHC simulations
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Signal and background events Back-ground distributions at 50%
without selection. signal efficiency (true positive rate)

for different classifiers.

O. Kitouni, B. Nachman, C. Weisser, M. Williams, 2010.09745



GANSs to Build Scientific Data

Generate convergence maps of weak gravitational lensing, to help in
o] g Ise.

LR

Jeg)
mi Al-Rfou, Jan M. Kratochvil



Learning Relationships with Graphical Models

Discovering Regions and Co-
Regions of Brain Activity from fMRI

21K x 21K Sample Covariance matrix
e 91K data points (each 2mms3)

e 5K time points (0.7 secs for 2 hrs)
 Averaged over 1,200 subjects

Koanantakool, Buluc, Morozov, Oliker, Yelick, Oh, AISTAT 2018.



Learning Mechanistic Models

Iterative Random Forest
High dimensional, sparse data

4D Virtual Farmland
« Hyperspectral imaging
« Environmental sensors
« Microbiome sequencing
* Design microbial amendments

Schaettle, K. B.; Falco, N.; Ulrich, C.; Dafflon, B.; Wainwright, H. M.; Brown, J. B.



Robust, interpretable, explainable methods

Interpretability

« Our goal for interpretability is methods that are useful for science and
engineering applications

Graph based on image from: David Gunning, DARPA Explainable Al (XAl) Program



» Edge Computing
for Science

Experimental Ueer € )
Facilities stored, analyzed and served ~Ysertommunity

Computing and Data
Facilities

Interconnected facilitie
where data is acquired,

Embedded Sensors /




Using NLP on scientific publications

Analyze 3.3 million abstracts from materials science papers
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Vahe Tshitoyan, Leigh Weston, John Dagdelen, Anubhav Jain



chine Learning at Berkeley Lab

Nano Amendment Zone
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https://ml4sci.lbl.gov



pglication themes
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Architectures for ML in Science



Moore’s Law

It's hard to think
exponentially

But it's also hard to stop




Communication Dominates

Hardware Speed Trends
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Data Movement is Expensive
Hierarchical energy costs.

6 pJ .
Cost to move data 1 mm on-chip
Cost of a typical floating point operation
m Cost to move data 20 mm on chip
250 pJ Cost to move off-chip,
but stay within the package (SMP)

Cost to move data off chip
iNfo DRAM

Cost to move data off chip
to a neighboring node

Image: http://slideplayer.com/slide/7541288/



Trend Toward Specialization

NVIDIA builds deep
learning appliance
with P100 Tesla’s

RISC-V is an
open
hardware ‘ ,
platform Intel buys deep Google designs its own
RISC learning startup, Tensor Processing Unit
Nervana (TPU)
Specialization Specfrum
Full Open FPGA FPGA + Old GPGPUs Simple High end
Custom  [SA standard ops GPU cores cores

China (Sunway), Japan (ARM), and Europe/Barcelona (RISC-V) are doing this in HPC



Al CHiP l.al‘ldscape More on https://basicmi.github.io/Al-Chip/
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Exascale Architecture Plans (2021)

US DOE Office of Science Systems
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Accelerators in the Top500
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Domain-Specific Code Generators
for specialized hardware

NERSC survey: what motifs do they use<¢ What code generg’[org do we have?
Structured _h Dense Linear Algebra | Atlas, Magma
Sparse LA [N Spectral Algorithms FFTW, Spiral

Spectral [ Sparse Linear Algebra | OSKI, Bernoulli
Particles Structured Grids Halide, Orio,
. Snowflake,
Monte Carlo _— Unstructured Grids GraphlT
e
Dense LA Particle Methods o (0O
_ (\d mO
Adaptive Alignment RETSALSA
Unstructured

0% 207% 40%  60%



Specialization, Yes

More cores

~

Accelerators, No!
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More .
More data Narrow data memory CPUs in CPUs
arallelism types control communicate
P YP spaces
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Put Accelerators in Charge of Communication

Architecture and software are not yet structured for accelerated-initiated
communication (Summit with NVLink between Power? CPUs and NVIDIA GPUs)
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Science + HPC Al + Cloud




Google 1997




NERSC 1996

RN

Cray T3E 900: 460 Gflop/s
850 GB of disk 106 TB Data

archive



Cloud vs HPC

On-node disks (air cooled) Separate storage (compute liquid cooled)
Resilience, replicated SW Infegrated-& efficient SW
/Poy as you go Purchased for mission; pay in “hours” )

< 50% utilization > 90% utilization Policy and

: . business
On-demand access Large jobs wait in queues model
Multiple jobs per node Dedicated nodes
Evergreen procurement ~4 yeqdr procurement cycles

E.g., see G. Guidi, M. Ellis, A. Buluc, K. Yelick, D. Culler, 2021



Algorithms for ML in Science
A dive into microbial science

Parallelism Motifs
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Microbiome analysis: metagenome

Microbial
community




Terabyte to Petabyte Metaegnomes

What happens to microbes after a wildfire? How do microbes affect disease and growth of

— : Snim switchgrass for biofuels (4TB
1-5TB) | What are the microbial dynamics of . !

soil carbon cycling? (3.3 TB)

5N at%

Combine genomics with isotop tracing methods for improved
functional understanding (8TB)

What at the seasonal fluctuations in a
wetland mangrove? (1.6 TB)

JGI-NERSC-KBase FICUS projects




Big Data, Big Iron > Better Science

—

coassm
multiassm
dedupe
best sample
reference

102 103

Number of Contigs
Multiassembly: assembling many samples separately
Coassembly: assembling many samples together

S. Hofmeyr, R. Egan, E. Georganas, A. Copeland, R. Riley, A. Clum, E. Eloe-Fadrosh, S. Roux, E. Goltsman, A. Buluc, D. Rokhsar, L. Oliker, K. Yelick, 2020



Analytics vs. Simulation Kernels:
7 Giants of Big Data

7 Dwarfs of Simulation
Parficle methods
Unstructured meshes

Dense Linear Algebra
Sparse Linear Algebra
Spectral methods
Structured Meshes

Monte Carlo methods
Phil Colella

J

Genera
Graph-t
Linear a

Sorting
Hashing

ized N-Body
neory

gebra

Alignment

Basic Staftistics

NRC Report + our paper

Yelick, et al. “The Parallelism Motifs of Genomic Data Analysis”, Philosophical Transactions A, 2020
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Universally useful: Hash Tables of K-Mers

Make hash table of k-mers

ue NEARGARRAGAN

ACC GAT CGT
CCT ATT GTC

I-sided comm or irregular
all-to-all + memory




K-mer Counting on GPU HPC

Summit (with NVIDIA V100)

kmer counter M exchange (incl. MPI call) kmer counter M exchange (incl. MPI call)

W parse & process kmers B parse & process kmers
4000 64 nodes (2688 CPU cores) 40

3000 30
2000 20

64 nodes (384 GPUs)

H. sapien 54x H. sapien 54x

« Now communication-bound
« Use clever hashing (minimizers) and aggregation (supermers)
reduce number of messages (latency) and volume (bandwidth)



Generalized
N-Body




Set Alignment is a Sparse All-to-All

Run expensive alignment on all pairs with a common k-mer




Avoid Communication, Maximize Parallelism

Compute on all pairs of particles or strings, or...

Obyvious solution

N N INCNGH N A N M ON BN X AL

16 particles on 8 processors Better solution

Pass all particlesaround (psteps) |# € @8 @ = 2 @0 0000 00C ¢
2000 0000 000OQ0 OOQCCC
N N OBCNCN N I X N N 9 @

Decreases - 00 8¢
5 o 6 & & & e

- #messages by factor ¢2, 0004 00 0000 000

C = 4 copies of particles

* #volume sent by factor ¢
8 particles on each




Less Communication..

Cray XEé; n=24K particles, p=6K cores
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Execution Time vs. Replication Factor

mm Communication (Reduce)
mm Communication (Shift)
m= Computation

96% reduction in
shift time (red)

¥

=1 =2 c=4 c=8 c=16 c=32
Replication Factor
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1D vs 2D Algorithm on DNA “overlap”

—=— diBELLA 1D —=— diBELLA 1D
—e— diBELLA 2D —=— diBELLA 2D
Linear

32 72 128 72 128 200
Nodes (32 MPI Rank/Node) Nodes (32 MPI Rank/Node)

G. Guidi, O. Selvitopit, M. Ellis, L. Oliker, Y, A. Buluc

laj}og Sl JoaMOT
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- Sparse Matrices
~ (unsupervised learning)




Protein Clustering with Sparse Matrices

Initial network Iteration 1 Iteration 2 Iteration 3

* Similarity Matrix: “Many-to-many” protein alighment

»~ * Expansion: Square matrix, pruning small entries, dense columns

“w* Inflation: element-wise powers
PASTIS + HipMCL

Oguz Selvitopi; Md Taufique Hussain; Ariful Azad; Aydin Buluc



Sparse Matrix Algorithms

Time spent in various stages of HipMCL

Local spgemm

Memory estimation |
SUMMA Broadcast
Merging '

x 1(00] 4

Pruning
Other

>

N
(en]

DO
(=]

Optimized HipMCL Optimized HipMCL
(with overlap)

Distributed memory enabled first-of-kind science
12.4x faster with GPUs



Graphs and
Sparse and
Dense Matrices
(supervised learning)




Bottleneck in GNN Trqlnlng

. AT

AT

|- sparse-dense matmul (SoMM)

- (ATH!-T) W/ dense-dense matmul (DGEMM)
- SpMM is the bottleneck, not DGEMM!



Communication-Avoiding Matrix Multiply

«X
~y i k- 2D algorithm: never chop k dim

« 3D: Assume + is associative;
chop k, which is = replication

| }Z of C matrix

| TIIatrix Multiplication code has a 3D iteration space
Each point in the space is a constant computation (*/+)

fori
for j
fork



Avoiding Communication in GNNs

1D 1.5D

Tripathy, Yelick, Buluc, Reducing Communication in
Graph Neural Network Training, SC'20

Protein

1 2 42001 2 42D|1 2 42D

36

64

100

m sparse bcast
m dense bcast
Oreduce

W compute




Machine Learning Mapping to Linear Algebra

Logistic . : : : Graphical
: Dimensionality Clustering :
Regression, ) Model Deep Learning
Reduction (e.g., (e.g., MCL, :
Structure (Convolutional

[ 8. N | N
PCA) Clustering) Leggrll;gglg%)g, AN NS

Support NMF, CX/CUR, Spectral
Vector

Machines

Sparse Sparse Sparse Matrix Sparse - Dense Sparse - Dense

Matrix- Matrix- Times Sparse Matrix Dense Matrix

Sparse Dense Multiple Matrix Vector Matrix -

Vector Vector Dense Vectors Product (BLAS2) Product (BLAS3)
NN (SpMV) (SpMM) (SPGEMM) (SpDM3)

Increasing arithmetic intensity
Aydin Buluc, Sang Oh, John Gilbert, Kathy Yelick



Take-Aways

» Applications

» Every domain of science

» Analysis, Acceleration, Automation

» Science emphasizes quantifying uncertainties, interpretability, etc.
» Architectures

» Specialization will be increasingly important

» Communication will dominate; Need better integration, lower overheads
» Cloud and HPC differ on the business model

» Algorithms
» Irregular, fine-grained problems in data and ML, not just simulation

» Avoid communication to match hardware



