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]S_E[ Lincoln Laboratory Supercomputing Center (LLSC)

Air and Missile Homeland Air Traffic Communication Cybe_"
@ Defense Protection Control Systems Security
Mission Advanced Space ISR Systems _ _ _
Areas Technology Control and Technolog ohcal Systoms Engineering

<htm|> ot _
Vast Data w ii “
Sources P
OSINT Weather HUMINT Ground Maritime Air

LLSC develops & deploys unique, energy-efficient supercomputing that provides cross-mission
S — Data centers, hardware, software, user support, and pioneering research
C — Thousands of users
— Interactive data analysis, simulations, and machine learning
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]SE[ Supercomputing Center Focus Areas

Big Data Technologies Education and Outreach

* High performance storage and » Big data architectures, databases, and * Online education and knowledge
compute graph processing transfer

» Application programming interface * Architecture analysis, benchmarking, + Expert content, course development,
design, modeling and benchmarking and advanced mathematics and production platform

» Supercomputing infrastructure and » Database infrastructure, federated * Online courses, virtualized
scalable software environments interfaces, and processing standards environments, in-person classes,

workshops, conferences, books

Mathematically rigorous approach to computational challenges

MIT LINCOLN LABORATORY
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Large Scale Computing: Challenges

Volume

- Challenge:

Velocity

« Challenge:

Variety

« Challenge:

Scale of data beyond what current approaches can handle

Social media, cyber networks, internet-of-things, bioinformatics, ...

Analytics beyond what current approaches can handle

Engineering simulation, drug discovery, autonomous systems, ...

Diversity beyond what current approaches can handle

Computer vision, language processing, decision making, ...

Slide - 6
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Il Large Scale Computing: Hardware

Volume

« Challenge: Scale of data beyond what current approaches can handle

« Hardware: Scale-out, more servers per data center (hyperscale)

Velocity

« Challenge: Analytics beyond what current approaches can handle

« Hardware: Scale-up, more transistors per server (accelerators)

Variety
« Challenge: Diversity beyond what current approaches can handle

« Hardware: Scale-deep, more customizable processors (FPGAs, ...)

Requires mathematically rigorous approaches to insulate users from scaling

Slide - 7 MIT LINCOLN LABORATORY
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]SE[ Standard Processing Architecture
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High Performance Requirements
* Sustaining rapid ingest

* Fast analytics

* Integrating diverse data

Analysts Preferred Environments

* Familiar
* High Level

* Mission Focused
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Standard Processing Architecture: Software

<html>

Multi-INT Data
Sources ' |

Multiple Data Stores

Weather

HUMINT

Cyber

Spacy

e “

Many software technologies

to choose from

Fast Analytics

19Ae"] 921A19S 9N

Tensor

Catfe
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]SE[ Standard Processing Architecture: Frameworks

Multi-INT Data _ —————————
Sources I | ~ Multiple Data Stores Fast Analytics
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L Diverse software technologies are
I organized into many frameworks

DATA INTEGR
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]SE[ Standard Processing Architecture: Ecosystems

Multi-INT Data T | T
| | | (T
N =
<html> 4 — A ()
: ,w \\\ - ~_ A o
2 \\ » _— %
OSINT Weather —— = P
soffl - Ml — VG888 e
|||||||| - ~n > 2 " Rt ne
Cloud Ecosystems o » = S
Enterprise Cloud Compute Cloud -
. Operators
\{ t Scalable Processing HoAAAAAL T
VMware MIT MPI
SuperCloud
Testbed saL Diverse frameworks support
four primary cloud ecosystems
Big Data Cloud Database Cloud
Slide - 11 MIT LINCOLN LABORATORY
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]S_E[ Example Big Data Application

- Integrating Many Stovepiped Databases -

Satellite Orbital Catalog

\n AN

Y

Q
Ty

Launch Detection
and Characterization Sensor Event Databases

.
)
]

N\ : Good for imagery, time series signals

Dynamic
Sensor Cueing

Ground
Surveillance
Traditional and
Neoe ditional Good for human generated data
- Sensor Data Sourcing
— /
== - '1. : h " - - 08 s | o 7%
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]S_E[ Modern Database Paradigm Shifts

[ SQL Era ] [ NoSQL Era ] [ NewSQL Era ] [ Future ]
Common interface Rapid ingest for internet search Fast analytics inside databases Polystore, high
performance
ingest and

analytics

1970 1980 1990 Relational Databases (SQL)

NewSQL
JJ J L J JJUIJT ]
ORACLE" PostgreSQL 9CCUrmuLo 2Scil ) 0000000060
(A1
Larry Ellison Prof. Stonebraker Apache Prof. Stonebraker NSF & MIT
(U.C. Berkeley) (MIT)
Slide - 14 SQL = Structured Query Language MIT LINCOLN LABORATORY
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]S_E[ Declarative, Mathematically Rigorous Interfaces

SQL NoSQL NewSQL
Set Operations Graph Operations Linear Algebra
bob AT v Aly
from link to bob ° o
] ] ited
001 | alice | cited | bob ere °
] ] ] carl O o 0 ®
002 | bob | cited | alice alice ® ol lel >
003 | alice | cited | carl (Y e
cited
o °®
SELECT 'to' FROM T °
WHERE 'from=alice' carl _
alice

Operation: finding Alice’s nearest neighbors

Associative Array Algebra Provides a Unified Mathematics for SQL, NoSQL, NewSQL

A =SMM(k, k,,v.®) k Kk,,v) = A C=AT C=A®dB C=A®C C=AB=A®X®B
Operations in all representations are equivalent and are linear systems

JINCOLN LABORATORY

Slide- 15 Associative Array model of SQL, NoSQL, and NewSQL Databases, Kepner et al, HPEC 2016
RCOMPUTING CENTER

Mathematics of Big Data, Kepner & Jananthan, MIT Press 2017



GraphBLAS.org Standard for Sparse Matrix Math

» Six key operations

A=S"Mijv) (ij,)=A C=AT C=A®B C=A®C

 That are composable
A®RB®C)=(A®B)®A®C)

A®B=B®A APB)@C=A®dB>dC)

A®B=B®A (AB)®(AC)

« Can be used to build standard GraphBLAS functions

A®B)®C=A®B®C) AB®C)=

« Can be used to build a variety of graph utility functions

Tril(), Triu(), Degreed Filtered BFS, ...

« Can be used to build a variety of graph algorithms

AYAYAWAYA

« That work on a wide range of graphs

Hyper, multi-directed, multi-weighted, multi-partite, multi-edge

C=AB=A®®B lI'IteD

Triangle Counting, K-Truss, Jaccard Coefficient, Non-Negative Matrix Factorization, ...

NVIDIA.

«
A
Frrereer ‘|

buildMatrix, extractTuples, Transpose, mXm, mXv, vXm, extract, assign, eWiseAdd, ...

§Georgia& e—
: Tech|| cmuseEl

| — |

The GraphBLAS C API Specification, Buluc, Mattson, McMillan, Moreira, Yang, GraphBLAS.org 2017
GraphBLAS Mathematics, Kepner, GraphBLAS.org 2017
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]SE[ Graphulo High Performance Database Library

s—
N

Jupyter GraphulolnJupyter (autosaved)

File Edit View Insert Cell Kernel Widgets Help

+ < A B 4+ v M B C Cod . CellToolbar

28 Do BFS

v = G.AdjBFS(Atable, v0, k, Rtable, RtableTranspose, ADegtable,

8 Vertices reached in 3 hops from v4 and v5
disp( 'Vertices reached in 3 hops from v4 and v5')
v

it D

60

o)
o
|

AN
o
|

GraphBLAS library for Accumulo

High performance graph analytics

50x faster than industry standard

Jupyter interactive portal interface
— Similar to Mathematica notebooks

Multi-Source BFS
Time (Seconds)
W
o

? Worst

~50x
o0 - faster
10
\J
¢ Best
O - I _—I
Map Reduce Graphulo

side-17  From NoSQL Accumulo to NewSQL Graphulo:, Hutchison et al, HPEC 2016
D4M 3.0: Extended Database and Language Capabilities, Milechin et al, HPEC 2017
BFS = Breadth First Search

Best Student Paper Award
/;g\ IEEE HPEC 2016

MIT LINCOLN LABORATORY
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Graph Processing Hardware

Lincoln GraphProcessor faster than 200+ node database cluster

9
10 —  Better
World Record 1A
200 M/s 115M/s ]
. GraphProcessor (MIT LL 2014) T
= (MIT LL 2016) 108M/s #
5 (BAH 2013) 1
|
o 910 ¢ 4
eo |
2% - °
St [ 4M/s
® 3106_ (MIT LL 2012) . ]
Q= 1M/s f
1 (Google 2014) 1 Y
10° ®140K/s (Oracle 2013) | Worse
0 1 2 3
10 10 10 10

Number of processors

Slide - 18

BAH = Booz Allen Hamilton

Novel Graph Processor Architecture, Prototype System, and Results, Song, et al., HPEC 2016
Achieving 100,000,000 database inserts per second using Accumulo and D4M, Kepner et al, HPEC 2014
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SC DARPA HIVE and GraphChallenge.org

« Parallel processing

« Parallel memory access

» Fastest (TB/s) to memory
» Higher scalability (TB/s)

* Optimized for Graphs

Hierarchical Identify Verify Exploit

GraphChallenge DARPA &

Motivation | DARPAHIVE | Challenges

Challenges

GraphChallenge seeks input from diverse communities to develop graph challenges that take the best of what has been learned from
groundbreaking efforts such as GraphAnalysis, Graph500, FireHose, MiniTri, and GraphBLAS to create a new set of challenges to move the
community forward. To scope the effort, the initial GraphChallenges are

Pre-Challenge: PageRank Pipeline This challenge is meant to test some of the specification and reference code approaches that might
be used in subsequent challenges. The community is encouraged to examine this specification and code and provide feedback as to how it
can be improved for subsequent challenges.

Static Graph Challenge: Subgraph Isomorphism This challenge seeks to identify a given sub-graph in a larger graph.
» Specification: slides (draft), paper (draft), example serial code (draft), example data sets (draft)

Streaming Graph Challenge: Stochastic Block Partition This challenge seeks to identify optimal blocks (or clusters) in a larger
graph.

o Specification: slides (draft), paper (draft), example serial code (draft), example data sets (draft)

Note on static versus streaming graph challenges. In static processing, given a large graph G the goal is to evaluate a function f(G). In
stateless streaming, given an additional smaller graph g, the goal is to evaluate the function f(g). In stateful streaming, the goal is to evaluate
a function f(G + g). Stateful streaming is the focus of the streaming graph challenge.

Slide - 19 PageRank Pipeline Benchmark: Proposal for a Holistic System Benchmark for Big-Data Platforms, Dreher et al., IPDPS GABB 2016 MIT LINCOLN LABORATORY

Static Graph Challenge: Subgraph Isomorphism, Samsi et al, HPEC 2017
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Streaming Graph Challenge: Stochastic Block Partition, Kao et al, HPEC 2017
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]S_E[ Example Supercomputing Applications

umerical FDTD

Aerodynamic D & Thermo |

=TI 4

NANSYS

FLUENT

Coutatlnallmd namics) | Multl Ph sics AnaI SIS \| Aircraft Collision Avoidance/L

CUSENEREEEE N s OO mm
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'..j.l' R m -

Mesh of engine block Corresponding stiffnes
matrix K

Ku=f1

displacements forces

Finite element equation

« Standard approach for many engineering problems

* |teratively solves large sparse matrix equations (as many small dense matrices)

Slide - 22
Image source: https://www.cise.ufl.edu/research/sparse/matrices/Rothberg/gearbox.html
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SC Example Matrix Math Software Stacks

BLAS (Basic Linear
Algebra Subprograms)

Menu
Presentation:
Acknowledgments:
History
Software:
Licensing:
REFERENCE BLAS Version 3.7.0
CBLAS
Level 3 BLAS tuned for single processors with caches
Extended precision Level 2 BLAS routines
BLAS for windows
GIT Access
The netlib family and its cousins
Support
Documentation
BLAS Technical Forum
Optimized BLAS Library
BLAS Routines
LEVEL1
LEVEL 2
LEVEL3
Extended precision Level 2 BLAS routines

Questions/comments? lapack@icl.utk.edu

Portable, Extensible Toolkit for
Scientific Computation

The current version of PETSc is 3.7; released April 25, 2016.

PETSc, pronounced PET-see (the S is silent), is a suite of data structures and routines for the
scalable (parallel) solution of scientific applications modeled by partial differential equations. It
supports MPI, and GPUs through CUDA or OpenCL, as well as hybrid MPI-GPU parallelism.

« Scientific applications that use PETSc
« Features of the PETSc libraries (and a recent podcast)
« Linear system solvers accessible from PETSc
« Related packages that use PETSc
o MOOSE - Multiphysics Object-Oriented Simulation Environment finite element
framework, built on top of libMesh and PETSc
o SLEPc - Scalable Library for Eigenvalue Problems
o COOLFuiD - CFD, plasma and multi-physics simulation package
o Fluidity - a finite element/volume fluids code
o OpenFVM - finite volume based CFD solver
o OOFEM - object oriented finite element lib;
o libMesh - adaptive finite element lib
o FEniCS - sophisticated Python based finite element simulation package
o Firedrake - sophisticated Python based finite element simulation package
o DEAL II - sophisticated C++ based finite element simulation package
o PHAML - The Parallel Hierarchical Adaptive Multil.evel Project
o Chaste - Cancer, Heart and Soft Tissue Environment
o PyClaw - A massively parallel, high order accurate. hyperbolic PDE solver
o PetlGA - A framework for high performance Isogeometric Analysis
o MFEM - lightweight, scalable C++ library for finite element methods
o Python Bindings
= petscdpy from Lisandro Dalcin at CIMEC
= Elefant from the SML group at NICTA
Java Bindings

High performance matrix math for parallel computers

Home Getting Started Capabilities

C++11 Requirement User Experience

Framework and Tools
Linear Algebra Services

Parallel Programming
Environments

Software Engineering
Technologies and Integration

Meshes, Geometry and

Introduction Lo s

g N T
Trilinos User Doc¢ Discretizations

Trilinos Develope
Package List Linear and Eigen Solvers

Embedded Nonlinear
Analysis Tools

and accelerators

Slide - 23
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]SE[ Selected Supercomputing Processors and Systems

Sunway TaihuLight (2016) Summit (2017) Aurora (2019)

B2 ETEnI OAK

National Supercomputing Center in Wuxi

NATIONAL LABORATORY

Ribce  Argonne &

National Laboratory

I“ @@umuwgg = = ==
SFEFLREPD = == ===
National High-Performance IC Design Center e — — ——

¥ R
Sunway Processor

26010 . Processor Specs (2016
260 Cores : e - . : 64 Cores
- i : DGX-1 Node Specs (2016) :
260 256 bit vector units HGJ 1CDC : SYSTEM SPECIFICATIONS - 128 512 bit vector units
066802537580 : GPUs 8x Tesla GP100 :
: TFLOPS (GPU FP14/ 170/3
CPU FP32)

All deliver maximum performance on dense matrix math

Slide - 24 MIT LINCOLN LABORATORY
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Interactive Parallel Matrix Math

[

. Ju pyter ParaIIeIComputingInJupyter Last Checkpoint: a minute ago (

Jeremy Kepner

Parallel MATLAB

File Edit View Insert Cell Kernel Navigate Widgets Help
for Multicore and Multinode Computers
B 4+ £ @B 2+ v M B C Code 4 & CellToolbar
In [6]: eval(pRUN(pBlurimage v2, 4, grid)); 10

Submitting pBlurimage v2Z on 4 processor |
-- SLURM Grid job has completed or has &
Launching MPI rank: 3 on: grid_slurm 03

Launching MPI rank: 2 on: grid_slurm 02
Launching MPI rank: 1 on: grid_slurm 01 520,1
Launching MPI rank: 0 on: node-050.local] &S Q
. 22
 Parallel Matlab library 2
© pe
« High performance dense matrix math = 01 R ’
* Linear speedup on Intel Knights Landing *
« Jupyter interactive portal interface 0.01
1 2 4

— Similar to Mathematica notebooks

~2 Teraflops on one
Intel Knights Landing

AN
4
2
L 4
4
8 16 32 64

Number of Knights Landing Compute Cores

Slde -25 Benchmarking Data Analysis and Machine Learning Applications on the Intel KNL Many-Core Processor, Byun et al., HPEC 2017
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]S_E[ Lincoln Laboratory Petascale System

| TX.Green Upgrads Based on Nov 2016
_ _ Top500.org list
Processor Intel Knights Landing #1 at Lincoln
Total Cores 41,472 #1 at MIT
#1 in Massachusetts
Peak Petaflops 1.724 #1 in New England
Top500 Petaflops 1.025 (measured) e |  #2 In the Northeast
#3 at a US University
Total Terabytes 124 #3 at a University in the
Network Link Intel OmniPath 25 GB/s Western Hemisphere
#43 in the United States
#106 in the World

Manycore system sustains Lincoln’s leadership

position in interactive supercomputing < Only zero
— Compatible with all existing LLSC software e(r:nairsbs?:n
— Provides processing (6x) and bandwidth (20x) for system
physical simulation and machine learning applications in Top500
Slide - 26 MIT LINCOLN LABORATORY
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Supercomputing 1/O

*Over 10 GigE Connection to Amazon

SUPERCOMPUTING CENTER

30 I T \ T 400 \
—— Lustre Infiniband Write
- —— Lustre Read Speed
Lustre Infiniband Read - -
25 Lustre Ethernet Write i 350 Lustre Write Speed
— Lustre Ethernet Read

0 —— Amazon S3 Write —~ |

o Amazon S3 Read — g 300

G20 - 10

£ > 250 -

:: g

218 1 >200 -
Q.

Q o

o (3}

] o 150

g 10r / — g

£ — X 100 -

®© — ®

§ °r / | § 50

< <

/
0 | | | | | | | | | | | | | | | 0 | | | | | | |
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 1 2 4 8 16 32 64 96 128
Worker Processes - Single Client Node Cluster Nodes
« Parallel simulations produce enormous amounts of data
- Parallel file systems designed to meet these requirements
Slide - 27 Performance Measurements of Supercomputing and Cloud Storage Solutions, Jones et al, HPEC 2017 MIT LINCOLN LABORATORY
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]SE[ Deep Neural Networks (DNNs) for Machine Learning

* Increased abstraction at deeper layers
Yir1 = h(W;y, + b))
requires a non-linear function, such as
h(y) = max(y.0)

« Matrix multiply W, y. dominates compute

Remark: can rewrite using GraphBLAS as k
Yir1 =W,y ®b,®0
where @ = max() and ® = +

DNN oscillates over two linear semirings
S, =( R,+ x 0,
S, = ({-0 U R} max +,-00,0)

Input Output
Features , Classification
Y
Yo 3 A A

-

'Q'

n

'
v o ‘x
"

Object Parts aded
Objects

Slide - 30 Enabling Massive Deep Neural Networks with the GraphBLAS
Kepner, Kumar, Moreira, Pattnaik, Serrano, Tufo, HPEC 2017
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Example Machine Learning Software

 Jupyter TensorFlowInJupyter (unsaves changes)

File Edit View Insert Cell Kernel Navigate Widgets Help
B + £ @B 44 ¢ M B C Markdown 4 E CelfToobar |} E © = # O theano
| with tf.name_scope( 'Hiddenl'):
W_fc = tf.variable(tf.truncated_normal( [256%*256, 512],
stddev=0.1, dtype=tf.float32), name='W_fc") ° ° »,
flattenl_op = tf.reshape( images_re, [-1, 256*256]) UnlverSlte
h_fcl = tf.matmul( flattenl_op, W_fc ) ,
D I G ITS de Montréal
- Lots of machine learning software GO gle
« Designed for diverse data
« Jupyter interactive portal interface N
— Similar to Mathematica notebooks l
H l— [ H — 7 [D BERKELEY ARTIFICIAL INTELLIGENCE RESEARCH
Slide - 31 MIT LINCOLN LABORATORY
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Example Machine Learning Hardware

more general

more
custom

Google TPU

Intel Knights Landing adds enhanced vector processing to a
general purpose processor

Nvidia DGX-1 integrates 8 video game processors

Intel Arria adds FPGA support for customized logic

Google TPU is a custom processor for dense neural networks

(k™
Lincoln Laboratory GraphProcessor is a custom chassis for @[
sparse matrix mathematics

Graph v
Processor

Slide - 32 MIT LINCOLN LABORATORY
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aeroplane? no.

person? yes.

6 Faster
tvmonitor? no. A 'T
Caffe °
Image Test _
Relative 3
Performance q@
Per Rack 3 X
BERKELEY ARTIFICIAL INTELLIGENCE RESEARCH 2 ID
« Caffe is a widely used machine learning 1 !
package developed at UC Berkeley 0 - Slower
 Intel Knights Landing processor delivers Intel ~Intel
5.4x more performance per rack over Xeon Knights Landing
standard Intel Xeon processor
Slide - 33 Caffe: Convolutional architecture for fast feature embedding, Yangqing et al, ACM international conference on Multimedia, 2014 MIT LINCOLN LABORATORY
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Next Generation: Sparse Neural Networks

- Large neural networks drive
machine learning performance

— 100,000s features
— 10s of layers
— 100,000s of categories

« Larger networks need memory
— Requires sparse implementation

» Natural fit for GraphBLAS

DNN Inference Execution Time

16

1/4

1/16

1/64

1/256

1/1024

1/4096

1/16384

'\ BLAS dense
[* T = T it — i ;
sparse
250x faster

8000x less memory

GraphBLAS
sparse

16 64 256 1024 4096

1/Sparsity

16384 65536 262144

Slide - 34
Kepner, Kumar, Moreira, Pattnaik, Serrano, Tufo, HPEC 2017

Enabling Massive Deep Neural Networks with the GraphBLAS

MIT LINCOLN LABORATORY
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]S_E[ Summary

Volume

« Challenge: Scale of data beyond what current approaches can handle

« Hardware: Scale-out, more servers per data center (hyperscale)

Velocity

« Challenge: Analytics beyond what current approaches can handle
« Hardware: Scale-up, more transistors per server (accelerators)

Variety
« Challenge: Diversity beyond what current approaches can handle

« Hardware: Scale-deep, more customizable processors (FPGAs, ...)

Requires mathematically rigorous approaches to insulate users from scaling

Slide - 35 MIT LINCOLN LABORATORY
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]S_E[ 21st IEEE HPEC Conference
September 12-14, 2017 (ieee-hpec.org)

Platinum

* Premiere conference on High

i -
: : Silver
Performance Extreme Computing %iu
— Largest computing conference
in New England (280 people) @ MITRE
L‘ L’ ’ & ‘g Seagate
— Trung Tran (DARPA MTO) Society Sponsor Organizer
— Andreas Olofsson (DARPA MTO) (,
— Prof. Barry Shoop (IEEE President) S.IEITL InsideHPC @

« Special sessions on
— DARPA Graph Challenge

Co-Sponsors

 Invited Speakers

_ Resilient systems » Sustains gov’t leadership position
— Big Data + Keeps gov’t users ahead of the technology curve
— GPU & FPGA Computing

Slide - 36 GPU = Graphics Processing Unit MIT LINCOLN LABORATORY
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