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Statistics is to Machine Learning
as Physics is o Engineering

Physical Sciences Data Sciences
 Mathematics « Mathematics

e Physics o Statistics

« ENngineering  Machine Learning

Statistics is the “Physics” of Data
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Machine Learning or Statistical Learninge

Both are about learning from data, some difference in emphasis:
- SL: Explainability and discovery, uncertainty is fundamental
- ML: Processing and prediction, uncertainty is optional

Dictionary

e Machine Learning Statistical Learning

— Accuracy. . . . . ... (lack of) Bias
Bias................. Intercept
Generalization ......... Test set performance or Expected prediction error
Inference . . ........... Prediction, point estimate
Learning .............. Fitting
Network, graph ......... Model
One-hot............... Dummy variable
Precision....... (lack of) Variability
Supervised learning . . . .. Regression/classification
Uncertainty . . .......... Inference

/S Unsupervised learning . . .Density estimation, clustering

Weights .............. Parameters
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Language for Programming with Data: R

2019 IEEE Spectrum’s Ranking of Programming Languages

Rank Language Type Score
Statistics and Computing Python @ D @ 100.0
i H Java ® 0 96.3
PROGRAMMING Mg Rt
WITH DATA n C 0 0@ 944

A Guide to the S Language

. 0 0@ &5
o o T
u JavaScript @ 79.4

c;# ® 0O ® 745

1998 S language 2008 R language u Matlab Q 706

n Swift 0 @ 69.1
n Go ® Q 680

Same language, different engine
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Diversity for Data and Depth for Stafistics in R

The R Series

Displaying Time Series,
Spatial, and Space-Time
DELERT N
Second Edition

L3

Data Science in R
A Case Studies Approach to
Computational Reasoning
and Problem Solving

Joint Mod¢
Longitudin
Time-to-Ey
With Applicat

Yol Xi
m

Deborah Notan
Duncan Temple Lang

@

Data

Visualisation
with R

100 Examples

Andrie de Vries
Joris Meys
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Web Application Development
with R Using Shiny
Second Edition

Maria L. Rizzo

P - Introduction to
GRS Tho R Series _ aLIS

Extending R

 Exploratory Multivariate
Analysis by Example Using R

MOLECULAR

The R Series

Analyzing
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with R

Max Marchi
Jim Albert
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Bringing Modern Statistical Science and R to HPC

Core Team (leadership and lead developers)
Wei-Chen Chen, US FDA
George Ostrouchov, ORNL & UTK
Drew Schmidt, ORNL

Programming with Big Data in R

Developers
Christian Heckendorf, Yuping Lu, Michael Matheson, Pragneshkumar Patel, Gaurav Sehrawat , Amil Williamson

Contributors

Moustaffa Ahmed, Whit Armstrong, Ewan Higgs, Sébastien Lamy de la Chapelle, Michael Lawrence, Andrey Paul, A. Philipp, David
Pierce, Brian Ripley, Elliott Sales, Aiello Spencer, ZhaoKang Wang, Hao Yu
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pbdR Philosophy

Bridge high-performance computing with high-productivity of R language

Keep syntax identical to R, when possible.

Software reuse philosophy:
- Don't reinvent the wheel when possible

— Introduce HPC standards with R flavor
— Use scalable HPC libraries with R convenience

Simplify and use R intelligence where possible

NetCDF4

ScalLAPACK
LAPACK PBLAS

Sv19quo)
ANV4dno

BLACS HDFS5 '
BLAS
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“... pbdR ... outperformed all the other systems in almost all
cases on dense data.”

“Overall, pbdR is best suited to users who want to rapidly
profotype new LA-based analysis algorithms at scale”

* An independent comparison on small distributed systems with up to 8 nodes (224 cores)
o Software considered: pbdR , MADIib, MLlib, SystemML, and TensorFlow

« Computations considered: distributed analytics based on linear algebra

Anthony Thomas, Arun Kumar: A Comparative Evaluation of Systems for Scalable Linear Algebra-
based Analytics. Proceedings of the VLDB Endowment, Volume 11, No. 13, September 2018, p.

2168-2182.

OOOOOOOO
%OAK RIDGE EEEEEEEEEE
MPUTING FACILITY

al Labor:



http://www.vldb.org/pvldb/vol11/p2168-thomas.pdf

Parallel |/O

hdfio

- High-level utilities for working with data frames in HDFES and sharing between Python and R

- See rhdf5 and hdf5r packages for lower level utilities
- https://code.ornl.gov/olcf-analytics/summit/r/blob/master/content/pbdR/hdfio.md

 pbdIO
- So far mostly for parallel reads of collections of CSV files
- Chunking, data frame rebalancing

. pbdADIOS

- ADIOS 1.8, can stream with in-memory files, needs development for transition to ADIOS 2.0.

 pbdNCDF4

- NetCDFA4 file collective parallel reads and writes

e Insitu capabilities

- Communicator management, in-memory streaming file reads
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https://www.hdfgroup.org/
https://www.bioconductor.org/packages/release/bioc/html/rhdf5.html
https://cran.r-project.org/web/packages/hdf5r/index.html
https://code.ornl.gov/olcf-analytics/summit/r/blob/master/content/pbdR/hdfio.md

Advanced CPU Analytics

e Packages: pbdDMAT (and friends), kazaam, pbdML, pmclust, pbdXGB
- k-means and Model-Based Clustering
- GLM's
— Fisher’s Linear Discriminant
- Randomized SVD/PCA, Robust PCA

- Gradient Boosting Machines and Random Forests via XGBoost

e Parallel dense matrix and sparse matrix infrastructure for custom
distributed methods
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Striving for interactive performance on Terabyte-sized

data analysis

HPCE

July 6, 2016

“‘OLCF Researchers Scale R to Tackle Big Science Data Sets” . . . “for
situations where one needs interactive near-real-time analysis, the
pbdR approach is much better [than Apache Spark—like frameworks].”
PCA of a 134 GB matrix: “hours on . .. Apache Spark, . . . less than a
minute using R.”

April 20, 2017

Time (sec)

“‘ORNL Researchers Bridge the Gap Between R, HPC Communities”
... “untapped [R] domains” represent an enormous potential user
base for world-class computers .”

May 7, 2018
“ORNL Data Scientists Release pbdR 1.0”

Programming with Big Data in R
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RSVD vs SVD Performance

host: eos

host: rhea
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Seconds for 150 TB SVM Computation on Half of Summit

CORAL 2 SVM Weak Scaling Benchmark
Point labels are problem size in TB

GPU Analytics benchmarks | 15§.3

. el 198297396 594 792
« Packages: dimrgame, clustrgame,
gIimrgame

— SVM, SVD, PCA, k-means

400 4

300

suppressMessages( library(kazaam))
suppressMessages( library(glmrgame))

17.93x

200

Run Time in Seconds (lower is better)

data(iris)

is_setosa = expand((iris[, 5] == "setosa")*2 - 1)

iris = expand(as.matrix(iris[, -5]))

iris = cbind(shaq(1, nrow=nrow(iris), ncol=1), iris) 100+

w_Cpu

svm(iris, is_setosa)
svm_game(iris, is_setosa)

w_gpu

finalize() 0 500 1000 1500 2000
Summit Nodes

Implementation —#- cpu —*- gpu
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Low-Level GPU Tools

cur

library(cur)

1:10
integer(10)

o W
I

nvsm.i X cudaMalloc(16, "int")

cudaMemcpy(x, a, 10, "int", "hosttodevice")

options("nvsmi_printer"="minimal") CudaMemset(x, O, 4, "int")

nvsmi::smi() cudaMemcpy(b, x, 10, "int", "devicetohost")
R e e +

## | Date: Thu Apr 18 12:44:24 2019 Driver Version: 390.116 | b

Bl oo scsvamiseninsmsonnasvsssan s Fhleh D e e e L e e AR S + ## [1] © 0 © 0 5 6 7 8 9 10
## | GPU Name | Util Fan Temp Perf Power Memory |

## |==========================+=================S=SSS=SSSSSSSTSSSTS==============|

## | © GeForce GTX 107... | 0% 39% 32C P2 42W/252W 584/8116MiB | (:l]razlr](j

2 R e e e I Ferr e rr e e r e e e m e — -~ e +

ki n = 2.5e9

B e A N R e R e e R e e e ane i memuse : : howbig(n)

## | GPU PID Type Process name Mem Used | #% 18.626 GiB

## |======================s=soSSS=S=SSSSSSSSSSSSSSSSSSSSSSSSSSSS==S==============|

## | (0] 1781 G /usr/1ib/xorg/Xorg 273MiB | system.time(stats::runif(n))

## | 0 21407 C /usr/1ib/R/bin/exec/R 311MiB | ## user system elapsed

## +

--------------------------------------------------------------------- - ## 60.548 6.676 67.201
system.time(curand: :runif(n))
## user system elapsed
## 4.792 7.952 12.739
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HOSVD" Workflow for a Fusion XGC1 Simulation Output

* Tensor dimensions:
- 41 (fime)
- 32 (toroidal angle)
- 232,011 (unstructured poloidal mesh)
- Total size ~ 2.3 GB

« Workflow computations:
- Read data from 41 HDFS5 files
- 5 SVD computations in series
- 6 tensor unfoldings
- 80 pdf plots (~3 MB each)

« Powered by R and pbdR packages
— pbdMPI, kazaam, [aunchr

*

HOSVD:
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Strong scaling for complete workflow

64 -

32 1

minutes
>
1

(oo}
1

T B T h T h L
2 8 32 128
cores

- Not bad, considering no optimization
- Goalis to reach interactive speed

Higher Order Singular Value Decomposition




Higher Order SVD for a 3-D Array

(I, x Lx1;) = (41 x 32 x 232,011)

I
..,‘.,\\ ~—
L —t———
A | I : : 5 — @) (1)T
45 B ! : : : A(l) = U 2 V
n | T e N B '
<900 A
A=8 x 1 U(l) X o U(2) X3 U(3) ' . . . “wide & skinny column-block” = tshaq
I .
I
I P A : :
s I b4 2 = | 5 A = UsOyOT
: i l L |t ' —
= g ) A
I Iy ’ I : I . : “wide & skinny column-block” = tshaq
8 S1CV N I3
A L S
F1G. 4. Visualization of the HOSVD for a third-order tensor. I
Iy, 74— ; 7 : : ;
0% B : : :
o m s v ———— A = UOSEVET
Source: Lieven De Lathauwer, Bart De Moor, and Joos Vandewalle. h P41 A g ' 1 ' [ :
A multilinear singular value decomposition. SIAM J. Matrix Anal. A « . : »_
Appl, 21:1253-1278, 2000. (including figures) I tall & skinny row-block” = shag

Keep UV, U@, UG and compute 8 = A x; UDT x, UAT 5, U7

Note that (A x; U®) ) = U(i)TA(i)
T T T
So that Sgzy = UG (U™ (UM Apy) ) 3)
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Familiar Code but Cognizant of Distributed Dimension

Tibrary(kazaam)
tens = read_xgc_window(file_var, var, w_center, window)$Data
tdim = dim(tens)

Ul = svd(tshaq(Aal))$u

-———"//4———--_‘-\\\--_-- Al = as.vector(tens)
T dim(Al) = c(tdim[1l], tdim[2]*tdim[3])
Aw = UOEOVO } {

Ap) = U(2)2(2>V(2)T .
A(3) — U(3)2(3)V(3)T re_ord_inv = . . .

Keep UM, U® UG and compute the S

)T

S=Ax, U(l)T X9 U® ><3U(3)T

sl crossprod(ul, Al)
S1 = as.vector(sl)
dim(sl) = c(tdim[1]1*tdim[2], tdim[3]1)

Note that (A x; U(i))(i) = U(i)TA(i)
T T T
So S(3) = UG (U (uW A1) @)

\_'_I

S2 = Sl[re_ord, ]
dim(s2) = c(tdim[2], tdim[1]l*tdim[3])
S2 = crossprod(U2, S2)

S3 = as.vector(S2)

dim(s3) = c(tdim[2]*tdim[1], tdim[3])
S3 = S3[re_ord_inv, ]

S3 = crossprod(U3, shaq(t(s3)))

S = t(s3)
%OAK RIDGE O e o dim(s) = c(tdim[1], tdim[2], min(tdim[1]*tdim[2], allreduce(tdim[3])))
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Interactive SPMD (pbdIMQ, remoter, pbdCs, launchr)

{Band Interconnect Fabric

mmmmm

32 cooperating R instances
on 8 nodes
(256 cores, 8 per R)

HEEEEEEE

HEEEEEREE
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COO0O0000O
BIG Data

-
-
.
O
O

Compute Nodes Parallel File System
64 node cluster Em N eg,,o \Luistre, GPFS)
(32 cores/node) J ob Scheduler' R ~./ * BIG data stays on big system
2,048 cores total (PBs, QSLURM) « Use in situ or read data in parallel
128 GPUs ...i + Keep data in memory until analysis finished
T gy - —
Little Data
Login Nodes *Yi-ir I.Ia ‘o
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pbdR Project Support
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Programming with Big Data in R
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ADW Group, Oak Ridge Leadership Computing Facility, a Department of Energy Office of Science User Facility supported under
Contract DE-AC05-000R22725

U.S. Veterans Administration, Million Veterans Program, Scientific Computing Research Support

National Science Foundation Division of Mathematical Sciences Grant No. 1418195, 2014-2019.

National Science Foundation National Institute for Mathematical and Biological Synthesis, under Award No. EF-0832858 and DBI-
1300426, 2013-2014.

National Science Foundation Division of Molecular and Cellular Biosciences Award MCB-1120370, 2013-2014.

National Science Foundation Office of Cyberinfrastructure under Award No. ARRA-NSF-OCI-0906324: Remote Data Analysis and
Visualization center, 2012-2013.

Office of Biological and Environmental Research, U.S. Department of Energy Office of Science under Contract No. DE-ACO05-
000R22725: Visual Data Exploration and Analysis of Ultra-large Climate Data, 2011-2013.

Resources:

This research used resources of the Oak Ridge Leadership Computing Facility at the Oak Ridge National Laboratory, which is supported by the Office of Science of the U.S.
Department of Energy under Contract No. DE-AC05-000R22725.

This research used resources of the Compute and Data Environment for Science (CADES) at the Oak Ridge National Laboratory, which is supported by the Office of Science
of the U.S. Department of Energy under Contfract No. DE-AC05-000R22725.

This research used resources of the National Institute for Computational Sciences at the University of Tennessee, Knoxville, which is supported by the Office of
Cyberinfrastructure of the U.S. National Science Foundation.
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Thank Youl!

NetCDF4
Distinctions

* A component of 2019 Cray® Urika®-CS Al and Analytics Suite

* Intel® HPC Developer Conference 2017: People’'s Choice Award, High Productivity Languages
Track

e 2016 ORNL Significant Event Award

“ ScalLAPACK

Sv1gquod

BLACS

scalponcK
o || o [P

Programming with Big Data in R

* Benchmark code for Frontier procurement HPC'D”S'Q]O ]
ORNL Installations Conference 2p017 L |
* Supported software on OLCF platforms (Rhea, Eos, Titan, Summit) People's GIESS

. Award
e Available on CADES resources 5

* |nstall from: hitps://pbdR.org/releases

Schmidt, Chen, Matheson, and Ostrouchov (2017). Programming with BIG Data in R: Scaling Analytics from One to Thousands of Nodes, Big Data
Research, vol.8, p.1-11.

Schmidt, Chen, and Ostrouchov (2016). Introducing a New Client/Server Framework for Big Data Analytics with the R Language. XSEDE16 Conference
on Diversity, Big Data, and Science at Scale, Article No. 38.
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