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FasTensor: Pain-free HDF5 data
analysis at large scale

Bin Dong, PhD, Research Scientist, Lawrence Berkeley National Lab
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Mountains of Scientific Data Wait for Analysis  EZEEt

Light Source Genomics
180 PB/year 10 PB/year
(ALS-U at Berkeley Lab )
/. High Energy Physics Climate
" 200 PB/year 100 EB/year

Library usage on Cori and Edison in 2017

10000000
1000000
100000

Most are multidimensional arrays, stored in file
formats like HDF5, PNetCDF, ADIOS, etc

1000

Number of linking incidences

Sources: L. Nowell, D., Ushizima, S. Byna, JGIl and ALS at LBNL, eftc.

Libraies
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Challenges (Pains) in Developing Data Analysis
Programs
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Infinite (°©) Number of Data
Data Management Tasks Analysis Operations

marallelization l /‘\
Insight

HDF5/NetCDF/ADIOS/ ...

MPI/ MPI-IO / ...

Lustre / PVFS / ...

Deep Software Stack

Linux / Ext4 / ..

Data in Storage System

Many Computing Nodes and CPU Cores ( over 7 million
cores at FUGAKU, No. 1 of Top500 on June 2020)
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Parallel Data Programming Model is a Lifesaver Eff

Data programming model: an programming abstraction, hiding complexities of
hardware/software and being generic to many advanced analysis tasks

User-defined Eunctions E.g., Searching, PageRank, SVD, Sorting, TF-IDF, BFS, ...

e.g.,

) Generic Operators Map, Reduce
ik Rt Data Programming Model

e.g., MapReduce
SEaK’

e.g.,
Key-Value Tuple
(as 1D List)

Abstract Data Type

Hardware and Software e.g., desktop, grids, HPC system, volunteer computing
environments, cloud environments, mobile environment, ...




MapReduce’s Limitations in Tensor Data Analysis

Convolution on a 2 by 4 2D Tensor (Array)

Kernelis2by2 ! |

1, Mismatched Data Model
-- Convert Tensor to KV list at Map stage

2, Expensive reduce
-- Duplicate KV for Reduce stage

HDF5 is Array based
data model

More details at "SLOPE: Structural Locality-aware Programming
Model for Composing Array Data Analysis”, ISC 2019,

(53R i
Array 0[2,4]1= |i22 :_2,3- .24'

Mapper #0 /
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BERKELEY LAB

Computing CONV
---filter on each blue
rectangular box

Create KV for each cell & Split

Mapper #1

|(o 1.2) (1, 1.3) (2, 1.4) (3, 15)]

(4 2.2) (5,2.3) (6, 2.4) (7, 2.5)|

Transform key & duplicate
values for Reduce #1

Transform key & duplicate
values for Reduce #1

©, (0,1.2) (0, (1,1.3))
@, (0,1.4) (2 (1,15)
(1, (0,1.3) (1, (1, 1.4)

©, (2,2.2) (0, (3, 2.3))
2, (2, 2.4) (2 (3, 2.5)
(1, (2, 2.3) (1, (3, 2.4)

‘:‘C Sh;ffle #‘

c1= agl.2 +asl. J (c2= al~1.3+a51.4J [c2= as1.4+a;1.5
3

+a.2.2 + a:2.

+a,2.3 + az2.4

+a.2.4 + a:2.5

{

Array

Reducer #0

Reducer #1

Reducer #2

(key = 0) \(key* =) / (key = 2)

6, [1,3] = [c1, c2, c3]



FasTensor (previously ArrayUDF): A new data “|
programing model on array

.piring by: a Tensor can be defined as a multidimensional array and proper transformation rules .

1, An Array-native Data Programming Model namely SLOPE
2, A Stencil-based Abstract Data Type
3, A single Transform operation

4, HPC friendly

e MPI based Single Program Multiple Data (SPMD) Pattern
Directly on scientific data formats, e.g., HDF5, ADIOS, PNetCDF
Manual/auto-chunking & ghost zone management

Distributed array cache

Async ghost zone exchange

Check-point

In-place modification semantic

Multi-arrays supports

Stencil

Bin Dong, Kesheng Wu, Surendra Byna, Jialin Liu, Weijie Zhao, Florin Rusu, "ArrayUDF:
User-Defined Scientific Data Analysis on Arrays", HPDC 2017
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BERKELEY LAB

Stencil: Abstract Data Type

Stencil
e An abstract data structure to represent a neighborhood of an Array
e Definition: S(Base Cell, Neighbor Cells -- relative offsets)

i

Flexible geometric shapes/size to break an array
into small units for atomic, out-of-core, or parallel processing
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SLOPE Programming Model of FasTensor

— ‘Structural Locality’-aware Programming model

Data Model: Multi-dimensional Array (Data Model: 1D List A
stract Data e: Stenci v.s. MapReduce stract Data Type: Key-Value Pair
Abstract Data Type: St | MapReduce < Ab Data Type: Key-Value Pair
Generic Operator: Transform (Generic Operator: Map, Reduce

User-Defined Function (UDF): Rules of the Transform

o

Transform: 81 > 82 , 81 C A, 82C

BN N4

Stencil Array
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An Example of 3-point Moving Average

int main(int argc, char xargvl[])

{
FT_Init(argc, argv);

std::vector<int> chunk_size = {4, 4};
std::vector<int> overlap_size = {0, 1};

Array<float> A("EP_HDF5:tutorial.h5:/data", chunk_size, overlap_size);

Array<float> B("EP_HDF5:tutorial_ma.h5:/data");

A.Transform(udf_ma, B);
FT_Finalize();
return 0;
¥
inline Stencil<float> udf_ma(const Stencil<float> &iStencil)
{
Stencil<float> oStencil;
oStencil = (iStencil(@, -1) + iStencil(@, @) + iStencil(e@, 1)) / 3.0;
return oStencil;

Input Array A, a 2D 16 x 16 dataset
in HDF5 file, where each row is a
time series from a sensor

Output Array B, a 2D dataset in HDF5 file

Execute the Transform,
either sequentially or in parallel

Rules of the Transform from Ato B
V&J + b@ + »Q+1

3

Relative offsets



FasTensor in Earth Science (DAS) BRICE [l

Master/Target channel:
Neighbor channel:

Time Window:

Time Shift Range:

(n-5) th channel
n th channel

(n+5) th channel

Matlab (perform with 12
workers)

Python (multithread with
64 threads)

N

Spn-5(t) = max,e_p g corr(z, ([t — M,t + M), &n5([t +5— M,t+ s+ M]))

Sn (t) = %(Sn,n—S (t) + Sn,n+5 (t))

¥

—

FasTensor (MPI
with 500 processes)

Snnis(t) = max,e|_p,g) corr(z, ([t — M,t + M), zpis([t + 5 — M,t + s+ M]))

Many weeks

2 hours

20 sec.

BERKELEY LAB

Xin Xing, etc, "Automated Parallel Data Processing Engine
with Application to Large-Scale Feature Extraction”,
MLHPC, 2018,

Bin Dong, etc. "DASSA: Parallel DAS Data Storage and
Analysis for Subsurface Event Detection", IPDPS, 2020,

Local Similarity Calculation

»

Berkeley m4.4 01/04/2018
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FasTensor in Plasma physics (VPIC) | ]

T BERKELEY LAB
Hydro field . o~ 2 i O
i e : C i A0 70 2 N . Electron lon Bin Dong, Patrick Frank Heiner Kilian, Xiaocan Li, Fan
ne | LA L :'-_ 7 '":‘ ) V.V. Guo, Suren Byna and Kesheng Wu, "Terabyte-scale
%4 ma'\“ )y o[l . Jiy sfigezl o .. dX Particle Data Analysis: An ArrayUDF Case Study",
Do . e o dX
JEUREERS O N (Cchd B i B ohs  “pera dy dy SSDBM 2019, July 23, 2019,
.. l. : .'. 0. : Q-. .. : v 0 : '. dZ Ld,i
Z ) Y Attributes BX Uy
Electromagnetic field : . y
9 A)? Meshed Simulation Space Uz Uz
@ @ @ Epx =(1 = dY)(1 = dZ)Ex(i X dx,(j — 0.5) X dy, (k — 0.5) X dz)/4+
(1 +dY)(1 = dZ)Ex(i X dx,(j + 0.5) X dy, (k — 0.5) X d)/4+
AU U 22ib (1 =dY)(1 +dZ)Ex(i X dx,(j — 0.5) X dy, (k + 0.5) X dz)/4+
Field Data Grid Metdata Particle Data (1 +dY)(1 + dZ)Ex(i X dx, (j + 0.5) X dy, (k + 0.5) x d) /4

B Without Considering Particle Locality

e Field Data Analysis
e Particle Data Analysis

B With Considering Particle Locality

Time to Fuse

o

£8 1.4X :
e Fusing Particle Data and Field Data £ 60 Fielas and
@ 40 1.4X Particles Data
g 1.4X
= 20
I £ 0
S 256 512 1024

FastTensor can express all these diverse analysis

The number of CPU cores
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Comparing FasTensor, TensorFlow, Spark
2 layers CNN with forward steps on a 64K by 64K 2D array

O Read 0 Compute
7 Data Movement [0 Total (only for Spark (LE)) O Spark [ FasTensor A TensorFlow £ C++Imp
1600 - _ o N N
Using high-level execution engine 350 13X 10X 15X
1400 - A 300 | [
( \
1200 - -
- 1000 - -
&, ) i .
2 800 o 200
= | . E 150
~ 600 ax Using hand-tuned code =
400 - ( \ \ 100 -
200 - 50 - :
50X 43X 54X i
0 . LLIE
Spark  Spark(LE) FasTensor Tensorflow C++Imp 1 2 4 8 16

. Number of CPU Cores
Single CPU Core



~

A
reocoee| "

FasTensor Scales Perfectly on CNN Computation &=t

®Weak Scaling  4Strong Scalling Parallel efficiency =
__100 W tl/tN * 100% Weak Scaling
X
z
g 7 t1/(N*ty)*100% Strong Scaling
&
2 50 -
o
25 J t is the time to finish the
0 work with i CPU cores

256 512 1024 2048 4096 8192 |16384
Number of CPU cores
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BERKELEY LAB

Summary

e Aformal release of FasTensor is at
https://bitbucket.org/berkeleylab/fastensor/

e We are looking for more use cases to provide dedicated support and make FasTensor better

e HDF5 feature request
o Parallel virtual dataset
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