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Trends in Data Locality Abstractions
for HPC Systems

Didem Unat, Anshu Dubey, Torsten Hoefler, John Shalf, Mark Abraham, Mauro Bianco,
Bradford L. Chamberlain, Romain Cledat, H. Carter Edwards, Hal Finkel, Karl Fuerlinger, ®
Frank Hannig, Senior Member, IEEE, Emmanuel Jeannot, Amir Kamil, Jeff Keasler, Paul H J Kelly,
Vitus Leung, Hatem Ltaief, Naoya Maruyama, Chris J. Newburn, and Miquel Pericas

Abstract—The cost of data movement has always been an important concern in high performance computing (HPC) systems. It has
now become the dominant factor in terms of both energy consumption and performance. Support for expression of data locality has
been explored in the past, but those efforts have had only modest success in being adopted in HPC applications for various reasons.
them However, with the increasing complexity of the memory hierarchy and higher parallelism in emerging HPC systems, locality
management has acquired a new urgency. Developers can no longer limit themselves to low-level solutions and ignore the potential
for productivity and performance portability obtained by using locality abstractions. Fortunately, the trend emerging in recent literature
on the topic alleviates many of the concerns that got in the way of their adoption by application developers. Data locality abstractions
are available in the forms of libraries, data structures, languages and runtime systems; a common theme is increasing productivity
without sacrificing performance. This paper examines these trends and identifies commonalities that can combine various locality
concepts to develop a comprehensive approach to expressing and managing data locality on future large-scale high-performance

computing systems.

Index Terms—Data locality, programming abstractions, high-performance computing, data layout, locality-aware runtimes

1 INTRODUCTION

THE computing industry has entered a period of technol-
ogy transition as we strive for the next 1,000 x perfor-
mance improvement over the previous generation of
petaflops-scale computing platforms. Over the past 30 years,
we have come to expect a 1,000 x increase in HPC system
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performance via technology scaling. With the end of con-
ventional improvements to technology (Dennard scaling),
which started in approximately 2004, single processing
core performance has ceased to improve with each genera-
tion. The industry has adopted a new approach to perfor-
mance scaling by packing more cores into each processor
chip. This multicore approach continues to drive up the
theoretical peak performance of the processing chips, and
the computing industry is on track to have chips with
thousands of cores by 2020 [1]. The other consequence of
the new technology scaling trend is that the energy effi-
ciency of transistors is improving as their sizes shrink, but
the energy efficiency of wires is not improving. Therefore,
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Comparing fast python implementations

51 kernels from 9 domains Metrics Frameworks
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Machine with two 1écore
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Data-Centric Python Visiow Performance Portability
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100s of reusabl
SLOC

Transformed Specialized
Dataflow Code Generation

main Scientist ':,' Performance Engineer

1000s of aute
generated SLOC

N_ NumPy DSLs
1" TensorFlow ‘\ O PyTorch

M :
A Parametric Dataflow
‘ . GraphSDFG) CPU Code
App“ed SC|ent|St Lq Dataflow Programming in DaCe 7 Q
Performance E
translate DSL into Results = GPU Code
parametric dataflow graphs y=s 1o T
: FPGA Code
SDFG Builder API
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Library Nodes : : :
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BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19
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Dataflow Programming ibaCe

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19
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Dataflow Programming ibaCe
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ParallelDataflow Programming
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ParallelDataflow Programming
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Stateful Parallel Dataflow Programming
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Stateful Parallel Dataflow Programming

State sO State sl
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Programmer/Performance Engineer view: Visual Studio Code Integration

SDFG OPTIMIZATION gemm.py M -+ | £ programsdfg M X W Q0 o=

~ TRANSFORMATIONS Playground > gemm.py > £ gemm Playground > _dacegraphs > & program.sdfg
import dace

import nunpy as np S0 0 /L 270 O [ M N\ Diplybreskpoints  Refresh SDFG

~ Selection

~ Viewport
FPGATransformState M, N, K = (dace.symbol(s) for s in "MNK') — v A SDFG gemm | Go to Generated Code Clear Info x
= ~
MapTiling e ¥
StripMining @dace.program General v
MapDimShuffle gemm(A: dace.float64[M, K], .
o B: dace.float64[K, N], arg_names [A,B,C] #

ReduceExpansion

. C: d .floate4[M, N]):
MapReduceFusion ace-fooa L D

constants_prop . /s

GPUTransformMap tmp = dace.define_local([M, N, K], dtype=A.dtype
GPUTransformMap T
MapTilingWithOverlap for i1, j, k in dace.map[®:M, ©:N, ©:K]:
MapExpansion tmp[i, j, k] = A[i, k] * B[k, jl e
OuterProductOperation -
GPUTransformLocalStorage 18 C[:]1 = np.sumtmp, axis=2)
GPUTransformLocalStorage
~ Global N=M=K=128
FPGATransformSDFG R .
A = np.random.rand(M, K)
NestSDFG B = np-random.rand(K, N) global_code
GPUTransformSDFG = = -

C = np-random.rand(M, N)
~ Uncategorized

gemm(A, B, C)

init_code

~ TRANSFORMATION HISTORY

No previously applied transformations instrument No_Instrumentation ¥

openmp_sections (@

symbols

Uncategorized v
name gemm

> SDFG ANALYSIS
> SDFG OUTLINE

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&@antric Model for HigffPerformance Parallel Programs, SC19
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Programmer/Performance Engineer view: Analyzing data flows

> TRANSFORMATIONS Playground > _dacegraphs > & program.sdfg
> TRANSFORMATION HISTORY S
& y =

 SDFG ANALYSIS |Searmthe9mph Aa| ‘ 0 0 /AN hxOolOo e N

Overlay scaling method

— r.'l A -~
® Mean © Median = M A v
Overlays:

¥ Memory Volume # Static FLOP

Runtime Measurements:

Browse Clear

Runtime visualization criterium Mean

Symbol list

K 32 Clear
M 32 Clear
N 64 Clear
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Programmer/Performance Engineer view: Debugging

‘] File Edit Selection View Go Run Terminal Help transpose.py - simple - Visual Studio Code
@ RUN AND DEBUG [> DaCe Debugger v £& -- @ transpose.py X
> VARIABLES @ transpose.py > [€] print_function
}:) > WATCH 1 # Copyright 2019-2021 ETH Zurich and the DaCe authors. All rights reserved. Aa Al A
> CALL STACK 2 from future import print function
3
 BREAKPOINTS - . +
29 . import argparse
2 M All Exceptions V7 e
6 import math
ﬁb 7 import numpy as np
8
o 9 W = dace.symbol( 'W")
E}j 10 H = dace.symbol('H")

=
=

e
W

@dace.program(dace.float32[H, W], dace.float32[W, H])

14 def transpose(A, B):

15 @dace.map(_[@:W, @:H])

16 def compute(i, j):

17 i a << A[j, i]

18 b »> B[i, J]

19

20 b =a

21

22

23 if name ==" main_ ":

24

25 parser = argparse.ArgumentParser()

26 parser.add argument("W", type=int, nargs="?", default=64)
27 parser.add argument("H", type=int, nargs="?", default=64)
28 args = vars(parser.parse_args())

29

30 W.set(args["W"])

31 H.set(args["H"])

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&@antric Model for HigffPerformance Parallel Programs, SC19
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[DaCeis a versatile platform

NumPy
NVIDIA GPU
DaCeML
(PyTorcfONNX) / AMD GPU
- / x86 CPU
(C99) —> - ARM SVE
GridTOOIS / |nte| FPGA
(Weather & Climate)
X|I|nx FPGA
Fortran
(in planning) (soon)
Your favorite language/DSL Your favorite processor
(through SDFG builder) (through C+-€odegen

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19
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Mapping NumPy to CPU PolyBench/C

Key principle: keep dataflow of vectorized code around and use it for mapping
Toro KEEIN T EEIDNEDENNNTAN |

the Polyhedral Benchmark suite

NumPy can even

syrk 110.0 19.3 1233() 6.585 -
gesummv (IR o775 beat the C versions
MVEE 45.22 ms' 1 of PolyBencltodes!
emver IR 12.50 : 11.30 0.79 s
g 13 2.5 12.160) 950
atax 112.0% 1620 111  73.37 ms®|
floydwar EEECE 13.90 R 84.0s -
fdtd 2d 117008 +3.701) 141.3020 745 | —— CuPy
DaC
s o — _ = DaCe
durbln 12.2 TS-OI']" T5.9"-“'-" 0.65s - E 10! 4
doitgen EREERA 111.8 4230 .00 0.47 5 2
deriche B 12.76) 155,19 283s £ 100
covarian 121.4 15.00 VEIN 5011 ms %
correlat 127.8@ 16.6@ .009) 61.55 ms!19 § 107 4
cholesky FEESESE 13.7 13.4 . 7.05s s
bic 117.2@ 117,50 16 75.92 ms©® e
g £ 1072
trisolv 11.6@ 11.8¢ , 0.13 s £
adi 19.1 113,70 . . 09s = .
3mm 117k 2033 0.46 520
2mm 19422 117.1 300 042502 géégggggéﬁ.éE%g%@%ﬁﬁ@%é%é%géﬁ%
33(22) A Q1) M 25822855 w88 TS S¢ze 57
gemm 1133 14.800 78.72 ms 2258558 288 35 2°%%
o
trmm 14.1 150.911% ) , 4.12 s ‘e Benchmark
$ 8 8 8 5 <
Q Q
© o - I c £
o S S S
= > = DaCeoutperforms

CuPyin most cases
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Mapping Weather/Climate Stencils (in a Python DSL) to FPGAs

Key principle: spatial layout and pipelining using streams and delay buffers

i r Combined Spatial and Temporal Blocking for High-Performance
Stencil Computation on FPGAs Using OpenCL

Hamid Reza Zohouri, Artur Podobas, Satoshi Matsuoka
Tokyo Institute of Technology, Tokyo, Japan
{zohouri.h.aa@m,podobas.a.aa@m, matsu@is}.titech.ac.jp

ed large-scale adoption of FPGAs in the High

ABSTRACT which ha
Recent developments in High Level Synthesis tools have attracted Performance Computing (HPC) community. However, with the
vel Synthesis (HLS), especially the

sul'tware rogrammers to_accelerate th eir _high- f ormance recent improvements in High Lev

Performance ALM FF M20K DSP
Total 103 M 3.7M  11.7K 5760
Avail. 692 K 28M 89K 4468
Jacobi 3D 233K 534 K 1495 784
(Ours) 265GOp/s  33¢q 193%  167%  17.6%
Jacobi 3D 437K 1207K 2285 3072
W =8 (Ours) 921GOp/s  431q, 43.6%  25.5%  68.8% , //
Diffusion 2D 449 K 1329K 2565 2304
W=8 (Ours) 1,313GOp/s 44 o 48.0% 28.6% 51.6% Input (1D)
Diffusion 3D 1152G0p)s  DO7K 1606 K 5357 3072 N . R
W=8 (O : 81.9% 57.9%  59.8%  68.8% npu
©us) 53 4494 faster! 819% : 6 68.8% put (3D)
Diffusion 2D 913 GOp/ 471.4K 11736 K 2204 3844 v v . Output
(Zohouri et. al. [8]) P/ 68.0% 423%  24.6%  86.0% . . B Stencil
Diffusion 3D 034GOp/s AB0-5K  10782K - 8684 3592
(Zohouri et. al. [8]) P/S 65.0% 38.9%  97.0%  80.4%

de Fine Lichtet aBtencilFlor al LILJA Y3 [ NBHS {{GSyOAf tNRINIYE (G2 S5A8GNROdziSR { LI GAIf /2YLMziAy3d {eaidisSvaz



v ouaon ETHZziirich

Mapping Weather Stencils (in a Python DSL) to FPG2~%

Key principle: spatial layout and pipelining using streams and delay bufferirves oL S
318 MHz at 48% DSP utilization

Runtime \Performance Peak BW. %Roof.
Stratix 10 | 1,178us \145GOp/s T77GB/s 52%

all memory
bound

K

The Stratix 10 is held back by insufficient bandwidth.

FPGASs are good at deterministicaiiploiting bandwidth,
but require a lot obipeline parallelism

de Fine Lichtet aBtencilFlor al LILJA Y3 [ NBHS {{GSyOAf tNRINIYE (G2 S5A8GNAROdziSR { LI GAIf /2YLMziAy3d {eaidiSvaz



Mapping Deep Learning Codes to GPUs

Key principle: minimize data movement and optimize data layout
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Forward+Backward mmm  Forward
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O PyTOI’Ch 7 TensorFlow @Xnet Keras 1400 |
and more... 1378.85 Batch
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. 2 1000 -
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DibraryNode Conv_0 716.00
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ONNX Model group: 1 400
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8
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Data Movement Is All You Need: A Case Study on

Optimizing Transformers

. *
Andrei Ivanov

Abstract—Transformers have become widely used for language
maodeling and sequence learning tasks, and are one of the most
important machine learning workloads today. Training one is a
very compute-intensive task, often taking days or weeks, and
significant attention has been given to optimizing transformers.
Despite this, existing i ions do not utilize
GPUs. We find that data movement is the key bottleneck when
training. Due to Amdahl’s Law and massive improvements in
compute performance, training has now become memory-bound.
Further, existing frameworks use suboptimal data layouts. Using
these insights, we present a recipe for globally optimizing data
movement in transformers. We reduce data movement by up
to 22.91% and overall achieve a 1.30x performance improve-
ment over state-of-the-art frameworks when training BERT.
Our approach is applicable more broadly to optimizing deep
neural networks, and offers insight into how to tackle emerging
performance bottlenecks.

Index Terms—Data movement, high-performance computing,
deep learning, transformers

[ INTRODUCTION

Transformers [1] are a class of deep neural network ar-
chitecture for sequence transduction [2], similar to recurrent
neural networks [3] and LSTMs [4]. They have recently
had a major impact on natural language processing (NLP),
including language modeling [5]-[7], question-answering [8],
translation [1], and many other applications. The significant
improvement in accuracy brought by transformers to NLP
tasks is comparable to the improvement brought to computer
vision by AlexNet [9] and subsequent convolutional neural
networks. Transformers have also begun to be applied to
domains beyond NLP where RNNs would previously have
been used, including speech recogni [10], reinforcement
learning [11], molecular property prediction [12], and sym-
bolic mathematics [13].
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challenges such as artificial general intelligence [27]. Thus,
improving transformer performance has been in the focus of
numerous rescarch and industrial groups.

Significant attention has been given to optimizing transform-
ers: local and fixed-window attention [28]-[32], more general
structured sparsity [33], learned sparsity [34]-[36], and other
algorithmic techniques [19]. [37] improve the performance of
transformers. Major hardware efforts, such as Tensor Cores
and TPUs [38] have accelerated tensor operations like matrix-
matrix multiplication (MMM), a core transformer operation.
Despite this, existing implementations do not efficiently
utilize GPUs. Even optimized implementations such as Mega-
tron [18] report achieving only 30% of peak GPU flop/s.

‘We find that the key bottleneck when training transform-
ers is data movement. Improvements in compute performance
have reached the point that, due to Amdahl’s Law and the
acceleration of tensor contractions, training is now memory-
Over a third (37%) of the runtime in a BERT training
n is spent in memory-bound operators: While tensor
contractions account for over 99% of the flop performed, they
are only 61% of the runtime. By optimizing these, we show
that the overhead of data movement can be reduced by up
10 22.91%. Further, while MMM is highly tuned by BLAS
libraries and hardware, we also find that existing frameworks
use suboptimal data layouts. Using better layouts enables
us to speed up MMM by up to 52%. Combining these
insights requires moving beyond peephole-style optimizations
and globally optimizing data ., as sell g a single
layout is insufficient. Overall, we achieve at least 1.30x
performance improvements in training over general-purpose
deep learning frameworks, and 1.08% over DeepSpeed [39],
the state of the art manually-tuned implementation of BERT.
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Bonus: Mapping C/C++ (not just Python!) to CPUs

Key principle: find parallel regions using parametric dataflow

LLNLAsSs LULESH C++ benchmark

dual -socket 2 x18 core Intel Xeon Gold 6154

Size 25*3 (11.4s seq. Runtime) Size 643 (480s seq. Runtime)

160 -
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\ 120
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Runtime [s]
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Threads

Calotoiuet al:High Performance € Let Dataflow Do the Heavy Lifting, to appear
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Mapping NumPYy to largescale CPU clusters

Key principle: communicatiorminimizing data mapping to nodes
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pip install dace

Gordon Bell Prize 2019

A Quantum Nano Transport
simulation

Design of future micro
processors

Now working on largescale:
A Deep Learning (transformers
A Climate (COSMO, icon, fv3)
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Overviewand wrap-up

https://www.qgithub.com/spcl/dace

pip install dace

~

Open PhD and Postdoc positions
https://spcl.inf.ethz.ch/Jobs/
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