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DaCe.Python: Performance Metaprogramming Towards Spatial Computers

Torsten Hoefler - Keynote at PERMAVOST’23 in conjunction with FCRC'23, Orlando, FL, June 2023 ‘ME‘ o ""M
o7 A Gl R = 'hJ ‘.-_.-‘;{'.!'::!'__.

Tal Ben-Nun, Alexandros Ziogas, Johannes de Fine Licht, Tiziano de Matteis, Timo Schneider, Andreas Kuster, Manuel Burger,
Philip Schaad, Dominic Hofer and the whole DAPP team @ SPCL as well as many external and mdustry coIIaborators
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Why Python as Programmer Frontend?

TIOBE Index for June 2023

Ilune Headline: Will Python remain number 1? I

Python has been the TIOBE index annual award winner for 3 times in the last 5 years. It has grown in popularity like crazy, due to boosts in the fields of data sciences and
artificial intelligence. The rise started somewhere in the autumn of 2017 with a share of 3% and ended at the end of last year with a share of 17%. This year, Python couldn't
keep this all time high of 17% and dropped back to 13%. The other 3 contenders for the first position, C, Java and C++, are getting closer now. Will Python remain number 1?
This depends, | think, mainly on the popularity of Al. If tools such as ChatGPT remain the talk of the day, it will attrack new comers and then Python is definitely here to stay.
If not, Python should fear for its first position. Apart from this battle for the first place, we see two interesting new languages entering the top 50 for the first time this

month: X++ (the language used by Microsoft Dynamics) and Raku (the fork/successor of Perl). -- Paul Jansen CEO TIOBE Software

The TIOBE Programming Community index is an indicator of the popularity of programming languages. The index is updated once a month. The ratings are based on the
number of skilled engineers world-wide, courses and third party vendors. Popular search engines such as Google, Bing, Yahoo!, Wikipedia, Amazon, YouTube and Baidu are
used to calculate the ratings. It is important to note that the TIOBE index is not about the best programming language or the language in which most lines of code have been

written.

The index can be used to check whether your programming skills are still up to date or to make a strategic decision about what programming language should be adopted

when starting to build a new software system. The definition of the TIOBE index can be found here.

Jun 2023 Jun 2022 Change Programming Language Ratings Change
1 1 e Python 12.46% +0.26% ®
2 2 G c 12.37% +0.46%
3 4 ~ @ CH+ 1.36% +173%
4 3 v 4 Java 11.28% +0.81%
5 5 e c# 6.71% +0.59%
6 6 @ Visual Basic 3.34% -2.08%

Python is the lingua
franca of computational,
data sciences, and Al

DaCe also supports C
and Fortran but not as

part of this talk ©
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It’s All About the ECOSVStem —and Num Py (forget about lists & dictionaries if you’re after performance)
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Scientific Python — a Long History of Optimization

51 kernels from 9 domains Metrics Frameworks
Learning (6) @ 5
LinAlg (12) v ( E_E‘g ’
ﬁ*’ /\ = NumPy baseline
Chemistry (4) x Performance

Signals (3) @ \ Meet / &J Pythran
Physics (9) @ -
Graphs (2) x 7"

https://github.com/spcl/npbench
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Machine with two 16-core

NPBench results Intel Xeon Gold 6130 processors

and an Nvidia V100 GPU with
32GB of memory

TotalF T [EEER) 110.4

Chemistry 129.1 136.3

Graphs : 176.9 T61.7 0.47 5™
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Chﬂ|e|5k¥2 ¥ unsupported | 64.01 ms®) 2mm oy — - I 042 <3 |
5 How does this _ " 4 1.5 14.2 9.88s
seidel2¥ work? 1141 Does this work for future e B

hdi : , : : . .
vad spatial architectures? ; 15.5 6585
1970 1932 9.27 s
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Q 0 o < Q =
> Q
Q @ < R XY % 3 & S

Ziogas et al.: NPBench: A Benchmarking Suite for High-Performance NumPy, ACM ICS’21 .
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How to address locality challenges on standard architectures and programming?
D. Unat et al.: “Trends in Data Locality Abstractions for HPC Systems”

IEEE Transactions on Parallel and Distributed Systems (TPDS). Vol 28, Nr. 10, IEEE, Oct. 2017

Three Ls of modern computing:
Spatial Locality
Temporal Locality

C , R N TN
Control Locality
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Turing Award 1977 (Backus): "Surely there must be a less primitive
way of making big changes in the store than pushing vast numbers
of words back and forth through the von Neumann bottleneck."

Control in Load-store vs. Dataflow

Load-store (“von Neumann”) ‘ 3 \ Static Dataflow (“non von Neumann”)
RE—E_a8
\";.I.. /:-I:::.‘ J
Energy per instruction: 70p)J Energy per operation: 1-3pJ
Instruction Energy Breakdown
25p) 6pJ Control 70 pJ

1 1 1
I-Cache Access Register File Add
Access Source: Mark Horowitz, ISSC’'14

Very Low High

ontrol Locality
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Single Instruction Multiple Data/Threads (SIMD - Vector CPU, SIMT - GPU)

High Performance Computing really

became a data management challenge
(which requires spatial programming / thinking)

[1]: Marc Horowitz, Computing’s Energy Problem (and what we can do about it), ISSC 2014, plenary
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Data movement dominates everything!

Hierarchical Power Costs

Data movement is the dominant power cost

Data Movement Is All You Need: A Case Study on
Optimizing Transformers

Andrei Ivanov®, Nikoli Dryden®, Tal Ben-Nun, Shigang Li, Torsten Hoefler

6 pJ :
Cost to move data 1 mm on-chip

7100 pJ° , ,
Typical cost of a single floating point operation

m Cost to move data 20 mm on chip

DRAM

64-bit DP
: 16 nJ Rd/Wr

20p 256 pJ

256-bit buses -
Efficient

SCOEY L off-chip link

256-bit access
8 kB SRAM

N

Abstrrct—Transformers have become widely used lor language
mudeling and sequence barming tasks, and are ome of the most
impartani machine learning workloads tsday. Training one is o

ETH Zilrich
Firstname lastname@inf _=thz.ch

* Exqual contribation

Outstanding paper at MLSys’21

L'|:|;|J|.|:ng|.‘- such as anificial gcnur.-:l :I'I[I:]l.i.l.'\."'l:ll.'l.‘ Il'.']. Thus,
improving transformer performance has been in the focus of
numerons research and industrial groups.

& very compuieiniengve task, oflen taking days or weeks, aod Significant arention has been given wo optimizing transfonm-
250 pJ Cost to move off-chip, but stay within the Tl significant sttention has been given to oplimiving transfermers. 78000 0 5T L o ,\p 1 g e

P kage (SMP) = Despite this, existing implementations do not efficiently utiliee  ©rs: local and fixed-window atention [28]-{32]. more general

E224ag ]  GPUs. We find thot dota movemeni is the key bottlensck when  siuctured sparsity [33], leamed sparsity [34]-36], and other

~—  lraining. Due to Amdshls Law and massive improvements in - aloorithmic technigues [19]. [37] improve the performance of

2000 pJ 28nm CMOS = campuir perfrmance, raining hes now became memory-bound. [r;l]ht'ull'l'u.‘.ra M.'Jjul hardware efforts, such as Tensor Cores
Cost to move data off chip into DRAM Source: NVIDIA | Further, existing frameworks use suboptimal data lyouts. Using - - ) . )

i ]  these insights, we present u recipe for ghobally up|i‘min'l|g datn A0 TPUs [38] have accelerated tensor operations like matrix-

~2500 pJ Cost to move data off chip to a movement in transformers. We reduce data movement by wp  M23ri% multiplication (MMM). a core ransformer operation.

P neighboring node —— o 1291% amnd overall schieve a 1.30% performance improve- Despite this, existing implementations do not efficlently

o . us ot o | Office of D ment over state-ol-the-art frameworks when training BERT.  wiilize GPUs. Even optimized implementations such as Mega-
el Source: Fatollahi-Fard et al. @ENERGY Science 6 | Our appruach is applicable mere broadly to opiimizing deep o 118) eport achieving oaly 309 of peak GPU flopis.

= neursl networks, and «fTers insight into how bo lackle emerging - - -
#i  perfarmance bolileecks. We find that the key bottleneck when training transform-
] Imder Terms—Dats movemenl, high-performance computing, €5 is data movement. Improvements in compute performance

DOI:10.1145/1941487.1941507

Energy efficiency is the new fundamental
limiter of processor performance,
way beyond numbers of processors.

BY SHEKHAR BORKAR AND ANDREW A. CHIEN

The Future
of
Microprocessors

deep learning, transformers

have reached the point that, due w Armdahl's Law and the

= “In future microprocessors, the energy expended for data movement will have a critical effect on

achievable performance.”

= “ .. movement consumes almost 58 watts with hardly any energy budget left for computation.”

= “_.the cost of data movement starts to dominate.”

= “ .data movement over these networks must be limited to conserve energy...”

» the phrase “data movement” appears 18 times on 11 pages (usually in concerning contexts)!

= “Efficient data orchestration will increasingly be critical, evolving to more efficient memory
hierarchies and new types of interconnect tailored for locality and that depend on
sophisticated software to place computation and data so as to minimize data movement.”
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“Sophisticated software”: How do we program today? AN

= Well, to a good approximation how we programmed yesterday ‘i\ e
= Or last year? . '.\
= Or four decades ago?

= Control-centric programming Backus ‘77: “The assignment statement
= Worry about operation counts (flop/s is the metric, isn’t it?) is the von Neumann bottleneck of programming

languages and keeps us thinking in word-at-a-time

terms in much the same way the computer’s
= |n fact, this is how we think about algorithms bottleneck does.”

Do this then that

= Data movement is at best implicit (or invisible/ignored)

Yet, we still count (fl)op/s in 2021!

= We need a completely different way “In particular, they will
of thinking, teaching, and arguing! need to

= Starts at the undergraduate education

= How to cross the chasm between algorithms and data-centric computing? | - ooweememe

= 1/0 complexity is hard = how to even
know if we are using memory well?

= Domain scientists and algorithm developers remain in the control-centric land g e

uses the loaded memory inefficiently?

. . . = Memory Use Efficiency — an 1/O complexity metric
= Performance engineers enter the data-centric/spatial land e ——Y
- " - 1/O lower bound / measured bandwidth/
= An intermediate representation connects the two — both may need to adapt! _ WEEEEE WIEEEN
9 Performance MetaprOgramming COnnectS the tWO! [#SC21 panel "Programming Models for Future HPC Systems” talk: Data movement is all you need!

[173 views » Dec 21, 2021 5 5 GJ DISLIKE 4 SHARE =+ SAVE  «
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Upleveling programming in the 215 century — Performance Metaprogramming

ain Scientist :, Performance Engineer g :ili: O 5- @ %
U A g 7)), -
—aV?u=0
at 100s of reusable
ﬁ SLOC
N NumPy DSLs Transformed Specialized
"I TensorFlow ‘\ O PyTorch Dataflow Code Generation
M .
oA IR — e.g., Parametric _
" . Dataflow Graphs (SDFG) _ T
<> odae
Applied Scientist o
L R/ﬁ Performance S
translate DSL into /" Results = GPU Code
an Internal Representation » T N\ CID &
—y = FPGA Code
SDFG Builder API § —C—
MuiltiLevel Graph Transformations C++ code
Library Nodes

(API, Interactive) generation/runtime

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

1000s of auto-
generated SLOC
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DaCe.Python translates to Parametric Dataflow Graphs (SDFGs) as IR

X ‘—\
Tasklet Memlets

S

y4—

. 12
Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Data-Parallelism in Parametric Dataflow Graphs (SDFGs)

Represent Parameters

A as Symbols!
M[l] \A[N-l]

Tasklet ) Tasklet Tasklet

B[O] B[1] /B[N-l]

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

13
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Data-Parallelism in Parametric Dataflow Graphs (SDFGs)

Parametric
lteration space

(map)
A A[O:N]

Al0] Al1] \A[N-l] / l=ON O\

\ VAI]
( Tasklet Tasklet . ( Tasklet ) ( Tasklet )
1Bl

Q B[1] B[N_l] N\ li=oN] S

14

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Non-dataflow ordering: States in Parametric Dataflow Graphs (SDFGs)

;A[O:N] ;CIO:N]

/" =0N]  \ /" =0N]  \
LAIi] Ll

( Tasklet ( Tasklet
LBl LAl
\ [i=0:N] / \ [i=0:N] /

B[O:N] A[O:N]

\—/
\—/

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19 15
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Non-dataflow ordering: States in Parametric Dataflow Graphs (SDFGs)

State sO State sl

;A[O:N] ;CIO:N]

/" I=0N]  \ /" =0N]  \
LAIi] Ll

( Tasklet ) — Tasklet
LBl LAl
\ [i=0:N] / \ [i=0:N] /

B[O:N] A[O:N]

\—/

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19 16
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Parametric Dataflow Graphs - Concepts

Data Containers Computation

» Store volatile (buffers, queues, RAM) and e Stateless functions that perform computations at
nonvolatile (files, I/0) information any granularity
e Can be sources or sinks of data e Data access only through ports

(o [ M e 2
Data Movement / Dependencies Parallelism and States

» Data flowing between containers and tasklets/ports * Map scopes provide parallelism
* Implemented as access, copies, streaming, ... e States constrain parallelism outside of datatflow
A(l) [OMﬂk] > _ _C_ [5_]]_((2 11: _SL]_J'I'I_) > s0 M’- sl [E0:M, FON] [EOM, =0N]

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance Engineer view: Visual Studio Code |

1 SDFG OPTIMIZATION er

~ TRANSFORMATIONS
~ Selection (0)
> Viewport (14)
> Global (3)
> Uncategorized (0)

GEMM > @ gemm.py > @ gemm > 1B

import dace

import numpy as np

]
o]

©

M, N, K = (dace.symbol(s) for s in "MNK')

-

@dace.program

7 def gemm(A: dace.floatBd[M, K],

= 8 B: dace.float64[K, N,

. s C: dace.floated[M, N]):

HT 1 tmp = dace.define_local([M, N, K], dtype=A.dtype)
11 for i, j, k in dace.map[@:M, @:N, ©:K]:

A 12 tmp[i, j, k] = A[i, k] * B[k, Jj]
1 C[:] = np.sum(tmp, axis=2)

14

&

B gemm.cpp 2

> cpu > gemm.cpp > & _program_gemm_internal{gemm_t *, double *_restrict_, double *_restrict_, double *_ restrict__ in...

66 tmp = new doubl e DACE_ALIGN(64)[((K * M) * N)];
67

#pragma omp parallel for

7 for (autoc i = @; i < M; i += 1) {
71 for (auto j = @; j < N; j += 1) {
72 for (auto k =0; k< K; k +=1
7 {
 TRANSFORMATION HISTORY 7~ —inl = ALC(K * 1) + k) ];
. 7 _in2 = B[((N * k) + j)1;
TaskletFusion Current SDFG - out;
Original SDFG . —
86 out = (__inl * _ in2);
83 tmp[((((K * N) * i) + (K * j)) + k)] = __out;
84 ¥

reduce 8 8 8(_ state, &tmp[@], & tmpl[B], K, M, N);
delete[] tmp;

Schaad et al.: Boosting Performance Optimization with Interactive Pata Movement Visualization
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ntegration & Transformations

@ -

= gemm.sdfg X

GEMM > & gemm.sdfg

Search the graph Aa
— [ ol | ~
= : v

MapState

Default
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Performance Engineer view: Analyzing Data Flows & Computation Volume

SDFG OPTIMIZATION & hdiff_parameterizedsdfg X J¢ M -

» TRANSFORMATIONS & hdiff_parameterized.sdfg

» TRANSFORMATION HISTORY

- N : Nl Y = Y e U e “ . 5
~ SDFG ANALYSIS Szl i G Aa . « L[ O D AN D @ D H Display Breakpoints
Overlay scaling method: = o v A SDFG hdiff 6o to source Go to Generated Code Clear Info =
Median v — v A v
General v
Node Overlay:
None arg_names [in_field, out_field, coeff] #*

Edge Overlay- callback_mapping E yd
MNone

constants_prop
Runtime Measurements:

Browse Clear

©

Median

exit_code

Symbol list:

Speaalize SDFG

global_code

init_code

instrument No_Instrumentation ¥

'y

logical_groups [1 #

openmp_sections L]
symbols E 7

Uncategorized v
name hdiff

Data Containers
Schaad et al.: Boosting.Perfermance Optimization with Interactive Data Movement Visualization
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Performance Engineer view: Analyzing Memory Access Patters & Locality

*: £ hdiff parameterized.sdfg X e o
_ & hdiff_parameterized.sdfg

')_; Search the graph Aa . 1-:# I:L O D (_/_-_-_-_-_-_\:\_ C) @ D . \ Display Breakpoints
;j = :.: e c SDFG hdiff | 6o to source Go to Generated Code Clear Info x

3\ General 7

& arg_names [in_field, out field, coeff] &

= callback mapping n Va

constants_prop

exit_code

global_code

init_code

instrument No_Instrumentation ¥
logical_groups 4
openmp_sections L]

symbols ! rd

Uncategorized v

name hdiff

Data Containers

Schaad et al.: Boosting Performance Optimization with Interactive Data Movement Visualization
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Programmer/Performance Engineer view: Debuggmg & Code Generation

‘] File Edit Selection View Go Run Terminal Help transpose.py - simple - Visual Studio Code

@ RUN AND DEBUG [> DaCe Debugger ~¥ 4% - @ transposepy X
> VARIABLES @ transpose.py > [®] print_function

}:) > WATCH 1 # Copyright 2019-2021 ETH Zurich and the DaCe authors. All rights reserved. Aa bl 3
> CALL STACK from  future  import print function

~ BREAKPOINTS

E'Oz B All Exceptions V4

ﬁb

p

3

4 import argparse

5 import dace

6 import math

7  import numpy as np
8

9

W = dace.symbol( W'

Visual Studio Code integration

16 def compute(i, j):

17 I a << A7, i]

18 b >> B[1, 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"])

Schaad et al.: Boosting Performance Optimization with Interactive Data Movement Visualization
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DaCe Offers Full Support for ML Pipelines Through ONNX

Key principle: minimize data movement and optimize data layout

OTHER DNN FRAMEWORKS
1l TensorFlow @Xnet Keras

and more...
¢C] ONNX
Import, Conversion,

O PyTorch

METADATA } Symbolic Shape Inference
_ -7 |LibraryNede Conv_0
/"‘ auto_pad: NOTSET
,»" dilations: [1,1]
ONNX Model SDFG _,"‘ group: 1
o kernel_shape: [7,7]

pads: [3,3,3,3]
strides: [ 2,2]

name: Conv 0

10x3x224x224 ST
Conv_0
W 64x3x7Tx7 ,I

10x64x112x112

BatchNormalization

10x64x112x112

10x64x112x112

MaxPool

Time (us)

1800

1600

1400

1200

@ 1000

800

600

400

200

(&}

Time (ms)
I~

[3/9]

1548.19

444.80

PyTorch

Mish
Forward+Backward mmm  Forward
[2/7] [1/1] [1/3] [1/4]
1378.85 Batch
Input: 3x320x320
988.77

716.00

601.90 597.26
390.14 e

torch.jit TF+XLA DaCeML

EfficientNet-BO (MBConv)

Forward+Backward W Forward

Batch: 8, input: 3x224x224
EfficientNet-BO MBConv 1

[18/130][15/127][29/132]

6.49

[13/56]
6.50
5.82 5.96 5..68

PyTorch

Rausch et al. “A Data-Centric Optimization Framework for Machine Learning”

torch.ji TF+XLA DaCeML

in ICS’22

2 Jul 2020

J

007.00072v2 [cs.LC

)

arXiv:

Data Movement Is All You Need: A Case Study on

Optimizing Transformers

Andrei Ivanov®, Nikoli Dryden'. Tal Ben-Nun, Shigang Li, Torsten Hoefler
ETH Ziirich
firstname.lastname@inf.ethz.ch
* Equal contribution

Abstract—Transformers have hecome widely used for language
modeling 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 glven to optimizing Irmil’armcm
Despite this, do not ly utilize
GPUs. We find

2
at 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 2291% 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 hottlenecks.

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

1. 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
task 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 recognition [10], reinforcement
learning [11], molecular property prediction [12], and sym-
bolic mathematics [13].

MLSys’20 /"

challenges such as artificial general intelligence [27]. Thus,
improving transformer performance has been in the focus of
numerous research and industrial groups.

Significant attention has been given 1o 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-
bound. Over a third (37%) of the runtime in a BERT training
iteration 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
to 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 Iea:l 1.30%
performance improvements in training over general-purpose
deep learning frameworks, and 1.08x over DeepSpeed [39],
the state of the art manually-tuned implementation of BERT.




AP

Gordon Bell Prize 2019

= Optimized twice-finalist code
OMEN

Quantum Nano Transport
simulation

Design of future micro-
processors

Now working on large-scale:

Deep Learning (transformers)
Climate (COSMO, icon, fv3)
Green’s functions solvers

... your project?

http://spcl.inf.ethz.ch/DAPP

spcl.inf.ethz.ch
L 4 @spcl_eth

ETH:zurich
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Case Study: Weather and Climate Code FV3

[1] COSMO 1.1 km
2018-05-29 00:00 UTC+2

Weather service is
currently GPU-powered

|

el
| ‘_‘

[1] Institute for Atmospheric and Climate Science and Computer Graphics Laboratory, ETH Zirich [https://vimeo.com/389292423]
[2] Swiss National Supercomputing Center (CSCS) [https://www.cscs.ch/computers/arolla-tsa-meteoswiss] 26
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O https://github.com/ai2cm/pace

Usage: python -m pace.driver.run [OPTIONS] CONFIG_PATH

The Pace Project — Rewriting FV3 in Python

Run the driver.

=  FV3is a highly optimized atmospheric model in Fortran CONFIG_PATH is the path to a DriverConfig yaml file.

Options:

= Rewrite in Python to run it at scale on modern supercomputers
= No FORTRAN involved — move to 215t century programming + devops + package management (with similar syntax!)

=  Full dynamical core: 12,450 Python LoC across 36 modules
vs. 29,458 in the baseline FORTRAN implementation

a
Tracer Advection
REEEEEN |, ol core Halo Exchangs

&. Horizontal Stencil Vertical Solver

Declaratlve Abstraction (GT4Py) Callbacks
Backend

D Local Transfer Full-Program
Optimization Tuning Optimization

Orchestration (DaCe)

J. Dahm et al., “Pace v0.1: A Python-based Performance-Portable Implementation of the FV3 Dynamical Core”. EGUSphere’22


https://github.com/ai2cm/pace
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a
Tracer Advection
REEEEEEEEN | ical core Halo Exchange

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 8
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class HyperdiffusionDamping:
#
# ...
for n in range(self._ntimes):

nt = self._ntimes - (n + 1)
self._corner_fill(qdel, self._q)

if nt > @:
self. copy_corners_x(self._q)

self._compute_zonal_flux[n](
self._fx, self._q, self._del6_v)

#

del2cubed.py

def _ call_ (self, qdel: FloatField, cd: float)

Dynamical Core (fv_dynamics)

Stencil calls per
timestep: 18,978

goT0s

Acoustic Dynamics

v
2,088

\ Tracer Advection
-

Remapping !

\
‘ v
\
131

del2_cubed

' v
274

’ neg_adjust_3

/
' !
132

cubed_to_latlon

I//
@ . R
Legend

Component with
Multiple Stencils

Python Lines of Code
Horizontal Stencil

? 1,110

C_sw
v
update_dz_c 222
riem_silver_c 2ey
p_grid_c 26
? 4,536

d_sw
:
2,050
update_dz_d

l 340
riem_solver_3
nh_p_grad o2
l 155
ray_fast

v
131

del2_cubed
|

Vertical Solver

@ Halo Update

L |

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22
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def dycore_loop(state, dycore, time_steps):

for _ in range(time_steps):
dycore.step_dynamics(state)

initialize_state(...)
fv_dynamics.DynamicalCore(...)

state =
dycore

# Invoke function
dycore_loop(state, dycore, T)

validate(state)

plot _on _map(state.x_wind)

dynamics.py

# Data loading
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[output:0]

tracer concentration at t=0 tracer concentration after 10 steps difference after 10 steps

10 10
25 25 I 04
0.8 0.8
20 20 1 02
0.6 06
15 15 1
I 0.0
04 o 04 10
-0.2
0.2 5 02 5
-0.4
0.0 0 0.0 0
0 5 10 15 20 25 0 5 10 15 20 25

plot _on _map(state.x_wind)

dynamics.

https://github.com/ai2cm/pace/blob/main/examples/notebooks/stencil definition.ipynb

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22

Jupyter
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https://github.com/ai2cm/pace/blob/main/examples/notebooks/stencil_definition.ipynb
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."k; . Horizontal Stencil Vertical Solver

. Declarative Abstraction (GT4Py)

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 o
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O https://github.com/GridTools/gt4py

GridTools for Python (GT4Py) .

= Domain Specific Language (DSL) for Weather and Climate .

= A declarative approach to define stencils (“what”, not “how”)
= 3D stencils and vertical solvers

=  Computation domain is abstracted
P o _ @gtscript.stencil(backend="dace:gpu')
= Relative indexing def gq_j stencil(q: FloatField, area: FloatFieldIJ,
= Automatic iteration ranges and halo regions x_area_flux: FloatField, fx2: FloatField,
g_Jj: FloatField):

. with computation(PARALLEL), interval(...):
= Implementation concerns are delegated

to backends fx1 = x_area_flux * fx2

= Execution schedules area_with_x_flux = area + x_area_flux - x_area_flux[1, 0, 0]
= Memory allocation , :

g Jj = (q * area + fx1 - fx1[1, @, @]) / area_with x_ flux
= Target language

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22


https://github.com/GridTools/gt4py
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Callbacks

‘ Backend

Local Transfer Full-Program

Optimization Tuning Optimization
Orchestration (DaCe)

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 2
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@gtscript.stencil(backend="dace:gpu")
def gq_j stencil(q: FloatField, area: FloatFieldIJ,
x_area_flux: FloatField, fx2: FloatField,
g_Jj: FloatField):
with computation(PARALLEL), interval(...):
fx1 = x_area_flux * fx2
area_with_x_flux = area + x_area_flux - x_area_flux[1, 0, 0]
g_j = (q * area + fx1 - fx1[1, @, 0]) / area_with_x_flux

Stencil Implementations

GT4Py Backend

Py

__area_with x flux = ((area_
__fx1 = (x_area_flux__ * fx2_ )

x_area_flux_ ) - x_area_: flux J.p1)

@%w

gl = ({((q * area )+fx1
fx1__ip1) / area_with_x_ flux )

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22
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Stencil Implementations

Orchestration and GT4Py Backend
Global Optimization

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 2
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Characterizing the optimization space

"t‘ Within each stencil

= Computational layout

i=0:8, j=0:8, k=0:5
= Data layout Loop reordering

= Other rescheduling passes in GT4Py k=6:5, 1-0:8, j=0:8
(e.g., branch = predication)

[ —

T

Dynamical Core (fv_dynamics) Stencil calls per
3 timestep: 18,978
Acoustic By m I
H c_sw 1,10
o : ¢
D Between stencils ¢ @R | e
riem_silver_c =7
. ¢ |
" Fusion oz == | | Single k loop
. i 274 w 838
= Macro scheduling s T i
cubed_to_lation 152 Update‘,dz,d
. . : 1p.
= Pre-allocation (memory pool, static) —
“ ” s 1
ultiple Stencils |_p_gra
= Data layout “path = D
Horizontal Stencil 3 ray_fast
Vertical Solver : ? 131
del2_cubed
@ Halo Update — [ I—

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 36



-~  CSCS

W III Centro Svizzero di Calcolo Scientifico

Swiss National Supercomputing Centre

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22

spcl.inf.ethz.ch
L 4 @spcl_eth

ETH:zurich

37



-~  CSCS

PSP

spcl.inf.ethz.ch
L 4 @spcl_eth

Centro Svizzero di Calcolo Scientifico
Swiss National Supercomputing Centre

ETH:zurich

dh
Initial Heuristics

[0:198, 0:198]
0:198,0:198]

> dla [0:80, 0:199, -1:194] [0:80, 0:193, 0:199]
—1080,0199,0.193] © 10800135019
K - [0:80, 0.198, 0.195] - [ (0800193 1194
~ 080,0193,0193] (08001930193
J T [080,0193.0193] -

Interval, Operation, K, J, I

@ @ > o
10.162,0102]
17ep)

R P 2 2

&5 S 5>

o @2 @

&S & > >

T
10162.0.192]
S S o >

-
K
J
I

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22

J, I, Interval, Operation, K
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dh
Initial Heuristics

Aligned addresses

0 a
v v
Pre-pédding
(0)
Halo I Padding
(h)

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22

Shape: (I + 2h, ] + 2h, K)
Start offset: o=a—h
Strides:

39
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o _r Module-Based Transfer-Tune to
Initial Heuristics . "
Autotuning Full Application
Subgraph
Fusion
[
{copy_corners_y nord: 5}, A GPU
» {compute_y_flux: 2, »
final_fluxes: 1} -
] On-The-Fly
&P 7 - Fusion

Store top-k patterns

GPU

Exhaustive tuning
on graph cutouts Test and apply on full program

2:42 hours on Piz Daint 8:24 hours

Truemper et al.: Performance Embeddings: A Similarity-based Transfer Tuning Approach to Performance Optimization, ICS’23
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v oo ETH ZUrich

Without transfer tuning:

=>30,302,185 configurations

With transfer tuning:
603

40
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o
dh OQ“O
Initial Heuristics Module-Based Transfer-Tune to Benchmark,
Autotuning Full Application Generate Perf. Model
100 == Horizontal stencil

90 Vertical solver
80
70
60

50
40

30
20
10

o

% of Peak Memory Bandwidth

Truemper et al.: Performance Embeddings: A Similarity-based Transfer Tuning Approach to Performance Optimization, ICS’23 41
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& %‘QMOd | Benchmark
Initial Heuristics ule-Based USRI |
Autotuning Full Application Generate Perf. Model
[ )
Suboptimal Kernel o
Inspection

anmA | R . 1

with computation (PARALLEL), interval(;,.):

<
sy
©
E vort = dt x (delpc *»x 2.0 + vort xx 2.0) %% 0.5
2 70 I |
o 60
> 50
e 40
] 30
= 20
G 10
]
a 0
G
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[ 4
dh %ﬂ
Initial Heuristics Module-Based Transfer-Tune to Benchmark,
Autotuning Full Application Generate Perf. Model
[ )
: : Suboptimal Kernel ah
Fine Tuning :
Inspection

anmA | R . 1

with computation (PARALLEL), interval(;,.):

<
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©
S vort = dt x (delpc *»x 2.0 + vort xx 2.0) %% 0.5
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g 40
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Watch the full “Transfer Tuning” talk tomorrow @ 1CS’23, 4:20pm!

Truemper et al.: Performance Embeddings: A Similarity-based Transfer Tuning Approach to Performance Optimization, ICS’23 44
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[ o
o %
Eva I u ated S Ste m S Initial Heuristics Module-Based Transfer-Tune to Benchmark,
Autotuning Full Application Generate Perf. Model
[ ]
Suboptimal Kernel -

Fine Tuning Inspection

Photo courtesy of the Swiss National Supercomputing Centre

Piz Daint:
* GPU: 1 x NVIDIA Tesla P100 / Node
* CPU: Intel Xeon E5-2690 v3 (12 cores)

Domain size: 192x192x80

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 45
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[ o
o %
M m O r B o u n d S Initial Heuristics Module-Based Transfer-Tune to Benchmark,
e Autotuning Full Application Generate Perf. Model
-
Fine Tuning SuboptlmaI.KerneI
Inspection
(AR RREI ppnnngn apnnnn

43.77 GB/s 501.1 GB/s

[

Potential Speedup < 11.45x

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 46
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' ical Sol : Lt
Representative Vertical Solver S i rr— we—— ———
itk el Stites Autotuning Full Application Generate Perf. Model

Riemann Solver (riem_solver_c) °

Suboptimal Kernel -

Fine Tuning Inspection

Semi-implicit solver for nonhydrostatic terms of vertical velocity and pressure perturbation

FORTRAN GT4Py+DaCe
Domain Size (relative size) Time [ms] Scaling Time [ms] Scaling Speedup
128 x 128 %80 (1x) 12.27 — [.85 —  6.63x
192 %192 %80 (2.25x) 27.94 2.28 3.86 2.08 7.25%
256 X256 X80 (4x) 52.40 4.27 6.96 3.76 | T7.53X
384 x 384 x80 (9x) 121.80 9.92 15.31 8.26 + 7.96x

CPU cache runs out, Not enough parallelism
data layout not ideal

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 47
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Representative Horizontal Stencil & s Phosiotmes  TasaTion oo
Finite Volume Transport (fv_tp_2d) o o | &
FORTRAN runs on a single slice, GT4Py/DaCe runs on entire 3D domain
FORTRAN GT4Py+DaCe

Domain Size (relative size) Time [ms] Scaling Time [ms] Scaling Speedup

128 x 128 x 80 (1x) 3.41 — 1.81 — 1.88 %

192192 x 80 (2.25x) 12.31 3.61 3.41 1.88 3.61x

256 %256 X80 (4x) 35.79 1049 5.67 3.13 6.31x

384 %384 %80 (9x) 106.66  31.27 13.10 7.23 8.14x |

Closing gap to ideal

0.13% of load/stores are L3 misses memory bandwidth factor

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 48
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H — a oqaule-base ransier-iune to enchmark,
Weak Scallng itz e MA?Jtcl)tuEingd TFuII Af\ppl-:—catiotl GeneBrate rIl’erf.li\llodel
Fine Tuning Sub?npstgiiissrnel &
FV3 Summary:
’/'x ———————————— %
18 x.\~ —_,—X ______ X"” ' ‘ 6
N N e e e ) = )=
16 2 . weeks of work
E 14 10
o
g 12 Langu:ge > optimization
R —®— Python revisions
O ~u- FORTRAN
o g
)
- 6 3.9x 3.9x 3.6Xx 3.8x 3.9x 3.4x o 4 _
= 1 a performance engineers
4 o—o—o— " () o~ CE—
15.62km 9.38km 4.69km 2.6km 2.28km
> 11.72km 7.81km —_ 3.92 - 8.48
o speedup vs. FORTRAN
0 — |
54 96 150 216 600 1944 2400
Number of Nodes 0

del ch
Simulation throughput of 0.12 SYPD at 2.6 km grid spacing model changes

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 49
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Key Points and Conclusions

2 ETHzirich
Scientific Python has a long history of optimization P
51 kernels from 9 domains Metrics Frameworks
Learning (6) =

P = L
LinAlg (12) v s ¥ .
QA /‘ (=3 N‘ NumPy baseline

Chemistry (4) ‘ Performance

Signals (3) @ \ / &J Pythran
/

physics(g)@ _\_—t NPBench

Graphs(zjx / \9 Numba
Wealher(z)* : — n .

-
=z| £ =
2 =¥ = + 8 - CuPy
Solver {10) 2 3 P
Productivity
Other (3
{ }ﬁ Yours? DaCe

https://github.comy/spel/npbench

Eca-tun, de Fine Licht, Zicaas, T Statefu’ Datalow I U taraphs: & Data-Santr s Model for Pigh-Pefarmance Parslle Proarems, 5619

Fortran to DaCe coming soon!

ETH:zirich

Upleveling programming in the 215 century — Performance Metaprogramming

=Eey

1000s of auto-
generated SLOC

ain Scientist % Performance Enginear g
u
—aP?u=10 O
ot AN VA 1005 of reuszble
A — .

YT D
N7 NumPy Transformed Specialized
F TensorFlow ‘ ¢ PyTorch Dataflow Code Generation
Martar

IR — e.g., Parametric

: 2 '
- - Dataflow Graphs (SDFG) _

Applied Scientist &
q-l L R Performance
‘ j( ; E; % Results

translate DSL into
an Internal Rep 1tation
Graph Transformations C++ code
(AP, Interactive) generation/runtime

CPU Code

@
£
=
c
=
o

GPU Code

FPGA Code

The Pace Project — Rewriting FV3 in Python

=  FV3is a highly optimized atmospheric model in Fortran
= Rewrite in in Pythan to run it at scale on modemn supercomputers
® No FORTRAN involved — move to 21 century programming + devops + package management (with similar syntax!)
= Full dynamical core: 12,450 Python LoC across 36 modules
vs. 29,458 in the baseline implementation

a
Tracer Advection

‘k' Horizontal Stencil Vertical Solver
Callbacks

Dedlarative Abstraction (GT4Py)

Backend

D Local Full-Program
Optimization Optimization

Qrchestration (DaCe)

1. Dahm et al., *Pace v0.1: A Fython-based Performance-Fortable Implementation of the F¥3 Dynamical Core”, EGUSphere'22

Spatial Devices are the Future!

More on Mapping with some Theory

Friday, 10am @ HPDC’23

De Matteis et al.: “Streaming Task Graph
Scheduling for Dataflow Architectures”

More of SPCL’s research:

u youtube.com/@spcl 170+ Talks
u twitter.com/spcl_eth € E=1Ca 2011V E
O github.com/spcl

... or spcl.ethz.ch

Want to join our efforts?
We’'re looking for excellent
Postdocs, PhD students, and Visitors.
Talk to me!


spcl.inf.ethz.ch
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https://github.com/ai2cm/pace
‘ ' https://github.com/GridTools/gt4py
' https://github.com/spcl/dace

Want to know more?

3 voutube.com/@spcl

u twitter.com/spcl_eth

@ spcl.inf.ethz.ch

0 github.com/spcl
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Generating hardware dESCl‘iptiOﬂS Stateful DataFlow multiGraph (SDFG)

r =| Code generated for CPU, GPU, FPGA. ]:
for (int n@ = ©; n@ < (N / P); n@ += 1) {

= dace: :vec<float, _buffer / 5
Performance Engineer B s ke pert i 1.8 :
float A_reg;

for (int n1 = @; n1 < P; nl += 1) {
#pragma HLS PIPELINE II=1

#pragma HLS LOOP_FLATTEN
— ] ¢ | data movement
float a_in = (A_pipe[p]).pop(); § R~
: is explicit
| | | Graph Tragnsformations EXPIC
—~ Y [117171711111111117
L R // Tasklet code (buffer_a)
if ((n1 == ((P - p) - 1)) { I
A_reg = a_in;
} I
if ((p < (P -1))) { |
. A _pi ( 1)]. h(a_in);
Parametric Dataflow , A-preel(p =) [teushia_tn) |
[111711111171711171177
Graphs (SDFG) ) ,
}
for (intm=0; m< (M / 4); m+= 1) { |
#pragma HLS PIPELINE II=1
#pragma HLS LOOP_FLATTEN I
{
float a_in = A_reg; I
dace::vec<float, 4> b_in = (B_pipe[p]).pop();
dace::vec<float, 4> c_in = C_buffer[m]; I
N\ ’
Pure dataflow
sections. é
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Graph Transformations

Example transformation #0: Offload to FPGA

L R
g\
*
AR Jrt—
—

P22t Data is copied to the FPGA e
Q 9 " ------------------ \
i Ci) CI? QF i
0 i
N ' '

axpy A

Replaced with

fpga_x.CopyFromHost(0, N, x); FPGA memories
fpga_y.CopyFromHost(O,N,y); e -
fpga_w.CopyFromHost(0, N, w); 0
|
; __dace_runkernel axpydot(x_device, y_device, w_device, N); | ~  =E=EEsese= —-—
—O—O— fpga_result.CopyToHost(0, N, result);

/ 0
I
&@ Data is '\_@_,
copied back
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Graph Transformations

Example transformation #1: Stream memory accesses g

pre_axpydot anpydot

P P P emmmmma pmoooes
O CT) on Coee) \ ‘ (oo
- ! 1 }
| read_x (N read y
pre_axpydot axpydot ' _.l: ' ' _'L '
. ‘ by 0 '
© O, O void module_read_x(float const *x_device_in, /l v
dace::FIFO<float, 1, P> &x_pipe, int N) { (mato)
Cipgar) Cipsay Cipgaw for (int i = 0@; i < N; i +=1) { , _1_
#pragma HLS PIPELINE II=1 po== ca'm' Mm )
float from_memory = x_device_in[i]; R / unroll\
R [11177177771177711777 | Po
// Tasklet code (read_x) o { reduce_vector
X_pipe.push(from_memory); , i
G J111111110111111711 > “\oroll
} : L \“=—————ﬁ ? -
e Memory accessed from 5—“_‘1@

‘ separate processing elements e
Crosa)

Cgm resai )

de Fine Licht et al.: Transformations of High-Level Synthesis Codes for High-Performance Computing IEEE Transactions on Parallel and Distributed Systems (TPDS). 2021
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Example transformation #2: Stream between operators

pre_axpydot
post_axpydot

fpga_result

o °

A

0
o

Cogan ) Civeay )
read x read y
] }

read_fpga_x_ﬂ
{

S read x rea}:l 'y

|

R
Connwd
|
7 read w
|
read_fp'ga_w_o

!

read_fp_ga_y_o

gy 0

ipeann g0

Joaxpy
(oo

!

read w

gl

o)
: |

Ol

Xp
iy
Xpy

ax
a

Graph Transformations

==

stream

g i x )

1

Cagrm

v}
g
H
]
g
WA

redu ce vector
S =

. unroll

dot_reduos_vector

[ sum

I
_stream
L

 dat_reduce_bufler

tpga_rosun_)

de Fine Licht et al.: Transformations of High-Level Synthesis Codes for High-Performance Computing IEEE Transactions on Parallel and Distributed Systems (TPDS). 2021



spcl.inf.ethz.ch oo o
v oo ETHZUriCh

Stateful DataFlow multiGraph (SDFG)

Code generated for CPU, GPU, FPGA. l
for (int n@ = ©; n@ < (N / P); n@ += 1) {
. dace::vec<float, 4> C_buffer[(M / 4)];
Performance Engineer e (% o 5 Tos ™ o ) £
float A_reg;
for (int nl1 = @; n1 < P; nl += 1) {
#pragma HLS PIPELINE II=1
#pragma HLS LOOP_FLATTEN
{
[ X4 LR’ v float a_in = (A_pipe[p]).pop();

| -~ | | Graph Tragnsformations
[117717171717117177

L R // Tasklet code (buffer_a)
g ( : J if ((n1 == ((P - p) - 1)) {
% A_r‘eg | a_in;
}

if (< (P-1N{
Parametric Dataflow ) A-pieelp = 1) Jloushia 1)

Graphs (SDFG) , I111777771171777777

¥
for (intm=0; m< M/ 4); m+=1) {
#pragma HLS PIPELINE II=1
#pragma HLS LOOP_FLATTEN
{
float a_in = A_reg;
dace::vec<float, 4> b_in
dace::vec<float, 4> c_in

(B_pipe[p]).pop();
C_buffer[m];

eopy_tn_hest

de Fine Licht et al.: Transformations of High-Level Synthesis Codes for High-Performance Computing IEEE Transactions on Parallel and Distributed Systems (TPDS). 2021 65
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Cross-vendor support

for (int no =
dace:
for (int k = 9; k < K; k += 1) {
float A_reg;
fOL Ll bl il aPin W 4=
pragma HLS PIPELINE 11=11
pragma HLS LOOP_FLATTEN ]

///////////////////
}
}
for (intm=0; m< (M/ 4); m
#pragma HLS PIPELINE II=1
#pragma HLS LOOP_FLATTEN
{
float a_in = A_reg;
dace::vec<float, 4> b_in
dace::vec<float, 4> c_in

0; n@ < (N / P); ne += 1) {
:vec<float, 4> C_buffer[(M / 4)];

[1177717171777717177
// Tasklet code (buffer_a)
if ((n1 == ((P - p) - 1)))
A_reg = a_in;
}
if ((p < (P - 1)))
i e ol

AMD
Vivado HLS

1) A

float a_in = (A_pipe[p]).pop();

{

-
; |
-

+= 1) {

(B_pipe[p]).pop();
C_buffer[m];

/ IJuffer

: Iier

o

Code generation

[

Aﬁfij7 Intel
for (int n@ = 0@; n@ < (N / P); no += 1) {
float4 C_buffer[(M / 4)]; OpenCL

#pragma ivdep
for (int k =
gbragma loop_coalesce‘
Jnﬁﬁ:m1fﬂ;MH1H
float a_in = read_channel_intel(A_pipe[p]);
float *a_reg = &A_reg;
#tdefine a_out A_pipe[(p + 1)]

0; k < K; k += 1) {

// God save us

111111707 177117177

// Tasklet code (buffer_a)

if ((n1 == ((P - p) - 1))) {
*a_reg = a_in;

¥

‘;rlte channel intel(a_out, a 1n),
}--------------,

LI117710171171717777

#undef a_out
}
#pragma: loop_coalesce
#pragma ivdep
for (intm=0; m< M/ 4); m += 1) {
float a_in = A_reg;
float4 b_in = read_channel_intel(B_pipe[p]);
float4 c_in = C_buffer[m];

de Fine Licht et al.: Transformations of High-Level Synthesis Codes for High-Performance Computing IEEE Transactions on Parallel and Distributed Systems (TPDS). 2021
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Code generation

Boilerplate code elimination 5

ﬁdace: :fpga: :Context *dace::fpga::_context;

int _ dace_init_intel_fpga(float *__restrict__ A, dace::vec<float, 4> *_ restrict__ B,
dace::vec<float, 4> * restrict C, int K, int N) {
dace: :fpga::_context = new dace::fpga::Context();
dace::fpga::_context->Get().MakeProgram(
DACE_BINARY_DIR "/gemm_fpga_systolic_vectorized_4_ NxKx128.aocx");
return 0;

}

void __dace_runkernel_gemm_0(hlslib::ocl::Buffer<float, hlslib::ocl::Access::readWrite> &A_device,

hlslib::ocl::Buffer<dace::vec<float, 4>, hlslib::ocl::Access::readWrite> &B_device,
hlslib::ocl::Buffer<dace::vec<float, 4>, hlslib::ocl::Access::readWrite> &C_device, int K,
int N) {

hlslib::ocl::Program program = dace::fpga::_context->Get().CurrentlylLoadedProgram();

std::vector<hlslib::ocl::Kernel> kernels;

kernels.emplace_back(program.MakeKernel("mod © read A", A device, K, N));

kernels.emplace_back(program.MakeKernel("mod_© read B", B_device, K, N));

kernels.emplace_back(program.MakeKernel("mod © gemm 0", K, N));

kernels.emplace_back(program.MakeKernel("mod_© gemm_ 1", K, N));

kernels.emplace_back(program.MakeKernel("mod © gemm 2", K, N));

kernels.emplace_back(program.MakeKernel("mod_© gemm_ 3", K, N));

kernels.emplace_back(program.MakeKernel("mod © write C", C_device, K; N));

std: :vector<cl::Event> events;

for (auto &k : kernels) {

events.emplace_back(k.ExecuteTaskFork());

}

cl::Event::waitForEvents(events);
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Host/device interaction

TBeee ) " unroll compute\ Cpee.
: N N 1

Code generation

A

void __ program_gemm_fpga_systolic_vectorized 4 NxKx128 internal(float *_restrict A,

dace::vec<float, 4> *_ restrict__ B,
dace::vec<float, 4> *_ restrict__ C, int K, int N) {

hlslib::ocl::Buffer<float, hlslib::ocl::Access::readWrite> A:.device =
dace: :fpga::_context->Get().MakeBuffer<float, hlslib::ocl::Access::readWrite>((K * N));

hlslib::ocl::Buffer<dace::vec<float, 4>, hlslib:
dace::fpga::_context->Get().MakeBuffer<dace:
hlslib::ocl::Buffer<dace::vec<float, 4>, hlslib:
dace::fpga::_context->Get().MakeBuffer<dace:

A_device.CopyFromHost(@, N * K, A);
B_device.CopyFromHost(@, K * (M / 4), B);
C_device.CopyFromHost(@, N * (M / 4), C);

:ocl::Access::readWrite> B_device =
:vec<float, 4>, hlslib::ocl::Access::readWrite>(((K * M) / 4));
:ocl::Access::readWrite> C_device =
:vec<float, 4>, hlslib::ocl::Access::readWrite>(((M * N) / 4));

__dace_runkernel_gemm_©(A _device, B_device, C_device, K, N);

C_device.CopyToHost(@, N * (M / 4), C);

il vy ey

unroll_compute

ETH:zurich
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def

if

dace.symbol("N")
dace.symbol("K")
dace.symbol("M")
P")
W™)

32223252}2 \ SDFGs defined or loaded
using Python API
make_sdfg(): =T —=

# ...do stuff....
return sdfg

name == " main

spcl.inf.ethz.ch oo o
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Code generation

f

DaCe successfully runs 30/30 Polybench applications

DaCe programs are exposed
as Python functions

directly from NumPy (Xilinx + Intel)!

k

Interfaces with NumPy arrays

gemm = make_sdfg()

Initialize arrays: Randomize A and B, zero C
np.ndarray([N.get(), K.get()], dtype=np.float32)"
np.ndarray([K.get(), M.get()], dtype=np.float32)
np.ndarray([N.get(), M.get()], dtype=np.float32)
np.random.rand(N.get(), K.get()).astype(np.float32)
np.random.rand(K.get(), M.get()).astype(np.float32)
np.random.rand(N.get(), M.get()).astype(np.float32)

N W >N W> H

[:
[:
[:

—_
i n n

gemm(A=A, B=B, C=C, N=N, K=K) # M is fixed at compile-time

69



Case study: Weather simulation at MeteoSwiss

[1] COSMO 1.1 km
2018-05-29 00:00 UTC+2

Weather service is
currently GPU-powered

i '|_

[1] Institute for Atmospheric and Climate Science and Computer Graphics Laboratory, ETH Zirich [https://vimeo.com/389292423]
[2] Swiss National Supercomputing Center (CSCS) [https://www.cscs.ch/computers/arolla-tsa-meteoswiss] 70
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Weather stencil programs

=121 = \:QJ
3 =3

caleaea e e el
D e

Ty e T T

Idea: Pipeline dependencies in a fine-grained
manner on a spatial computing architecture.

EapEal)

Gysi et al.: MODESTO: Data-centric Analytic Optimization of Complex Stencil Programs on Heterogeneous Architectures, 29th International Conference on Supercomputing (1CS'15)
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StencilFlow

Map the entire stenC|I program to a fully-pipelined
parallel streamlng hardware architecture.

L ==

Transparently expose this mapping from
a high-level scientific DSL.

| )

Gysi et al.: MODESTO: Data-centric Analytic Optimization of Complex Stencil Programs on Heterogeneous Architectures, 29th International Conference on Supercomputing (1CS'15)
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Stencil Operation

|
A£Zor ( i=1; i <N - 1; ++1) {
for (Lnt =15 J < M- 15 ++3) {
c[i, j] = (a[i-1, j] + a[i+l, j]) - ]
(b[lJ j_ ] + b[lJ j+ ])) . J b

Gysi et al.: MODESTO: Data-centric Analytic Optimization of Complex Stencil Programs on Heterogeneous Architectures, 29th International Conference on Supercomputing (ICS'15)
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Stencil Program

! !

5 b
A stencil program is a DAG of

C stencil operations working on the
same grid.

Gysi et al.: MODESTO: Data-centric Analytic Optimization of Complex Stencil Programs on Heterogeneous Architectures, 29th International Conference on Supercomputing (ICS'15)
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Prototype: The StencilFlow Stack

A

{ "dinensions”s L4006, 40057, JSON-based domain-specific
"vectorization": 8, frontend
"outputs": ["d"],

"inputs": {
"a": “data_type": "float32", "input_dims": ["j","k"1},
" "data_type": "float3 "input_dims": []1},
"data_type": "float3 "input_dims":
"data_type "float3 "input_dim
"data_type "input_dim
"data_type": " at32", "input_dims":

"program": {
"btr {
"data_type": "f 3
"boundary": {" "type": "constant", "value": @}},
“"computation” 0*alj, 1*a[-1,k] + c2*a[j+1,k] +
-] ca*al§,k+1]"
s
"d":
"data_type": "float32",

High-level Python interface

% bin/run_program.py diffusion.json hardware

Stencil DAG

_.O

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021 75



spcl.inf.ethz.ch oo o
v oo ETH ZUrich

Frontend -1:- GridTools

A e o T ] JSON-based domain-specific frontend support on the way

"ectorization®: 8, in collaboration with
Iloutputsll: [Il Il],
"inputs": {
Ilall: {Ildata_typell: n Il, Ilinput_dimsll: [II II,II II]}, " CSCS
Lcoms {"data_type": oo odnput_dims®: [1}, AN ‘ Centro Svizzero di Calcolo Scientifico
c1®: {"data_type": » "input_dims®: [1}, QU Swiss National Supercomputing Centre
"c2": {"data_type": " ", "input_dims": []},
"c3": {"data_type": " ", "input_dims": []},
"c4": {"data_type": " ", "input_dims": []}
3
"program": {
Ilbll: {
L I Ty | B | "
Stencil DAG
b
High-level Python interface
% bin/run_program.py diffusion.json hardware

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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The StencilFlow Stack

A

JSON-based domain-specific

{ "dimensions": [4096, 4096],

"vectorization": 8, frontend
s [,
"inputs": {
"a": {"data_type": "flo ", "input_dims": ["j","k"]},
"co": {"data_type": " , "input_dims": []},
"c1": {"data_type": " , "input_dim [13,
"c2": {"data_type": " , "input_dims": []},
"c3": {"data_type": " , "input_dims": []},
"c4": {"data_type": "flo ", "input_dims": []}
s
"program": {
b {
"data_type": "float32"

"boundary": {
"computation"”

"1 0},

+ c2*a[j+1,k] +

1
g
"data type": "float32",

High-level Python interface

% bin/run_program.py diffusion.json hardware

Stencil DAG

_.O

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021 77
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Two classes of buffers

We exploit all available reuse, such that by design,

every memory location is read exactly once.

Internal buffers maximize data reuse Delay buffers maximize data reuse
within each stencil operation. between stencil operations.

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021 78
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Internal buffers

(in general, buffers proportional to up to D-1)

3D dependencies
2D dependencies} buffer 5|\iCES-

Pl [ buffer rows. ® Retired data

]
~

Reusable |
buffer area

=

I

ali-1, j, k] + a[i+1, j, k] +
a[il j-]-/ k] + a[il j+1l k]

To be streamed in

Every cell used by a stencil operation is only read once.

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021 72
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Global reuse

Result of stencil is used
by multiple stencils.

Input memory is used
by multiple stencils

We can exploit this reuse by streaming C
data through on-chip memory. 1

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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Delay buffers

Design can deadlock
when path is full.

Intermediate buffers represent

physical hardware

Sizes are fixed at compile time

-\

C[0] = B[O] + A[O]

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021 81
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Delay buffers No deadlock.

Both paths stream
simultaneously.

A’\l Delay buffers are inserted

throughout the design.

empty
full

/—AO Al
B[O] = A[O]

Path delay is decided by /EA“]
internal buffer size... ' g
...and pipeline depth.
7

C[0] = B[O] + A[O]

empty
full

full

empty

\ 4

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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The StencilFlow Stack - Results

e ~ (" D
A i v, 50N based domain-speiic DacCe Dataflow Graph Expanded Graph
' SRS frontend
" u:'( ’
et e " A P Q
nee: e " " 1)
et e " " 1)
2 { e " " 1) 1
{ , 5
, { 5}
{ ¢ O Y A 4
("a": | 1} j / \ /
} O SO
High-level Python interface
L J \ J
% bin/run_program.py diffusion.json hardware

Abstract Hardware Mapping Generated code

LN

Stencil DAG Intel FPGA OpenCL

i Y
_,O Reference C++

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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Simple iterative stencils

Perf. [GOp/s] FP32, W = 4, 24 Op/Stencil, 2'°x32x32 domain.
4096 -
Communication
3072 - [implemented with SMI [1]. ;
2048 -
1024 -
512 1024 1536 2048 2560 3072 ... 06144 12288 24576

FP32 operations [Op/cycle]

Chain more stencils (cf. time tiling) to utilize spatial capacity

[1] De Matteis et al. "Streaming Message Interface: High-performance distributed memory programming on reconfigurable hardware." Supercomputing 2019 (SC'19)
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Simple iterative stencils

Performance ALM FF M20K DSP
Total 103 M 3.7M 11.7K 5760
Perf. [GOp/s] FP32, W = 4, 24 Op/Stencil, 21°x32x32 domain. Avail. 692K 28M 89K 1468
[ ==k Jacobi 3D 233 K 534 K 1495 784
4096
(Ours) 265GOp/s 334, 193%  167%  17.6%
3072 - Multi-node .
Jacobi 3D 921 GOp)/ 437K 1207K 2285 3072
2048 - : W=8 (Ours) RIS 63.1% 43.6%  255%  68.8%
Single node o 5 " A
______ Diffusion 2D 9K 1329K 2565 230
1024-
__________________ W =8 (Ours) 1,313GOp/s | 64 3, 48.0% 28.6% 51.6%
0 ep
512 1024 1536 2048 2560 3072 .. 6144 12288 24576 Diffusion 3D 1,152GOp/s | 207K~ 1606K - 5357 3072
FP32 operations [Op,/cycle] W =8 (Ours) ’ 81.9% 57.9%  59.8%  68.8%
Diffusion 2D 913 GOp)s 471.4K 1173.6K 2204 3844
Zohouri et. al. [8]) p 68.0% 423%  24.6%  86.0%
Diffusion 3D 034 GOp)s 450.5K  1078.2K 8684 3592
(Zohouri et. al. [8]) p 65.0% 389%  97.0%  80.4%

% bin/run_program.py diffusion_3d_vec8.json hardware

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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Taming the weather

Type2_pp

Horizontal diffusion program obtained from generic weather frontend.

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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Taming the weather

Program is recovered as
StencilFlow DSL.

"inputs": {
"pp_in": {
"data": "
"data_type": "

"dimensions":

3

"
3

]
¥
"crlato": {
"data": "

"data_type": "
"dimensions":

]
}s

"crlatu": {
mdatam. m

"data_type": "
"dimensions":

]

¥
"hdmask": {

"datat: "

"data_type": "
"dimensions":

3

"
3

]
¥
"w_in": {
"data": "

"data_type": "
"dimensions":

]
¥

'. ® . [ ]
22" GridTools
support on the way
in collaboration with

<& CscCs

A\ ‘ Centro Svizzero di Calcolo Scientifico
A\ Swiss National Supercomputing Centre

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spa"ci'a'l Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CGO'21), 2021
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S

7,'/' \

Taming the weather
We can now generate and
process the stencil DAG.

* Performs 130 floating point
operations per grid point
(including sgrt, min, and max
operations).

e 20 data-dependent branches

20 data-dependent br Input (1D)
* Aritnmetic intensity o

Input (3D
65/18 Op/Byte. :(r)wlljtupu(t3 |

. . B Stencil

de Fine Licht et al.: StencilFlow: Mapping Large Stencil Programs to Distributed Spatial Computing Systems 19th ACM/IEEE International Symposium on Code Generation and Optimization (CG0'21), 2021
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Taming the weather

all memory bound
318 MHz at 48% DSP utilization y'd

Runtime \Performance Peak BW. %Roof.
Stratix 10 | 1,178us \145GOp/s 77 GB/s 52%

The Stratix 10 is held back by insufficient bandwidth.

FPGAs are good at deterministically exploiting bandwidth,
but require a lot of pipeline parallelism.

[1] Osuna et al.: Dawn: a High Level Domain-Specific Language Compiler Toolchain for Weather and Climate Applications, Supercomputing Frontiers and Innovation 2020
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Reproducibility artifact

H spcl/ stencilflow

<> Code () Issues 1) Pull requests () Actions  ["]] Projects @) Security
¥ master ~ Go to file
2
() definelicht Fix wavefront for non-vect... .. on Dec 15, 2020 @ 1,219
bin Downgrade from 'full log' to 'basic ... 2 months ago ey
high-level-synthesis
dace @ 31eabe4 Update DaCe 2 months ago
intel-fpga
stencilflow Fix wavefront for non-vectorized fie... 2 months ago
[IJ Readme
test Try to patch up index generation, b... 5 months ago
58 BSD-3-Clause License
" PR PR Crvimb bm mmtim vsivkialamo O mnmnthe ama

We would love it if you break it!

https://github.com/spcl/stencilflow 96
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Maybe we can get a full weather/climate code on FPGAs

New Study: Scientists Create Earth's Highly-Accurate
'Digital Twin' to Project Climate Event

By Precious Smith Mar 01, 2021 11:09 AM EST

00000

Computer scientists at ETH (Swiss Federal Institute of Technology, Zurich) are trying to
create a detailed digital twin of our Big Blue Marble in a kind of pixelated cloning
experiment intended to serve as a model of experiment for Earth's climatic changes.

GPU: The Most Encouraging Option

Presently, researchers have the believe that super computers based on graphics
processing units (GPU) seem to be the most encouraging option for the creation of their
digital earth.

They appraise that running a full-scale digital twin, matching hardware with advanced
algorithms, would need a system operating approximately 20,000 GPUs and consuming
nearly 2Z0MW of total power.

Perspective ‘ Published: 22 February 2021

The digital revolution of Earth-system science

Peter Bauer =, Peter D. Dueben, Torsten Hoefler, Tiago Quintino, Thomas C. Schulthess & Nils P.
Wedi

Nature Computational Science 1, 104-113 (2021) | Cite this article
13k Accesses | 2 Citations | 276 Altmetric | Metrics

Abstract

Computational science is crucial for delivering reliable weather and climate
predictions. However, despite decades of high-performance computing experience,
there is serious concern about the sustainability of this applicationin the post-
Moore/Dennard era. Here, we discuss the present limitations in the field and propose
the design of anovelinfrastructure thatis scalable and more adaptable to future, yet

unknown computing architectures.

https://www.nature.com/articles/s43588-021-00023-0
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Another trick: temporal vectorization aka. automatic multi-pumping

Vectorization
o J
\_ Y,

[1] Johnsen et al.: Temporal Vectorization: A Compiler Approach to Automatic Multi-Pumping, ICCAD 2022
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How can temporal vectorization be implemented?

@dace Code Generation
def vadd(x: dace.float32[N],
y: dace.float32[N]):

return x + vy

vadd. py

DaCe IR

Transformations and Codegeneration

=9 IR Transformation B offered by DaCe
D Codegenerated File P implemented by this work

[1] Johnsen et al.: Temporal Vectorization: A Compiler Approach to Automatic Multi-Pumping, ICCAD 2022
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Performance of temporal vectorization on a Xilinx AMD Alveo U280

32 PEs S=8 S=8

CA [10] O DP O DP O DP
Freq CLO [MHz] 250 | 268 2614 Freq CLO [MHz] 307.6 322.4 | Freq CLO [MHz] 309.1 329.4
Freq CL1 [MHz] - - 4528 Freq CL1 [MHZz] - 5104 | Freq CL1 [MHz] - 5373
Perf [GOp/s] 253.2  256.1 219.1 Perf [GOp/s] 101.4 969  Perf [GOp/s] 110.4  102.8
LUT Logic [%] 439 448 321 LUT Logic [%] 20.25  14.2  LUT Logic [%] 16.55  12.08
LUT Memory [%] 6.9 13 10.1 LUT Memory [%] 621  6.89 ~ LUT Memory [%] 485 527
Registers [%] 445 443  36.6 Registers [%] 2248 19.14  Registers [%] 18.25  15.88
BRAM [%] 81.4  80.3 47  BRAM [%] 1533 1057 BRAM[%] 10.57  8.18
DSP [%] 88.9 90  45.6 DSP [%] 28.89 14.44 DSP[%] 31.67  16.67
MOp/s per DSP 98.9 [958 167.0] MOp/sper DSP [121.9 232.8 | MOp/s per DSP  |121.0 214.2

Matrix Multiplication Jacobi 3D stencil Diffusion 3D stencil

[1] Johnsen et al.: Temporal Vectorization: A Compiler Approach to Automatic Multi-Pumping, ICCAD 2022
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DacCe is a versatile platform

NumPy
NVIDIA GPU
DaCeML
(PyTorch/ONNX) AMD GPU
c — 86y
(C99) — ~ ARM SVE

(Weather & Climate)

XHirx AMD FPGA

Fortran RTL

(in planning) (soon)
Your favorite language/DSL Your favorite processor
(through SDFG builder) (through C++ codegen)

Ben-Nun et al. "Stateful dataflow multigraphs: A data-centric model for performance portability on heterogeneous architectures." Supercomputing 2019 (SC'19).
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Single Instruction Multiple Data/Threads (SIMD - Vector CPU, SIMT - GPU)

High Performance Computing really
became a data management challenge

R ) = B

Generating hardware descriptions

Performance Engineer Q

Stateful DataFlow multiGraph (SDFG)

Parametric Dataflow
Graphs (SDFG)

ETH:ziirich

ETH:zurich

Scientific Software Engineering in the 21% century — Performance Portability

Performance Engineer Q %

1000s of auto-
-_ 100s of reusable generated SLOC
] sLoc
=

o
ain Scientist o

£ aViu =0
at -

)
Nzi NumPy Transformed Specialized
AF TensorFlow A O PyTorch Dataflow Code Generation
MATL :
g Parametric Dataflow
S SEISSEFCES 4 CPU Cod
ode
Applied Scientist ﬁ @
L R Performance | S
translate DSL into Results € GPU Code
parametric dataflow graphs » &
FPGA Code
Graph Transformations C++ code
(API, Interactive) generation/runtime
Ben-Nun, de Fine Licht, Ziogas, TH: Stateful D: A Data-Ce far Higl Parallel Programs, SC19

ASPCL

Prototype: The StencilFlow Stack

Dace Dataflow Graph Expanded Graph

==

Generated code

intel FPGA OpenCL

Reference C++

bstract Hardware Mapping

0000

mais

e Fine Ueht et al.: StencifFlow: Mapping Large Stencil Programs to Distributes Spatial Computing Systems 19th ACMYIEEE International Symposium an Code Generation and Optimizstion [CG0721), 2021

u

ETH:ziirich
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Machine with two 16-care

Intel Xeon Gold 6130 processors

and an Nvidia V100 GPU with
3268 of memory

NPBench results

TotalE 3

Ziogas et al - NPBench: A Benchmarking Suite for High-Performance NumPy, ACM 1521

Taming the weather

all memory bound
318 MHz at 48% DSP utilization

Runtime \ Performance Peak BW. %Roof.

Stratix 10 1,178 ps \}45 GOp/s  77TGB/s 52%
Stratix 10* 332ps 513GOp/s oo GB/s -

Xeon 12C | 5,270 ps 32GOp/s  68GB/s 13%
P100 8l0ps  210GOp/s  732GB/s 8%
V100 01ps  849GOp/s 900GB/s  26%

*Without memory bandwidth constraints.
The Stratix 10 is held back by insufficient bandwidth.

FPGAs are good at deterministically exploiting bandwidth,
but require a lot of pipeline parallelism.

11] Gsuna et al.: Diwn: a High Level Do

Siuecifc Language Compiler Taoichain far Wieather arel Cimate Applications, Supercamputing F

es, o Scalable Parallel Computing Lab @ ETH Zurich
AR 1 ubscrbers
HOME VIDEOS PLAYLISTS COMMUNITY CHANNELS ABOUT

ratory

3 YouTube ™

Uploads B PLAY ALL

FSaCL
#5C21 panel talk: Successful ©

i [SPCLBeast] Researchwith |

https://www.youtube.com/c/ScalableParallelComputingLabETHZurich

This project has received funding from the European Research Council (ERC) under grant agreements "DAPP and PSAP (PI: T. Hoefler)".
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First Example: 2D Stencil

;A[O :H,0:W]

spcl.inf.ethz.ch oo o
v oo ETHZUriCh

State sl

Initialization
(read input) /[y =0:H, x= OW]\
Aly-1,x13 JALYX-1] Alyx+1]1 1 Aly+1,x]
State sO ( Jaczt[;')(] ) Exit
/" [y=0:H,x=0:W] \_ N\ [y=0:H,x=0:w] / [mETEEe)]
vo B[0:H,0:W]

( Initialize ) t=0
| Bly,x]

t=T

B[0:H,0:W]

x=0:W] \

—
\[yOHxOW]/ /ly=0:H

Bly-1,x]{

Al

Bly,x-1] B[y,x+1]

A A

| Bly+1,x]

B[0:H,0:W] (

Jacobi

)

Aly,x]

° N\ [y=0:H,x=0:w] /

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

A[0:H,0:W]

{ t<T t++ )

lteration
(solver)

105



Second Example: MatMul

DaCe-Python
Explicit (minimal)

side-effect code

@dace.program

def gemm(A, B, C):
# Transient variable
tmp = dace.define local([M, N, K], dtype=A.dtype)

@dace.map
def multiplication(i: _[@:M], j: _[@:N], k: _[@:K]):
in A << A[1,k]
in B << B[k,7j]

out >> tmp[i,],k]

out = in_ A * in_B

dace.reduce(lambda a, b: a + b, tmp, C, axis=2)

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

N3 size dataflow
temporary!

spcl.inf.ethz.ch oo o
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o State sO
/HOJWJIK];; !! B[0:K,0:N]

/ [i=0:M, j=0:N, k=0:K] \{

ALK | | BIk]
( multiplication )
tmpli,j, k]

N__[i=0:M, j=0:N, k=0:k]

tmp[0:M,0:N,0:K]

tmp[0:M,0:N,0:K]

Reduce

[axis: 2, sum]

C[0:M,0:N]

106
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Second Example: MatMul

o State sO
A[0:M,0:K] ; ! B[0:K,0:N]

@dace.program / [i=0:M, j=0:N, k=0:K] \
def gemm(A, B, C): Ali,k] | | Blk,j]
# Transient variable ( multiplication )
tmp = dace.define local([M, N, K], dtype=A.dtype) |
4
@dace.map \ [i=0:M, j=0:N, k=0:K] /
def multiplication(i: [@:M], j: _[@:N], k: _[0:K]): C[0:M,0:N]
in A << A[1,k]
in B << B[k,7j] ]
out >> tmp[i,q,k] MapReduce Fusion

transformation to
out = in_ A * in B N? size

dace.reduce(lambda a, b: a + b, tmp, C, axis=2)

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19 107
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Optimizing Transformer Deep Neural Networks

| File Edit Selection View Go Run Terminal Help ncoder-nonstrict.sdfg - dace - Visual Studio Code

{} = encoder-nonstrictsdfg X

~ TRANSFORMATIONS Users > X eckt universit tation > & er er-nonstrict.sdfg

~ Selection

|. Case Sensitive  Search  SDFG Outline

v Viewport

v TRANSFORMATION HISTORY

No previously applied transformation

Nothing selected

% 1P master* < Python 377 64-bit (dace’ conda) @ 0A0 () CMake: [Debug): Ready 3 Mo Kit Selected  &}Build [al] & P

lvanov et al.: Data Movement Is All You Need: A Case Study on Optimizing Transformers, : iv. abs/2007.00072 108



https://arxiv.org/abs/2007.00072
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Back to our first example — Laplace in DaCe Python

@dace.program

def Laplace(A: dace.float64[2,N],
T: dace.uint32): ALI%2, O:N]
for t in range(T): : ——
o | = 1:N-1
for 1 in dace.map[1:N-1]: /th.i_“[ ]A[t%li}
# Data dependencies t<T, ! [t
in_1 << A[t%2, i-1] t++ (_ Laplace
in_c << A[t%2, i] lA[{t'fH%E.il
in_r << A[t%2, i+1] T
out >> A[L(t+1)%2, 1i] \ [|-1‘N 1] /

A[(t+1)%2, 1:N-1]
# Computation

out = in_1 - 2*in_c + in_r

0N yt=T

var << A
Local variable name Data Conflict Resolution Location/Range
Direction (<<, »>>) Number of accesses

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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DIODE User Interface (moving into vscode)

L 4 @spcl_eth

ETH:zurich

Source Code Transformations

SDFG
(malleable)

Generated Code

Performance

SDFG

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

110
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Performance for matrix multiplication on x86

150

100+

mpli.j.k]

Performance [GFlop/s]

50

01 Naive
500 1000 1500 2000
Problem Size

SDFG

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance for matrix multiplication on x86

1504
0
[oR
o
[T
O,
@ 1004
[&)
[
(1]
£
S
@
n— 50,

—
0- Naive . MapReduceFusion (27 SLOC)
5(I)O 1000 1500 2000

Problem Size

SDFG

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance for matrix multiplication on x86

150
@
Q.
Ie)
[TH
S,
@ 100
[&]
[
(1]
E
RS
[
O 50
”— \
e i . LoopReorder (27 SLOC)
0- Naive . MapReduceFusion (27 SLOC)

500 1000 1500 2000
Problem Size

SDFG

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance for matrix multiplication on x86

ol
G oD
AN

Map [tile_i, tile_j] 1504

Al( + tile_i), (k + tile_K)BI(k + tile_k),(j + tile_j)]

100+

(i + tile_i),( + tile_j)]

UnmapReduce sum

MapExit tile_mult

| e ——— . o - BlockTiling (39 SLOC)

MapExit tile_pa_mult —_— - * LOO p Re 0 rd e r ( 2 7 S LOC)

0- Naive MapReduceFusion (27 SLOC)
@ 5(I)O 1 OIOO 1 5100 20|00

Problem Size

SDFG

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

Performance [GFlop/s]

50
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Performance for matrix multiplication on x86

@

o

o

[T

O,

© 100+

(&)

:

5 " em— —— RegisterTiling (47 SLOC)

6.3 50 1
E—— . . . . BlockTiling (39 SLOC)
— * . LoopReorder (27 SLOC)

oA Naive . MapReduceFusion (27 SLOC)
5(|)0 1 0100 1 5100 20|00

Problem Size

115
Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance for matrix multiplication on x86

Performance [GFlop/s]

150 -

100 -

50 -

/ \ ——°
Naive ‘
560 1 OIOO 1 5100 20b0

Problem Size

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

LocalStorage (50 SLOC)

RegisterTiling (47 SLOC)

BlockTiling (39 SLOC)
LoopReorder (27 SLOC)
MapReduceFusion (27 SLOC)

116
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Performance for matrix multiplication on x86
PP

G G

150 -
@
a PromoteTransient (51 SLOC)
™
o,
@ 100- - — A\/ LocalStorage (50 SLOC)
:
S / Tee—— —— RegisterTiling (47 SLOC)
T g
;/03*\ . o o ° BlockTiling (39 SLOC)
— N . LoopReorder (27 SLOC)
0- Naive . MapReduceFusion (27 SLOC)
500 1000 1500 2000

Problem Size

&

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance for matrix multiplication on x86

With more tuning: 98.6% of MKL for specific inputs (587 SLOC)

Intel MKL
150 - 25% difference|(at 51 SLOC)

But do we really care about MatMul on x86 CPUs?

pw
(0]
o

50 -
OpenBLAS

500 1000 1500 2000
Problem Size

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19



Code Generation for Load/Store Architectures

= Recursive code generation (C++, CUDA)
= Control flow: Construct detection and gotos

void _program_gemm(int
// State s©

spcl.inf.ethz.ch oo o
v oo ETH ZUrich

Iteration space (map)

, int sym 1, int sym_2, double * re

for (int tile_k = @; tile_k < sym_2; tile_k += 128) {

u Para"ensm #pragma omp parallel for

for (int tile_i = ©; tile i < sym ©; tile i += 64) {

= Multi-core CPU: OpenMP, atomics, and threads for (int tile_j =

0; tile_j < sym_1; tile_j += 240) {

for (int regtile j = @; regtile_j < (min(24©, sym

= GPU: CUDA kernels and streams BRI, b FreEil [ e ER © Sk

* Connected components run concurrently Allocation (containers)

Global2stack_2D_FixedWidth<double, 4, 3>(&B[t

loca.

for (int regtile_i = ©; regtile_i < (min(64,
vec<double, 4> regtile C_se_1[4 * 3];

for (int i =0; i < 4; i +=1) {

= Memory and interaction with accelerators for (int 3= 05 3 < 3; 3 += 1) {

= Array-array edges create intra-/inter-device copies
= Memory access validation on compilation
= Automatic CPU SDFG to GPU transformation

b
}

Tasklet (unmodified) /..

= Tasklet code immutable

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

double in_A = A[(i + regtile_i +
vec<double, 4> in B = local B s@ |
// Tasklet code (mult)

auto out = (in_A * in_B);

regtile C_s@_1[i*3 + j] = out;

for (int k = 1; k < (min(128, sym 2 - til,

119



Code Generation for Pipelined Architectures

= Module generation with HDL and HLS
* |ntegration with Xilinx SDAccel or OpenCL (RTL in development)
= Nested SDFGs become FPGA state machines

= Parallelism
= Exploiting temporal locality: Pipelines
= Exploiting spatial locality: Vectorization, replication

= Replication
= Enables parametric systolic array generation

= Memory access
= Burst memory access, vectorization
= Streams for inter-PE communication

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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/" Ip=0:P] \

-
- -~

'd
. hY
(_pipes

-~ d,
pipes(T*N*M)[p]
pipes(T*N*M)[p+1]

rd
. \
1pes

( pip J

-

N p=0P]

DRAM
I___-'_--I I___-'_--I
{ Read i ; Write |

5
PE, PE,.,
! t
PE,
! )
PE, | PE,
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Performance (Portability) Evaluation

= Three platforms:
= |ntel Xeon E5-2650 v4 CPU (2.20 GHz, no HT)
= Tesla P100 GPU
= Xilinx VCU1525 hosting an XCVU9P FPGA

= Compilers and frameworks:

= Compilers: = GPU and FPGA compilers:

GCC8.2.0 CUDA nvcc 9.2

Clang 6.0 Xilinx SDAccel 2018.2

icc 18.0.3 = Frameworks and optimized libraries:
= Polyhedral optimizing compilers: HPX

Polly 6.0 Halide

Pluto 0.11.4 Intel MKL

PPCG 0.8 NVIDIA CUBLAS, CUSPARSE, CUTLASS

NVIDIA CUB

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19 121
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Performance Evaluation: Fundamental Kernels (CPU)

= Database Query: roughly 50% of a 67,108,864 column
= Matrix Multiplication (MM): 2048x2048x2048

= Histogram: 8192x8192

= Jacobi stencil: 2048x2048 for T=1024
= Sparse Matrix-Vector Multiplication (SpMV): 8192x8192 CSR matrix (nnz=33,554,432)

8.12x faster 98.6% of MKL 2.5x faster 82.7% of Halide 99.9% of MKL
Query MM Histogram Jacobi SpMV
0.06 4
40 1
301 0.04 4
)
e 204
So
0.024
) I I
2xg82 2882 9982882 RS
8‘931_& og—@& 568 ° éo§—§§.’
122

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19
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Performance Evaluation: Fundamental Kernels (GPU, FPGA)
90% of CUTLASS

Query MM Histogram Jacobi SpMV
10.0 5 154
7.5 200
‘o 1.0
GPU E
[0} 5.0+
E 100 4
0.54
. 2.5_i
L1 || | |
0o o o © 0 v 0 o © Qo o g 0o o o o o w
L (8] - L O < u I L O =) = L O O L &) 7}
a > o 0O > 4 < ®© o > O T o > a [} > i
%] b4 w z @ J T 7 -4 T 0 b4 o %] z g
o 2 w
© 3
19.5x of Spatial
Query MM Histogram Jacobi SpMV
254 1004 1140 51393
0.6
2.0+
0.754 0.754
W 1.5+
FPGA P 0.47 309,000x
£ 0.504 0.50 o
— 1.04
0.24
0.254 0.25 4
] -
0.0 1 - 0.004 0.04 0.00 i

SDFG
HLS T
SDFG T
HLS T
SDFG
HLS T
SDFG
HLS T
SDFG T
HLS T
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Performance Evaluation: Polybench (CPU)

= Polyhedral benchmark with 30 applications

= Without any transformations, achieves 1.43x (geometric mean) over
general-purpose compilers

2mm 3mm adi atax bicg cholesky correlation covariance deriche doitgen durbin fdtd-2d floyd-warshall gemm gemver
: 0.020 31 31 201
ad : 0.0204 20 | 0.006 1 03
154 901 0.02
24 0.015 1 J 1 | : =T
34 0.015 15 2 2 ] 0.004 4 02
1.04 60 4
24 0.0104 0.010+ 1.0
1 g 1 0002 o 0.01+
] 1 jl EI 0.0054 I 0.005 1 0.5 } } I II : I 054 I 304 .
; i il i _
@ 0 —-q 0 e 3 0.000 -II . 0.000 -Il l 0.0 H 0 =l 0 = - 0.000 0.0 -I. W 0 J I - 0.0 l 0.00 l
g gesummv gramschmidt heat-3d jacobi-1d jacobi-2d | | lu ludemp mvt nussinov seidel-2d | symm syr2k syrk trisolv trmm |
= 0. 1.5+ 0.8 4 0.006 4 1.5
34
2 0.6 4
b 1.0 0.004 4 1.0
2
04
11 1 0.5 0.002 054
0.2 I
o= -I 0 0.0 Il. 0.0 II 0.000 I 0.0 {Hl M=
QD02 > OO 2> Q208> QDO S > 02202 > 002>
238835 28833 08835 RQF633 288835 202833
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Performance Evaluation: Polybench (GPU, FPGA)

=  Automatically transformed from CPU code
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Case Study: Parallel Breadth-First Search ?[’[ﬁ@n?wll
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Remember: Scientific Software Engineering in the 215t century
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Next-Generation Transistors need to be cooler — addressing self-heating
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Quantum Transport Simulations with OMEN

= OMEN Code (Luisier et al., Gordon Bell award finalist 2011 and 2015)
= 90k SLOC, C, C++, CUDA, MPI, OpenMP, ...
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All of OMEN (90k SLOC) in a single SDFG — (collapsed) tasklets contain more SDFGs
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Additional interesting performance insights

Python is slow! Ok, we knew that — but compiled can be fast! CUuBLAS can be very inefficient (well, unless you floptimize)
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10,240 atoms on 27,360 V100 GPUs (full-scale summit) ==
- 56 Pflop/s with /0 (28% peak)

spcl.inf.ethz.ch

s 4 @spcl_eth

80 -

60 -
L
8' 40 Variant N, Time [s] Time/Atom [s] Speedup
9 404
o OMEN 1,064  4695.70 4413 1.0x

DaCe 10240  489.83 0.048
—_—— =
20 - P £6,840N, = 34, N,,5 = 12, N; = 1,220, N,, = 70.
1710 6840 11970 17100 22230 27360 Communication time reduced N
# GPUs by 417x on Piz Daint! Already ~100x speedup on 25%

Volume on full-scale Summit
from 12 PB/iter > 87 TB/iter

Ziogas et al. “A Data-Centric Approach to Extreme-Scale Ab Initio Dissipative Quantum Transport Simulations”, SC19 (Gordon Bell Prize 2019).

of Summit — the original OMEN
does not scale further!
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