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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

DaCealso supports C
and Fortran but not as

part of this talk]
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Scientific Pythorng a Long History of Optimization

51 kernels from 9 domains Metrics Frameworks

Learning (6)

LinAlg(12) fﬁg 0 \ |

: g ¢ NumPy baseline
Chemistry (4) x Performance ”

Signals (3)@ Meet &J Pythran
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https://github.com/spcl/npbench
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Machine with two 1écore

NPBenchresults Intel Xeon Gold 6130 processt
and an Nvidia V100 GPU witl
32GB of memory
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How to address locality challenges on standard architectures and programming?
D.UnatSi EtRN®YR& Ay 5FaGF [20FfAGe 106

IEEE Transactions on Parallel and Distributed Systems (TPDS)NYdI®@8EEE, Oct. 2017

Three Ls of modern computing:
Spatial Locality
Temporal Locality

Control Locality
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Control in Loaegstore vs. Dataflow Turing Award 1977 (Backus).: "Surely there must pe a less prim

way of making big changes in the store than pushing vast numk
of words back and forth through the von Neumann bottleneck.’

Loadd (i 2 NB oazzy(\v [GFGAO S5FHGFTFE24 G
Energy per instruction: 70pJ Energy per operation: -BpJ
Instruction Energy Breakdown
25p) 6pJ Control 70 pJ
1 1 1
I-Cache Access Register File Add
Access {2dz2NDSY al N} [ 2NRsAGT = L{{/

Very Low High
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Single Instruction Multiple Data/Threads (SIMDVector CPU, SIMIGPU)

High Performance Computing really

becamea data management challenge
(which requires spatial programming / thinking)

OMBY al ND I 2NRgAGT S /2YLMziAy3aQa 9ySNH@ tNRofSY 6FyR gKIG ¢S Oy R2 lFo2dzi AGO0X L{{/ wnmnz L3}
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1ant COst

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

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

m Cost to move data 20 mm on chip

250 pJ Cost to move off-chip, but stay within the
package (SMP)

2000 pJ
Cost to move data off chip into DRAM

Cost to move data off chip to a
neighboring node
Office of

Hierarchical Power Costs

Data

movement is the dor

~2500 pJ

X

e |

SourcefatollahiFardet al.

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

64-bit DP
20pJ

256-bit buses

256-bit access
8 kB SRAM
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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

Efficient

SCOEY L off-chip link

= very compule-iniensive lask, oflen loking days or weeks, and
i | significanl atiention has been given Lo oplimixing transformers.
=) Despite this, exisling implementations do not efficiently wtilize
| GPUs. We lind that data movement is the key boitleneck when
— trainimg. Due o Amdshls Low sl massive improvements in
28nm CMOS =1 compule performance, irsining has now become memory -bound.
Source: NV|D| A ] Further. existing frameworks use suboplimal data byouts. Using
] these insights, we present o revipe lor ghobally oplimizing data
movement in ransformers. We reduce data movement by up
——  lo I291% amd overall schieve a 130 performance improve-
r'~ menl over siate-ol-the-arl frameworks when training BERT.
et Our approach is applicable more broadly o oplimizing deep
= neursl networks, and «fTers insight into how bo lackle emerging
iy performance bolibenecks.
o Indexr Terms—Dala movemenl. high-performance compuiing.

deep learning, transformers

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 _=thz.ch
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|.'|:|;|J|.|.'ng|.‘- such as anificial gcnur.-:l :I'I[I:]l.i.l.'\."'l:ll.'l.‘ [1'.']. Thus,
improving transformer performance has been in the focus of
numerons research and industrial groups.

Significant anention has been given to optimizing transform-
ers: local and fized-window atention [28]-32], more general
structured sparsity [33], leamed sparsity [34]-{36], and other
algorithmic technigues [19]. [37] improve the performance of
transformers. M.'Jjul 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 efficlently
utilize GPUs. Even optimized implementations such as Mega-
wron [ 18] report achieving only 30% of peak GPU flop's.

We find that the key bottleneck when training transform-
ers s data movement. Improvements in compute performance
have reached the point that, due w Armdahl's Law and the
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hierarchies and new types of interconnect tailored for locality and tlestend on
sophisticated software to place computation and data so as to minimize data moverdant
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A Well, to a good approximation how we programmed yesterday ‘,‘\ - h‘
A Or last year? i
A Or four decades ago?

< : : 5 ) - AN

A Controkcentric programming I Ol dai¢ WS TVaaAIYyYSyY
A Worry about operation counts (flop/s the metrics A &y QG A G K'Hthe von Neumann bottleneck of programmir
< : : . o . languages and keeps us thinking in waitea-time
A Data movement is at best implicit (or invisible/ignored) GSNYE Ay YdzOK GKS at
A In fact, this is how we think about algorithms 0200t SySO1l R2S

Do this then that
A How to cross the chasm between algorithms and daentric computing?| ===

A Domain scientists and algorithm developers remain in the comgalric land

A Performance engineemnter the datacentric/spatial land

A An intermediate representation connects the twdooth may need to adapt!
A Performance Metaprogrammingponnects the two!

know if we are using memory well?
= What does high bandwidth mean If the algorithm
uses the loaded memory inefficiently?

= Memory Use Efficiency — an 1/O complexity metric
) fcieacy - BW efficiency = 2. 2,
D B

1/O lower bound / measured bandwidth/
measured 1/Os peak bandwidth

[173 views * Dec 21, 2021

[#SC21 panel "Programming Models for Future HPC Systems” talk: Data movement is all you need!

5 5 GJ DISLIKE 4 SHARE =+ SAVE  «
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Upleveling programming in the Zicentury ¢ Performance Metaprogramming
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NZ7 NumPy ' ZSSBSIES

TensorFlow ‘\ O PyTorch
MATLAB

-
Applied Scientist ii

translate DSL into
an Internal Representation

SDFG Builder API

Multi-Level
Library Nodes

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

main Scientist @g? Performanc

e Engineer

IRT e.qg.,

Parametric
Dataflow Graphs (SDFG)

i/ﬁ

2

100s of reusabl
SLOC

—)
4

~y/ \

———

Graph Transformations
(API, Interactive)

—
1000s of aute
generated SLOC
Transformed Specialized
Dataflow

Code Generation

CPU Code

Performance
Results

GPU Code

Runtime

FPGA Code

C++ code
generation/runtime

ETH:zurich
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DaCe.Pythortranslates to Parametric Dataflow Graphs (SDFGSs) as IR

Tasklet Memlets

/S

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19 12
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Data-Parallelismin Parametric Dataflow Graphs (SDFGs

Represent Parameters

Mm AN

Tasklet ) ( Tasklet X Tasklet )

B[O] B[1] /B[Nl]

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

13
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Data-Parallelismin Parametric Dataflow Graphs (SDFGs)

Parametric
Iteration space

(map)
A A[O:N]

A[0] A[1] \A[N—l] / [i=iﬁg_] AN
|
( Tasklet : ( Tasklet ) ( Tasklet ) ( Tasklet )
B
@, i /B[Nl] N [i=<l)rNE] /

B[O:N]

(B>

14

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19
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Non-dataflow ordering: Statesin Parametric Dataflow Graphs (SDFGS)

;AWN] ;cmw]

/  li=0N]  \ / li=0N]  \
LA 1 CI]
( Tasklet ) ( Tasklet )
L BII] LA
N =N S N =N S

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

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19 15
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Non-dataflow ordering: Statesin Parametric Dataflow Graphs (SDFGS)

State sO State sl

;A[O:N] ;C[O:N]

/. li=0N]  \ /  li=0N]  \

lA[i] lCﬁ]
( Tasklet ) e—— Tasklet )
[BI LA
N\ l=oN] N l=oN] S

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

BenNun, de Fine LichZiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigfPerformance Parallel Programs, SC19 16
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Parametric Dataflow GraphsConcepts

Data Containers Computation

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

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

A Data flowing between containers ataskletsports A Map scopes provide parallelism
ALYLX SYSYGSR Ia | O0Saax CA States constrain parallelism outsidedstatflow

A(l) [OMak] - — _C_ [E.]]_(Q 11: _Su_m_) > sO Mﬁ- sl [E0:M, F0N] [=0:M, FON]

BenNun, de Fine Lichgiogas TH: Stateful Dataflow Multigraphs: A D&antric Model for HigtPerformance Parallel Programs, SC19
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Performance Engineer view: Vlsual Studio Code Integration & Transformatic

» O -

T SDFG OPTIMIZATION

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

]

©

4}

®

\
a

~ TRANSFORMATION HISTORY

TaskletFusion
Onginal SDFG

Current SDFG

Schaad et al.:

GEMM >

gemm.py > P gemm > [#1B
import dace
import numpy as np
M, N, K = (dace.symbol(s) for s in "MNK')
@dace.program
def gemm(A: dace.floatBd[M, K],
B: dace.floatb4[K, N],
C: dace.floated[M, N]):
tmp = dace.define_local([M, N, K], dtype=A.dtype)
for i, j, k in dace.map[@:M, @:N, ©:K]:
tmp[i, j, k] = A[i, k] * B[k, Jj]
C[:] =

np.sum(tmp, axis=2)

gemm.cpp 2

> cpu »

67

gemm.cpp > & _program_gemm_internal{gemm_t *, double *_restrict_, double *_restrict_, double *_ restrict__
tmp = new double DACE_ALIGN(64)[((K * M) * N)I;
#pragma omp parallel for
for (autoc i = @; i < M; i += 1) {
for (auto j = @; j < N; j += 1) {
for (auto k = 8; k < K; k += 1
{
* i) + k)]1;
k) +3)1;
_out = {__inl ¥ _ in2);
tmp[((((K * N) * i) + (K * j)) + k)] = __out;
}

reduce 8 6 8
delete

__state, &tmp[8], & tmpl[6], K, M, N};
tmp;

Boosting Performance Optimization with InteractivelData Movement Visualization

M.

2 gemm.sdfg X

GEMM > & gemm.sdfg

Search the graph Aa
== |

MapState

Default

Default,
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Performance Englneer view: Analyzing Data Flows & Computation Volume

SDFG OPTIMIZATION 2 hdiff_parameterizedsdfg X »

» 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

None

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 Vd

Uncategorized v
name hdiff

Data Containers
Schaad et al.: Boosting-Perf@rmance Optimization with Interactive Data Movement Visualization
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Performance Engineer view: Analyzing Memory Access Patters & Locallty

K £ hdiff parameterizedsdfg X

& hdiff_parameterized.sdfg
P o @00 NG OOSE BN Dispay Breakpaints
:”.7 — [rn o ~ SDFG hdiff | 6o to source Go to Generated Code Clear Info x
— L Jd ~ A
N
o General v
2l arg_names [in_field, out field, coeff] &
0o callback_mapping n V4
T constants_prop
exit_ code
S

global_code

init_code

instrument No_Instrumentation ¥

logical_groups [z

openmp_sections L]

symbols ! 7

Uncategorized v
name hdiff

Data Containers
Schaad et al.: Boosting Performance Optimization with Interactive Data Movement Visualization
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Programmer/Performance Englneer view: Debugglng & 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 Bnl G
> 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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DaCeOffers Full Support for ML Pipelines Through ONNX

Key principle: minimize data movement and optimize data layout

Mish
1800
Forward+Backward mmm  Forward
O h OTHER DNN FRAMEWORKS 1600 [3/9] [2/7] [1/1] [1/3] [1/4]
1548.19
PyT xnet i
y orc 1l TensorFlow @ et I Keras 1400 )
and more... 1378.85 Batch
1200 Input: 3x320x320
¢C] ONNX
. 2 1000 -
T Import, Conversion, = 988.77
METADATA } Symbolic Shape Inference E 800
i ) LibraryNede Conv_0 716‘ 00
e 15T 600 601.90 597.26
ONNX Model group: 1 400 444.80
kernel_shape: [ 7, 7] 390.14
pads: [3,3,3,3] 352.32
strides: 2,21 200
10x3x224x224 name: Conv 0 iEEI;IiI
Conv 0
ST PyTorch torch.jit TF+XLA DaCeML
10x64x112x112 EfficientNet-B0O (MBConv)
BatchNormalization 9
. Forward+Backward W Forward
8

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

10x64x112x112 [18/130][15/1271[29/132] [13/56]
s 649 650

10x64x112x112 5..82 5.96 5 ‘68
MaxPool ES
g
E 4
3
2

162 [l > W76

1
0

PyTorch torch jit JAX TF+XLA DaCeML

Framewor k f Machi

-@dnt
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Data Movement Is All You Need: A Case Study on

Optimizing Transformers

Andrei Ivanov®, Nikoli Dryden”

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 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 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 bottlenecks.

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].

, Tal Ben-Nun, Shigang Li, Torsten Hoefler

ETH Ziirich

firstname.lastname@inf.ethz.ch
* Equal contribution

al {

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 L as g a single
layout is insufficient. Overall, we achieve at Ieasl 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.
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[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/computerdisotiateoswiss] 26
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A Full dynamical core: 12,450 Python LoC across 36 modules
vs. 29,458 in the baseline FORTRAN implementation
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# #  CentroSvizzerali CalcoloScientifico

MASIPCL .

class HyperdiffusionDamping
#...
def _ call__ (self , gdel: FloatField , cd:

#...
for n in range (self ._ntimes):

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

if nt > 0:
self ._ copy_corners_x (self ._q)

self ._ compute_zonal_flux [ n](
self ._fx, self ._q, self ._del6_v)

#..

del2cubed.py

Swiss National Supercomputing Centre

float ):

Dynamical Core (fv_dynamics)

8,010

Stencil calls per
timestep: 18,978

Acoustic Dynamics

v

. 1,765
Remapping
del2_cubed 131
te
/ v
neg_adjust_3

132

cubed_to_latlon

L @

Legend
Component with
Multiple Stencils

. Python Lines of Code
Horizontal Stencil

Vertical Solver

2,088
Tracer Advection
—

2

c_sw TS
v
update_dz_c 222
v
riem_solver_c 287
v
p_grad_c 2

v
4,536

d_sw
:
2,050

updatel_dz_d

@ Halo Update

40
riem_solver_3
nh_p_grad e
l 155
ray_fast
del2_cubed 131
L 1 |
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def dycore_loop (state,

for _in

spcl.inf.ethz.ch
y @spcl_eth

range (time_steps

):

ETH:zurich

dycore , time_steps ):

dycore . step_dynamics (state )

state = initialize_state

(.)

# Data loading

dycore = fv_dynamics . DynamicalCore (...)

# Invoke function

dycore_loop (state , dycore, T)

validate (state )

plot_on_map (state .x_wind )

dynamics.py
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Jupyter
o
plot_on_map (state .x_wind ) T
dynamics.py

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