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compilers are YEI'Y complex

hand-coded heuristics
(out of date by time of release)
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irrelevant incomplete unsuitable

e.g. not capturing the right N
information e.g. missing critical .
information e.g. wrong combination of

features / model
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Heuristics without features

Beats expert approach

Learning across heuristics
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preprocessing ___ normalize identifiers & code style

1.var/fun names: ‘foo, ‘bar’, ... 10 a, ‘b, ...
2 sanitize whitespace
3.consistent use of optional braces

~——— encode as sequence of vocabulary indices

Vocabulary table for characters +
lang keywords



_summarize sequence as vector
(2 layer LSTM network)
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kernel void memset_kernel(
global char* mem_d, short val...

kernel void A(
global char* a, short b...

b
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short
void
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Abstract

Ceneral purpos: G Dused systonms we hughly altcine as
they oove potent ally vass ve parfoomance At Dittle cost. Re-
alixing suck poendal 1s chalkengieg <ec 10 the complexity
of progzmmang. Tns paper mesents 3 conguer based ap-
praach 10 auomartically generaie opimized OpeeCL code
froon dotu parad el OoenMP progmumes for GPUS Sach an
approach brings gether 1as beneds of @ clear high lev-
el larguege 1OpenMP] and un emerzing stuncdund [OpentCL)
for hetaragencous multi-cares. A key feature af aur <ckeme
15 thif 11 Jevermges exisnng ranstomaners, espeeia ly dma
transformetians, to impoave parfomarce ca GPL architec

turey mmd wecs prodxclive medeling o awomatically dews-
waioe of it s worthw hide rooanang, D CpenCL code on the
GPU or OpenMP code on the muld<core host, We applad
v agpproach b by cotite NAS parallel banchanars suste
and cvaluared it oe vwe datie GPU basod systems: Coee
VUNYIDIA GeForve GTX S8 and Core 137D Rdeon
TIT0. We ackioved average (ua ta) saeadups of 1.57% asd
420 C143x and e 73 respecnvely over oo sequeniial anse-
line. This 15, on averape, o factar LAY arwd .56 timas faster
tian = haed=coded, GFU-specilic UpanCL paplononlaion
denvelopad oy indeperdent exoert proacs inne s

Categarics and Subjoct Deseriptors 12322 [Prog o
rainy Longaages]: Procassors—Compilers

General Terms  [operimentation. Langaages, Measure
mew, Performearse

Keywords CP'U, OpeaCL, Machine-Leaming Maoping
I. Introduction

Hesrogenmas sysiems considing of a host nalti cone awl
CI'U are Mghly amesetive a3 they give polemially masalve

Pormmioam o rods digiz) oo bord copizcof 2] o0 pant o7 b Lok ke ceraeul o
Slaneer e s pramkal s thedd 150 pevroadsl 10 Sopecs aec sad e or Aol aed
Bor gkt on conmmes ¢ 30 e arags nd B Copacs B D motie g and he T Citen
o0 o e T oy ceherw e, o mepe e o oo aeevers o mad e
el oy res peler el pesdodon 2 detra i
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perfermanes ot 1tz cost. Kealizing snek pocenuin ., hewever,
ischalengine cue to the complexity of arogromming. User
$ tvpizally hawe 1o idennty peoential sectces of their socs
suatable oo SIME stvle pacallelizoton cod ceverite then in
an architecturzespacitic languagz. To achiove good perfare
nEnce, sgeibcant rewniag ey be needed Wl e G2UJ
prograneming neadel and 10 amwnize the cost of commu-
niciting w a seonrale device wila o dstiect uddress spoce.
Such poogranming conlesity is a Lar e g greater adop-
tion of GPL based DRISTogencous sy eims,

CpenCIL is emerging a5 a staadard for Belermzeneous
ml-cortGEL sysiems. 1 allows the same code o be o=
ecuted acreas & varety of procesaars ircluding walti-cnres
CPUs and GPUs. While it provides Tusctianal seetabiliny
il does ool recesandy poovide pecfongamee patabny. e
prictie prograns have 10 be rewrnen anc weed 1o deliver
perlvomunce when turgeting new precesons | 16 ] OoenCL
thvas does litle 1o reduce ke prezramming comalexiny bamd-
er far users,

High level shaed memory amvgramamenz knguages such
35 OpenMP 220 mare gumeive, They gNe o SImpie upgracs
path to parallzlisn for existing, progiams wsing prapmas Al
though OpenMP s mainly used o programming shared
mwcrnory nalt-coees, A os 0 loga-lesel lageage with Litle
hardware «oecific informatian and can be argetzd 10 mhe.
er plAlogms, Whil we would lie s the wse of progron
nunz of OpeaMP with the GPU avallabillivy of OpeeCL that
i= hen optamzed For o purticubr plutforme ured grucelully
adapts 1o GPU evoluticn. We deliver this by daveloping 2
campiler basxd appreach that sutoneaically gencralss opl-
mvred OpenCL fram a sabset of OpealMP. This allows the
USCE 1O CONUC 12 Us2 the same programaning language,
with o wdificatons. while beascfiting oo matically foons
hzteropereous perforneanse.

Ihe antellortm tes dicetion e [ 157 Hore, e Opeat-
PC comniler penerassc CUDA code fram OpenMP program-
s, While promising, Uwere arz two signibeant skonconiags
with this appcach, Fostly, OpenMFC does not apply dats
transkamatoas. As =21 0 thes puper dain trans farmsien
are crucizl o achieve pood performance cn GPLUS, Second
Iy, the peograms aee always cxccurad on GPLs. Wil GI'Us
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ABSTRACT
O punCL I Dovn deeggued W6 sdiresy Tuuctivos] pocluladivy

serea wrnlbi-com cedoes froen diffureeit wanckies Huawawr,
the luck of o single rros-turget apiimezeng cocnpiler sy
Imits performance partahil'ty of CoenCL peagram s e
pramenues real to minnally tuns appliestioois for ssuch spe-
cific devics, poeventing effective pactability  We tanges a
campier trarsformaticn snecific far daraparallel languages:
tieusd-eanoyedng sal show it ean aprove perlausace seross
ditterezs GI'U devices, \We then address <he preblem of os
leetingg the test valwe foc the coprazing fucter peszmeter,
b, decikding o minny tareacs 1o mesgre together. Ve oxe
it bl by <tenw that this i bard prstlem tomolee mord
canigureticos are didficult to Znd and naive coarseniag in
facr beards to sobstarrial slowdoome We propose a solusion
Lessod on & mschioe-loseniay medel tw, prodicls bhy b=t
ocoarsening tactor using ernel functico static teatures, The
mncel antematrlly spemalines tn the differcnt architertnos
oans dered. We svnuare cne opgraach om 0T Bonstmarks on
Fomr chevives: o Netding G P and twa i Seest mpnersticns
<of ABMD CPUs. Using our technigqoe, we echiove speedups
berweam 111 and 1.X1X on awirRge.

I. INTRODUCTION

Crephleal Processing Unite (OPUs) are widely wsed foc
kigk perfoervance compating. | rey prveide svat-affeere
paralicdize for s widk vange of pppocalions, The sucecs of
thess devices has lead to the incrodoction of & diveoss rangs
of wrehitoctures Lo weany hedware mancfuctares, This
b cnceatiead Lhie need [0y S co oo peoggacnming langwags Lo
Baarness ths wuisable parslalew io s puratle way. OuenlL
Is an Industey stondord lazguage for CPUs that offers pro
oram pretabllity asmas ansalarareea of differant vendom: a
single pieos of OpeaCL code is weerunbewd Lo Le execctinble
o0 many divenss desooss,

A weform leguage specileaton, bhoveser, s socuincs
programimars Lo manuslly optimize kernel cods 10 provs
pacfonmsa: vu eacds Langet sockitecture, This is o tedious

Pemluron m maks dgkal o Raod cosks of 1 o un of ©b wart o perorad of
comrreer e s poenedd aciboel wwopaaidal ol cgres o e reabooe Sides
for poocki or camerarsl sdvarcagz and dut soako Bow i reekoc ard e Tl ok
wmn e bre pegr. Uiprpegdes o cempeese o 0 samcoorased oo han for
ALM rram 32 bearecd Aberazing sk oredls boperelzzd. e copy sz, aere
Tehlid npon == semsen ammoede i e 1 lebg gy reer spoc i [erroe e
avder afoe. Roquos pembd oes frvoen Mo bod oeo Sacm oo
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proceas waieh maguimes koowladm ol bardwam beaboaios, and
mezst be repesates] esch ciiee che bordease s updatesd, The
problem is particolarly acote foe GPLS shich andergo rap!d
T wnrs wwclutioen.

Tae eolution to thie problem 35 o cross-architect ural opti
moner capable of arhoering performance partahite. Corrent
propesals for cress-archlzectural canzpller support |21, 34| ol
inwvel v warking oo son rn-to-aarros trancfarmations. Coen-
pike iptermediate uprescretices 6] wwd [SAs 3] chot spen
st arviors of different vendars have still to reach ol
EINEE

Tais paper erndies the iewe of performance poctability fo-
cnsing o0 the eptinxation of the threcd-marsenngy compiler
truaslwenastive. Thresd carmaing 21, 30, 51] wengs Lo
gee har tows ar ome nara @ thwacs, Inereaging tha swooaunt
of wuck porfoezed by asingle throad, and ndueing the wicl
nembe af theeads iretantinres. Selectkng <he hest cnarsen-
ing, faeclarr, 3o, the memnbere of thresude Lz s bippbher,
a trade-off betwwsen explaiting thoeac-evel parallelism srd
avakimg meacution of reducdant structioas. Making the
corrast chows Jeals 1o sigaifaat spoaduie co Gl vue gl
focme Cur daza show that pickicg the optimal coarssning
fuetve is dilfoult siooe mest cozdigerutions lead e pecfoc
manae cawngran s aved any carefn selection af the onarsen-
ing, budoe mivis smpmrensenbe, Suluzing e ivel paeoneler
roquires knowkecge of the pesticuler hardware platforn:, 4.,
different G s have different optimal facors

T thie work we scont the conmening factor wslng oo su-
tomated machine leamicg techeique Wa build oor model
hases om noeeseede of ekl neteveks thne deeice wheher
it ‘= heneficlal to apply covrsening, The Spmrs to the model
arw wabie conde Dondisress vt rachind Trean e parallel OpeanCLL
code. These features inciade, emoag the ochers, bracch di
wepere and mstriedon mi infeemacion.  Tha tecknlque
i applod 1o Lwr OPU mechitootures: oo cad Kepier
froan Neevdia and Cyprese and Vbild from AMDL Whiks naive
COATSITINE TRias apcimimtion onpoartanitits, sur appeanch
Bives an evcioge porfocmoc o improvemens of 1.16¢, 111,
1.8, 1.90x reeqpiad velye

In sumzary tae paper makes the following ccatributions:

« We provide o cZarocterization of the cptimization epace
arwes frore erohiractures

* We develoo o machine learning technicus bosed oz o
neuml neteerk to predint coursening.

* Vre shuvw sgreficant pecformanos impooremsats across
17 henclunus
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Heterogeneous Mapping Thread Goarsening

1. Use the same model design for both

2. Notweaking of parameters
3. Minimum change - 3 line diff
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14% and 3% improvements over state-of-the-art

o State-of-the-art | | DeepTune

Speedup

Heterogeneous Mapping Thread Goarsening



14% and 3% improvements over state-of-the-art
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14% and 3% improvements over state-of-the-art

o State-of-the-art | | DeepTune
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14% and 11% improvements over state-of-the-art

2 State-of-the-art | DeepTune B w. Transfer Learning
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Shew Reader View i . & GitHub, Inc. github,com, ChrisC ummins/papar- 2nd 2 and -dl/binob, mastaricedn)

‘ ’ This repasitory Pull requests Issues Marketplace Gist A +~ BE ~ 4. Eva'uaﬂon
Hera we avaluata the quality of tha madals using two matrics: pradiction accuracy, and narformance re ativa to the static magping:

I ChrisCummins [/ paper-end2end-d| @ Unwatch~ 2 Y Unstar 3 4.1. Prediction Accuracy

d -~ []

d.append (np.append (basel ine.grouphy ([ '2latfarm' 1) [ Carrect? ' J.mean().values * 100,
baseline[ 'Correct?' J.mean() * 100))

d.append [(np.append [grewe.groupby( [ "Platfaorm'])[ 'Carrect? ' J.mean().values * 100,
grewe[ 'Correct? " J.mean() * 100))

d.append (np.append (deeptune.grouphy ([ 'Platfarm’ ])[ Caorrect? ' ]J.mean().values * 100,
deeptune[ 'Correct?' J.mean() * 100))

d - np.array(d).T.reshape(3, 3)

<> Cecde (1)Issues 0 "1 Bull requests 0 I'l Projects 0 {3 Settings Insights ~

» "End-to-end Deep Learning of Optimization Heuristics" (PACT 2017)
deeg-lgarning compiler-optimizations neural-network tenscrilow keras publication paper autotuning machine-learning

academic-publicaten  NManeage teoics _ '
pd.DataFrame(d, columns~[‘'Static mapping', 'Grewe et al.', 'DeepTune'],

index=[ 'AMD Tahiti 7970', 'NVIDIA GTX 970', 'Average ])
Out[19]:

© 19 commits ¥ 1branch ©> Oreleases 12 1 contributer Static mapping | Grewe et al. | DeepTune

i
NVIDIA GTX 970 |58.211765 72941176 |80.294118

Eranch: master v New pull reqguest Create new file Upload files  Find file Clone or download ~
Average 57.867647 73.161765 |[81.8852941

@ ChrisCummins Add image to readme Latest commit 79db1cf on Jul 18

Figure 6 of the paper:
M code Support CentOS, Ubuntu, and Arch Linux a month ago
if isnotebook():

import matplotlib

import matplotlib.pyplot as plt

import seeborn as sns

M dala Add Case Study B 2 menths age

o tex Camera ready fixes a month ago

from matplotlib.ticker import FormatStrFormatter

= .gitignore Initial implementation 3 months ago i EEe e e




Problem: feature design is hard

Feature heuristics

First cross-domain learning
11-14% speedups
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