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Abstract

This dissertation deals with data volume reduction techniques that aim to improve the perfor-
mance of memory-bandwidth starving applications. Although our methods can be successfully
applied to serial execution [KGK08], we concentrate on parallel shared-memory architectures
where memory bandwidth is scarce, but (pure) computation power plentiful. Our proposed tech-
niques aim at decreasing the non-scalable part of execution time (memory access), at the cost of
additional computation overhead. We argue that, since the additional cost is scalable, it will be
mitigated as core count increases.

We focus on the application domain of sparse computations. We show that the performance of
the sparse matrix-vector multiplication (SpMxV) — an important and ubiquitous scientific kernel
— on shared memory systems is restrained by the severe lack of available memory bandwidth.

To decrease memory contention and improve kernel performance we propose two compres-
sion schemes: CSR-DU, that targets the reduction of the matrix structural data by applying coarse-
grained delta-encoding, and CSR-VI, that targets the reduction of the values using indirect in-
dexing, applicable to matrices with a small number of unique values. Thorough experimental
evaluation of the proposed methods and their combination, on two modern shared memory sys-
tems, demonstrated that they can significantly improve multithreaded SpMxV performance upon
standard and state-of-the-art approaches.

Motivated by the design of CSR-DU, we generalize our approach and propose a storage for-
mat, called CSX, that aims at sparse matrix structure exploitation by supporting arbitrary com-
pression schemes. We describe a first implementation, based on delta run-length encoding, that
focuses on generality and neatness. Although our work is still under way;, initial experimentation
shows promising results — especially for matrices that are unable to benefit from CSR-DU.






Evxaplotieg

H napovoa SatpiPr) ekmovrnke oto Epyaotiipto Ymoloylotikwv Zvotnuatwv tov EOvi-
KoV Metoofrov ITohvtexveiov. Xto ovykekplpévo Xwpo eixa TNy evkatpia va épbw oe emagn e
avBpwmnovg kat d€eg mov eixav kaBoploTikd poro atnv e&ENEN pov wg epevvnTr, aAAA& Kat Yevi-
KOTEPA WG AvBpwo. Oa NBela, EMOUEVWG, VA EKPPACW TIG EVXAPLOTIEG [LOV O€ OAOVG AVTOVG TTOV
ovvéBalav otn Snpovpyia evog yOvIHov KAILATOG 0TO £V AOYw epyaoTnpLo.

Apxkd, Ba Bela va evxaptotiow Tov emiPAénovta kaBnyntn g StatpPng, N. Kolopn yia
Vv molveminedn otrpi&n mov pov mapeixe, AAA& Kat ylo THV EUTLOTOOVVI KAl TNV TOTH OV
¢dei&e oo Mpoowmnd pov. Emmpoobeta, Ba ndeka va evyaplotiow ta vtolowma uén TG oup-
BovAevTiknG pov emtpomng, Tovg kabnyntég I'. Ianakwvotavtivov kat IT. Toavaka, kabBwg kat
tov kabnynt K. Zaywva, n a@oociwon Tov 0moiov 0Ta HETATTUXLIAKA TOL pabnuata pe forOnoe
va épOw o€ emaQr) e VEEG EPEVVITIKEG TIEPLOXEG.

Oa 10eha, emiong, va evxaplothow ep@atikd tov I'. Tkovpa ya Tnv kabodrynon, tnv vmo-
povn kat Tnyv mpoBupia Tov katd ™ ovvepyaoia pag. H ovpPolr tov otn datpiPn frav kabopt-
OTIKN.

Evxoaplotw Sartépwg tov I. Toovkald, kupiwg yia Ty entpovi} Tov va avalnté tnv ovoia,
Toug A. Zwtnpomovlo, B. Kovkn, A. Xalamn, I'. Bepryakn, A. Ziowo, I'. AvaotoénovAo kat B.
Kapaxdon, kaBadg kat Oha ta — véa kat TaAd — péAn Tov gpyactnpiov yla T SNULOVPYIKN
ovvepyaoia kat To PIALKO kabnuepvo mepiPaAlov mov pov Tpooégepay.






0.1 Ewaywyn

O vopog Tov Moore Teptypa@et piot Taon TNG TEXVOAOYiag ene§epyactdy, CUUPWVA e TNV
omoia 0 aptBuog Twv tpaviiotop mov umopovv va tonobetnBovv e Eva OAOKANPwWHEVO KOKAWLA
Sumhaotdletan kaBe §vo xpovia. Méxpt mpdopata, HTav EQPIKTH 1) EKUETAANEVOT) TNG TAONG AVTNG
yta T PeATiwON TNG OELPLAKNG EKTEAEDT|G EQAPUOYWY XPTOLHOTIOLWVTAG TEXVIKEG TTOV GTOXEVOLY
otnv a§lomoinon g maparnhiag emmédov evtodwv (instruction-level parallelism - ILP). Qoto-
00, Ta TehevTaia xpovia n mpakTikn avty dev unopei va eEacgalioet tn Pektiwon tng enidoong
Twv ene§epyao Ty, egattiag TPoPANUATWY OTIWG N HEYAAN KATAVANWOT) EVEPYELAG.

Av kat v pEav kamoleg epeLVNTIKEG TPOOoTIdbeLeg TOV amookonoboay otn Pektiwon Tng oeL-
plaxng emidoong [CSCT05], paivetan va £xeL emikpathoeL n dmoyn OTL 1) TPOOLYyLon avTh eivat
adte&odn. Avtifeta, n texvikn TG EVOWUATWONG TOAATAWY VTTOAOYLOTIKWY TTVPTVwV (cores)
otov enefepyaotr Bewpeitat i povn AOOT, WOTE OL EPAPHOYEG VA CLVEXICOVY Vo EMWPEAODVTAL
and 1o vopo tov Moore. Ot eme€epyactés avtoi ovopdlovtal enefepyaotés mOANAm @Y mupr-
vwv (multicores, chip multiprocessors — CMP) [ONH'96] kat amotehovv mThéov T vopua oTn
oxediaon enefepyaotdv [PDGO6, Gee05]. Ot enefepyactéc CMP Avouvv ta mpoPAnuata twv
ene€ePYaOTWV TTPONYOVHEVNG YEVLAG EXOVTag amhovoTtepn oxediaon kat oToxevovtag otny afto-
noinon g mapaAiniiag emmnédov vipdtwy (thread-level parallelism — TLP) kou oyt emmédov
EVTOADV.

QoT600, autr} 1 alkayn otn oxediaon enelepyaoTwy EQepe CIUAVTIKI AVATAPAXT] GTOV KO-
opo Tov hoytopukov. Ilpwv and v kabiépwon twv enefepyactwv CMP, ot epappoyég, atn ov-
VIPITTIKY] TOUG TIAELOYN@ia OELPLAKEG, ekpeTaAAeVOVTAVY TIG SuVaTOTNTEG TV VWV emefepya-
otV Xwpic va anatodvtat alkayég otov kwdikd Toug. Kabwg ot moAvmvpnvol ene§epyaotég
kaBiepwvovTal, ot TPOYpaApUaTIoTEG Oa péTel va eYKATAAEIWYOVY TO OELPLAKO TTPOYPAUUATIONO
KAl VO EVOWUATWOOVY TEXVIKEG TTAPAAANALOHOV OTIG EQAPUOYEG TOVG.

Ynapxovv 8vo Pacikd {ntrpata mov mpénel va AngBovv voyn katd Tn petdBacn oto mold-
enekepyaotikd povtélo: 1 Suvatdtnta Tpoypappatiopot (programmability) kat n enidoon. Ze
avtr) ) StatpiPr aoxohodpaote pe Opata emidoong. ZvykekpLpéva, n TApovO EPYACia OTOXEV-
eLotn Pektiwon TG emidoong epapuoywV He €vtoveg TpooPaocelg otn pviun. Ote@aployég avTég
ovviiBwg dtémovtat amod 6o xapakTneLoTkd: (a) VYnAo pvbuod npooPdoewyv oTn Lviun o€ oxéon
pe ipd&elg vtoAoyiopol kat (P) TepLopLopEVT XPOVIKT TOTUKOTNTA avapopwy (temporal locality).
Ot e@appoyég pe évtoveg TpooPdaoelg oTn puvnun, akopa kat av n maparAnlomoinor tovg dev
nephapPdvel emmAEOV KOOTOG, avapéveTal va £xovv XapnAn emidoon oe molb-enegepyaotika
ovotpata potpalopevng pviung. H artia g xapnAng enidoong eivat n advvapia twv nepioco-
TEPWV CLOTNHATWYV va Slatnprioovy LYNAO puOUS HeTaPOopds deSopévwy KT TNV TAVTOXPOVN
TpOoPacn TOAATADY eMeEepYAOTIKWV HOVASWY OTNY KOpLa Uvipn. TNV TEPIMTWOT AT, Ot
KaBvOoTEPNOELG TTOV TIPOKVTITOLY TiEpLopilovy TNV eMidoon, diaitepa Qv OL AVAPOPEG GTN UVAUN
elvat avayvwoelg, and Tig onoieg e§aptwvrat peANOVTIKEG EVTONEG.

EmikevipwvopaoTte o VTOAOYIOHOVG apalwy Tivakwy (sparse computations). Ot vitoAoyt-
OHOl apalV TVAK®Y OLVAVTWVTAL 08 TANOWPaA EMOTNHOVIKWY EQAPHOYWDV (T1.X. 0TIV emiAvon
pHepkawv Stapopikwv eflowoewv — MAE) kat agopovv mivakeg Tov mepLEXovy Heyalo aptbuo
undevikdv ototxeiwyv. Zvykekplpéva, otoxebovpe otn PeAtiwon tng emidoong Tov vIOAoyLOTL-



KoV Tuprva ToANamAactacpol apatov mivaka pe dtdvuoua (sparse matrix-vector multiplication
- SpMxV). O OLYKEKPLUEVOG TIVPTVAG, AV Kat atAdG, TTapovotdlet xapnAn enidoon kat €xet armo-
Teléoel avTikeigevo TOAWY epevvnTikwy epyactwv [AGZ92, T]92, CA96, Tol97, WS97, PH99,
1Y99,Im00, GR99,1Y01, VDY ™02, Vud03, MCG04, PHCR04, PHCR05, BELF07, VM05, KHK " 05,
WL06, WOV 109, Wil08, BBR09, KGK09b, KGK09a].

H napovoa epyacia Siepevvd tn xprion texvikwv ovpmieong dedopévwy pe otoxo TN Pelti-
WOT) TOL XPOVOL EKTENEDT|G EQAPUOYWV He EvTOveG TTpooPdoelg otn pvrun. H Paokn diapopa
and TG ovvnhBelg TexVIKEG oupuTieong eivat 0TL dev apkel 1) Heiwon TOL OYKoL TwV deSopévwy.
Avtifeta, yla va petwbei o xpovog ekTéNeong TG eQapUoyn¢ eivat amapaitntn mpovndbeon va
VTIEPKEPATTEL 1] OTIOLA ETUPAPLVOT| TTPOKVYEL ATIO TNV ATTOGVUTILEDT).

2t ovvéxela mapatietatl Lia GUVOYN TNG GUVELTQOPAG TNG TAPOVOAG EPYACIAG:

o Alepevvovpe Tn ovpmieon dedopévwy wg TeXViKn yla Tn PeAtiwon g emidoong voloyt-
OTIKWV EQAPHOYWYV TIOV XapakTnpifovtal and éVtoveg TPOoPAOELS 0TI UVHHN. ZKloypa-
@QOUE TIG TTPoVTOOE0ELS KATW ATt TIG OToiEG Hia TéToa TeXVIKT PeATioTonoinong Ba eivat
ATIOTENECUATIKT).

o Meletovpe tnv emidoomn Tov vVTOAOYLOTIKOV Tuprva SpMxV kat kataAnyovpe 0Tt (a) 1
enidoor| Tov meptopiletal and Tov avenapkn puOuod petapopds SedopEvwy anod Ty KupLa
pvrun kat (B) tnpet Ti¢ anapaitnteg mpovmobécels wote 1 ovpmieon dedopévwy va €xet
Oetwkn emidpaon oty enidoomn tov.

« Ilpoteivovpe To oxNpa amobrnkevong apatwv mvakwv CSR-DU. To oxfipua CSR-DU oto-
Xevel ot ovpmieon twv dedopévwv Soung Tov mivaka xpnoponolwvtag kwdtkomoinon
SéAta (delta encoding) kot a§lomowvtag cuvexopeva otoueia.

+ Baowlopevol otny mapatiipnon 0Tt apKeTol TVAKEG TTEPLEXOVY OUAVTIKO aplOpd and kot-
VEG aplOunTIkEG TIpéS, mpoTeivovpe To oxrpa armoBnikevong CSR-VI. To oxnua avtd vho-
ToLel CLUTIEDT) TWV APLOUNTIKOY TIUWV TOV TiVAKA XPOLUOTIOLWVTAG EUHEDT) OelkTOOTN-
on (indirect indexing). EmumAéov, mpoteivovpe 1o ovvdvaopd twv oxnuatwv CSR-DU kat
CSR-VI o¢ véo oyxrpa mov ovopdletat CSR-DUVIL

o Téhog, mapovolalovpe Ta amoTeNéopata Hiag TPOTNG Amonepag yid tn Snpovpyia evog
YEVIKELPEVOL OXTHATOG amobrkevong, To omoio punopei va vtootnpiet TOAAnAd oxnua-
Ta ovpmnieong. Ovopdfovpe to oxrpa avtd CSX Kat Teptypd@ovpe pio apxikr vAomoinor
Tov Pactopévn o kwdikomoinon déATa kat og TEPLOPLOHO TWV EMAVAAAUPAVOUEVWV TIHDV
(run-length encoding).

H ovvéxeia g StatpiPrig éxet opyavwbBei wg e&ig: oo 0.2, tapovalalovpe To anapaitnto
vnoPabpo kat Tn yevikn 1d€a NG XpionNg TEXVIKWV oupmieong ya T BeAtiwon tng emidoong
TOALVIHATIKWV epappoydv. Ta 0.3 kat 0.4, mapéxovv pa cOVTOUN emOKOTNON 6TO Medio TwV
apaLwv TvVaKwy, evd Tto 0.5 e€etdlet v emidoon tov mupriva SpMxV. Eto 0.6 mapovotdletat
10 oxnfpa anobrnkevong CSR-DU, 610 0.7 To CSR-VI kat 070 0.8 T0 oxrjpa CSX. Téhog, to 0.9
ov(Ntd oxeTikég epyaoieg kat To 0.10 ovvoyilel Ta CLUTEPATHATA TNG TTAPOVOAG EPYATiag Kat
napovotalel peAovTikég katevfvvoelg.



0.2 YnopaBpo

0.2.1 Xvotipata potpalouevng Hviung

Ta ovotipata potpalopevng uvnung eivat pio otkoyéveta TapaAAAwy GuOTHHETWY TTOV TTe-
phappavouv moAamlovg enegepyaaTég, oL omoiot potpdlovTal TNV KEVIPLKI| (VU TOL CLOTH-
Hatog. Méxpt mpoogata, 1 o Stadedopévn popPry CLOTNUATWY HOLPATOUEVNG UVIHNG NTAV Ta
ovotrpata SMP (symmetric multiprocessing). Ta cvotipata avtd anotehodvtal and molha-
TAOVG eMe§ePYATTEG, OL OTIOIOL ETIKOLVWVOUV HESW €VOG StkTvoL Staovvdeong. To Siktvo avtod
eivat, ovvnBwg, évag dtadpopog (Zxnpa 1a).

memory bus

) )

[ Main memory ] [ Memory node Memory node ]

(a) (b)

Zxnua 1: Zvotipata potpalopevng uvhung (a) Zootnua SMP (b) Zvotnua NUMA

To Paoikd pelovéktnpa g apxirektovikng SMP, oxetikd pe tnv emidoon, eivat OTL 1 pvrpn
anoTehel KOO TTOPO yLa OAoVG Toug enegepyaonTés. Otav ot enefepyactés mpoonedd{ovy TavTo-
Xpova TN Hvhun, dnovpyeital ovppopnon otov dtadpopo didTt ot atrioelg mpooPaong oelplo-
motovvTat. Mia eVAAAAKTIKY) apXITEKTOVIKT IOV avTipeTwiet avtd to mpoPAnua eivat n apyt-
tektovikii NUMA (Non-Uniform Memory Access). Ztnv apxitektovikr) NUMA, 6nwg gaivetat
oto Zxnua 1b, n uvnun katavépetar oe moAamAovg koppovg (nodes), ot omoiot cuvdéovtal e
éva enektaotpo Siktvo Staovvdeons. O kdbe kouPog NUMA eivar Tomkds oe éva oUVoAo eme-
Eepyaotwv kat n Tomkn mpooPaocn eivat, Yevikd, vynAotepng enidoong and Ty amopakpvoué-
vy mpooPaon. Eival cagég 0tL n apxitektovikr avthy apBAdver To TpoPAnpa TG TALTOXPOVNG
TPOOTIEAAOTG 0TI KUPLA VIUN, OV OL EMEEEPYATTEG UTTOPOVV VA XPTOLUOTIOLODY TAVTOXPOVAL
Stagpopetikovg koppovg NUMA. BéBata, katt tétoto mpovmobétet katdAAnAn tonobétnon twv
dedopévav otovg kopPovg, wote 1 mpdoPaoct va eival feAtiotonomuévn. H evbovn g kataA-
AnAng tomoBétnong Twv dedopévwy dev evanotiBetat 6To VAIKO, aAAd 0TO AELTOVPYIKO GVOTNHA
1) GTOV TTPOYPAUHATIOTH. Ta CLOTARATA AVTA KATNYOPLOTIOLOVVTAL WG CVOTAHATA HOLPALOHEVNG
HVAHNG YlaTi Tpoo@épouy pia eviaia kat ovvaer (coherent) etkova TnG UvnungG.

21 Tponyodpeves Tapaypdpovs avagepOnkape og oxUATA HOLPATOUEVNG VNG YLot TIOA-
Aamhovg ene€epyaotéc. Ot enefepyaotég avtoi, woTdoO, eival mBavo va eivat moAvtvpnvot. Tia
napadetypa o Zxnpa 2 tapovotdlel To Siiypappa evog enefepyaoth pe téooepig moprves. Kabe
évag amo Tovg muprveg éxel T Stkr} Tov Kpuen pvrjun L1, evaw ot muprveg potpalovtar Svo kpueég
pvriueg L2 ava Levyn. O emefepyaotns pmopei va ouvdéetat anevbeiag oTny KEVIPIK Uviun 1 va

7



napepParAeTal pia kKpLEN HVHENG ov Bpioketal ekTOG odokAnpwpévov (off-chip cache). ITpo-
Qavwg, ot Tohvnvpnvol enefepyactés emdetvwvovy to TpoPAnpa emidoong mov Snutovpyeitat
KATA TNV TOVTOXPOVN TIPOGPaAcT OTN UVAUN.

o] () (o] (]

e e

'

main memory (or off-chip cache)

2xnua 2: Mapdderypa moAvupnvov enefepyacTr) pe TEGOEPLG TUPTVES.

0.2.2 EMEKTACIHOTNTA EQAPUOYWDV O CLOTHUATA HOLPAlOUEVNG UVIjUNG

Onw¢ anekovietat ato vopo tov Amdhal, n @ikt emtdyvvon (speeudp) tng emidoong piag
eQappoyng oe pio TapdAANAn apyLTeKTOVIKT TieptopileTal and Ta OelpLaKd pHépn Tov TPOYPAp-
natog. Eivat mbavo, wotdoo, n vhomoinon piag mapdAAnAng apxITEKTOVIKNG Va amoTeENETEL TNV
attia yia T OELPLOTIOINOT TTEPLOXWY TOV TIPOYPALLUATOG Ol OTIOIEG Efvall, A0 TNV OTTIKN YwVia TOv
TIPOYPAUHATIOTH), TTAPAAANAEG.

ZUYKEKPLHEVQ, OTIG APXITEKTOVIKEG HOLPALOUEVNG HVIIUNG T) OVUTIEPIPOPE TWV EQAPUOYWY
eEaptdtat oe peyalo Pabud amno to eidog Twv mpooPacewv mov mpaypatonotovy ot puviun. Ot
eQappoyég mov Sev éxovv ekapTroelg Sedouévav Kat Tapovatalovy Ko TOmKOTTA AvVAPOpwDY
Teivovv va meTvxaivouy LYnAEg emtaxvvoelg, S10TL o kabe muprvag umopei va Aettovpyel xwpig
va enmnpedlet T Aettovpyia Twv vrohoinwy. Avtifeta, eQapUOYEG TTOV TTPAYUATOTIOLOVV GUYVEG
TPooPACELG OTN UVIUN Kat XapakTnpilovTat and @Twxn TOMKOTNTA avapopwy, Sev emdetkvy-
ovv VYNAS Pabuo emtdyvvong e§autiag CLEPOPNONG KATA TV TAVTOX POV TPOTPact oTnv KbpLa
i,

Me Baon v TPONyovHEVN TTapATHPNOT, Xwpilovpe TO XpOVO eKTEAEONG piag eQappoyng,
7oL ekTeAeiTaL €éva oVOTNpA potpalopevng pvnung, oe Svo pépn: (a) éva emektaotpo (m.y. evro-
Aég vroAoylopov, mpoofacn otny WOWTIKY tepapyio pviung) kat (B) éva un-emektaopo (m.y.
npOoPacn oTny KOpLa Pviun). ZUVETWDG, 0 XPOVOG EKTENETT|G EVOG TIPOYPAUATOG HTTOPEL VoL €K-
PpAOcTEL WG:

Te d
n

t = + bwy,-d (1)

Omov:
n O aplOpdg Twv vnuatwy.

d O 6ykog Twv dedopévwv mov xpetaletat va petapepBovv and v kvpta pviun. H tun
QUTNG TNG TTAPAUETPOL eEAPTATAL ATIO TIG TTPOOPATELS TNG EPAPUOYNG 0T Hviun (TT.). TO-
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TUKOTNTA AVAPOPWY) Kat TNV bAoToinon Tng tepapyiag uvnung (Léyebog kpueng Hviung,
péyebog ypappng k.a.).

re To kK60TOG 0€ XpOVO TWV EMEKTAGILWY VITOAOYIOHWDV avd byte Sedopévwy mov petagép-
Onke and v kOpLa pvAun. H T avtig g napapétpov egaptdrat ano Tig Aettovpyieg
NG EQAPHOYNG Kat TNV TaxvTNTA TOL enelepyaoTr.

bwy, O péyloTog eQIkTog puOUOG peTaopdg dedopévwy amd TV KOPLa UV, OTAV XPNOLHo-
notovvtat n vijpata. E§aptatat and t popen twv mpooPacewy otn pviun (TL.x. XWwpLKn
TOTUKOTITA AvaPopwV) Kat TIG SuvatdTnTeG TOV VAKOV, dedopuévng Tng Tomoloyiag Twv
TVPHVWV TV XpnotponolodvTat (T.X. TpopopTwaor dedopévwy o eninedo VAKOD, K.a..).

Ot ovyxpovol emefepyaotég kat tepapyieg uvhpng eivat idtaitepa moAvmhoka cvotrpata. Ei-
vat, ovvenwe, Sbokoho va povtehomomBoiv ot mapapetpot g E§iowong 1 wote mpofrepbei n
emid00T EQAPHOYWDV O€ TPAYHATIKA VTOAOYIOTIKA CLOTHHATA, Kat Wlaitepa yla ene§epyaoTég
TIOL LAOTIOLOVV TEXVIKEG OTWG ekTéNeon ekTOG oelpag (out of order exection). Ia va Siepev-
vrjoovpe (TOooTIKA) TNV emidpact Twv V0 pepwV TOv XPOVOL eKTENEONG (EMEKTATIHO KAl Un-
EMEKTAOLLO) OE TTPAYHUATIKA CLUOTHHATA XPT|OLUOTIOLOVE [iot TIELPAPATIKT) TTPOCEYYLOT). ZVYKEKPL-
uéva, avantofape éva petponpoypappa (benchmark), to onoio ovopdletar memcom. To petpo-
npdypappa memcomp avalapPavel va ektehéoet fpoxovs, katd Tn Sidpkela TwV omoiwy Tpay-
HatomolovVTaL avayvwoetg and tn pviun (memory load), kaBe pia anod tig onoieg akohovBeitat
amnd ¢ pocBéTelg TOL amoTENETUATOG TG avayvwong o€ évav kataxwpntr. H é§0dog tov mpo-
YPAUUATOG Eivat 0 XpOVOG eKTENEONG TOV PpdYOU.

ITpaypaTOTIO|OAUE TIEPAUATA XPTOLUOTIOLWVTAG apLOpOVS KV THG LTTOSLAoTOANG SUTANG akpi-
Betag, eva o Ppoxog “EeTvhixOnke” (unroll) wote va mpaypatomnotei 64 avayvwoelg (kat CLVETWG
64-c mpooBéoelg) oe kaBe emavdAnyn. Ta anoteAéopata TOV TPOEKLYAV Yia SLAPOPETIKEG TIHEG
NG TAPAUETPOL ¢ TTapovaLalovTal 6To ZXNHua 3, OOV SLAPOPETIKEG YPAUUES TOV YPAPUATOG
avTLoTOLXOUV 0t SlaQopeTikég TIEG TG ¢. OMwg NTav avapevopevo, yla ¢ = 1 1 eneKTaotuo-
ta tov memcomp eivat tpoPAnpatikr. Oco aviavetat o apBpdg Twv pafewv vtoAoylopov,
WOTO0O, 1] eMeKTACIHOTNTA PeATIwVETaL Kat @OAvel Tehkd T Bewpntikn eniSoon. To onpeio mov
napatnpeitat n mapandvew aAlayn, e§aptatat o onpavtikd Pabuo and Ty VELOTAMEVN apXLTE-
KTOVIKT] VAoTroinon.

Ztn ovvéxela, oToxeVLoVTag 0T PeATiwon TG emidoonG EQAPUOYWYV pe EVTOVEG TTPOTPAOELG
ot pvhpn, e§epevvoipe T xpron nebodwv ovpmieong. Avagopikd pe v E€icwon 1, otoxevovpe
0TI HEIWOT) TOV [UN-EMEKTAGILOV KOGTOVG, BuoLalovTag vtoloyLoTikod k60ToG. Yroatnpilovpe ot
€QPOOOV TO EMMAL0V VTTOAOYLOTIKO KOOTOG €ival EMEKTAOLHO, 1) CLVOAIKT eMidOOT TNG EQAPUOYNG
Oa BetiwOel, 6Tav xpnoonomBovv apkeToi muprves.

0.2.3 Zvpumieon dedopévov yla tn PektioTonoinon egappoywv

Tevika, ) ovpumnieon dedopévwy umopel va Bewpndei wg docoAnyia, oty omoia to képdog &i-
vat 1 Heiwon Tov oykov dedopévwy, evw To KOOTOG eivat ot emtmAéov (amapaitnTot) VITOAOYLOHOL
(m.x. amoovumnieon). Ot ovvrBelg xpnoeig Tng ovpmieong dedopévwv amookomovy o€ Peiwot) Tov
XPOVOL petagopds dedopévwy mavw amnd £va SikTvo 1} o€ pelwon Tov xwpov mov katahapBd-



87 247

X XXX,

X
X
x
x

X X X X X X %X

L T T T T T T T ! T T T T T T T T T T T |
1 2 3 4 5 6 7 8 12 4 6 8 10 12 14 16 18 20 22 24

cores utilized cores utilized

(a) (b)

2xfipa 3: Emtdyvvon Tov petponpoypdppatog memcomp. Ala@QOopeTIKEG YPAUUESG AVATIAPLOTOVV
StapopeTikég TIHEG TNG TapapéTpov c. Xpnotponolovpe dvo cvotripata: (a) Eva ovotnua pe dvo
enekepyaotéq Tecadpwv mupnvwv (8 muprves ovvolikd) kat (b) Eva cvotnua pe téooepiq eme-
EepyaoTéq €L muprvov (24 muprveg ouVOAIKA).

vouv Ta dedopéva oe povipa péoa anobrkevong. Avtifeta, otny mapovoa epyacia egepevvdtat
1 XP1NON TNG OVLUTiEONG WG €GO BEATIOTOTOINONG TOAVVIHATIKWY eQappoywV. Av Bewpricovpe
OTL XPTOLHOTIOLOVE [ict TEXVIKT) CUUTIEOTG 1) OTIOLAL PELDVEL TOV OYKO TwV deSopévwy KaTd a, ak-
A4 av&dvel To LTOAOYLOTIKO KOOTOG KATA b, TOTE, cOHPwva pe TNy E§iowon 1, 0 xpdvog ektéleong
TOL TIPOYPAHATOG YiveTal:

b'c bn
t’:< T+“’>.d, ab>1 )

n a

Z1tn ovvéyela, pe Bdon Ty mapandve e§iowor, avagépovpe anapaitnteg Tpoimodéoelg mov
Oa mpémel va MAnpodvTal WOTe 1) eQAPUOYN Mg TEXVIKNG ovpmieong va éxel Oetikr enidpaon
otny enidoomn piag TOAVVNUATIKAG EQAPUOYTG.

(a) Zrevwmog Tov mpoypupatos Qo mpémer va eivau 0 pvOuds uetapopds dedouévwy amnd tnv
kUpta pviun. Apxia, n enioon tng epappoyng Oa mpémet va mepropiletat TpwTioTwg amnod
Vv advvapia TV CLOTHUATOG Va Ttapéxel VYNAO pvOpd petagopds dedopévwy and tnyv
KVpLa pvrpn. Av n otevwmnog (bottleneck) piag epappoyng eival, yia mapadetypa, 1o K60TOG
VTIOAOYIOHWY, TOTE GTOV XPOVO eKTENEOTG LTIEPLOXVEL O OpOG 7. H cupmieon, avEavovrag
10 7'¢ Katd b, 0dnyei o€ emdeivwon Tov TPoPAHATOG Kat 0g aVENOT TOL XPOVOL EKTEAEDTG.

(B) Zvumeord dedopéva. Mia onpavtikn mpodmobeon yla Tnv emTvxio TNG ovpumieong, eivat
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(v)

(6)

n SuvatotnTa TNG Vo pHetwoel Tov 0yko Twv dedopévwv. Ia mapddetypa, av ta dedopéva
eivat Tuxaia (adbvato va ocuumieotovv), TOTE 0 Tapdyovtag a Oa €xet Tiur kKovtd oto 1 pe
anmoté\eopa n ovpumieon va odnynoet oe peiwon tng enidoong TnG eQappoyng. Avapévo-
UE, WOTOOO, 1) CUYKEKPUEVT TIPODTIOOEDT) VoL PNV amoTeAEEL EUTTOSLO Yo TIG TTEPLOCOTEPES
eQappoyég, 6mov ta dedopéva ekppdlovv ovykekpipévn onpactoroyia. BéPata, dedoué-
VOV OTL 1] EQAPUOYT UTTOPEL Va XprioLpoToLeiTal oe SlapopeTiké ovvOnKeg kat pe Stapope-
TikoL TUTOL dedopéva, 1) bpeon katdAAnlov oxfpatog ocvpmieong dev eival TAvVTa EVKOAN
Sadkaoia.

Ynepképaon Tov koaTovs amoovymicons. EmmnpooBeta, eivat anapaitnto ta o@EAn TG pei-
0T TOL OYKOV TV deSOUEVWVY VA VTIEPKEPATOVY TO KOOTOG TNG anocvpnieons. H ovyke-
Kppévn mpovmdBeon amotelei pio onuavtikn dtapopd oe oxéon pe ta cuvidn oxuaTa
ovpmieong dedopévmv.

000 avkdvetal 0 apBpdg Twv vpdtwy, av Oewprioovpe OTL TO KOGTOG TNG ATTOCVUTIEONG
elval emekTaotpo, n mpovmobeon avtr teivet va tkavomotnBel. Tia mapaderypa, av Bewpn-
oovpe OTL . — 00, TOTE 0 XpOvog ektéleong g E§iowong 2 teivel oty T (bwy,/a)-d.
Q0T1600, Ta MPpAYHATIKAE UnXavipata dev €xovv dmelpo apliud muprivey, Kat KaTd ovve-
TIELOL TO KOOTOG AMOOLUTIEDT|G OEV UTTOpPEL VaL atyvonDel 0€ TTpayHATIKEG EQAPUOYES.

Ynepképaon Tov k6aTovs cupTticans. IIEpa amd To KOOTOG ATOCVUTIEDTG, WOTOOO, Ba TTpé-
meL va AdPovpe LITOY™N pHag Kat TO KOOTOG TTOL TPOKVTITEL ATO TN OLUTIEDT) TwV dedopé-
vov. To k60TOG aVTO uMopel va XapakTnplotel wg “kpvppévo’, ylati dev mepthapPavetat
OTNV €KPPAOT) TOV XPOVIKOL KOOTOVG ekTéleons. O Aoyog mov dev ovpmepiAngOnke ei-
vat 016tL vtoBéoape OTL umopei va mpaypatonotndel KTOG TOL KUPLOV HOVOTIATION EKTE-
Aeong (offline). Ta mapadetypa, epapuoyés ovpPatég pe avtn v vndbeon eivar avtég
TIOV XpNotpomolovy Ta dedopéva oe ToANamAEg emavalnyels. AvtiBeta, oL epappoyég mov
Xpnotpomotovy ta dedopéva povo pia gopd eival SUokolo va enw@eAnBovv amod T xpron
ovpumieong.

Av kau n) mapandvw mpoinodeon gaivetal va amokAeiel EQAPUOYEG XWPIG XPOVIKT TOTIUKO-
NTA AvaQopwy, KAtt TéToto dev ovpPaivel otny mpakn. AeSopévov OTL oL KPLPEG UVTpEg
éxouv Teploplopévo péyebog, av i epappoyn mpoonedlel peydlo oyko Sedopévwy, ToTE
1| CUUTIEPLPOPA TNG LOOSVVALLEL [E ATIOVGIA XPOVIKTG TOTUKOTNTAG AVAPOPWY.

2TIG TTPONYOVHEVEG TTAPAYPAPOVG TTapovataoape TN Baotkr déa Tng mapovoag epyaciag —
TN XPNOWOTOINOT TEXVIKOV GuuTtieong yla Tr Bektiwon Tng emidoong epapuoywy pe £VToveg
TPOOPAcELG 0T Uy, OTAV avTéG EKTENOVVTAL 08 TTAPAAANAA CLOTHHATA HOLPATOUEVNG UV
HNG. ZTN GUVEXELX ETUKEVTPWVOUACTE 0TI EPAPUOYT TNG L8EAG AVTHG 0 VITOAOYLOUOVG APALDY
TUVAKWYV KOl CVYKEKPLHEVA OTOV VTTOAOYLOTIKO Truprva SpMxV.

0.3

Apauoi mivakeg

Ot apatoi mivakeg eivat mivakeg mov mepLéxovv peydo aptBpod pndevikwv tipwyv. Tevikd, o xa-
PAKTNPLOOG EVOG THivaKa wG apatov dev yivetal pe PAon KAmoto ToooTikod kpitrpto. Avtifeta,
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évag mivakag xapaktnpifetat apatdg dtav vapxovv mAeovektipata (.. Xwpog anobrnkevong)
amo pia TéTola, e1dikn, avTiuetwnion. Eva moootikd kpitfiplo mov mpokvmntel, pe Pdon ta ma-
pamavw, eivat To e&ng: évag mivakag N x M xapaktnpiletat wg apatdg epocov o aptOpog twv
un-pndevikwv tov ototyeiwv eivat takeig peyéBovg pikpotepog ano N-M. Iapadeiypata apatdv
TIVAKWYV TIPAYHATIKWV e@appoywv [Dav97] mapovaotdlovtal 6to Zxfpa 4.

(b) nd12k

dasan ol

L
%
!
&

LR o

o T T

(d) stomach (e) inline_1 (f) ASIC_680

2xnua 4: Hapadetypata apatwv mvakwy and TPpaypatikeés EQaproYEs.

Ot apatoi mivakeg ovvavtovvtal oe TANBwpa eMOTNHOVIKOV TTEdiWV Kal TPOKVTITOVY K-
piwg katd T pekétn xalapd ovvdedepévwy ovotnudtwy (loosely coupled systems). Tia mapd-
detypa, o ovvnOng Tpomog ya Ty emidvon MAE eivat ) Stakpiromoinon tov mpoPAnparog xpn-
OHOTIOLWVTAG TEXVIKEG OTIWG 1) pEéBoSog memepaopévwv ototxeiwv (Finite Element Method —
FEM) [Saa03], n omoia ovviOwg odnyel o€ peydAovg apalovg mivakeg.

EmmnpooBeta, ot apatoi mivakeg umopovv va xpnotpomnotndovv yia TNy avanapdotaon Heyd-
Awv ypagwv xpnotponowwvtag Aioteg yertovwv (adjacency lists). Eva mapadetypa evog tétotov
ypagov etvar o Tlaykoopiog lotog (World Wide Web — WWW) [KKR199], 6mtov pia katevfo-
vopevn axur and Tov koppo A otov kopfo B (A — B) avamaptotd tTnyv mapovsia evog ovvee-
opov (URL link) ano tn oehida A otn oehida B. Ze yevikég Ypappés, Ta eMOTNHOVIKA Tedia Twv
apalwv mvakwy kat g Bewpiag ypdewv eivat otevd ouvdedepéva: akydpiBuol ypagwv xpnot-
pomolovvtal oe TpoPAfpata apatwv mvakwy (M. ya Stapepiopd dedopévov [HK99, VBO5]),
eV alyoplOoL ypaewy Hmopolv va ekppacTovy wg VTTOAOYLOoL oe apatovg Tivakeg [KCA09].
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0.3.1 IToA\amAactacpog apatod mivaka pe Stavvopa

Miua onpavTikn, aAld kat GLXVA XPNOWHOTOLOVUEVT, TPAn ylo apalovg TiVaKeG eivat 0 TOA-
AamAaotaopog evog apatov mivaka pe éva Stavvopa (SpMxV). Ze avthy tnv npan évag N x M
apatdg mivakag molamhaotadetal pe éva mokvo (dense) Stdvvopa (peyéBouvg M) kat To anoté-
Aeopia IOV TPOKVTITEL givat €va vEo Lk VO Stavuopa (peyéBovg N): y = A - x. Oa avagepopaoTte
oto Stdvvopa y wg Sidvvopa e£66ov kat 610 T wG Stdkvvopa e10650v. Mia YEVIKT EKQpaoT yla Ta
oTolyela Tov Y elvar:

M

Jj=1

Eivau éxdnho 6Tt ta undevikd ototyeia dev cuveEloPEPOVY 0TO ATMTOTENEDA KAlL, CUVETIWG, [LTTO-
povV va mtapaAn@Bovv.

H npa&n SpMxV xpnotpomnoteitat oe TAnfwpa emotnuovikwy epappoywv. Tia mapddery-
pa, eivat n Paoctkr pafn uebodwv yla emavanmrikr enilvon cvotnudtwy, onwg n Conjugate
Gradient (CG) katn Generalized Minimum Residual (GMRES). Ot pé¢Bodot avtég xpnotpomnotov-
VTaL GLXVA 0TV EMAVOT APALWY YPAHUIKOV CLOTHHATWY TTOL TipokOTTOVY and MAE nov mept-
Ypagpovv Quoikég Siepyaoieg [Saa03]. Emmpdobeta, évag onuavtikog aplBuog emavalnmtikwy
ayopiOuwv og Ypapovg HTopodV va eKPPACTOVV XpnoLHonolwvTag Ty mpafn SpMxV, otnv
omnoia §odevetal kat o peyalvtepog xpovog s kdbe emavanyng [KCA09]. Eva mapadetypa evog
Tétolov alyopiBpov eivat o akyopiBpog PageRank [BP98], o omoiog xpnotpomoteitat yia avaiv-
on ovvdéopwv otov Iaykooo Iotd. Téhog, n mpa&n SpMxV eumepiéxetal oe pia okoyévela
ETUOTNHOVIKWV EQAPUOYWY, TTOL ovopdlovtal “entd vavor’, kat Bewpovvtal 6Tt Ba mapapeivovy
ONUAVTIKEG HEXPL, TOLAAXLOTOV, Kal TNV endpevn Sekaetia [ABCT06].

0.4 XIxnuata arobnkevong apawv TIVAKWY

Ta oxfuata aroBrkevong apatwv mvakwy eivat dopég dedopévwy mov EMTPETOVY TNV ATO-
dotikn amoBrikevon kat Xpnotponoinon Twv apatdv mvakwy. [evikd, Ta oxfpata avtéd anodn-
KEVOLV UOVO Ta Un-pHndevika aptOpunTika otoxeia Tov mivaka. H taxtikr avtr odnyel oe meplopt-
OO TOV ATAUTOVHEVOV XWPOL anoBrkevong, aAld Kat o€ 1o anodoTikég mpdgels. QoTdoo, eivat
anapaitnTo va amobnkevetal emmAéov mAnpo@opia oXeTIky pe T Oéon Twv un-undevikwy otot-
xelwv. Apa Staxwpifovpe ta Sedopéva v apaiwv mvakwv oe Vo katnyopies: dedouéva Sourg:
dedopéva mov avamaptotovv T dopr Tov mivaka kat Sedopéva Tipwy: Sedopéva Tov avamapt-
0To0V TIG (Un-undevikég) aptOuntikég Tipég Tov mivaka. ZTn cuvéxela Tapovotalovpe oplopEva
amnd ta 1o SnpHo@IAn oxfpata arodnKevong aApaALdY TVAKWY.

0.4.1 COO

To oxfpa amobnrevong COO (coordinate format) eivat éva amho oxnua, To omoio anodnkev-
€L TIG TIEG TWV Un-Undevikwv oTtotyeiwv pali e TIG OLVTETAYHEVEG TOVG. ZUYKEKPIHEVA, Yl Ta
dedopéva Sopng xpnotpomotovvTal SVo TVAKEG: vag yla Ty anobnkevon Tng ypapuns (row_ind)
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Kat évag ya v amoBrikevon g otiAng (col_ind) Tov kaBe un-undevikod ototxeiov. Ot Tipég
Twv oTolelwv amobnkevovtal oe Tpito mivaka (val). Apa, T0 7-00TO Un-pndevikd oTolxeio £xel
T vallé], kat ot ovvteTaypéveg tov eivat (row_ind[%],col_ind[7]). Eva mapadetypa tov COO
napovotaletal 6To Zxnpa 5.

0 0

A= 0 0 29 0 37 29
90 O 0 11 45 O
1.1 0 29 37 0 11

rowdind: (0 0 1 1 1 2 3 3 3 4 4 4 5 5 5 )
colind: (O 1 1 3 5 2 2 4 5 0 3 4 0 2 3 )
values: ( 54 1.1 6.3 7.7 8.8 1.1 2.9 3.7 2.9 9.0 1.1 4.5 1.1 2.9 3.7 1.1 )

5
5
2xnua 5: Mapdderypa oxnpatog amobnkevong apaiwv mvakwv COO.

0.4.2 CSR

Eva and ta mo Snpo@ilr oxfipata arobnkevong apatwyv mvakwv eivat 1o CSR (Compressed
Sparse Row) [BBC194,Saa03]. To CSR anofnkevel Tov apatd mivaka XpnotonolwvTag TpeLg mi-
vakeg: (a) Tov mivaka values, 6Tov onoio amoBnkevovtal ot un-pndevikég Tipeég (B) tov mivaka
row_ptr, 0Tov omoio anoBnkevetat n B¢on Tov mpwTov (un-pndevikod) oTotxeiov kAbe ypappng
kat (y) Tov mivaka col_ind, 0Tov omoio amodnkevetat n othAn yua kdbe pn-pndevikd otouxeio.
Eva napadetypa tov oxfiparog amodnkevong CSR yia évav 6 x 6 mivaka mapovotaletat oto 2xn)-
pa 6.

Ot mivakeg values kat col_ind €xovv puéyefog ico pe tov aplOpd tTwv un-pndevikwv ototyei-
wv (nnz), evw o mivakag row_ptr €xet péyedog ioo pe Tov aptOpd Twv ypappwv (nrows) ocuv €va.
To oxnua CSR eivat pia kaAn (mpwtn) emhoyn ya v mpdén SpMxV [Vud03]. H vAomnoinon
TOV LTTOAOYLOTIKOV TrVpTva SpMXV yia to oxrpa CSR napovotaletar otov Kadika 1. O e§wtept-
KOG BpOx0G SlaTpéxel ONEG TIG YPAUEG XPNOLUOTIOLDVTAG TOV TIIVAKA row_ptr, EVW 0 ECWTEPIKOG
Bpoxog vrrohoyilet éva povadikd atotxeio Tov Stavdopatog eEodov.

for (i=0; i<nrows; i++)
for (j=row_ptr[i]; j<row_ptr[i+1l]; j++)
y[i] += values[j]*x[col_ind[]j]];

Listing 1: YAomoinon tg mpa&ng SpMxV yia 1o oxripa CSR.

Avtiotoiya pe To CSR oxfua, vapyxet kar to CSC (compressed column storage), To omoio
amoOnkevel OTHAEG AVTE YL YPOUHES.
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A= 0 0 11 0 0 0
- 0 0 29 0 37 29
9.0 O 0 11 45 0
1.1 0 29 37 0 11
Tow_ptr : (o0 12 16 )

2 5 6 9
colind: ( 0 1 1 3 5 2 2 4 5 0 3 4 0 2 3 5)
values: ( 5.4 1.1 6.3 7.7 88 1.1 2.9 3.7 29 9.0 1.1 45 1.1 29 3.7 1.1 )

2xnua 6: IMapdaderypa tov oxfpatog CSR.

0.4.3 To oxnua BCSR

Ta tehevtaia xpdvia éxovv avantvxei apketd oxfipata amobnkevong mov oToxebovv oTn
Beltiwon tng enidoong Tov vtoloytoTikod muprva SpMxV. Eva and ta 1o metuxnpuéva o€ auto
10 eyXeipnua eivar to oxfipa BCSR (Block Compressed storage row) [IY01]. To BCSR eivat pia
yevikevon tov CSR, otnv omoia xpnotponotodvrat diddotata pumhok peyédoug 7 X ¢, avti yla
ototxeia. Onwg to CSR dev amoOnkevet undevikd otouyeia, £tot kat To BCSR dev amobnkevet pn-
devikd pmhok — UmAok TTov TEpLEXOoVV HOVo Pndevikd oTtoteia. Zvvenwg, avti va anodnkedetat
1 oTHAN Tov K&Be un-pndevikov ototxeiov, oto BCSR amobnkevetal n otNAn tov kdbe pmAok.
[Mapopoiwg, oto oxripa BCSR amobnkevetal mAnpogopia yio ypappég HAok, avti ylo Ypoppeg
ototxeiwv. IIpogavag, n mepintwon r = ¢ = 1 eivat tcodvvapn pe To CSR.

Opoiwg pe To CSR, 1o BCSR xpnotpomotei tpeig mivakeg yia v amobnikevon twv dedopévwv
Tov apatov mivaka: (a) Tov mivaka bval, 6mov anoOnkevovTal oL un-pndeVIKEG TIEG yia OAa Ta
umAok, (B) Tov mivaka beol_ind, oTov omoio amoBnkevovtal ot 0THAeG Twv pmhok kat (y) Tov
Tivaka brow_ptr, 0mov anodnkedeTat To apxtkd otolxeio ya kabe ypappr pmlok. Zuvenwg, av
Oewprioovpe 6TL €vag apatdg mivakag anoteleitat and nblocks umhok, T10Te TO HEYeOOG TOL MiVaKA
bval eivat - ¢ - nblocks, to péyeBog Tov mivaka brow_ptr givat 0 aptOpdg Twv ypappwy Aok
(nbrows) ovv éva: [@] + 1, kau To péyebog Tov mivaka beol_ind eivan nblocks.

‘Eva mapddetypa tov oxriuarog anobnkevong BCSR napovotdletat 6to Xxnpa 7, 60U €vag
mivakag 8 x 8 éxel Statpebei oe umlok peyéBoug 2 X 2. Onwg gaivetar 0to oxna, eival mbavo
o mivakag bval va meptéxet undevikd. H mpaktikn avtr ovopdletan padding kat, avéloya e to
oxnHa Tov pmhok (7 X ¢) kat T Sour| Tov Tivaka, unmopei va odnynoet o pelwpévn enidoon.

Mia amhr) vAomoinomn Tov vIoAoyLoTikov Tupnva SpMxV yia to oxnpa anodrikevong BCSR
napovotaletat otov Kwdwka 2. Xtov e§wteptkd Bpoxo Statpéxovtal ot ypappés Lok, EVa o E0-
Hevog Bpoxog Statpéxet ta pmhok tng ypapunes. Ot dvo eowtepikol Ppoxotl avarappavovv tov
noANamhactaoud yia kdBe 7 X ¢ pmhok. Avtn ) €kdoon Tov mupriva Aettovpyei yia kdbe mbavo
oxnHa uAok. Qotdoo, 1 Snuovpyla Tuprivwv SpMxV Tov AvTIoTOL{OVV 08 CUYKEKPLHEVO OXTHA
emTpETeL PEATIOTOTIO|OELG 0TOV KWOLKA, OTwG KaAvTepn aflomoinon Twv kataxwpntwv (register
blocking), kat xpron Stavvopatikav mpagewv (vectorization). Ot TPAKTIKEG AVTEG HTOPOVV VL
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46 93| 0 0 0 0 ]24 56
86 82| 0 0 0 0 |53 16
0o 010 0 |19 79| 0 O
A= 0 0] 0 0 |71 0] 0 O
0 0 |86 17|24 76| 0 O
0 0 (39 22|30 33| 0 O
0 010 0 |18 0 |79 12
0 010 0 0 78|10 53
brow_ptr : / 0 2l /3 5 7
bcol_ind : (0 6 4 2 4 \ 4 6)

46 93 2456 1979 8617 2476 18 0 79 1.2
8682 5316 71 0 3922 3033 0 78 1.053

/

bval: (4.6 9.3 8682 245653161979 7100...)

blocks :

Zxnua 7: Hapdderypa tov oxfpatog BCSR.

OLVELOQEPOLVY ONUAVTIKA 0T Pertiwon Tng emidoong Tov vtooylotikod muprva SpMxV. O Kw-
dikag 3 Tov SpMxV kwdika yia pmAok pe oxfpa 2 x 3.

for (i=0; i < nbrows; i++)
for (j=brow_ptr[i]; j < brow_ptr[i+i]; j++)
for (ir=0; ir < r; ir++) // rxc block multpilication
for (ic=0; ic < c; ic++){

y_idx = (i*nrows) + ir;
v_idx = (j*r*c) + (ir*c) + ic;
x_idx = bcol_ind[j] + ic;
y[y_idx] +4= bval[v_idx]*x[x_idx];

Listing 2: YAomoinon tg mpa&ng SpMxV yia to oxfua BCSR.

H emloyn tov katdAAnAov oxfpatog HwAok yla évav apatd mivaka eivat €va dlaitepa on-
HovTkd {RTnpa ya to oxnfpa anobrkevong BCSR. To Bépa avtd €xer pehetnOei extevwg ot
oxetwkn} pAoypagia [Vud03, BELF07, KGK09a, KGK09b]. Enpeiwvovpe ott o BéATIoTO OXNpHa
UAOK, 0€ O,TL agopd TNV enidoon tov SpMxV, Sev efaptdtal HOVo amd Ta XapaKTNPLOTIKA TOV
vrnokeipevov enefepyaotn (m.x. péyedog Stavuopdtwy, aplBpdg kataxwpnTwy), aAld kat amd T
Sopr| Tov mivaka.
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for (i=0; i < nbrows; i++){
yo = yl = 0.0;
for (j=brow_ptr[i]; j < brow_ptr[i+i]; j++){
x_start = bcol_ind[j];
v_start = j*2*3;

x0 = x[x_start];

x1 = x[x_start +1];

x2 = x[x_start +2];

yo@ += bval[v_start] * X0;

yO += bval[v_start +1] * x1;
yo@ += bval[v_start +2] * x2;

yl += bval[v_start +3] * x0;
yl += bval[v_start +4] * x1;
yl += bval[v_start +5] * x2;

}

y_start = 1*2;

yly_start] yo;

yly_start +1] = y1;

Listing 3: YAomoinon g mpdéng SpMxV yia to oxfpa BCSR pe umlok peyéBovg 2 x 3.

0.4.4 To oxnua DIAG

Ataywvieg SOpEG TIPOKVTITOVY GLXVA OTOVG ApaLloVG TEVAKEG Kal, KATA OLVETELR, VTIAPXOVV
Sapopa oxrpata anobnkevong mov 0TOXEVOVV OTNY EKUETAAAEVOT| TOVG, WOTE va TETHXOLV
KaAOTepn emidoon otov voAoytoTikd muprva SpMxV. Eva and ta mo yvwotd ivat To oxi-
ta DIAG, to omoio eival oxedlaouévo yla mivakeg mov meptéxovv TARpeLS (1) mepimov mANpeLg)
Staywviovg. Ot dtaywvieg mov £xovv amokAeloTikd pndevika otoiyeia Sev Aapfavovrtal voyn,
evw oL vrtdAouneg anobnkebovtal oe AP poper. H mpaktikr avth e§aleipel tnv avaykn yla
Satnpnon mAnpogopiog Soung ya kabe ototeio EexwptoTd.

Oewpovpe pia anapiBunon tov Staywviwv Tov mivaka: H kvpla Staydviog éxet Tov aptBuod
0, Staywvieg 0TO Avw TPiywvo £xovv DeTIKEG TIHES, eV dlaydVIEG OTO KATW TPiywvo €XOLV ap-
vnTikég TG (Xxnpa 8). To oxniua anobnkevong DIAG datnpei d0o mivakeg: évav mivaka s X 1
(diag) kat évav mivaka s X N (val), 6mov s givat o aplBpog twv anodnkevpévov Staywvioy kat
N eivat 0 aptBpog tov ypappawv tov mivaka. Tia kdbe Staydvio ¢ Tov mivaka, o aptBpog tng ei-
vat aroOnkevuévog otn O¢on diag[i], evw Ta oToikeia TG eival anodnkevpéva ot 6TAAN 7 TOV
mivaka val. Ot Tipég Twv otolkeiwv amobnkedovtal oTov mivaka val, He TETOLOV TPOTIO WOTE VA
Bpiokovtal otV idla ypappn pe Tov apXtko mivaka. XYKeKPEVA, OL TIUEG TWV Ve SlaywViwy
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anoBnkebovTaL 0ToV Tivaka val €10l DOTE TO TPWTO CTOLXELO Va PploKeETAL OTNV TIPATH YPALT
(0), evw ot TIEG TWV KATW Slaywviwy amobnkevovTal £T0L WOTE TO TEAEVTAIO TOVG OTOLXEIO Vat
Bpioketat otny tedevtaia ypapun (IV —1). Mndevikég Tiuég mpootifevrat katdAnha (padding).
Mia vhomoinon yia v mpdén SpMxV napovaotdletat otov Kbdika 4.

0. 1 3.
46~J955_0 7.6 0 0 0 0
\\ \\\\ ~ \\ \\ .
0 "1 4950 0 SN 07~ 0 0 0 diag: -3 0 1 3
N \\\\ \\\ \\ \\
0 0 S2OH5NJT.IN 0 ~665( 0 0 val: 46 95 7.6
-3 \\ \\\ ~ ~ \\ . . . .
W20 00 ONIENGIN 0N 070 L1 49 00
A=| S0 . N RN 25 7.1 66
0 “~18~_0 0 ~88X94N0 0 V15D 12 15 33 97
\\ \\ \\ \\\ \\ N . . . .
0 0 2480 0 0 S3.0NA6~_ 0 18 88 94 5.1
NN NN AN 48 3.0 46
0 0 00N 00~ 2R3 0.1 2.9 34
~ N N N
0 0 0 0 °<28, 0 0 ~1.2 28 1.2

2xnua 8: Mapdaderypa tov oxfuatog DIAG.

for (j=0; j < s; j++){
d = diag[j];
for (i=max(@,-d); i < N - max(0,d); i++)
y[i] += val[i][j] * x[d + i];

Listing 4: YAomoinon g npa&ng SpMxV yia to oxiua DIAG.

0.5 IToAlamAaciaoudg apatov mivaka pe didvoopa

0.5.1 AAyopiBuog kat vAomoinon

Onwg avagépBnke, Bewpwvtag Evav un-apatd mivaka g popens N x N, n mpakn tov mol-
Aamhaotaopol mivaka pe SLAVLoa UTopEl Vo eEkPpaoTel wg:

N
Yi = Z Aij - x;
j=1

ZOHQWVa e TNV Tapandvew KQpact), 0 LTTOAOYLopOG kdbe aTtotxeiov Tov Staviopatog e&o-
Sov y anaitei N mpoobicei kat N molamhaotaopots. Apa, anarrovvtar O(N?) npdkeig oe
O(N?) dyko SeSopévwv. To XapakTnpLoTIKO aLTd Slagopomotel onpavTikd TV enidoon g ov-
YKEKPLHEVNG TIPAENG, 0e OXéon He GAAOVG VTTOAOYLOTIKOVG TIVPTIVEG, OTIWG O TOAAATAACLAGHOG
mvakwv, Tov tpaypatonoovy O(N3) npateig oe O(N?) dyko Sedopévwy. Avauévoue, Guve-
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WG, pia vAomoinon g tpd&ng moAamlactacpod mivaka pe Stvuopa va xet dtaitepa £vtoveg
TPOOPACELG OTN VAN KAl TIEPLOPLOHEVT] TOTIKOTNTA XPOVIKOV avagopwy. AAAwoTe, To kdbe
OTOLXElO TOV TiVaKa XPTOLUOTIOLELTAL HOVO (Lot POpdL.

Emum\éov, av n tpan avtr yivel oe apatd mivaka ot ava@opég atn pviun avéavovtat, S10tL,
yevika, Oa mpémet va mpoonedaoctodv kat Ta dedopéva Soung tov mivaka. Emiong, otny metovo-
TNTA TWV TEPITTWOOEWY, 1] TIPd&n SpMxV odnyeil kat oe pn-kavovikég (irregular) mpoofacelg oto
ddvvopa x. H oe Babog avalvon tng enidoong tov mupriva SpMxV npotimobétel tn Bewpnon
€VOG GUYKEKPLULEVOL OXNHATOG amodrkevong yia Tov apatd mivaka. fia avtdv To okond Xpnotpo-
nolovpe To oxnpa CSR, To omoio eival yeviko, €XeL KaAT CLUTEPLPOPA O O,TL APOPA TNV eMGOOT
Tov SpMXxYV, kat xpnoupomnoleitat cuyva.

0.5.2 YMomoinon tov mupnva SpMxV oto oxnua CSR

Apykd, pedetodpe Ty vAomoinon tov SpMxV oto oxfpa CSR. Eneidr) otoxebovpe otn peyt-
otomoinon g enidoong Tov mupnva, PeATiwvovpe TOV KWSIKA THG VAOTIOINONG WOTE 1) EYYPAPN
otov Savvopa e§6dov y va mpaypatomoteital 0To TEAoG Tov eowTepikol Bpoxov. H evkaipia
yta ™ Behtioon avtr dev yivetat ebkola avTIANTTH and TOV UETAYAWTTIOTH, OTOTE KAl XpTol-
Homotove pio Tpoowpvn petaPAnTn yia tnv anobrkevon tov eviidpecov anotedéopatog. To
anoté eopa napovotaletal otov Kwdika 5 kat, cuppwva pe metpapatikn aftohoynon mov mpay-
patomounOnke, odnyet oe onuavtikr Pektiwon g emidoong.

for (i=0; i<N; i++){
yr = 0.0;
for (j=row_ptr[i]; j<row_ptr[i+1]; j++)
yr += values[j]*x[col_ind[j]];
y[i] = yr;

Listing 5: BeAtiwpévn éxdoon tov muprva SpMxV yia to oxnpa anodrikevong CSR.

O Iivakag 1 mapovotdlet avalvTika TG TPooPAaoels Tov Tpayuatonotel o mupnvag SpMxV
yta to oxfua CSR. Ta N otoreia Tov mivaka row_ptr mpoomeAdlovTal GELpLaKd Kat Hovo pia
Qopd. AvTioTolya, Ta nnz GTOLXEIa TWV TVAKWY values Kat col_ind, emiong mpoomehdovrat oeL-
plaka kat povo pia gopd. H mpooPaon oto Siévuopa ei0ddov x givat tuxaia, aldd avfovoa yia
K&Oe ypapr), eva givat o Hovadikog mivakag, 0 0moiog Tapovotalel XPOVIKT TOTIKOTNTA Avapo-
pwv (dnhadn pmopei va vtdp&et tpooPaon oe £va oToLeio TOL Tapamavw amod pia popég). Téhog,
70 Stdvvuopa e£680v y eival 0 HOVOG TVAKAG, GTOV OTIOIO TIPAYHATOTOLOVVTAL EYYPAPEG: TA OTOL-
Xela TOV avavewvovTal oeplakd kat Hovo pia gopd. H mponyodpevn avalvon katadetkviel 6Tt
o mupnvag SpMxV éxet itaitepa évtoveg TPooPAceL 0T UVHT.

Oa avapepopacte 0To oVVolo Twv Sedopévwy Tov Tpoomeddlovtatl katd Ty Stdpketa TG
ektéleong Tov SpMxV wg to gvvolro epyaciag (working set) Tov muprva. evikd, To gvvolo ep-
yaoiag amoteleitat and Tov apatd mivaka kat ta Stavvopata elcodov kat e§odov. Tia to oxnpa
CSR, 7o péye0og tov eivat:
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péyebog mpooPaon  tomog  E/A
row_ptr N N oelplokn A
values nnz nnz oeplakny A
col_ind nnz nnz oeplaxr) A
X N nnz Toxaia, T A
y N N oeptaxr) E

ITivakag 1: Avalvon twv mpooPacewv pvrpng tov muprva SpMxV yia évav N x N mivaka, ano-
Onkevpévo oe oxrua CSR.

sparse matrix vectors

ws = (nnz - (Sige + Sval) + (nrows + 1) - 8;42) + (nrows + ncols) « Syq

Omov ot 6poL S;q, KAl Sya; €ival TO PEYeO0G TwV SEKTWV Kat TwV TV, avtioTotxa. H mapa-
TAVW €KPpaoT) Uopel va Tipooeyylotel wg e&ng:

ws = nnz - (Sidz + Sval)

H npooéyyton avtr dapPavet vtoyn tng povo tovg mivakeg mov €xovv péyebog nnz kat ei-
vat a§lomoTtn yia TNy TAELOYn@ia TWV TVAKWY OV TPOKVTITOVV OO TPAYHATIKEG EQAPUOYEG,
0TOVG OTI0IOVG LoXVEL: NNz > nrows, ncols. Zuvibwg, évag aképatog peyédovg teaadpwy bytes
Xpnotpomoteitat yta tovg Seikteg, agol ta Stavdopata et6ddov kat e§68ov Sev Eemepvouv Ta
232 ototxeia. AvTifeTa, 0TIG TEPLOGHTEPEG MEPUTTWOELG, ISLAUTEPQ VLA ETMOTNUOVIKEG EQAPHOYEG,
amarteitar SimAn akpifela (8 bytes) yia TG apBuntikég TIHEG TOV apatod Tivaka. Xe auTh TNV
TEPIMTWON (Side =4 KAL Sy = 8) OL TIHEG ATTOTEAOVY TO HEYAAVTEPO UEPOG TOL GLVOAOVL EpYaOi-
ag Katd %. AVOUEVOVLE, CUVETWG, OTL ) CLUTIEOT) TV aptOunTikOV Tiuwy Ba éxel peyaAvtepn
enidpaot 0To 6LVOAIKO péyeBog Tov ivaka, oe oxéon e Tn ovpmieon Twv dedopévwv Sopr.

O mapayovtag % eival anotéAeopa mepLoplopwy mov oxetifovtat pe to péyebog tng pvi-
ung (Bewpnoape 0Tt 0 apatdg mivakag Ppioketat eEoAokAnpov TNV KOpLa Pviun). ZvyKekpLpé-
va, mivakeg pe Slaotdoelg peyalitepes and 232, anaitody Seikteg pe peyalvtepo péyebog amo
32 bits. Tia tapdSetypa, av Oewprioovpie Evav TeTpdywvo Tivaka pe n = nrows = ncols = 232 kat
nnz =100-n = 100-232*, 10 péyebog Tov ot éva oxfua CSR Oa eivaw: 100 - 232 - (4 + 8) bytes
~ 4.7 TiB. Av xau pnxavipota ge toon pviun dev eivar Stadedopéva, avtd pmopei va arlaget
oto (apeco) pEANov.

XpNoHomoLwvTag TNV TPONYyoVHEVT TPOCEYYLON Yia To HEyeBog Tov cuvolov epyaociag pmo-
povpe va e&dyovpe T0 AOYO TwV TPooPAcewy oTN HVIHn TTPOG TIG TTPALeLs KivnTig oS0 TOAN,
yla ToV oprva SpMxV:

*O aptBpog 100 emléxtnre emeldr| eivat KOVTA 0T Héon T TOL 112/ ylo TO GUVONO TWV TIVAKWY TIOV XPT|OL-
pomotovpe (Tlivakag 3)
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ws nnz - (4+8)
FLOPSsotar nnz - 2 6 bytes/FLO

p

Apa, o Tuprivag SpMxV mpaypatomnotei pia mpd&n kvt vtodlacToAng ava 6 bytes. O No-
YoG avtog eivar daitepa vYNAOG kat emPePatdvet OTL 0 VP VAG XapakTnpileTat and £vroveg
npooPaoelg otn pviun. la mapddetypa, 010 peTpONpOYpaupa memcomp, 1 pia npdén ava 6
bytes avtiotowyel oty Tun ¢ = 3/4.

Zav éva gmmiéov mapadetypa, Bewpodpe évav ene§epyaotn pe ovxvotnta f = 2 GHz, o
omoiog pnopei va exteréoel pia (o = 1) mpddn kvt vToSLaoTOANG avd KUKMo, e auth TNV
TEPIMTWOT], 0 ATATOVHEVOG pLOUOG peTapopdg dedopévwy eival:

fra-p=6-2-10=12~11.2 GiB/sec

Av kot avTdG 0 pLOPOG ElvaL EPIKTOG O€ GVYXPOVA UNXAVIHATA, 1) XPTIOT] TTAPATIAV® TUPTVWV
odnyel oe TOANATAAGLAOUO TOV AALTOVHEVOL pLOUOD e TOV aplBpd Twv TLPHVWYV TOL XPNOL-
HOTIOLOVVTAL. ZVVETIWG, O€ AUTH TNV TEPIMTWOT), TO VITooVOTNHaA Lviung Ba advvatei va mapéxet
Ta anapaitnta dedopéva e Tov amartovpevo pvopod kat o muprvag SpMxV Ba €xet xapnAr kAi-
pakwon. H emopevn evotnta napovotalet Oépata mov mpokdnTovy katd tnv tapaiinlomnoinon
Tov Tuprva SpMxV.

0.5.3 TIlapaAAnlomoinomn tov mupnva SpMxV oe moAvvnpatiko neptpailov

H napaAAnlomoinon tov SpMxV eivat pia, oxetikd, evkoAn dtadikaoia. Qo1600, VITAPYOLVY
Svo onpavtikd Bépata, Ta onoia mpémet va AngBodv vtoyn: O Stapeptopog Twv dedopévwv (data
partitioning) kal n tookatavopr Tov @opToL epyaciag (load balancing).

Awapepiopog dedopévov

Av kot vtapxovv ToAAG Stagopetikd oxnuata Stapepiopov dedopévay yia Ty mapalin-
Aomoinomn tov muprva SpMxV, otnv mepintwon tov CSR ovviiBwg xpnotpomoteitat o (coarse
grained) Stapepiopds avé ypoppés xovipov kékkov [WOVT07]. Ze avtdv to Stapeptopd, o kdbe
ene€epyaotng avakapPavet éva pmhok ypappwv (Exnua 9). To kdbe vijpa Aettovpyei oe ave-
EdptnTa VTOOHVOAA TWV TUVAKWYV row_ptr, col_ind, values, kat y. H povadikr nepintwon 6mov
StagopeTikd vipata potpaiovta dedopéva givat 1o Stdvuopa x, woTtdo0 avTo dev odnyel oe TPoO-
BAnua emidoong: n mpooPaon otov mivaka x givat avayvwon oe kabe mepintwon, onote o kabe
ene€epyaotng pmopei va Statnpei Ta avtiotoa dedopéva oTny Llepapyia KPLPNRG UVHHNG Xwpig
ETUTAOKEC.

H ovpmAnpwpatikr Tpocéyyton oto SIapeplopod ava YPapES eivat o Stapepionos ave oTHAES,
omov 1o kaBe vrjpa avalapPavet éva pmAok amod oTHAEG. Av Kat 0 Slapeplopog avd oTHAeG TapLa-
letkavTtepa oo oxpa anodrikevong CSC, pumopei va xpnotpononBei kat 6Tav o apatdg mivakag
eivau amoOnkevpévog oe CSR. Eva mAeovéktnua avtrg TnG mpooéyylong eivat 0Tt 1o kdbe vipa
AetTovpyel o€ SLAPOPETIKO KOUUATL TOV X, YEYOVOG TTOL BEATIOVEL TN XWPLKT) TOTKOTNTA aVaQO-
pag otav ot emefepyaotég StabéTouv EexwploTég KPLPEG UvTpeS. L0TO0O, TO PaCLKO HELOVEKTNHA
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ZxnHa 9: Alapeplopog ypapp@y yia tov moprva SpMxV kat §vo vipata.

Tov Slapeplopol avd oTHAEG, eivat OTL To KABe vipa TPAYHATOTOLEL EVIUEPWOELG OE OAO TO Ny
KOG Tov Stavvopatog e£080v y, pe cuvénela va eivat Thavo va vitdp&ouvy mpoPAnuata enidoong
egalTiag Tov TPWTOKOAAOL CUVAPELAG KPLPWV pvnUwV. Ta TPoPARHATA ALTA UTOPOY Va AVTL-
HETWTILOTOVV av To KaBe vijua Statnpei to Sikd Tov Stavvopa e£68ov, kat To TeAkd anotéleopa
TpokOYel wg dBpotopa Twv empépoug Stavvopdtwv. BéBata, 6twg avagépetat oto [BFFT09],
npdabeon avtn Sev eivan emekTaoipn, S1OTL amouteitat £va pepkod Stvvopa avd enegepyaotr.

Télog, o Siapepiopos ava pmdok amotelel 1o oLVEVACHO TWV VO TPONYOVUEVWY TEXVIKWY,
omov kaBe vipa avalapPavet Eva pmhok dvo Staotdoewy. To peyaAdTepo TAEOVEKTNA TG TTPO-
0£yyLong avTng eivat Ott emitpémet puOulopeva pey£On ya ta dedopéva tov kdbe vijpatog. Mia
TETOLAL TEXVIKT), CLVETIAG, eival amapaitnTn 6Tav 0 SlaBoIog XWPOG UVNG eival TEPLOPLOEVOG
(.. otov enekepyaotn Cell [GHFT06]).

2t ovvéyela avThg TG epyaociag xprotpomotovpe T uébodo dapeplopod ava ypappég. Ymo-
otnpilovpe wWOTOGO, OTL OL TIPAKTIKEG TTOL TTAPOLOLALovE SLaTNPODY Ta TAEOVEKTAHATA TOVG Kat
yia Sla@opeTikd oXHATA SLAPEPIOHOV.

Iookatavoun @optov epyaciag

Eva onuavtikoé {ftnua mov mpokvmtel katd tnv mapaAAnlomnoinon tov muprva SpMxV, ei-
Val 1] LOOKATAVOLT TOV ¢OpTOL epyaociag avdpesa ota vijpata. Mia npwtn mpooéyylon, eivat To
k&Oe vipa va avaldPet Tov idto apOuo ypappwyv. Qotd00, N TAKTIKN auTh Hropel va odnynoet
o€ aviooPapn) Katavour), agov 0TI YEVIKN TEPIMTWON Ta OTOLKEla TOL apatov Tivaka Oev eivat
KOTOVEUNUEVA OUOLOHOPPA OTIG YPAHES TOV.

Mia kaAOTepn Mpooyylon eivat va katavepnfovv oL ypaupés, woTe Ta ViHata va avalafovy
(mepimov) tov 1810 aptBpd un-undevikwv oTolxeiwy, kKat Katd ovvénela Tov idto aplBuo npakewv
(ANy6p1Bpo6 0.1). Eva mapddetypa avTng TnG TPaKTIKNG Tapovatdletal 6to Xxnpa 10. Xe avtd to
napdadetypa Bewpovpe Vo vijpaTa: To TPWTO avalapPAavel TIG TPWTEG 4 YPAUUEG TIOV TTEPLEXOLY
9 otolxeia, evw To Oe0TEPO aAvaAAUPAVEL TIG ETTOHEVEG 2 YPALHES TTOV TIEPLEXOVY 7 GTOLXEIA.

Oa mpémet va avagepBel OTL akOpa Kol 0TV TEPIMTWOT) TNG KATAVOUNG e fdon Ta pn-punde-
VIKa oTolxeia, eivan mBavo va vrapel avicokatavopr. Zta mAaiota avTig TG Epyaciag, woTodoo,

22



XPNOLHLOTIOOANE TNV LOOKATAVOUN e PAon Ta pn-undevikd oTotyeia, n omoia mapéxet amodektd
AmOTEAEOUATA OTNV TAELOYN PO TWV TTEPIMTWOEWY.

Algorithm 0.1: Iookatavopn ypappwv pe fdon ta pn-undevika otouyeia.

Input : O apBpdg TwV pn-undevikwv ototxeiwv (nnz)
Input : O apiBuog twv vpdtwv (nthreads)

Input : O mivakoag row_ptr

Output: O nivakag partition

tid < 0 // avoyvwploTlkO TPEXOVTOG VAUATOG
r<0 // aplOUdC TPEXOUDAG YPAUMAG
partition[0] < 0 // to mpwto vApa Eekivdel omd to O
for tid < 0 to nthreads do
elems <+ 0 // 6iapepiopdg otoixeiwv
limit < o // éplo Slapépiong

while (elems < limit) do
L elems < elems + row_ptr|r + 1] — row_ptrr] // npéodeon otoixeiwv oe1pdg
r—r+1
partition[tid + 1] < r
| mnz < nnz — elems

row_ptr : ( (0 2 5 6) (9 12 16) )

coldnd: ( (0 1 1 3 5 2 2 4 5)(0 3 4 0 2 3 5))

values: ( (54 11 63 77 88 1.1 29 37 29)(90 11 45 11 29 37 11))
y: ( (yo Y1 Y2 ys) (va w) )

Zxnua 10: ITapddetypa lookatavoung ypapuwyv pe faon ta pn-pundevikd otougeia.

0.5.4 Emnidoon vmoloyilotikov mupriva SpMxV

Orenodpeves mapaypagot egetalovy ta {ntrpara enidoong Tov vmohoyLoTikod Tuprva SpMxV.
Apxika, Eexabapilovpe €va onuavtikd onueio tng pebodoloyiag mov akohovBovyte. Tia v ka-
AUTepn TIPOCONOIWOT) EMUOTNHOVIKWY EQAPHOYWDY TIOV XPNOLHOTOL0VY TOV SpMXV emavaAnmrikd,
N metpapatikr pag aftohdoynon Paciletan oe pétpnon g enidoong TOAATADY eKTEAECEWV TOV
SpMxV. H mpaktikn avtr}, woTO00, ELCAYEL XPOVIKI| TOTUKOTNTA AVAPOPWY KAl Yid AVTOV TO AO-
yo Staxpivovpe 0o katnyopieg mvakwv: (a) mivakeg pe péyebog ouvolov epyaociag pkpoTepo
TNG OUVOAIKNG KPU@PTG LVIIUNG TOL OLOTHHATOG, Kat (B) mivakeg pe péyeBog ovvolov epyaciag
HEYAAVTEPO TNG OUVOAIKNG KPLPTG UVAHNG TOV CLUOTAHATOG. ZTa TAaiola TG Tapovoag epyaci-
G ETUKEVTPWVOHACTE O€ TIVAKEG IOV avijkovy ot SevTtepn katnyopia. [a Tovg mivakeg avtog,
o mupnvag SpMxV ovveyilet va mapovotdlet évtoveg mpooPAcels ot pvhpn, akopa Kat 6Tny
TEPIMTWOT TTOV EKTEAEITAL EMAVAANTITIKAL.
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Y10 [GKAT08] avalvovpe kat aflohoyodpe ta tapandve {ntuata oe cvyxpovoug eneep-
yaotég. ta Adyovg ovvtopiag dev avamapdyovpe OAa ta anotedéopata edw. Avti avTtov, mapa-
Bétovpe To Pacikd cupmépacpa Tov oxetileTat pe TNV Tapovoa epyacia. ZuyKekpLuéva, pe Baon
Ta anoteAéopata TngG epyaociag, To peyalvtepo mpoPAnua otny enidoomn tov mupriva SpMxV ei-
vat ot peydheg anautroelg oe puOpod petapopds dedopévwy amd Ty KOpLa Lviun. Zuvenwg, ena-
KOAovBeg mpoondbeteg yia Bektiwon tng emidoong Ba mpémel va otpépovtal ekel. Baoilopevol
o auTo To amotéleopa, avantdfape Tpia oxfupata cvpmieong Sedopévav ya apatog Tivakes,
Ta onoia atoxevovv atn Pektiwon g enidoong Tov vToAoyloTikov muprva SpMxV. Tlpy and
TNV TApoLvoiact] TovG, WOTA0O0, TAPADETOVE TIEPANATIKA amoTeAéopaTa yia TNV enidoon Tov
SpMxV og 00YyXpoveg TOAVTIVPNVEG APYLTEKTOVIKEG XPTOLHOTIOLWVTAG éva TTOAVTANOEG chvolo
TUVAKWY.

O oKxomoG TWV MELPAUATWY TIOL ekTEAODE eivar SIMAOG: (a) Tapéxovpe pia TOoOTIKN avdAvon
™G enidoong Tov vIToAoyLoTIKOL TVpriva SpMXV e paypatika cvotipata kat (B) emPePaiw-
VOUE OTL I] OTEVWTIOG TNG GUYKEKPLUEVNG EQAPUOYNG eivat 0 pvOpog Sedopévwy and Tnv kdpla
VTN Kt ATTELKOVIOVE TNV TIEPLOPLOUE VT ETEKTECLLOTNTA TNG 000 av&avel 0 aptBuog Twv mupn-
vwv. Ta Telpdpata pag mpaygatomotovvtat e SVo oCLOTHHATA, Ta oToia arotedodV Ta dVo dkpa
TOV QACUATOG TWV CUYXPOVWY CLGTNUATWY, OGOV APOPA TNV EMIBOOT TOV VTTOGVOTAUATOG UVT)-
HNG. Zvykekpiuéva, metpapati{opaote oe éva pnxavnua SMP, kat og éva ovotnua NUMA, mov
ETKEVTPWVETAL OTNV VYNAT emtidoon Twv petagopwv and kat Tpog tr pvrun. Ta arotedéopa-
Td pog katadetkvoovy otL kat Ta Svo ovatripata aduvatody va e§ao@alicovy Tov anatovevo
pLOUO HETAPOPAG, OTAV XPNOLHOTIOLOVVTAL OAOL OL TVPTIVEG TOV GLUOTHUATOG.

0.5.5 TIlepapatikni TAaT@Oppa
YAiko

[Tewpapatifopacte oe §vo ovotipata. To Tpwto cvotnua meptéxet Svo enegepyaotés Teood-
pwv mupnvwv Intel Harpertown (Zxrpa 11). O kabe muprvag Aettovpyei oe ovyvotnta 2 GHz,
nepLExXet 800 WL TIKEG KpLPEG pvnpeg L1 peyéBovg 32 Kib (evtolwv kat dedopévav), evd ot mo-
priveg ava (evyn potpalovrat pia evomomnpévn kpuer pvrjun L2 peyéBovg 6 MiB.

2e avtifeon pe o ovotnua Harpertown, To onoio xpnotpomnotei £€va kotvo (yia 6Aovg Tovg
TIVPTVEG) HOVOTIATL YL TN HVrjun, To SedTepo ovaTnua anoteleitat and Svo enetepyaotég Intel
Nehalem [BDH " 08] ov vhomolovv v apyitektovikii NUMA. O Kdébe enefepyaothg £xel Téo-
oeplg VPN veg pe ovxvotnta 2.8 GHz- 0 kdBe muprivag €xet OLwTikég kpv@ég pvrpeg L1 (32 KiB
evToA@V kat dedopévwv) kat L2 (256 KiB), evw muprveg mov Ppiokovtat atov idlo ene§epyaotn
Hotpdovrtat pia kpven uviun L2 (8 MiB). H emkowvwvia peta&d koupwv NUMA kat 6uokevwy
E/E vhomoteitat pe ouvdéoelg onpeio-mpog-onpeio (Exnua 12). Télog, o ene§epyaotris Nehalem
vlomotel Tnv texvoloyia SMT [TEL95], mapéxovtag dvo vijpata ektédeong ava moprva.
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|CO|L1| |C1|L1| |C2|L1| |03|L1|

L2 L2

= FB-DDR2
[«—— > FB-DDR2
FB-DDR2

|#—————— = FB-DDR2

MCH

|C4|L1| |CS|L1| |CG|L1| |C7|L1|

L2 L2

Exnpa 11: Zvotnua 8 muprivwy mov anoteheitat and dvo enegepyaoté Harpertown.

G B o] Blo] e [of= [ofe [@]=
L2 L2 L2 L2 L2 L2 L2 L2
| | | | | | | |

L3 L3
DD3 QP QP DD3
MEM MEM

Zxnua 12: Zvotnpa 8 muprvwy mov anoteheital and dvo enefepyactéc Nehalem.
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Onw¢ gaivetat ota Zyfuata 11 kat 12, Ta Tpaypatikd cvotipata ovuvidws vAomolodyv pia
Lepapxtkr] TomoAoyia, Omov SlapopeTikd GVUVOAA TVPTVWVY HOLPAlovTaL SLaQOPETIKA HEPT TWV
KPLPWV pvnuav. Tia va Stakpivovpe SLaQopeTIKEG TEPIMTWOELS ATEKOVIONG TWV VIIUATWV TNG
EQPAPUOYTG O€ TTVPTVEG, SnAwvovpe pnTd ToV aptdud Twv vnuatwyv ot kabe eminedo TG tepapyiog.
Ta enineda avanaplotwvtal wg e§ng:

o t :vApata SMT otov idto mupriva (Nehalem).

o c0: TVpn Ve ov potpalovtat v L2 (Harpertown)

o cl1:mpnveg ov dev potpdlovtal tny L2 (Harpertown)
 c :mopriveg ov potpalovtat Ty L3 (Nehalem)

o d :dagopetikoi enefepyaotéq (Harpertown kat Nehalem)

O Tlivakag 2 avagépet oOVTOpa Ta Pactkd xapaktnploTikd Twv §vo enefepyactwv mov xpnotpo-
motOnkav.

Svotnpa Harpertown Nehalem
Movtého E5405 X5560
Zvxvotnta (Ghz) 2.0 2.8

L1 (evtoléc/Sedopéva) 32k/32k 32k/32k

L2 6M (1/2 mupnveg) 256k (1/mvprva)
L3 - 8M (1/emegepyaotn)
IToAvvnuatikd emineda 2c0x2clx2d 2tx4cx2d

ITivakag 2: Emokommon twv ouoTnudtey Tov xpnotgonomdnkay otny nepapatikn agloAdynon.

Aoyopko

[a TN HETAYADTTION TWV TPOYPARUATWY XpT|OLpoTotoape TNy €kdoon 4.3.2 Tov gec, evw ot
Hetprioelg mpaypartonomOnkav oe ékdoon 64-bit Tov Aettovpyikod cvotripatog Linux (2.6.30).
H napaAinhonoinon €ywve pntd, xpnotponowwvrtag tn demagrn pthreads tng PipAodrkng GNU
libc (NPTL 2.7). EmunpdoBeta, meplopioapie ta vijpata ekTENEOT|G O€ CLYKEKPLUEVOLG emtedepya-
OTEG, XPNOLULOTIOLDVTAG TNV KANOT CVOTAHATOG sched_setaffinity(), evw deopedoapie meploxég
HVIUNG o€ ovykekpipévovs koppovg NUMA, xpnotponowwvtag tn PipAtodnxn libnuma (2.0.2).

To pokaBopiopévo péyeBog yia Tovg Seikteg Kat TIG aplOUnTIKEG THHEG TWV APALWY TIVAKWY
eivau 32 kat 64 bits, avtioTtorya. [ta va mpooopoiwoovpe, 660 To duvatdov KaAvTepa, TIG EMOTN-
HOVIKEG EQAPUOYEG TIOL XPNOLHOTIOLOVY ToV Tuprva SpMxV, exteholpe 128 ovvexdueveg ema-
vaknyelg kat Bétovpe to Stvuopa e€ddov (y) va givat o Stdvuopa e068ov (x) TG eMOUEVNG
EMAVAANYNG.
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Z0volo apatwv mivakwy

Onwg éxel avapepOei, 0TnV epyacia avTh EMKEVIPWVOUACTE O€ TIVAKES, Ylot TOVG OTIOIOVG O
nuprvag SpMxV efakolovBei va mapovatdlet évtoveg mpooBacelg otn pvnun, akopa Kot 6tav
ekTeAeital emavaAnmrikd. Tla Tig Telpapatikég LETPHOELS, CUVETIWG, XPTOLHOTIOLOVHE TIVAKEG TTOV
éxovv o0voAo gpyaaiog yia To CSR peyaAvtepo and 4 - 6 = 24 MiB (1o péyebog tng peyakvte-
PNG OLVOAIKAG KPLPNG UVAHNG TwV ovoTnpdtwy). Ot Tivakeg mov xpnollomotovpe eivat 50 Kkat
napovotalovrat otov Iivaka 3.

Svopa N nnz | péyeBog évopa N nnz | péyeog

/10% | /10% | /1MiB /103 | /106 | /1MiB

boneS10 9149 | 55.5 638.3 | G3_circuit 1,585.5| 7.7 93.7
ldoor 952.2 | 46.5 536.0 | cagel3 4453 | 7.5 87.3
inline_1 503.7 | 36.8 423.3 | rajat30 644.0| 6.2 73.1
£dif202x202x102 4,000.0 | 27.8 3339 | pre2 659.0| 6.0 70.7
F1 343.8 | 26.8 308.4 | Hamrle3 1,447.4| 5.5 68.6
rajat31 4,690.0 | 20.3 250.4 | largebasis 440.0| 5.6 65.3
msdoor 4159 | 20.2 233.2 | Chebyshev4 68.1| 54 61.8
Freescalel 3,428.8 | 18.9 229.6 | apache2 7152 4.8 57.9
Ga41As41H72 268.1 | 18.5 212.6 | s3dkq4m2 90.4| 438 55.5
af_shell9 5049 | 17.6 203.2 | ship_001 349| 4.6 53.3
af_5_k101 503.6 | 17.6 202.8 | torso3 2592 | 44 51.7
TSOPF_RS_b2383 38.1| 16.2 185.2 | thread 29.7| 4.5 51.3
kkt_power 2,063.5| 14.6 175.1 | ASIC_680k 682.9| 3.9 46.9
Si41Ge41H72 185.6 | 15.0 172.5 | large-dense 20| 4.0 45.8
random100000 100.0 | 15.0 171.8 | barrier2-9 115.6| 3.9 45.0
nd12k 36.0 | 14.2 162.9 | xenon2 157.5| 3.9 449
crankseg 2 63.8| 14.1 162.2 | parabolic_fem 5258 | 3.7 441
pwtk 2179 | 11.6 134.0 | FEM_3D_thermal2 1479 3.5 40.5
bmw3_2 22741 11.3 130.1 | sme3Dc 429 3.1 36.2
ohne2 181.3 | 11.1 127.3 | stomach 2134 | 3.0 354
hood 220.5| 10.8 124.1 | thermomech_dK 2043 | 2.8 33.4
Si87H76 2404 | 10.7 122.9 | helm2d03 3923 2.7 329
bmwecra_1 148.8 | 10.6 122.4 | ASIC_680ks 682.7| 2.3 29.3
atmosmodj 1,270.4 | 8.8 105.7 | poisson3Db 85.6| 24 27.5
thermal?2 1,228.0 | 8.6 102.9 | rmal0 46.8| 2.4 27.3

ITivakag 3: ZhvoAo mvakwy mov xpnotponoOnkay otny metpapatikn agloAdynon. Ototiheg me-
PLEXOLV TAL XAPAKTNPLOTIKA TwV Tivakwv: H N mepiéxet tov aplOpd tTwv otnAdv Kat Twv ypapumv
Tov mivaka og XIAadeg, H nnz mepiéxel Tov aplipo twv un-pndevikwv oTotXelwv 0€ EKATOHUVPLA,

Kat 1 size meptéxel To uéyebog tov mivaka oe MiB otav anobnkedetat pe To oxripa CSR.

H m\eloyngia Twv mvakwv agopovy mpaypatikd TpoPAnpata kat €xovv emAeyel and to
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[Dav97]. To ovvolo mepthapPdvet Tov mivaka fdif202x202x102, 0 OTOI0G AVATAPLOTA Eva TTPO-
PAnua memepaopévwy dlagopwyv 5 onpeiwy yia kavoviko xwpo peyébovg 202 x 202 x 102 kat
SnpovpynOnke and to SPARSKIT [Saa94]. Emnpoofeta, xpnotpomotovpe dvo ovvetikovg mi-
vakeg: (a) évav 2000 x 2000 mukvo mivaka (large-dense) kat (B) évav tvxaio 100000 x 100000
apatd mivaka (random100000).

Enidoon CSR

To Xxnua 13 mapovotalel t péon emrayvvon (average speedup) tov CSR SpMxV, yia Sta-
gopeTikég Sataelg vipdtwy oto ovotnua Harpertown. H emtayvvon yia 8 vijpata givar 1.9,
YEYOVOG IOV KATASELKVVEL TNV TIEPLOPLOUEVT EMEKTAOLUOTNTA TOL TrVprva. H adv&non ¢ emta-
Xuvong and tnv mepintwon 2ce otny nepintwon 2c1 (1.17 kau 1.23) ogeidetar otn av&non tov
Hey€0ovg TnG oVVOAIKNG KPLPHG HVAHNG. Ol TEPIMTWOELG 2¢1 KAl 2¢0X 2c1 EMTVYXAVOLY TEPi-
nov TNV St emidoon, mapolo mov Simhactdlovtat ot Stabéoporl Tuprves. H cuumepipopd avtr
amodidetal 0TV advvapia TOLV CVOTHHATOG Va TTAPEXEL TOV amapaitnTo pOUd petagpopdg dedo-
HEVV.

Omotodnmote ToAvvnpatikd mpdypappa propei va ekteheabei oe pia apyirektoviki NUMA,
xwpic aAlayés. QoTo00, 0 AT TNV TepinTwaor dev vIdpyeL €yyvnon 6060 agopd T BEATIoT
TomoBétnomn Twv dedopévawv oTovg kOpHPovg NUMA. Zuvendg, GTOXEVOVTAG 0TI HEYLOTOTOINOT
™G enidoong, avantvape mupriveg SpMxV, ot omoiot avakapBavovy va Seopedoovv dedopéva
nov tpoomehalovtat amod povo éva vijpa oTov avtiotoxo kopfo NUMA.

Zta anoteléopata yia o ovotnua Nehalem napovotdlovrtat Svo ekddoeig tov muprva CSR
SpMxV: ouvOng d¢opevon pvriung (default allocation) kot déopevon pvrpung otov Tomko kOpPo
NUMA (local allocation). To ovotnpa Nehalem napéxet vynhodg puBuovg petagopag dedopé-
VWV amd TNy Kupla Lviun Kot BEATLOVEL OHAVTIKA TNV €MG00T) TOL TVPHVA, AKOA KAl TNV Te-
pintwaon omov 1 pviun deopedetal xwpic va AngBei vmoyn n vrokeipevn NUMA apXITeKTOVIK.
H 8¢opevon pvrpng otov tomko kopBo mepartépw PeAtiwvet Tny enidoon, odnywvtag oe emtd-
xvvon 4.44 yua Ty mepintwon 4c x 2d. Qoto00, 1 Xpnotponoinon twv vipdtwv SMT odnyei oe
(pkpn) peiwon tng emidoong (4.31).

Av kat To vroovotnua pvipng tov Nehalem PeAtiwvet dpaotikd tnv enidoon tov vroloyt-
otikob muprva CSR SpMxV, Sev kata@épvel va metvyel Tn OewpnTik emTdXLVon, agrvovtag
Xwpo yia Pektiwon tng enidoong XpnotHonolwvTag TexvikéG oupmieong dedopévwy. Xtn ovvéxela
Mg epyaciag Oa aoyoAnBolpe povo pe ekdooelg Twv pedodwv SpMxV mov deopedovy pUvhn 6Tov
TOTIKO KOWPO, 660V apopd To cvotnua Nehalem.

Svunepdopata

Zopnepacpatikd, vrootnpifovpe 6Tt 0 TopHvag SpMxV eivar katdAAnAn egappoyn yia
XPNon TeXVIKwV ovpmieong Sedouévwy pe otdxo TN Pektiwon Tng emidoong. Xvykekptuéva, (a) n
0Tevwnog TG emidoong eivat 0 TEPLOPLOpEVOS pLOUOG peTapopds Sdedopévwy, (P) ta dedopéva
TWV ApaLdVY TIVAKWY, TOVAAXIOTOV YL TTPAYHATIKEG EQAPHOYES, TIEPLEXOVY EVKALPIEG Yla GVUTE-
on kat (Y) To KOOTOG CLUTILEOTG HTTOPEL VAL VTIEPKEPAOTEL, APOV O TVPTVAG XPTOLUOTIOLEITAL ETTAL-
VAANTTIKA.
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Zxnua 13: Méon mapaAAnin emrayvvon tov muprva CSR SpMxV oto ocbotnua Harpertown Ta
yKkpt onpeia deixvovv Ty emrdxvvon yia kdbe mivaka, evw Ta padpa T péon EMTAXLVOT Yla

OAOVC TOVC THVAKEC

local node allocation (all)
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Zxnua 14: Méon mapdAAnAn emrdyvvon tov muprva CSR SpMxV oto obotnua Nehalem. H
ypappr “local node allocation” avtiotouel oe Séopevon uviung otov tomko6 koppo NUMA. H
EMTAYVVOT) TIPOKVTITEL ATIO T OELpLOKT eMidoom 6Tav xpnotponoteitat ovviOng déopevon pvi-
ung (default allocation). Ta ykpt onpeia Seiyvovv Tnv emtdyvvon OAwV TV MVAKWV Yia TNV

nepintwon déopevong uvnung otov Tomikod koppo.
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0.6 To oxnua arodnkevong CSR-DU

0.6.1 Kivnrtpo kat mpocéyyion

Ta oxfuata anodrkevong apaidv mvakwv napadootakd tpoonabovv va ekpetalAevTovy
ovveXOEVa OTOLXElQ, eiTe ot pia diotaon (Zxrua 15a), eite oe dvo (Xxnua 15b). ITapadeiypata
amotelovv To BCSR kat to oxfua armobnikevong yia povodidotata pumAok pe petafAnto aplfuo
otoixeiwv mov meprypagetat oto [PHII]. To anotédeopa tov oxrpatog BCSR, og 0Tt agopd to
péyeBog tov mivaka cvykprikd pe to CSR, eaptartal and tnv kataAAnAotnTa tov emheypévov
OXNHATOG UTTAOK YLot OUYKEKPLHEVO TTEVAKA. AV Ta HTTAOK TTOV TIPOKVYOLV TIEPLEXOLV (KPS aplOpod
HNOeVIKWY, TOTE Ta 0 OYKOG TwV dedopévwy doprg Ba pewwbel onpavtikd. Tia mapddetypa, av
Kavéva amo Ta UTTAOK TIoL TIPOKVYoLV Sev TepLéxovv pndevikd, o 6ykog Twv dedopévwv dopng
Oa pewwBei katd 7 - ¢, 6MOL T X € TO Péyebog Tov pumhok. Avtifeta, oe mepinTwon mov Ta uwAok
nepLExovy undevikd ototyeia, eivat amapaitnto va mpootebovv katdAAnAeg pundevikég Tipég ota
dedopéva tipwv (padding). Avto, avaloya to uéyedog tov pmhok kat T Sopr| Tov ivaka, propei
va odnynoet oe av&nomn Tov GuVoAKoL Oykov dedopévwy.

SN B N N 0 e O O
O O 0O0O0 00 O O
O OO 0O 0 e O O
O O 00O OO 0O0O0
0000 O OO O0O0

—
S
=
—~
=3
=

Zxnua 15: Kavovikotnteg apatv mkakwy. (a) ovvexopeva otoixeia (b) didtaotata pumiok.

H nipooéyyton mov akolovBovpe Paciletat atny vmdbeon 6Tt ot TMivakeg EXovv TVKVEG TTEpLo-
XéG — meploxés, Onhadn, pe ototxeia mov PpickovTal KOVTA, xwpig va eivat cuvexopeva. Ot me-
PLOXEG AVTEG UTTOPODY VA CUVELCPEPOVY OTUAVTIKA OTN Peiwon Tov 6ykov Twv dedopévwv dopng,
xpnotpomotwvtag kwdikomnoinon déAta (delta encoding) otig oTiAeg TwV oTOIKEIWV (cOl_ind)
[WL06]. Katd tnv epappoyn g kwdikomnoinong déhta, ot deikteg otnhwv (column indices)
avtikadotwvTat pe T Stapopd Tov TpéxovTog deikTn amd Tov mponyovpevo. o Ta otoigeia
piag ypapung, n Stagopd avtr eivat OeTikn kat pikpdTepn 1 lom amd TNV Tun Tov deiktn. Zvve-
WG, Ot TIUEG SéATA PIopovV va amoBnkevtodv oe UiKpOTEPOL HeYEDOVG aKEPALOVG, OSNYWVTAG
o€ [elwon Tov dykov dedopévmv.

Mua apyikn peBodevon Ba nrav n kwdikomnoinon kabe deiktn oTNANG Eexwptotd. Qotdc0 N
TOKTIKT QUTH, YEVIKA, CUVETIAYETAL TNV EL0aywY eVTOAWDV StakAddwong (branches) oto ecwtept-
K06 Bpoxo Tov muprva SpMxV, agov kdbe emavainyn tov Bpodxov amattei Ty anokwdikonoinon
evog Seiktn otANG. Ot evtolég avtég odnyovv oe poPAnuata otnyv enidoon Tov Tuprva, apov
elvat Svokolo va tpoPrepBovv and tov enegepyaotr|. H mpoaéyyion mov akohovBovpe otoxevet
OTNV QVTIHETWTILON TOL Tapandvw TpoPANpatos xwpilovtag Tov mivaka oe TEPLOXEG, OL OTIOIEG
ovopalovtat units kat €xovv HeTaPAnTo aptduo ototxeiwv. Ia kdOe pia amd avTég TIG mEPLOXES,
vrohoyilovpe tn péytotn tpn Séhta kot emhéyovpe To eAdxioto péyeBog akepaiov mov pmopei
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VO AVATIAPACTHCEL AVTH TNV T yla OAEG TIG TipéG SéATa TG eptoxnis. H texvikn avtr odnyei oe
€0WTEPLKOVG PpOY0oVG Xwpig eVTOAEG Stakhadwang, Buatdlovtag xwpo, agov dev xprotpomoteitat
0 eAdy1oToG aptduog bytes yia kdOe Tiur SéAta.

‘Evag onpavtikog mapdyovtag, 0Tav XproLoTOLEITAL ] TEXVIKE TWV TEPLOXWY, eival 1) ETUAOYN
Tov peyebovg Tng kdbe meploxng. Mikpo péyeBog odnyei oe peyaAn empdapvvon otny amokwdi-
Komoinom, agov ot ecwtepikoi fpoxot ektehovvTat Aiyeg @opég. Avtibeta, av To péyebog tng me-
pLoxng eivat peyalo, vdpxovv AtydTepeg evKalpie GUUTEONS, AQOD Hia povadikn peydAn T
Séhta emBalet peydho néyebog yia OAa Ta oToLyeia.

0.6.2 To oxnua CSR-DU

To oxfua anoBrkevong CSR-DU (CSR with Delta Units) xwpiCet ta dedopéva dopng oe me-
PLOXEG, TIG oTtoieg amobnkevet oe €vav mivaka bytes mov ovopdetan ctl. H kaBe meproyr| mepto-
piletal oe otowyeia piag ypapung kat aroteAeitat and dvo pépn. To mpwTo pépog eivat 1 emike-
parida, otnVv onoia amoBnkevovtal ot 181OTNTEG TNG Teptoxns. To SevTepo pépog eival To owua,
omov amofnkevovtal kwdikomonuéveg ot déhta Tipuég. H emkepalida, otnyv mo amAn tng pop-
@1}, mepiéxet dvo media peyEBovg evog byte: (a) To medio usize, TOV AvamaplOTA TOV APLOUO TWV
otoyeiwv g meploxng kat (P) to medio uflags, éva Stavvopa bit (bit-vector) mov kwdtkomotel Ta
VTOAOLTIAL XAPAKTNPLOTIKA TNG TEPLOXNG. AQov To Tedio usize éxel uéyebog éva byte, o péyiotog
aplOpdg oTorxeiwy yia kdbe meplox eivac: 28 = 256. To péyebog twv Séta Tipdv (1,2, 4 1 8
bytes)t tov cwpatog kwdikomoteital 0To uflags, pali e TANPOPOPIa YL TO AV 1) CLYKEKPLUEVT
neploxn §ekva pia véa ypapun.

To Zxnua 16 mapovotalel éva mapadetypa Tov oxfuatog anodrikevong CSR-DU. Zto ma-
padetypa avtd, pia oelpd pe 8 otoreia xwpiletat oe §vo meploxés. H mpwtn meploxn mepiéxet 5
otouxeia, SéAta TipéG peyéBoug 1 byte kat eivat n apyr piag véag ypapung (nr). H Sevtepn meproxr
el 3 otouyeio kat déATa Tipég peyéBoug 2 bytes.

H Swadikaocia ovprnieong tov oxniuatog CSR-DU eivau anAn. Ipaypatonoteitar og O(nnz)
Pripata, 6oL Ta oTOLKElA TOV Tivaka SlaTpéxovTal fiat opd, Kat amapaitnTn TAnpogopia kpa-
TelTaL 0€ POOWPLVOVG XWPOovG amobrkevong, £éwg 6Tov ohokAnpwdei n kwdikomoinon piag me-
ploxneG. Me dAAa Aoyla, n kwdikomnoinon oe CSR-DU dev emPapivet Ty moAvmhokdTnTa TG
npo-enefepyaoiog oe oxéon pe to oxnua CSR. Eva onpavtiko {itnpa g kwdikomnoinong eivat
0 Sl WPLOUOG TWV TIEPLOXWYV. XTHV DAOTIOINCT] HaG XPIOLHOTIOLOVE piat aTAT) TPOGEYYLOT OTIOV
pia teploxn} OAOKANPOVETAL OTAV LKAVOTIOLEITAL [iat ATtO TIG TAPAKATW oLV KeG: (a) 0TO EMOUEVO
ototyeio Eexvd véa ypapun 1 (B) n meploxr €xet 9Oacel Tov péyloto apBpd otoyeiwv. O Akyo-
p1Bpog 0.2 meprypdget TN Sadikacia, XpOILOTOLWVTAG [ic CLVAPTNOT Yl TNV OAOKAN pwOT) TWV
TepLOXWV 1oL Tapovotaletat oe Yevdokwdika atov AAyoptBuo 0.3.

H vlomoinon tov muprva SpMxV yia to oxrpa anodrikevong CSR-DU napovotaletat (amho-
nompévn) otov Kodika 6. H tpocPacn otov mivaka ctl yivetal éow evIoAwy Tov Tpo-enegep-
yaotr (7. ctl_get_ul6()), oL omoieg eMoTPéPovV TN (Nrodpevn Tipn Kat avfavovy katdAAnia
70 JeiKkTn TOL Tivaka. ApIKA, oL TiéG Twv Tediwv uflags kat usize e§dyovTal amod TNV eNKePa-

tZnv mpadn Sev xpnotponotodvtat Tipég SéAta peyéBoug 8 bytes Aoyw meploptopévng XwpnTIKOTNTAG TNG LVIUNG.
QoT600 116 Voo TNPilovpe Yia TANPOTHTA.
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Algorithm 0.2: Baowkn Stadikaoia kwdikonoinong CSR-DU.

Initialization:
deltas — ]

newrow < true

// T1lpég O6€ATa yla Tnv TpEXOUOA TEPLOXK
// aAnBég av n tpéxouoa meploxf opilel VEQ YPOAUUN

Ypmv +—1 // H ypopurj Tou mponyoUpEVOU OTO1XE1oU

Xprev ~0 // H OTAAN TOU TPONYOUUEVOU OTOLXETOU

foreach (X,Y) in Elements do

if Y # Yjre, then
finalize(deltas, newrow)
deltas < []

newrow < true

Yprev <Y

| Xprev 0

deltas.add(X — Xprev)

if deltas reached maximum size then
finalize(deltas, newrow)

deltas < []
L newrow <+ false

// apxr VEag ypapuig

// €AEyX0G OAOKARpPWONG MEPLOXNG

Algorithm 0.3: OlokAnpwon meploxng: mpoodeon katdAAnAng mAnpogopiag oTov mivaka

ctl.

finalize(deltas, newrow):

set usize equal to the size of the deltas array
if newrow then
| set new row mark at uflags (nr).

switch max(deltas) do

case 1..28// 1 byte
L set delta’s size to 1 byte at uflags (D8).

copy values of deltas array as 1-byte integers to body.
case 28 .. 216 // 2 bytes

set delta’s size to 2 bytes at uflags (D16).

copy values of deltas array as 2-bytes integers to body.
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row_ptr
» ////,,___,‘_, 200
213 Lo @
I I c) I
—_— | g | g |
234 I
268 5 Dﬁ" 200| 13 | 21 | 34 | 55
323 3 |D16| 1679 3 4
2002 ‘ |
| _header | __body (delta values)
2005 | |
2009

Zxnua 16: IMapddetypa tov oxnpatog anobnkevong CSR-DU.

Aida. Av 1 meploxn} Eextva pia véa ypapyr}, TPAYUATOTOLOVVTAL OL ATIAPAITITEG APXLKOTIOL|OELG.
Tehkd, mpaypatonolodvTal ot anapaitnteg mPdgels Tov TOAATAACIAGHOV, avdloya To €id0g
g meptoxns. Ot ecwtepikoi Bpoyot mov vAoTotovv Tig Tpakelg avtég Sev epLExovv eVTONEG Sia-
KAASwONG, YEYOVOG IOV ETITPETEL TI) YPIYOPT) EKTEAEDT) OTOV eMe§epyanTh.

H dadkacia g mapaAinlomnoinong eivar mapopota pe avtr tov oxfuatog CSR. Ta tnv
TEPIMTWOT) TOL Slapeplopod ava ypappés, to kabe vipa xpetaleta n Béon twv Sedopévwv mov
Tov €XoLV avatebel oTOVG Tivakeg ctl, values kal y, kaBwg Kat TOV aplBpuod Twv ypappwy mov €xet
avalafet.

ZTIG EMOEVES TIAPAYPAPOVG TTapoLOLaiovTal emekTdoelg Tov oxnipatog CSR-DU, ot omoieg
amookomovy ot Bektiwon tng enidoong.

Anodotaon meploxwv

Eva mpoPAnpa tov oxfipatog CSR-DU, o1 pop@r| mov meptypa@nKe oTiG TPONYOUUEVEG Tta-
paYPAPOLG, eivatl 0Tt givan BavO n TP TN TIur §¢ATA TNG TEpLoyig va eivat (apkeTd) peyalvte-
pn amo Tig vtohouneg kat va emPddet peydho peyéBog amobrkevong oe OAeG TIG LTTONOLTTEG TIUEG.
>to mapadetypa Tov Zxuatog 16, ta ototgeia TG SevTEpPNG MEPLOXNG Eival APKETA KOVTA [e-
taf Tovg wote va apkel 1 byte yia g Tipég SéAta, aAld n peydAn anoctacn ano Ty TpwTn
neptoxr emiPdhet péyebog 2 bytes. Tia TV avTIHETWOTLON ALTOV TOL TIPOPAUATOG, EMEKTEIVAE TO
oxnua CSR-DU, wote va mepthapBavel otny emke@alida Tnv anodotaon and Tny Tponyovpevn
neptoxn (unit offset). H andotaon avty ovopaletat ujmp kot amobnkedetat wg évag OeTikog aké-
patog petaPAntov peyébovg. H texvikn avtr BeAtiwvet T ovpmieon Twv SelkTwv oTnAwv Xwpig
KO0TOG oV emidoomn, agov dev emnpedlet Tov ecwTeptkd Ppdxo Twv voloytopwy. Ot aképatot
petaAntov peyéBovg viomolodvrat wg e€ng: o aképatog xwpiletal oe pépn Twv 7 bits, Ta onoia
amoBnkedovTtal o ovveXOHeVa bytes, evd yla va avayvwptotei To tedevtaio byte O¢tovpe Tnv
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do {
usize = ctl_get_u8(ctl);
uflags = ctl_get_u8(ctl);
if ( flags_new_row(uflags) ){
y_indx++;
X_indx = 0;
}
switch ( flags_type(uflags) ){
case CSR_DU_US:
for (i=0; i<usize; i++) {
x_indx += ctl_get_u8(ctl);
yly_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U16:
for (i=0; i<usize; i++) {

x_indx += ctl_get_ul6(ctl);

y[y_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U32:

}

} while (values < values_end);

Listing 6: H vhomoinon tov mupriva SpMxV yia 1o oxrjua anobnkevong CSR-DU.

Twn tov mpwtov bit (MSB) o¢ 1. To Xxfua 17 deixvel Tnv kwdikomoinon tng devtepng meploxng
Tov 2XNUaTOG 16, XPNOILOTIOLWVTOG ATTOCTACELG TIEPLOYWY.

Ileployxég pe ovvexoueva otorxeia

Av kat n xprion g kwdikomoinong S€ATa Umopel va HeLDoEeL OHAVTIKA TOV OYKO TwV de-
Sopévwv Sopng, Sev xelpiletal amoTeAeopaTiKd TNV TAPOVCia CLVEXOUEVWY OTOLXEIWY. Av OAa
Ta OTOLElA Hiag TEPLOXNG eival ouvexOHeva, TOTE 1) TANPOPOpia TwV SEKTWV GTHAWV UTOpEL
va mapadeipBei mAnpws. H mpaxtikr avtr, eKTOG TO Va HELWVEL TOV OYKO TOV GUVOAOL £pyaoi-
aG, AMOTPEMEL TIG EUETEG TIPOOPAcelG 0TO Stavuopa X, BondwvTtag ToV LETAYAWTTIOTH KAl TOV
enefepyaotn va Pedtiwoovy Ny enidoon tov TOAATAACIAGHOV. ZVVENWG, 0 avTiBeon He Tig
ovvnOelg Texvikég ovpmieong mov emPapvvovy T Stadikacia VTOAOYIOHOD, 1 EKHETAANEVOT TWV
OLVEXOUEVWY OTOLKEIWY pmopel SuvnTikd va PeATidoel Ty emidoon TwV LITOAOYIOHWY TOV TTLPT-
va SpMxV.
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col_ind
i !
i !

A
323 RS L ump

P30S oo =
2002

3 |D8| 1679 | 3 | 4

2005

! header ' body
2009 P =

2xnua 17: Mapaderypa meploxng CSR-DU, xpnotpomolwvtag amooTaoeL TEPLOXWDY.

Enexteivoupe to oxnpa CSR-DU, avtiotoa pe tnv texvikr mov tapovotaletat ato [PHI9],
WoTe va vooTnpilet mepLoxég mov anotelovvTal and cuvexopeva otoxeia. Eva mapddetypa pi-
ag TIEPLOXTIG HE TUVEXOHEVA OTOLEla TTapovataletat oto Zxnua 18. Ta dedopéva Tng mepLloxns,
eKTOG amd Ta media usize kat uflags, TEPLEXOVY TNV ATOOTACT ATO TNV TPONYOVHEVT TEPLOXT
(ujmp). Zrov Kwdika 7 mapovotdletan n vAomoinon tov muprva SpMxV yla teploxég pe ovvexo-
peva oToxela.

567
580 : :
o @
581 N & offset
S S b =
582 7
6 |SEQ| 13
583
584
585

Zxnua 18: ITapddetypa meploxng pe ovuvexopeva otoxeia.

Mo ONHavTIKe TapAUETPOG TTOL TIpETeL va An@Oei vdoyn katd tn Stadikacio ovpmieong eivat
70 eAdyloTo péyeBog piag meploxng pe ovvexopeva ototyeia. Ovopdlovue avtr TV TapaUETPO
seq. Xvvexopeva otoiyeia peyeBovg pkpotepov ano seq, Oa cupméfovTat XpnotHoTOLWVTAG Kw-
dwomoinon 8éAta, OTwWG TEPLYPAPETAL OTIG TTPONyopeVeG tapaypagovs. H mapapetpog avtn
anotpénel T peiwon g enidoong efartiag meploxwv e pukpd aptbuod CuVEXOHEVWY OTOLKEIWY.

35



x_indx += ctl_get_varint(ctl);
switch ( flags_type(uflags) ){
case CSR_DU_SEQ:
for (i=0; i < size; i++){
yly_indx] += *(values++) * x[x_indx + 1i]
}

x_indx += (size-1)

Listing 7: YAomoinon muprnva SpMxV yla Teploxég pe ouvexopeva otoixeia.

0.6.3 IMewpapatikn) a§loAdynon
Ieptparlov

T v a&ohdynon tov oxfpatog anodrkevong CSR-DU mpaypatonomoape oetpd HeTpr|-
OgWV XPNOLHOTIOLWVTAG SlapopeTikég TapapeTpovg. Ot ekddoelg mov vrootrpilay to medio amnod-
otaong peta&d meptoxwv (ujmp) eixay, yevikd, KaAvtepn emidoor, omoTe Kol EMOUEVA ATOTENE-
opata Tapovotalovpe HOVO AUTEG. Ze O,TL aQOpA TIG TIEPLOXEG e CLVEXOEVA OTOLXEl, Bewpolpe
TPELG TIEPIMTWOELG: ATIOVOLA TIEPLOXWV [LE CUVEXOHEVA OTOLXELA (10seq) Kal TIEPLOYES [LE TUVEXOLLE-
va otolxeia eAdxtotov aplBpov 8 (seq=8) kat 4 (seq=4).

Zvykpivovpe to oxrpa armoBrikevong CSR-DU pe ta CSR kat BCSR. Tia to oxrpa BCSR mpay-
HATOTIONOANE PETPHOELS e SlaQopeTikd oxnpata HTAokE, xprotpomotwvtag edikég ekdooelg
Tov uprva SpMxV yia kaBe pmhok. Ztn ovvéyela, 6cov agopd to BCSR, mepropildpacte otnv
TAPOLVOIAOT) ATOTEAEOHATWY yia TO OXfHa Aok pe TNV kakvtepn emidoon. Kata ta dAAa, to
nepIPAANOV TwV TElpapdTV gival OHOLO e aVTO TIoL Tieptypagetal 0to 0.5.5: Tpaypatonolovue
TIG petpnoelg oe Svo ovotnparta (Harpertown kat Nehalem), xpnoonowwvtag 50 mivakes.

Mzeiwon oyxov dedopévwv

O Ilivakag 4 mapovotdlet to fabpéd ovpmieong twv oxnudtwv BCSR kat CSR-DU yia 6Aovg
Tovg mivakeg. H péylotn dvvatn peiwon dykov dedopévwv ya to oxipa CSR-DU, eivat avtn
Tov mivaka large-dense, To AVTIOTOLXQ TTOGOOTA OLUTEOTG TOV oTOioL eival 24.9% yla seq=0
Kat 33.2% ya seq#0. Tia Tovg vtdAoimovg mivakeg, o Babuog cvunieong kvpaivetat and 0 (miva-
Kag Freescalel) €wG KOVTA 0TO péYLOTO (Tivakag TSOPF_RS_b2383). O uéoog Paduog ovpmieong
yia o oxfpa CSR-DU eivar: 14.2% yia tnv mepintwon noseq, 19.3% yia seq=8 xat 21.1% yia
seq=4. To oxjua BCSR, avtifeta, Sev eivat tkavd va avanapacTioel anoTEAECUATIKA TOVG Tii-
vakeg kat odnyei oe avénomn tov peyébovg yia 23 mivakes. Katd péco opo to BCSR av€avet tov

$O1 petprioeig ytvav pe ta mapakdtw oxfpata: 1 x 2,1 x 3,1 x4,2x1,2x2,2x3,2%x4,3x1,3x2,4x1,
4 x 2
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ueiwon 6ykov dedouévwv(%) ueiwon 6ykov dedouévwv (%)
ovopa mivaka | BCSR DU ovopa mivaka | BCSR DU

may | noseq | seq=8 | seq=4 ma) | noseq | seq=8 | seq=4
boneS10 225| 16.6| 27.1| 30.0| G3_circuit -27.1 9.3 9.3 9.3
ldoor 9.5 69| 199| 30.1|cagel3 -56.2| 11.1] 11.1| 111
inline_1 224 47| 15.8| 22.8]rajat30 -31.6 99| 10.7| 14.0
£dif202x202x102 -38.5| 159| 159| 159]|pre2 -38.5| 14.1| 14.6| 148
F1 22.3 58| 16.2| 21.0 | Hamrle3 -6.2| 17.8| 17.8| 19.6
rajat31 -39.3| 21.5| 21.5| 21.5]largebasis 157 0.7 192| 21.8
msdoor 10.2| 11.9| 22.3| 29.1|Chebyshev4 -28.3| 20.8| 26.0| 26.0
Freescalel -31.7 0.5 0.5 0.6 | apache2 -37.7] 159| 159| 159
Ga41As41H72 -169| 16.6| 21.7| 25.1|s3dkq4m2 16.7] 16.6| 31.8| 31.8
af_shell9 12.0| 16.6| 28.8| 30.9]ship_001 62| 16.8| 28.7| 312
af 5_k101 12.1] 16.5| 28.8| 30.9] torso3 -25.4| 153] 153| 153
TSOPF_RS b2383| 26.3| 21.0| 33.1| 33.1|thread 22.3| 17.1| 26.5| 282
kkt_power -61.2 5.2 52 5.2 | ASIC_680k -32.6 7.5 9.1| 10.9
Si41Ge41H72 -135| 16.6| 21.8| 25.7]|large-dense 29.2| 249 332| 332
random100000 -66.3| 16.7| 16.7| 16.7|barrier2-9 -37.6| 16.8| 16.8| 17.3
nd12k 16.4| 16.7| 29.3| 30.0|xenon2 19.4| 21.0| 21.0] 21.8
crankseg 2 58| 16.8| 25.8| 28.7|parabolic_fem -46.9 1.0 1.0 1.0
pwtk 14.1| 15.7| 31.3| 31.6| FEM_3D_thermal2| -13.7| 19.3| 19.3| 19.3
bmw3_2 74| 17.5| 25.9| 30.0]sme3Dc -58.0| 16.8| 16.8| 16.8
ohne2 -248| 16.7| 17.8| 20.0|stomach -29.7| 21.5| 21.5| 215
hood 104 | 11.3| 22.5| 29.3|thermomech_dK 256| 12.8| 12.8| 13.1
Si87H76 -29.6| 16.6| 20.4| 22.7|helm2d03 -52.1 1.4 1.4 3.8
bmwcra_1 224| 16.7| 25.7| 28.4| ASIC_680ks -31.7| 17.8| 20.3| 223
atmosmodj -38.4| 16.0| 16.0| 16.0 | poisson3Db -60.0| 17.1] 17.1| 171
thermal2 -42.5| 12.5| 12.5| 13.3|rmal0 53] 19.1| 26.1| 294

ITivakag 4: Meiwon tov 6ykov dedopévwy ya ta oxfiuata BCSR kat CSR-DU, oe oxéon pe to
CSR. Ta To BCSR mapovoialovpe 0 amoTtéAeopa TOV OXHUATOG HTAOK HE TOV EAAXLOTO OYKO
dedopévav.

Oyko dedopévwv Twv mvakwy katd 13.2%, evd oTovg 22 mivakeg mov odnyel o peiwon dykov,
0 BaBpodg ovpmieong eivat 16.1%. Emmpoobeta, o oxfua BCSR napovoialet kaAvtepn cupumieon
and to oxfipua CSR-DU seq=4, uovo oe dvo mivakeg (F1, thermomech_dK). ZUTEPACUATIKA, OTIWG
katadeikvbovv Ta anotedéopata, To oxfpa CSR-DU eivat mo otabepd and to BCSR, agov dev
odnyei og ad&non tov dykov dedopEvwy TwV TVAKWY — OTN XelpOTEpN TEPinTwoT To péyebog
Oa mapapeivel otabepo.

Harpertown

Apxkd, mapovaoialovpe anotedéoparta yia to ovotnpua Harpertown. To Xxfua 19 Seixvet
péon emrdyvvon yla Stagopetikés Stataelg vipatwv twv oxnuatwv CSR, BCSR kat CSR-DU,
ovykpvopeva pe tn ostptaxr] mepintwon CSR. To oxrpa BCSR éxel, katd péco opo, xelpotepn
enidoon and to CSR yla OAeG TIG TEPIMTWOELG, YEYOVOG TTOV OPEIAeTAL GTO HEYAAO aptOpO Tvé-
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KWV, yta Toug omoiovg To BCSR 0dnyei oe avgnon tov dykov Sedopévwv. Otav xpnotpomotodvrat
oMot ot StaBéatpol mupriveg, To oxna CSR-DU éxet kalbtepn péomn enidoomn and ta oxnuara CSR
kat BCSR. H kaAvtepn emtdyvvon ya 8 vipata (2.45) emrvyydvetal and v ékdoon seq=4,
BeAtiwvovtag Ty enidoomn katd 28.7% oe oxéon pe To CSR kat 35.0% ot oxéon pe to BCSR. Eva
evilapépov oTolxeio eival 6TL 1) ékdoom pe TV kaAvTepn emidoon yua 8 vipata (seq=4), éxel T
XelpOTepn emidoon otav xpnotpomnoteitat povo éva vipa (7% peiwon ovykpitikd pe to CSR). H
TepIimTwon avtr Seiyvel TNV apvnTikn emidpact) TG amoCVUTEONG, OTAV TO CVOTNUA UTOpPEL Va
napéxel dedopéva e emapkn puOUO HeTAPOPAS.

H evpeon tov BéATioTov oxfpatog anodrjkevong dev eivat edkoAn Stadikacia, Sttt ot e§ap-
THOELG TNG eMGO0NG A TNV LIIOKEINEVT) apXLTEKTOVIKT Kat T dopr} Tov mivaka Sev eival mavta
opatég 1 amAég. To ZxnApa 20 mapovotdlel TNV KATAVOUr TWV OXNUATWV pe TNV KakbTepn emi-
doon yla to gVvolo mvdkwv ov xpnotponotovpe. Eotidlovtag otny mepintwon 6mov xpnotpo-
nolovvTat OAot ot Stabéaipol muprveg, To oxnpa CSR-DU amotelel kaAr kaboAkr emAoyr, apov
EMTVYXAVEL TNV KakvTepn emidoon oe 43 mivakes. To oxfipa BCSR, yia v idia mepintwon, €xet
v kaAvTepn emidoon yia 4 mivakeg, evw To oxfpa CSR yia 3. Otav xpnotpomnoteitat povo éva
VIHQL, 1] KATAVOUT €ivat Tio tooppomnuévn: To oxfpa CSR emrvyydvet Tnv kakbtepn enidoon yia
17 mivakeg, 7o BCSR yia 15, kat to CSR-DU yia 18. Tevikd, vootnpifovpe 6Tt 6tav 1 0tevwndg
Tov Tuprva ivat o pOPOG peTaopds dedopévwy anod Tn pviun, Tote To oxna CSR-DU amo-
telei kakvTepn emhoyn amod ta oxfipata CSR kat BCSR. Avtifeta, 6tav o puluog petagpopdg
elvat emapkng, To k60TOG TG amoovumieong Sev Eemepviétau mavta kat to oxua CSR-DU dev
eTLOEIKVUEL KAAT] CUUTIEPLPOPA OE OAEG TIG TIEPLTTWOELG.

Nehalem

Ztn ovvéyela, mapovotdfovpe ta anmotedéopata tov ovothpatog Nehalem, omov Bewpov-
He amokAeloTkd ekdooelg Tov SpMxV 1ov xpnotponolody pviun otov Tomko kopupo NUMA.
To Zxrjua 21 mapovotdlet T péomn emtdyvvon Twv Lo e£ETaon oXNUATWY, CLUYKPLVOUEVA e TN
oetplakr emidoon tov CSR. Otav xpnowonotodvrat OAot ot Tuprveg (4cx2d), n kaAvTepn puéon
emtdyvvon tov CSR-DU eivat 4.6 (seq=8) kat amotelel Betiwon 12.2% oe oxéon pe o CSR kot
11.7% o€ oxéon pe to BCSR. Zvvenwg, akopa kat 0to ovotnua Nehalem, 6mov o vtoovotn-
Ho pvnung €xet Wiaitepa avinuévn emidoon, vdpyet meplBwpto yia Pektiwon tng emitdyvvong
Xpnotpomotwvtag ovpmieon. Otav xpnotponotovvrat OAa ta vipata SMT (2t X4cx2d), povo ot
Héoot opot Twv mepintwoewv CSR-DU seq=4 kat seq=8 PektiwvovTtal- OAeg ot AANEG TEPIMTAOELG
odnyovv oe emPpaduvon.

To Zxfipa 22 mapovotdlet TNy Katavour Twv oxXNHATOVY pe TV Kavtepn enidoon. Ta éva
viua, To oxipa CSR emrvyxdvel Tnv kakvtepn enidoon yia 19 mivakeg, o BCSR yia 22 kat to
CSR-DU yia 9. Qotd00, 600 avéavet o aptfudg Twv mupnvwy mov XprnotonotovvTat, To oxrud
CSR-DU e€ehiooetal otny kakvTtepn emhoyn: yia Ty mepintwon 4c X 2d to CSR-DU emtvyydvet
v kaAvTepn enidoon yia 36 mivakeg, To BCSR yua 9 xat to CSR yua 5.
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1 —O—cCsr
2.2+ ——Dbcsr
. —+—csrdu (noseq)
2.0 —%—csrdu (seq=8)
1 —>—csrdu (seq=4)
Q. |
S5 1.8
©
L 1.6
n
1.47
1.27
1.0
0.8 \ \ \ \
1 2c0 2cl 2¢0 % 2cl 2cO 2c1 X 2d
Threads

Zxnua 19: Méon mapaAAnAn emrayvvon twv oxnuatwv CSR, BCSR kat CSR-DU, og oxéon e to
oetptaxo CSR oto ovotnpa Harpertown.

507

M csr

H besr (1x2)

M besr (1x3)

W besr (2x1)

Ml besr (2x2)

@ besr (3x1)

[ csrdu (noseq)
csrdu (seq=8)
csrdu (seq=4)

2NN\

20

Matrices

= w

o o o
R S A
\)—

2¢0 2c1 2¢0 X 2c¢1 2c0 % ocax2d

Threads

Zxnua 20: Katavour twv pe@odwv pe tnv kaAvtepn enidoon oto ovotnua Harpertown.
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i —O—csr

4 ——hcsr

] —+—csrdu (noseq)
i —%—csrdu (seq=8)
—>—csrdu (seq=4)

x x \
1 n 20 20 AC Ak AC 10*26 Ac‘/"l;% Ac%’ld

Threads

Zxnua 21: Méon mapdAAnAn emtayvvon twv oxnpdtwv CSR, BCSR kat CSR-DU, o oxéon pe to
oetptakd CSR oto ovotnpa Nehalem.

] S K % . % 7

; NT 7% K 7 %

] M csr

] \ Hmb 1x3
N\ § § \ e ()
871 \ N \ B besr (2x2)
- \ & & besr (3x1)
N 2

] N [ besr (4x2)

] [ csrdu (noseq)

107 csrdu (seq=8)
1 csrdu (seq=4)
o
1 2t 2C 2d AC  grxAC 9cx2d pox zdzt x Acx2d

Threads

2xnua 22: Katavour| twv uefodwv pe tnv kalvtepn enidoon oto ovotnua Nehalem.
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0.7 To oxnua arobnkevong CSR-VI

0.7.1 Kivntpo kat mpooéyyion

Onwg éxel avagepBei mponyovpévwg, oL aplOunTikég IS, ovvBwg, amotelodv To Leyalv-
TEPO UEPOG TOL CUVONOV epyaciog evog apatov mivaka, SLOTL amodnkevovTal XpnotHoToOLDOVTAG
64 bit. Zvvenwg, n ovpmieon TV aplOUNTIKOV TIHOV TPOOPEPEL TIEPLOOOTEPEG SUVATOTNTES, OF
0,TLa@opd TN peiwon Tov 0ykov dedopévwy Tov cLVOLov epyaciag. QoTdoo, ot avtifeon pe Ta
dedopéva doung, ta dedopéva Tipwy dev TEPLEXOLY TAEOVAOUO TANPOQOPIAG 0TI YEVIKT TeEpi-
ntwor. EmnpooBeta, n ovpmieon aplOpuntikwv tipdv dev eivat amin vtobeon, deSopévou ott ot
npaelg petald aplOuwy KvnTrg LTOSLAGTOANG TTAPAYOLY OTPOYYVAOTIONUEVA ATTOTEAEGHATA.

Qo1600, Tapatnprioape OTL £vag HEYAN0G aplBpog mvAaKwY TOL GUVOAOL IOV XPTOLHOTOLOD-
LLE, TIEPLEXOLY HIKPO aplOpd HOVASIKWV TIHWDV, CUYKPLTIKA [e TOV aplOpod TwV Un-Undevikwy Ty
TOvG. ATO TNV ONTIK TNG Bewpiag TnG TANpoPopiag, TO XAPAKTNPLOTIKO ALTO CUVETAYETAL XA
UNAR T ™G evrpomiog Twv THV. Me dAla Adyla, oTnVv mepintwon avth, ta dedopéva TIHOV
HTopovV va ovpmieatovv. Eneidn avalntodpe TeXVIKEG fe PkpO KOGTOG AOCVUTIEDNG, XPTOLLO-
TIOLOVE ia amAr} TPoo€yyLon: avTikabioTtovpe TNy arobnikevon nnz Tpwv pe Ty arodrkevon
TWV LOVASIKWV TIHOV Kal 11Z SEIKTWV 08 avTéG. AV 0 A0Y0G TOV aplOpoy TwV GUVOMKWV TIHWV
TPOG TOV aplOpd TwV HOVASIKWV TV eival VYNAOG, To arotéeopa Oa eivat peiworn Tov dykov
dedopévwy Tov GLVOAOL gpyaciag. Av 1 peiworn avTh eivat apkeTd peydAn, o XpOvog eKTéAeong
Tov upnva SpMxV Ba petwBei, maporo To emmAéov KOGTOG TNG EUUEONG TTPOTPAONG TWV TILWV.

0.7.2 To oxnua CSR-VI

To oxrjua CSR-VI (CSR with Values Indirect), avtikabiotd tov mivaka values Tov CSR pe
Svo mivakeg: vals_unique kat val_ind. O vals_unique Tepléxel TIG HOVadIKEG TIHEG TOV Trivaka,
evw 0 val_ind mepiéyxel Seikteg 0TOV vals_unique — évav yia kaBe ototyeio tov mivaka. Tia va
emtevyOei peiwon Tov ovvolov epyaoiag, Oa mpémet 0 GyKkog dedopévwy Tov mivaka val_ind va
elval onpavTikd pkpoTepog anod tov oyko dedopévwy Tov mivaka values. H texvikr mov akolov-
Bolpe yla va ekmAnpwOei avtn n mpotindBeon, eivat n anobnkevon Twv SEIKTOV TIUWV 08 KPO-
TEPO XWPO, ATTO TOV XWPO TOV KATAAAUBAVOLY OL TIHEG. ZVVENWS, To uéyedog Twv oToLxeiwv Tov
val_ind kaBopiletar and tov aptBpd Twv povadikwv Ty mov npénet va StevbuvatodotnBodv.
T tapdSetypa, av o aptBpdg Twv povadikdv Tipdv eivat uv kat 28 < uv < 216, 1é1e xpnot-
pomoteitat €vag aképatog peyéboug 2 bytes yia kabe deiktn Tipng. Av kot n mpoo€yylon avtr dev
eivatl PEATIOTN, 60OV aQopd TN peiwoT Tov Gykov dedopévwy Tov GUVOAOL epyaciag, eLoAyet -
Kkp1 emPdapuvon, agod Sev amautel evtoAég StakAadwong. Eva mapadetypa tov oxfpatog CSR-VI
napovotaletat 6to Zxnpa 23.

To oxrjua CSR-VI €xet vonpa va eQapUoOOTEL LOVO O€ TIVAKEG TTIOV TIEPLEXOLV (KPS aplOpod
povadikawv Tipwv. Ta tov e€étaon g kataAAnAotntag tov CSR-VI, opifovpe to Aoyo ttu (total-
to-unique) wg o Adyo Tov aptipol TwV CLVOAKWV TIHWV TOL Ttivaka (11z) TPog Tov aplipod Twv
HOVadIKWV THWV TOL Tivaka (uv):

nnz
ttu = —
U
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values ( 54 11 6.3 7.7 88 1.1 29 3.7 29 90 1.1 45 1.1 29 3.7 1.1 )

valiind ( 0_ 1

vals_unique ( 54 1163 7.7 88 2.9°3.7 9.0 45 )

Zxnua 23: TTapadetypa Tov oxripatog anodrkevong CSR-VI.

ITivakeg pe vYNAO Aoyo ttu eivan kaloi voynPLot ya TNV epappoyn tne pedodov CSR-VI.
Avtifeta, edv n CSR-VIepappootei oe mivakeg pe xapunAo Adyo ttu, Ba odnynoet oe empPpdduvon.
H peiwomn tov dykov dedopévav Twv apOuntikdy Tipwv (), ovvaptriioet Tov Adyov ttu Kat Tov
Hey€0ovG TV SEIKTWV TIHWV (Sy;) elvar:

Kzl_vcsrm' :1_uv~swz+nnz-svi (Mo s g LJF Sui
Vesr NNz -+ Syal nnz  Syal ttu  Syal

Edv ot deikteg Ty amobnkevbodv wg axépatot pe To eAdytoto duvato péyebog, To péyebog
TOVG elvat:

Lbyte, wuv <28 = 256
Sui = 2 bytes, 28 <uv <26  =65,536
4 bytes, 20 <wuv <232 =4,294,967,296

H ovpmnieon tov oxnuatog CSR-VI punopei va vAomownOel xpnoponolwvtag €vay mivaka Ka-
takeppatiopov oe O(nnz) Prpata (AyopiBpog 0.4). Emumhéov, n vhomoinon tov muprjva SpMxV
yta to oxnpa CSR-VI napovotaletat otov Kwdika 8.

for(i=0; i<N; i++)
for(j=row_ptr[i]; j<row_ptr[i+l]; j++)
y[i] += vals_unique[val_ind[j]] * x[col_ind[j]];

Listing 8: YAomoinon tov mupriva SpMxV yia to oxnpa arofrikevong CSR-VI.

0.7.3 Xvvdvafovtag ta oxfjpata anobikevong CSR-DU kat CSR-VI

Ta oxuata anobnkevong CSR-DU kat CSR-VI pmopodv va epappootovv avedptnta oe
évav mivaka S10tL Aettovpyovv oe dtagopetikd cvuvola dedopévwy: To CSR-DU agopd ta Se-
Sopéva dopng, evaw o CSR-VI agopd ta dedopéva Tipwy. Oa avapepopacte 6To ovvELAoO
Toug wg CSR-DUVT, éva oxnpa anobrkevong mov epappolet ovpmieon kat ota dedopéva Sopng
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Algorithm 0.4: Awadikaoio cvumnieong yla to Xxnua CSR-VI.

Initialization:

h — {} // milvoKoG KOTOKEPUOTLOMOU yla TNV omoOiKeucn HOVOS1KWY TL1HWV
vis <+ [] // mivakag SEIKTWV T1PWV

Uvs <4 [] // mivokag Hovadikwv T1pWV

foreach V in Values do

if V not in h then
V14— uvs.size() // véog Seiktng T1pAg
uvs.add(V') // véa povadikf Tiud
hlVal] < vi // amo®rkeuon Seiktn T1WAG
else
L vi + h[Val] // 6gikTNG T1UAG omd Mivaka KATAKEPHUAT1OMOU
vis.add(vi) // €loaywyn Seiktn T1pAg

Kat oTig aplBuntikég Tipés. Ilpopavwe, to oxnua CSR-DUVI dev eivat yeviko, aAla pmopei va
epappoodei povo oe mivakeg pe pikpod aplOpd Hovadikwy THwy.

0.7.4 TIewpapatiky a§lohoynon
ITepiparrov

XpnoLomotovpe, kat AL, TNV idta mepapatiky TAat@dppa: Vo ToAvTOpnVa cuoTHHATA
(Harpertown kot Nehalem), deikteg 32-bit kat apiBuntucég Tipég 64-bit, kat 50 mivakeg wg age-
pia (TIlivakag 3). Zrov Iivaka 5 mepiéxetat o aplBpdg Twv povadikwy Tiuwv kat o Adyog ttu yia
kaBe mivaxa. Aedopévov 011 T0 oxra CSR-VI dev eivat katdAAnho yia 6Aovg Tovg mivakes, xpn-
OLHOTIOLOVUE TO KPLTNPLO ttu > 5 yia TNy eMAOYT TOL LTTOGVVOAOV TIOL Bal X PN OLULOTIO OOV E Yot
v metpapatikr aftohoynon. Emmpoobeta, Sev ovpmephapBavovpe Tovg mivakes random100000
Kat large-dense, ioTt ot aplBunTikég Toug TIEG £XOLV dnuovpynBel Tuxaia. To vroohvoAo mov
npokvTTEL TephapBavet 22 Tivakes, Kat anoTeAel ONUAVTIKO KOUHATL TOV apXLkoh GUVOAOU. Xn-
pewwvoupe 6Tt 0to ovotnua Nehalem, n uviun yia kowva dedopéva (.. o mivakag Twv povadikwv
TIHaVv) Seopevetal pe Tig ovvrBetg uebodovg (malloc()).

Mzeiwon oykov dedouévwv

To m0000TO peiwong Tov dykov dedopévwy mov emtedxOnke and ta oxfuata CSR-VI kat
CSR-DUVI napovoidletal otov Iivaka 5. Katd péoo 0po, to CSR-VI odnyei o peiwon 39.2%,
Omov 1 péyLoTn eivat 58.8% (bones1e), katn eAdxtotn 20.3% (Ga41As41H72). Avtiotoixa, n) pébodog
CSR-DUVI emtvyydvet péon peiworn dykov dedopévwv 52.4% yla noseq, 56.2% yia seq=8 kau
57.3% ywa seq=4.
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ITivaxag 5: Meiwon oykov dedopévwv yua ta oxfuata CSR-VI kat CSR-DUVI, o¢ oxéon e to
CSR.

XAPAKTNPLOTIKA TiVaKa

ueiwon 6ykov dedouévwv (%)

ovoua povadikeg Tiuég ttu VI noseq | ?egXSI [ seqd
boneS10 40 1,386,710.6 58.0 74.6 85.2 88.1
Idoor 21,675,099 2.1 - - - -
inline_1 18,016,122 2.0 - - - -
£dif202x202x102 4 6,960,000.0 55.7 71.6 71.6 71.6
F1 13,038,962 2.1 - - - -
rajat31 3,985 5,098.2 46.4 67.9 67.9 67.9
msdoor 9,777,773 2.1 - - - -
Freescalel 9,418,239 2.0 - - - -
GadlAs41H72 3,597,854 5.1 20.3 36.9 41.9 454
af_shell9 968,711 18.2 294 45.9 58.1 60.3
af_5_k101 9,027,150 1.9 - - - -
TSOPF_RS_b2383 762,680 21.2 30.2 51.1 63.2 63.2
kkt_power 84,245 173.5 31.5 36.7 36.7 36.7
Si41Ge41H72 4,665,454 3.2 - - - -
random100000 10,000 1,497.8 - - - -
nd12k 4,857,071 2.9 - - - -
crankseg_2 4,397,887 3.2 - - - -
pwtk 5,592,868 2.1 - - - -
bmw3_2 4,126,650 2.7 - - - -
ohne2 5,271,361 2.1 - - - -
hood 5,048,077 2.1 - - - -
Si87H76 334,180 319 31.0 47.6 51.4 53.7
bmwecra_1 3,153,346 34 - - - -
atmosmodj 4 | 2,203,720.0 | 55.7 71.6 71.6 71.6
thermal2 4,819,424 1.8 - - - -
G3_circuit 241 31,787.7 54.6 63.9 63.9 63.9
cagel3 417 17,936.1 49.0 60.1 60.1 60.1
rajat30 683,418 9.0 25.1 35.0 35.8 39.1
pre2 781,486 7.6 23.7 37.8 38.3 38.5
Hamrle3 53 104,042.3 53.6 71.5 71.5 73.2
largebasis 317 17,539.7 48.7 49.4 67.9 70.6
Chebyshev4 1,550,644 3.5 - - - -
apache2 40 120,446.8 55.6 71.5 71.5 71.5
s3dkq4m2 74,283 64.9 32.1 48.7 63.9 63.9
ship_001 1,209,604 3.8 - - - -
torso3 3,121,632 1.4 - - - -
thread 2,085,970 2.1 - - - -
ASIC_680k 80,211 48.3 30.2 37.7 39.3 41.1
large-dense 32,767 122.1 - - - -
barrier2-9 1,095,875 3.6 - - - -
xenon2 93,364 41.4 31.3 52.3 52.3 53.1
parabolic_fem 259,125 14.2 27.3 28.3 28.3 28.3
FEM_3D_thermal2 1,880,768 1.9 - - - -
sme3Dc 2,358,393 1.3 - - - -
stomach 2,257,584 1.3 - - - -
thermomech_dK 1,967,432 1.4 - - - -
helm2d03 109,526 25.0 29.3 30.7 30.7 33.1
ASIC_680ks 40,708 57.2 44.5 62.3 64.7 66.8
poisson3Db 2,374,908 1.0 - - - -
rmal0 1,223,223 1.9 - - - -
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CSR-VI

Apxd, tapovaoialovpe anoteréopata enidoong tov mupriva SpMxV ya to ovotnpa Harper-
town. To Zxfjpa 24 mapovotalet tn péon emtrdyvvon twv oxnpdtwv CSR kat CSR-VI, oe cvykpilon
pe to oelptakd CSR. Onwg avapevotay, n Bektiwon oty enidoon eivan peyalvtepn oe oxéon pe
™ pébodo CSR-DU. Akopa kat 0Tny mepintworn xprong evog vipatog, to CSR-VI BeAtiwvet Tnv
péon emidoon tov muprva SpMxV katd mocootd 12.4%, ovykprtika pe To CSR. Kabig avgdvetar
0 aplOpog Twv vipdtwy 1 Pektioon peyalavet. Tia 8 vijpata, 1 péon emréayxvvon yia to CSR-VI
eivat 2.75 — 51.7% peyavtepn and avtr tov CSR.

Ztn ovvéxela mapovotdiovpe avtiototxa anoteléopata enioong ya to ovotnpa Nehalem.
Ta texvikd xapaktnplotikd tov Nehalem, mov empémovv vynlovg pvBuovg petagopag dedo-
HEVWV amd TN uvhun, meptopiCouv ta mbavd ogéln and tnv epappoyn tov oxfipatog CSR-VL
H npogoptwon dedopévwy e eminedo vAkov (hardware prefetching) e§aogalilet 6Tt o muprvag
CSR SpMxV Oa ekpetallevtei Tov mapexopevo pvOud petapopdg dedopévwv. Avtibeta, otnv
nepintworn tov CSR-VI anattovvtat tuxaieg mpooPdoetg otov mivaka vals_unique. Ot mpooPd-
oelg avTég dev pumopovv va mpoPAepBovy, 0dnywvtag o viroxpnoonoinon Twv SLVATOTATWY
TOV CUOTHUATOG.

Onwg aivetatr 0to Zynua 25, To CSR-VI éxel xelpotepn emidoon and to CSR, 6tav xpnotpo-
noteitat Lovo éva vipa (emPpadvvon 15%). QoT1600, OTNV MEPIMTWOT) 4c X 2d, 1) LEOT) ETUTAXVVOT
Tov CSR-VI eivat 4.13 kot amotelei Peltiwon o oxéon pe v avtiotoyn emrtayvvon tov CSR
katd 8.6%. Emnpoobeta, dtav xpnoionotovvrat 6Aa ta vipata SMT (2t x4cx 2d) n péon emi-
téxvvon tov CSR-VI avfavetar oe 4.23.

CSR-DUVI

To Xxnua 26 deixvet 011, katd pHéco 6po, i emidoon tov muprva CSR-DUVI SpMxV eivat
opota pe avtr Tov CSR. QoT1600, 0TNV MepinTwon 2cox2c1x2d To CSR-DUVI odnyei o€ onya-
VTIKr| PeAtioon TG emTayvvong. ZuyKeKPLHEVA, 1) TIEPIMTWOT seg=8 eMTVYXAVEL EMITAYVVOT) ion
pe 4.04, n omoia anotelel PeAtiwon 123% oe oxéon pe To CSR kat 47% o€ oxéon pe To CSR-VI.
IIpogavwg, 1 neyaAn Petiwon oxetiletat pe To OTL N OVLUTiED €ixE WG ATOTENETHA TO GVUVOAO
epyaoiag yla oplopévoug mivakeg va éxel uéyedog pkpotepo g L2.

Ooov agopd 1o ovotnua Nehalem, n kaAvtepn emrtdyvvon tov oxnuatog CSR-DUVI otig
TEPUTTWOELG 4c X 2d (4.41) kau 2t X4cx 2d (4.57) epgaviletar yia seq=8 (Figure 27). Ta mocootd

BeAtiwong oe oxéon pe 1o oxnua CSR-VI eivat 6.6% kat 8.2%, eva oe oxéon pe TNV KaAvTepn
emtayxvvon tov CSR (4c x 2d) ta mocootd Pertiwong eivat 15.7% kat 20%.
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1 —O—csr
2.27 —X—CSIVi

1< T T I \

2c0 % 2c1 %20

Threads

2xnua 24: Méon mapdAAnAn emtéxvvon tov mupnva SpMxV yua ta oxrpata arodrkevong CSR
kat CSR-VI oto ovotnpa Harpertown.

[ T T T T T T T |
1
> z R SSNEYE 20 act ’L; aet 20

0~ Threads

Zxnua 25: Méon mapdAAnAn emtdyvvon tov mopnva SpMxV yua ta oxfpata anobnkevong CSR
kat CSR-VI o1o ovotnpa Nehalem.
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—O—csr

4.0 —+—csrduvi (noseq)
1 —%—csrduvi (seq=8)
—X—csrduvi (seq=4)

1 \ \
1 2¢0 2c1 20 % 2c1 2c0 2cL % 24

Threads

Zxnua 26: Méon mapdAAnAn emtdyvvon tov mopnva SpMxV yua ta oxfuata anobnkevong CSR
kat CSR-DUVI o710 ovotnua Harpertown.

451 |—O—csr
| | —+—csrduvi (noseq)
4 —¥—csrduvi (seq=8)
—X—csrduvi (seq=4)

Speedup

1 n 2c 24 AC 5% AC ox 20 ac* 22\* AC K 24

Threads

2xnpa 27: Méon mapdAAnAn emtéyvvon tov mupnva SpMxV yua ta oxrpata arodrkevong CSR
kat CSR-DUVI oto ovotnua Nehalem.
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0.8 To oxnua arodnkevong CSX

0.8.1 Kivntpo kat mpocéyyion

O vnoloytotikog moprvag SpMxV eivat, yevika, amhdg. H enidoor| Tov, wotooo, Stagépet
ONUAavVTIKA avaloya pe Tn Sour Tov ekdoToTe Tivaka. ZuviBwg, oL apalol TVAKESG TPAYUATIKDOV
EQPAPUOYWDV EUTIEPLEXOVY KATIOLA KAVOVIKOTNTa 0T dopr| Toug. Eva yevikd oxrjpa amodrkevong,
onwg 1o CSR, 8ev kdvet vtobBéaelg yia T Vo TG SopnG Kat OLVENWG OeVv UTTOpEL va EKUETAA-
AevTel avTéG TIG KavovIKOTNTEG. AvTiOeTa, etdikevpéva oxipata anobrkevong otoxevovy 0T
Beltiwon g emidoong Tov SpMxV a&lomolwvtag KavovikoTnTeG oL Tapovatalovtat oTn dopr
apaidv mvakwv. [apadeiypata kavovikoTHTwV Kat avtioTolxwv oxnudtwyv arobnikevong amo-
Tedovv Ta Sidtdotata umhok mov atomotodvtat and to BCSR, ot peydheg Staywviot mov alo-
notovvtat and 1o DIAG, kat ovvexopeva pn-pndevika ototxeia mov alomolobvTal and To oxHa
mov meptypagpetal oto [PHI9].

To CSR-DU, agtoxevet otnv aflomoinon meploxwy, oTig omoieg Ta un-undevikd ototxeia Bpi-
okovtat kovtd. Mia eidomotdg Stapopd, woTodoo, givat 6Tt To oxNua PaciCetat otny € TwV
neptoxwv. H 18éa twv meploxwv pmopei va enektabei, wote va vootnpilovrat moAamloi T0-
TIoL TTEPLOXWY, kdBe évag amod Tovg omoiovg Ba avTioTolkel o€ SLaQOPETIKEG KAVOVIKOTNTEG TTOL
napovotalovtal 6Tov mivaka. Te auTr TNV TEPINTWOor, o Tuprvag SpMxV pmopei va vhomotnOei
oe Ovo emineda. Zto mpwTto eminedo Statpéxovtal oL TEPLOXES, Yia kabe pia and Tig omoieg (0TO
devtepo eminedo) xpnotpomnoteitat eSIkeLVPEVT povTiva TOAAATAACIACUOD.

211G emopeveg Tapaypagovg meptypagovpe to oxfipa CSX (Compressed Sparse eXtended).
To CSX mapéxet éva mAaioto yia tn feAtiotonoinon tov muprva SpMxV, xpnoiponolwvrag xa-
PAKTNPLOTIKA TOV ekdoToTe Tivaka. H mpooéyylon Paciletal otny meptypa@r Tov mivaka wg pia
Siataln meproxawv. Ot meproxég xapaktnpifovtal amod Tov TOTO TOVG Kat TEPLEXOVY KWSIKOTIOUE-
Vi TAnpogopia yia Ty e§aywyn Twv oTotxeiwv mov meptexovv. O kabe TOTOG MEPLOXNG avamapt-
OTA KATIOLOL €i00VG KAVOVIKOTNTA, 1] OTIol0 ETUTPETEL TNV AMOSOTIKY anodKevon TWV GTOLXEIWY.

0.8.2 Kavovikotnteg mov vootnpifovrar and to CSX
Op{ovTia ototyeia

Xpnowomowwvtag to oxfua CSR-DU wg agetnpia, mapatnpolpe 6Tt 1 kwdlkomoinon Twv
OLVEXOUEVWV OTOLXElWV eival eldIK TEPIMTWOT Tov oVVSVACHOD TG kwdtkomoinong éAta kat
TOV TePLOPLOpOY Twv emavalapfavopevwy Tiuwv (run-length encoding). Eva mapdderypa tng
KwdiKooinong avtrg, otnv omnoia Ba avagepopaote wg kwdikomnoinon DRLE, napovotaletat
otov Iivaka 6. Zro CSX, yevikebovtag tnv mpooéyyton tov CSR-DU, Bewpovue meptoxég atot-
Xelwv pe atabepr andotaocn. Zuvenwe, otowxeia e popeng: (a, a—+49, a+24, . . .) kwdkomolov-
VTaL XPNOLHOTIOLWVTAG HOVO TO TIPWTO oTotxeio (o), Tnv (otabepn) andotact Tovg (§), kat Tov
aptBuo tovg. H vhomoinon g mpdéng SpMxV tétowwv meploxwv napovotdletat otov Kodika 9.

48



TIpég 2 3/5/7[8|9f10]11]12][13] 17
D 2 vj221f1] 1] 1] 1] 1 4
RLE | (2,1) | (1,1) | (2.2) (1,6) (4.1)

[Mivakag 6: [apaderypa kwdikomnoinong DRLE.

xi = x_indx;

yi = y_indx;

for (i=0; i < size; i++){
y[yi] += *(values++) * x[xi];
Xi += DELTA;

Listing 9: YAomnoinon SpMxV yia opt{ovtieg meploxés DRLE.

KdaBeta kat Staywvia otoryeia

Emunpdobeta, enekteivoupe tig meploxés DRLE wote va vtootnpilovy kat Sta@opeTiiég Ka-
TeLBHVOELG Yo Ta OTOLXEl IOV TIEPLYPAPOLYV. ZVYKEKPLLEVA, EKTOG ATtO TNV 0pt{OvTIa Katehhuv-
on, e&etalovpe tnv kaBetn, T Staywvia kaw TV avti-Staywvia katevBuvon (Ilivakag 7). Xpnot-
HOTIOLDVTAG TO i610 OKETTIKO pe TpLy, ot teptoxég DRLE yapaktnpifovtat and dvo mapapétpovg:
Vv katevBuvon kat TV andoTacn Twv oToLXEiwV.

KatevBvvon oroxea
Yy x
OptiovTia — 20 To + 10
Kdbetn 31 yo+1id o
Alaydvia N | Yyo+i6 | xg+id
Avti-Sayovia| | yo + 96 | xp — i

[Tivakag 7: KatevBovoeig ya kwdikomoinon DRLE.

0.8.3 Anuovpyia mivaka CSX
Emoyn kavovikotritwv

O alyopiBog emAOYNG KAVOVIKOTHTWY TTOV XPNOLHOTIOLOVE XetpileTal Tig vtooTnpLlope-
VEG KAVOVIKOTNTEG e KovO TpoTo. Baoilovpe tov alydpiBuo otnv avixvevon neploxwv DRLE
yta v op{ovTia katevBuvon. Kata v aviyvevon avtr, ototxeia pe otabepr) andotaon kw-
Swomotovvtat oe pia opilovtia meptoxy DRLE, av to mAn0og tovg Eemepvdet pio ovykekpipévn
napdpetpo. H aviyvevon avtr pmopei va vAomowmBel evkola, av Bewprjoovpe Ott Ta oToikeia
Satpéyovtal pe Aefikoypagikn oetpa. O akyopiBpog opilovrtiag aviyvevong mapovotaletat oe
yevdokwdika otov AkyopBpo 0.5.
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Algorithm 0.5: AAy6p1Ouog kwdikomoinong DRLE.

Input: O nivakag indices mov mepLéxet Tovg SeikTeg TwV oTOLKEIWV
Input: H napapetpog limit mov Bétel To ehdxioto puéyebog twv meploxwv DRLE

deltas = deltaEncode(indices) // xwdikomoinon 8éAta ota otolxeia
delta,. < deltas|0] // Tpéxouca améoTach
f?“eque +—1 // ouxvotnta TpEXOUCAG amdaoTaong

for i <+ 1 to deltas.size() do

if deltas[i]| == delta,;. then // Kolvij amdotoon
L fre%"le < freCIrle +1
else // 6l1adopeTikh amdoToon

if freg.ie > limit then encode in DRLE units // to mAjfog twv otoixeiwv eivat
OPKETA HEYAAT

else keep individual indices // To mABoc otoixeiwv gival pikpd
delta, < deltas]i]

freque «—1

Ta va vhomonBei n avixvevon meploxwv DRLE yia Stagopetikég katevBvvoelg, xpnotpo-
TIOLOVHE KATAAANAOVG HETACYNUATIOHOVG Yia TIG CLVTETAYHEVEG TWV OTOLXElWV ToV Tivaka. Tla
napadetypa, yia Ty aviyvevon kaBetwv neptoxwv DRLE, aAldlovpe tn 0¢on Twv ovvtetoypé-
vwv. Ot GUVOPTNOELG HETATXNHUATIOUOV YLat TIG KAVOVIKOTNTEG TTov e§eTdlovpie Tapovatalovtal
otov Ilivaka 8. EmmAéov, éva mapadetypa xpriong Tov SLaydviov HETAOXNHATIOHOD TTAPOVOLA-
{etat oo ZxMpa 28.

KatevOvvon Metaoxnuatiopog
Oplovtia (i, 5" = (4,7)
Kdabetn (7,7 = (J,1)
Alaydvia (i',4") = (nrows + j — i, min(i, 5))

Avti-Saydvia

(. 7) = (nrows+ j —i,7), 1< nrows
(j,i+ j — nrows), i > nrows

ITivaxag 8: Metaoxnpatiopol katevdvvoewv yia neploxég DRLE.

Q0T600, 1] EPAPHOYT| TNG CLVAPTNONG UETACXNUATIOHOV Sev apkel: Ta (edyn Twv cuvTETay-
Hévwv Ba mpémel va tagvopunBodv Aeikoypagikd mpwv eloaxbovv otov akyopBuo oplovtiag
avixvevong. H mpodmdbeon avtr, otn yevikn mepintwon, éxel apvnTikn emidpacn oTn XpOVIKN
TOAVTTAOKOTNTA TNG avixvevong, agov anattei Tovhaxiotov O(n logn) cuykpioes.
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(1,1) (1,2) (1,3) (L,4) (4,1) (3,1) (2,1) (L,1)
(2,1) (2,2) (2,3) (2,4) | i=nrowsti=i_ | (5,1) (4,2) (3,2) (2,2)
(3,1) (3,2) (3,3) (3,4) | j=min(iy) (6,1) (52) (4.3) (3,3)
4.1 (4.2) (4.3) (4.4) (7, 1) (6,2) (5:3) (4,4)

Zxnua 28: ITapddetypa petaoxnuatiopot yia Tig Staywvieg meploxég DRLE.

0.8.4 EmAoyn KavoviKoTnTwV

H emloyn twv KatdAANAwV KAVOVIKOTHTWY Ylo TOV €KACTOTE TIiVaKa givat Kpion, 6cov
agopd v enidoon Tov muprva SpMxV. Av kwSIKOTOCOVE Ta OTOLXEI TWV TIVAKWY XPNOL-
HOTIOLWVTAG OAEG TIG TILOAVEG TIEPIMTWOELG, LTIAPYEL O KivOuvog va ovpmeptAngOei peydalog apto-
HOG Ao SLaQOPETIKOVG TUTIOVG TTEPLOXWYV. AVTO OnpLovpyel onpavTiky emPapuvon katd tn dSta-
Swkaoia emAoyng Tov katdAAnhov kwSika moAlamAaclaopo, pe Baon Tov TOTO TNG TEPLOXNG.
Zuvenwg, e§eTdlove HOVO TIEPIMTWOELG IOV HTopohY va kwdtkomotoovy TAN00G oToteiwy pe-
yaAvTepo and to 10% Ttov 6LVOAIKOD apldpov oTtoteiwy.

o ) Sadikaoia emhoyng xpnotponotovpe €vav aninoto (greedy) akyopiuo (AAyopio-
(oG 0.6). Ze kdBe emavaAnyn epapuofovrat OAot ot SLabEoIOL HETATXNHATIONOL OTIG GUVTETAY-
Héveg Twv ototxeiwv. Ta kabe peTaoNUATIONO, KWSIKOTIOLOVE TA GTOLXEIA XPTOLHOTOLOVTAG
Tov 0pLlovTio akyopiBpo emhoyrg meploxwv DRLE kot mapdyovpe pia T Babpoloyiag (score),
TIOL AVATIAPLOTA TNV KATAAANAOTHTA TG CLYKEKPLEVNG KwdtkoToinong. EmAéyovpe tnv kwdt-
Komoinon pe TNy vynAotepn Pabuoloyia kat Snuiovpyovpe Tig katdAAnheg meploxég. O alydpid-
oG emavalapPAveTal ylo TOVG HETACKNHLATIOUOVG TIOL eV £XOVV, AKOA, EMAEYEL, WG OTOV Oev
umopovv va kwdikomotnBovv aAla ototxeia. Ta vtodowma otoixeia kwdikoToOLOVVTAL OE TIEPLOYES
déhta (meploxég Tov oxnuartog amobrikevong CSR-DU).

H BaBporoyia twv Stagopetikwv kwdikomotoewv Paciletat o SV0 TAPAUETPOVE, 1) TPWTN
€K TV omolwV eivat 0 aplBpog Twv un pundevikwv oTotyeiwv mov kwdtkomotOnkay oTI§ avTioTol-
Xes meptoxég. H Sevtepn, Atyotepo mpo@avig, mapapetpog eivat o apldpog Twv kwdikomotnpévwy
TepLOXWV. Av, yla mapddetypa, dvo petaoynpatiopoi odnyovv otov idlo aplud otoixeiwy, ToTE
ETAEYOVE TOV PETAOXNUATIONO TIOL 0dNyei o€ UikpOTEPO aplBpd meploxwy, SIOTL oL TEPLOYES
pe peyalvtepo mAnbog ototxeiwv elodyovv pikpoTepn emPdpuvon. Zvykekptuéva, Babpoloyov-
He TIG SLaPOpPETIKEG KWOIKOTIOOEL apapOVTAG amd ToV aptOpd Twv CLVOMKWY OTOLXEIWV TOV
aplOpo Twv mEPLOXWV:

score = totaly,, — (units + total,,, — encoded,,,) = encoded,,, — units

Kwdwomoinon mivaka

Opoiwg pe To oxrpa arobnkevong CSR-DU, kwdikomotovpe ta dedopéva dopnig Tov mivaka
o€ évav povadiko mivaka, o omoiog ovopdetat ctl. H emkepaliSa tng kdOe meploxng Eekivd e
Svo media: To usize, OV avamaPLOTA TO HEYEDOG TNG TTEPLOXNG KAl TO uflags, IOV TEPLEXEL TOV
TUTO TNG TeptoxnG. Amod ta 8 bits Tov uflags, Ta 6 xpnotpomolodvTaL yia To €idog TG Kwdiko-
moinong mov €xet xpnotpornonOel, v Ta 2 eMOUEVA ONUELWVOLY TNV VITApEN VEAG YPApUNG Kat
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Algorithm 0.6: Aladikaoia emAoyng kavovikothTwy yia 610 oxriua CSX.

Input: O mivaxag elems mov mepLéxel Ta GTOLXEIQ TOV ApaALOD Trivaka
Input: Eva 6OvoAo z forms and petaoxnpuatiopodg

while True do
scoremar < 0

foreach x f in x forms do
elems < x f(elems)

sort(elems)
score < getScore(elems)

if score > score,,q. then
L SCOT €maw — SCOTE

T frmaz < xf
| elems < xf~(elems)

if score,q; == 0 then
L break

encode elems using « fqaq
| remove T frq, from x forms

v Omapdn “dApatog” and tnv mponyolpevn ypapur. To dApa and TNy mponyovpevn ypapun
anofnkeveTal wg €vag aképalog peTaPAntov peyéBovg, kat eival anapaitnto S1OTL TEPLOXES (e
katevbBuvon Stagopetikn TG 0plovTIag Popei va odnyroovy oe adeteg ypappés. Téhog, éva me-
dio amoéoTaong anod v mponyovpevn meploxn (ujmp) mpootiBetat oto Téhog TG emikepaiidag.
Mia meployr}, avdAoya pe Tov TUTO NG, punopel va pny éxet owpa. Ia mapddetypa, ot meploxég
DRLE 8ev éxovv owpa, v oL teptoxég SEATa £xovv.

Povrtiveg moAamAactacpov

Onwg éxet avagepBel kat Tponyovpévwg, n tpagn SpMxV yua évav mivaka anodnkevpuévo oe
CSX pmopet va vAomownOei oe dvo emineda. Xto mpwto eminedo Statpéxovrat OAeG oL mePLOXES,
evw 070 SeVTEPO eMiNeSo TPAYUATOTTOLOVVTAL OL aapaitTeG TPAgel avaloya pe tov THTO NG
€KAOTOTE TTEPLOYTIG. ZNUELWVOVHE OTLYLA TNV VAOTIOINOT) SLapopeTIKWV Tipd&ewy, novo to Sevtepo
eninedo xpetaletat va alaet. Ztnv vAoToinoT| pag, ot meploxég Statpéxovtal e Paomn Tn oelpd
TWV ApXIKWV TOVG OTOLXEIWY, EVW XPNOLHOTOLEITAL piot EVTOAN switch yia T petafaocn amd to
TPWTO 0TO deVTEPO emimedo.

o va kadvyovpe OAeg Tig MBAVEG TEPIMTWOELG, XPNOLHOTOLOVUE TNV TEXVIKY dnpovpyiag
KOSIKa KaTd To XpOvo ekTéleonG (run-time code generation) [KEH91]. H dadkacia SpMxV dn-
HLoVpYeiTaL HETA TNV KWSIKOTIOINOT) TOV TvaKa, AVAAOYd [E TOVG TOTTOVG TWV TIEPLOXWYV TIOL XPT|-
owomnotovvtat. H vhomoinon pag xpnotponotei to mhaioto petaylwttiong LLVM [LLV, LA04].
‘Eva faociko otoiyeio Tov LLVM eivatn evSiapeon avanapaotaon kadika. H avanapdotaon avth
potadet pe yhwooa pnxavrg RISC kat xpnowomnoteitat yia tnyv vAomoinon twv @aoewv Petiwong
(optimization passes) kat Tn dnpovpyia kwSika unxavig yta SLagopeTikd oOVOAa EVTIOAWV. XTnV
vlomoinom pag, apyika dnovpyeital o kddikag yia ) Stadikacia SpMxV. 211 ovvéxela, 0 K-
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Sikag Pertiwvetat kau petaylwttiCetat Suvapkd oe y\wooa pnxavine. H dtadikacia avtr propei
va emrayxvvOei amobnrevovrag StapopeTikég ekdOOELG KWK TNG POVTIVAG OF Lot LOVIUN KPLPT
LVHHN, OOTE Vo SULOVPYOUVTAL LOVO TNV TPWTN POpPA.

0.8.5 Ilepropiopoi kat EMEKTACELG

To CSX eivai, yevikd, €va 1dlaitepa evTpoodprooTo oxfiua amofnKevong apaldy mVAKWY,
S1611 vtooTnpilet TOAATAODG TOTIOVG KAVOVIKOTHTWY. ZTNV Ttapoboa vhomoinon, n Stadikaoia
avixvevong xpnotponotel kwdikomnoinon DRLE kat petaoynuatiopovg ovvtetaypévwy. H npo-
O£YYLOT] QUTH EMUTPETEL TNV EVOWUATWOT] SIAPOPETIKWV KAVOVIKOTITWY, AV AUTEG UTOPOLV va
ek@pacBodv wg petaoxnuatiopoi. Ta mapdderypa, pia mbavn enéktaon eival n vrootrpign t-
dotatwv pmAok. BéPata, o akydpiBuog aviyvevong elodyet onpavtikn emipdpuvon oTnv mpo-
enefepyaoia Tov mivaka, pe anoTéAeopa va TepLopifeTal N EPAPUOCIUOTNTA THG TIPOCEYYLOTG HAG
0€ TIPAYHATIKEG CLVONKEG.

Qotd0o0, vioatnpilovpe 4Tt T0 KOGTOG Tpo-enedepyacniag eivat Suvatd va pewwdei tpomo-
molwvtag tov akyoptdpo avixvevong. Eva mpato frjpa oe avth Ty katevbuvon eivat va meplo-
plotei 1 Stadikaocia aviyvevong oe éva — otabepov peyébovg — mapdbvpo Twv oToikeiwv Tov
nivaka. Av To péyeBog tov mapabvpov eival otabepo, n Tafvounon twv ototxeiwy Sev ennpedlet
TN ovvoAikr| ToAvmAokoTnTa. BéBata, dtav n aviyvevon meplopifetan oe €va mapabupo otabe-
pov peyéBoug, eivar S0oKOAO va yivouv emtAoyEg, ot omoieg Ba eivan £ykvpeg oe kaBoAko eminedo.
Ta mapdaderypa, katd TNy emMA0YH KavovikoTHTwy 0 alydpiBuog eivat advvato va anogavOei e
BePatdTnTa yia To £V £vag OVYKEKPLHEVOG TUTTOG TtepLoxnG Oa umopéoel va kwdikomotoel on-
HAVTIKO TTOCOOTO TWV GVVOMKWYV OTOLKEIWY TOV TTivaKa.

0.8.6 IMewpapatikn a§loAdynon
Ieptpailov

H netpapotiin aftoddynon yia to oxrjpa CSX npaypatonoteital oe §bo cvotripata: To mpdto
éxet Svo enelepyaotéq Harpertown mov éxovv téooepig moprves (8 mupriveg obvolo) §, eva to
devtepo €xel Téooepig emefepyaotéc Dunnington mov éxouv €L mupriveg (24 muprveg ovvolo). Ta
Zxnparta 29a kat 29b apovotalovy ta Staypdupata twv enegepyaotiy, evw o ITivakag 9 mepiéxet
TOL XAPAKTNPLOTIKA TOVG.

Kat ota dVo ovotipata éxet eykataotadei To Aettovpytkd ovotnua Linux (éxdoon 2.6) yia
™mv apyttektovikn x86_64. Xpnouponowmoape tny ékdoon 2.5 tov LLVM kat tnv ékdoomn 4.2.1
tov llvm-gce wg otatikd petaylwttiotd. Ta vijgata ektelovvtal Tévta oe Tuprveg mov Ppi-
oKoVTaL 600 To KOVTA yivetat. [a mapddetypa, otov enefepyaotr) Harpertown, ta §bo vijpata
EKTEAOVVTAL O€ TTVPTVEG TTOL potpalovtat Tnv L2, evw ta téooepa vijpata ektelovvTat 6Tov idto
enefepyaotn. Ze 0,TL agopa to CSX, 1 Stadikacia emAoyng mpaypatomnoteitat §exwplotd yia Kd-
Oe vijpa kat To dpto yia v opadomoinom otoixeiwv ot pia meptoxr) DRLE eivar 4. Katd ta dAAa,
To melpapatikd meptBAAlov eival OHOLO e Ta TIPONyoVHEVA: XproLponotovpe Seikteg 32-bit kat
TIEG 64-bit, petpape tnv emidoon 128 ovvexopevwv mpd&ewv SpMxV, xpnotponotodpe to did-

§To ovotnua avtd eivar To id10 e avTo TV XpnotpomotOnke o€ TpoNyovpEVA TIELPAATA.
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Vuopa y wG To SLAVVOHA X TNG EMOUEVNG EMAVAANYNG, Kat Xpnotponotovpe 50 apatolg mivakeg
(IMivakag 3).

L L1 L

H

H
H

!H
—
N
I
N
I
N

L2 L2

wu| o] [eu] [ev]

oo 1 Toru L3 L3 L3 L3
(a) Harpertown system (b) Dunnington system

Zxnpa 29: Iepapyia Pvipng Twv cLOTNUATWY TTOL XproponowOnkay otny metpapatikr aftolo-
ynon tov oxruarog CSX.

Harpertown Dunnington
vyxvornta (Ghz) 2.0 2.66
L1 (8edopéva/evtoléc) 32k/32k 32k/32k
L2 6M (1/2 mupryveg) 3M (1/2 mupriveg)
L3 - 16M (1/enekepyaotn)
ApBuog muprvwv 2x4=8 4x6=24

ITivakag 9: XapakTnptoTikd TwV CUOTHHATWY TTOL XPNOLHOTIOONKAY 0TV TTEPARATIKT a§loNo-
ynon tov oxruarog CSX.

Kwdkomoinon CSX

Apxikd, e€etdlovpe Ty anoteleopatikdtnta Tov CSX, 00V AQOPd TNV LKAVOTHTA TOV Va
TEPLYPAPEL AMOTEAEOUATIKA T 0TOLKElA TwV TvakwY. To Zxfiua 30 mapovotdlel To TocooTd TwV
otolxeiwv yla kdBe TOTO TEPLOXNG TTOV ETAEXTNKE, KATA TNV ekTéENEDT) TOL akyopiBuov avixvev-
ong ya éva vipa. Ot meploxég SéAta onpetwvovtal pe Dx, 6mov x o aplBuodg twv bits mov xpn-
oponomnOnkav yia Tig kwdikomonpuéveg Tipég. Avtiotoixa, ot meploxés DRLE onpeiwvovtal e
DIR (), 6mov DIR 1 katevBuvon kat 6 1) avTtioToyn andotaon Twv ToXeiwy.

[Tapatnpovpe OTL £va CIUAVTIKO TTOGOOTO OTOLXEIWY TWV TUVAKWY TOV GUVOAOL TTov e€eTd-
{ovpe pumopei va kwdikomownOei xpnoponowwvtag meptoxég DRLE. H mhetovotnta Twv ototyeiwv
kwdikomotovvtal o€ opt{dvTia, kabetn N Staywvia katevBuvon pe § = 1. Yapxovv pepiiég me-
PUTTWOELG, OTIOV Ta oTolela kwdikomolobvTal pe avti-Slaywvia katevbvvon (m.x. Gad1As41H72)
1 e 0 # 1 (1.X. Chebysheva), aANd O€ YEVIKEG YPAUES OL TIEPITTWOELG AVTEG ELVAL TIEPLOPLOUEVEG.

2t ovvéxela, Tapovatalovpe Ta anoteléopata TG enidoong tov muprva SpMxV yia to oxn-
Ho CSX. Oewpovpe Tpelg maparlayég Tov CSX: (a) xwpic meptoxés DRLE (delta), (f) povo pe
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Zxnua 30: [TooooTo otoikeiwv pe Paon Ty kwdikomoinot Tovg oto oxripa CSX.
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optlovtieg meploxés DRLE (horiz) ko (y) pe OAeg Tig StaBéopeg mepoxés DRLE (full) . H péon
ETUTAXVVON Yia TI§ Tapanavw puefddovg mapovotaletar ota Zxfipata 31a (Harpertown) kot 31b
(Dunnington).

Ta dvo ovothpata tapovotd{ovv mapopola cuunepipopd. Katd péoo dpo, ot ekdooelg delta
Kat horiz odnyovv oe onuavtikn PeAtiowon tng péong mapdAAnAng emrdyvvong. Otav ola ta
VRHata xpnotponotovvtat 6to ovotnua Harpertown, n péon emtdyvvon twv delta xau horiz ei-
vat 1,99 kot 2.17 xat anoteAdovv PeAtiwon oe ovykpion pe to CSR katd moocootd 14% kot 25%,
avtioTtola. Ot avtioTolyeg emtayvvoelg yla to cvotnua Dunnington eivon 10.38 kat 11.43 ko
EMTUYXAVOLV Tiepimov Ta idta mocootd Peltiwong oe oxéon pe to CSR. Qotdoo, n ékdoon full
napovotalel meploptopéva o@éNn oe oxéon pe tnv €kdoon horiz. H attia yia to mapamdve ei-
val 0Tt 1) TAELOVOTNTA TWV TIVAKWY TOV GLVOAOL IOV XPTOLLOTIOLOV|E TIEPLEXEL LEYAAO TTOCOOTO
and optlovtia otoyeia. Tia avtolg Tovg mivakes, mepattépw ovumnieon dev 0dnyei o€ onpavTIK)
avgnon g enidoong.

12
5 ]
2.27[—m—CsR o 11| —=—CSR
- --¥--CSX (delta) ya — 10| ¥~ CSX (delta)
& 2.07| -<0>--CSX (horiz) o % o] -=O=-CSX (horiz)
o O—CSX (full) vl 8] O—CSX (full)
T 1.8 = T 8]
] g 7
§ 16 g 6
& s
g 147 2 5
3., 3
tf;-!.)_l.Z (% 3
1.0 R

0.8 T T T 071 T T T T
serial 2 4 8 serial 2 6 12 24
Threads Threads
(a) Harpertown (b) Dunnington

Zxfua 31: Méon emrtayvvon yua ta oxfjpata CSR kat CSX og oxéon pe to oeipraxd CSR.

Amd v aAn, 1) ékdoon full tov CSX PeAtiwvel onuavtikd tnv enidoon mvdkwy mov Sev Te-
ptéxovv optiovTia ototeia. Avalvtika arotedéopata yia kabe mivaka oto ovotnua Harpertown
napovotalovrat ato Zyrjua 32, To onoio agopd TN PeAtiwon tng emidoong Twv ekdooewv CSX,
otav xpnotpomotovvtat 0ot ot dtabéotpot mupnves. To didypappa deixvel Tnv mapovaoia mva-
KWV, yta Toug onoiovg 1 ékdoon full emtvuyxdvet onpavtikn PeAtiwon oe oxéon e TG LTTOAOLTEG
ekd00¢elg Tov CSX. Iapadeiypara TéTolwy mvakwy eivat ot: stomach, torso3, apache2, G3_circuit,
atmosmodj Kal Si87H76, oL OTIOlOL TTEPLEXOLY KUpiwG Slaydvia oTotyeia.
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0.9 Zxetikég epyaocieg

0.9.1 Zeprakn ektéleon SpMxV

O mupnvag SpMxV anotelei avTikeipievo TOAWY epEVVITIKWY epyactwy, e&attiag Tng omov-
datotnta tov. Exovv mpotadei Sidpopa evarlaktika oxnpata arodnkevong, onws to CDS (Com-
pressed Diagonal Storage), o Ellpack-Itpack, kau To JAD (Jagged Diagonal) [PRAB89, BBC 94,
Saa03]. Ta oxrpato aUTE OTOXEVOLY OTNV A&LOTIOINOT ESIKWY XAPAKTNPLOTIKWY TWV TIUVAKWY,
WOTE VA HELWOOLVV TOV OYKO dedopévwy Tov apatovd mivaka kat va BeATiwoovy Tny emidoon Tov
nopnva SpMxV. Emunpdobeta, vidpyet mAinbwpa epyaciwv mov e§etalet texvikés BeAtiwong g
emidoong Tov muprva SpMxV. Apketég and avtég [Tol97, PH99, IY01,VDY 102, VMO05] anooko-
TOVV OTN AVTIHETWTILOT TWV [N-KAVOVIKWV KAl EUUECWOY TTPOTBAcEWV 0TO SLavuoua X, XpNOLHo-
nowwvtag pedodovg omwg avadiatagn ototxeiwy, Tepaxiopd oe eninedo kataxwpnTwV (register
blocking) kot tepaxiopd oe eminedo kpveng pvnung (cache blocking). AA\eg epyacieq [WS97,
MCGO04] aoxohovvtat pe Ta TpoPAnpata emidoong mov SnULoVPYoVVTAL O€ TIVAKEG, GTOVG OTIO(-
0VG HEYANO TTOCOOTO TWV YPAHUWDY TOVG oV Uikpo TARB0G oToteiwv.

0.9.2 Xvumieon dedopévwv doung

Eva onpavtiko pépog twv texvikwv Petioong tng emidoong tov mupriva SpMxV mov ee-
talovtau ot PipAoypagia éxovy wg anotédeoua T pelwon Tov Oykov Twv Sedouévwy Sopng.
Tétola mepintwon anotelei o oxrua BCSR, to omoio xpnotpomotei éva Seiktn avé pmhok, avti
yia éva deiktn ava ototxeio. QoTd00, 0 apxikog okomdg Tov BCSR ftav n fektiwon tng oeipla-
K1} emidoong kat oxL n peiwon Tov dykov Twv dedopévwy epyaciag. Tia avtd to Adyo n xpron
Tov oxnpatog BCSR, wg texvikn ovunieong Twv dedopévwy Soung, éxel petovekTRpata. Apxikd,
onwg eidape, avaloya pe tn dopr Tov mivaka Kat To oxfipa UAoK mov €xet emiAexOei, pmopel va
odnynoet oe av&non tov dykov dedopévwy Tov mivaka. Emnpdobeta, Baciletat oe pmhok otabe-
pov pey£00LG yia To OUVOAO TWV GTOLKEIWV TOV TvaKa KAt &pa EXeL TEPLOPLOHEVEG SLVATOTNTEG
npooappoyng oe mohvmhokeg dopég. Ot Pinar kou Heath [PH99] meprypagovv éva oxnua amo-
Onkevong mov xpnotpomotei povodiaotata pmhok petaPAnTov peyéBoug, OpoLa e TIG TIEPLOXES
ovvexopevwy ototyeiwv tov CSR-DU. EmunpooBeta, mpoteivovy texvikég avadiatagng twv otn-
AV, oToxevovTag 0Tn TonobéTnon Twv oTotxeiwv ot Stadoyikég Béoelg.

Mia and 116 Aiyeg epyacieg mTov pnTd 6TOXEVOLY 0T UeiwoT) TOL dykov TwV dedopévwy Soprg
eivar n [WL06]. Ze avtr} v gpyaoia, ot Willcock kat Lumsdaine mpoteivovv dvo oxnuata amo-
Orjkevong: to DCSR, 1o omoio ovpmiélet Tovg SelkTeg OTNAWY XPNOLHOTOLWOVTAG KWSIKOTOINOT)
SéAta o¢ eminedo byte kat To RPCSR, 10 onoio yevvd e€etdikevpévo kdika yla kdbe mivaika kat
epappolet embetikn vynAov-kdoTOVG CLpTieon dedopévwy. H Sikr| pag mpooéyylon Stagopo-
TIOLELTAL OTO OTL XPNOLHOTIOLEL TNV &€ TwV TepLOXWY, TTov 0dnYei oe amhoboTepn VAOTIOINON KAt
mo otabepny emidoon. Mia, o mpoéo@artn epyacia, mov emiong oToxevel 0Tn PeAtiwon Tng emi-
doong tov uprva SpMxV eivat j [BBR09], otnv omoia mapovotdletat Eva oxrpa anodikevong
Paciopévo oe emavakapPfavopeva potiPa (patterns).
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0.9.3 Zvumieon aplOunTikOV TIHWV

[Tapoho mov, 0T cVVHON TEPIMTWOT), Ot APIOUNTIKES TIHEG ATTOTEAOVV TO HEYAADTEPO UEPOG
TOV OYKOL TOU OLVOAOV €PYaAOiag, Ol EPYAOieEG TOL OTOXEVOLV 0TI CLUTIEDT] TOVG eival TepLo-
ptopéveg. Ot Lee k.&. [LVDY04] egetd{ovv tnv ekpetdAAevon TG CUUHETPIOG, 1) OTola HELWVEL
Tov OyKo TwVv dedopévwy Tov mivaka oto pod. Ot Moloney k.a. [MGMMO5] e€etdlovv texvikég
ovpmieong mov agopovv dedopéva Sopng kat Sedopéva TV, Kat aToxevovv ot Bektiwon Tng
enidoong tov SpMxV, xpnoponotwvtog eEeldikevuévoug emTayuVTEG, VAOTIOUHEVOUG GE LALKO.
Télog, oxeTikég epyaoieg etvat kat ot [Key00] kau [LLLT06], ot onoieg e€etd{ovv tn xprion Tipav
Hovns-akpifetag, 6mov avto eival Suvato.

0.9.4 YMlomoinon SpMxV o0& apXITEKTOVIKEG HOLPALOpEVNG HVITUNG

2e 0,TL agopd Tn moAvvnuatikn vAomoinon tov mupnva SpMxV, ot epyacieg Tov maperdo-
VTOG KUpiwg acXoAovvTat pe TNV afloAdyNoT OELpLaK®Y TEXVIKWOV BEATIWONG KAt TEXVIKDOV ava-
Sidtagng [1Y99, GR99, PHCR04, CA96]. Ot Williams k.a. [WOV 07, WOV T09] alohoyodv tnv
enidoon Tov SpMxV og £va TAoVGL0 GHVOAO aTtd TAPAAANAES APXITEKTOVIKEG HOLPALOHEVNG UVT-
1NG, XPNOLHOTOLWVTAG SlaQOpPETIKEG TEXVIKEG PEATIWONG. XTA CUUTEPATHATA TOVG AVAPEPOVV
TOV TIEPLOPLOPEVO PLOUO HETAPOPAG ATIO TN UVAUN, WG Pactkd TPOPANua emidoong Tov Tuprva.

0.10 Xvpumepdopata kot peAlovTikeég katevOvvoelg

Mia amd TIG ONUAVTIKOTEPEG OTEVWTOVG TWV TOAVTIVPNVWYV APXITEKTOVIKWV £ival 1 KVpLa
pvnun, Sttt mpoomerdletat and GAovg Tovg Tuprves. Tia T TAELOVOTHTA TWV EPAPHOYDY, TO
TPOPANUa avtd Mvetat péow NG Lepapxiag Hvrung, n onoia meplopiCet Tig TpooPacels oTn uvi-
{n. Ztnv gpyacia auTr, acXoAOVHAOTE e ePappoyEg ov (a) dev pmopodv va enw@eAndoly anod
TIG KPLPEG UVIUEG, EEUTIOG TIEPLOPLOHEVNG XPOVIKNG TOTIKOTNTAG avapopwv Kat (B) xapaktnpi-
{ovtat and xapunho Adyo evtodwv eneEepyaciog mpog eviowv mpooPaocng otn pviun. Ot epap-
HOYEG AUTEG, YEVIKA, TApOovatalovy TpoPANUATIKY| ETIG0OT 08 APYLTEKTOVIKES LOLPAlOUEVNG (VT-
UG, axopa kat av n taparAnlomoinor Tovg Snuovpyel apeAntéa emPapuvon.

H napovoa epyaoio e&etdlel T XpnoOTOINOT TEXVIKWV GUUTIEOTG VLA TV AVTIHETWOTILON
Tov TpoavaepBEvTog {ntnpatog, Buotdlovrag (emektdoipo) xpovo ene§epyaoiog ya tn peiwon
Twv dedopévwy mov xpetdletat va petagepBovv and v kdpla uvrun. Eeappodlovpe v ta-
KTIKT) QUTH 0TOV VTTOAOYLOTIKO Truprva SpMxV, mov amotelel tn Pdon TOADV EMOTHHOVIKOV
epappoywv. IIpoteivovpe dvo oxiuata anodrkevong apawwv mvakwv: To CSR-DU, 1o omoio
ovpmiéget ta dedopéva dopng Tov mivaka kat To CSR-VI, 1o omoio cupmiélet g aptOuntikeg ti-
Hég Tov mivaka. Zvykekpipéva, To CSR-DU xpnotpomnotel kwdikomoinon ¢Ata xovipov KOKKov
KAl TIPOAUPETIKA ETUTPETEL TOV 0pLopo HeTaPAntol peyéfovg povodidotatwy pumlok. To CSR-VI
e@appolet éupeon mpoomélaot Twv apBUNTIKWOV TIHOV O THVAKEG pe PkpO aptBuo povadikov
Tipdv. Emmpoobeta, efetalovpe kat o ovvdvaoud twv §vo napandvw oxnudtwy (CSR-DUVI).
Ta amotehéoparta TG melpapatikng aftohdynong mov mpaypatomnooape deixvovv OTL ot Tpo-
Tewvopeves peébodot 0dnyovv oe onpavtikn avgnon g enidoong, dtav xpnoonotodvtal GAot ot
StaBéotpot muprives.
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Emniong, mpaypatonolodpe éva mpwto Pripa mpog Tn Katevbuvon £vOg YEVIKEVUEVOD OXTHa-
Tog anofrkevong, To omoio UIopel va TPOCAPUOOTEL € SLAPOPETIKA XAPAKTNPLOTIKA TOV EKA-
otote apatob mivaka. To oxrpa avtod, mov kalovue CSX, xpnoiponotei kwdikomnoinon déhta kat
TEPLOPLOHO TWV emavalapBavopevoy Tipav oe diapopetikég katevBvvoelg. To CSX eival, yevikd,
eVENKTO Kat Propei va enektabel woTe va vtooTnpifel Kat KAVOVIKOTNTEG SLAPOPETIKWY TOTIWY.
H nepapatikr afloAdynon mov mpaypatonotmidnke édei&e 0t 1 epapupoyr tov CSX pmopei va
OLVELOQEPEL ONpavTkd otn PeAtiwon tng emidoong Tov muprva SpMxV, yla mivakeg mov dev
nepAappdvouv opl{ovTieg Sops.

>t ovvéyela mtapovatalovpe mhavég peAAovTikég epevuvnTikég katevBuvoelg

o I\aiowo yia mpooapudoipo muppve SpMxV: H péyiotn enidoon tov muprva SpMxV e€ap-
Tatat amod §Ho MAPAYOVTEG: TN QUOT) TOL APALOV TIVAKA KAl THV APXITEKTOVIKT EKTEAEOTG.
H napobvoa epyacia eotialet o€ mivakeg mTov TePLEXOVV TIHEG KIVITNAG LTTOSIACTOANG SITATG
akpifelag, Kat oe apyLTEKTOVIKEG TTOV AdLVATOVY VA TAPEXOVV TOV ATIAUTOVUEVO PLOUO pe-
Tagopdg deSopévwy, OTav XpnoLHoToLovVTaL OAOL OL TTVPNVEG. AV Kat ot ovvOnKkes avTég
elvat Staitepa ovxVEG, dev eivar kabolikég kal vt StapopeTikég ovvOnKkeg 1 emidpaon
Twv Texvikwv Bektioong Stagépet. Tia mapadetypa, n ovpmieon dedopévwv dopng avapé-
VETaL Va £XEL LIKPOTEPT eMOpaoT) 0TV eMISO0N ApaldY TVAKWY e UyadiKEG TIHEG, EVD
10 avtifeTo LoXVEL Yla TIVAKEG [E AKEPALEG TLHEG.

Zuvenwg, pia 8avikr vAomoinomn tov muprva SpMxV Ba mpénet va pnopei va mpooappo-
otei oe dlapopeTikég ovuvOnKeg (.x. ovppeTpia mivaka, TOOG dedopévwy mivaka, aptOpog
XPNOLUOTIOLOVHEVWY VI|LATWY, XAPAKTNPLOTIKA TG VTTOKEIUEVTG APXITEKTOVIKNAG). YTOOTN-
piCovpe 0Tt To oxrjua CSX amotehel kakr ageTnpia yla pia TETOLA TPOGEYYLOT.

o Ynootipin SiapopeTikdv mpdewv apatdy mvikwv: Av kaun pa&n SpMxV eivat itaitepa
OTNUAVTIKI yla apatovg Tivakes, Sev eivat 1 Hovn. @ewpodpe OTL N Tapovoa epyacia, Kat
eldikotepa to oxnpa CSX, pnopel va xpnowpomnownOei yia tn PeAtiwon tng enidoong kat &A-
Awv ipdewv apatdv mvdkwv. Xtnpifove Ty afiwon avtr oto 6Tt To CSX anobnkedel ta
dedopéva Tov mivaka XpHOLHOTOWVTAG AVATIAPAGTAOT) VYNAOTEPOL GTHACLOAOYLKOV ETTL-
TEGOV, XAPAKTNPLOTIKO TTOL amoTehel amapaitntn mpoindbeon yla TOV EVTOTOUO KAt TNV
ekpetdAAevon evkaiplwv Pektiowong tng emidoone. Eva oxetikd, aAld mo dvokolo epev-
v Tiko mpoPAnua, eivat n dnpovpyia kKatdAAnAwv avanapaotdoewy yia ta dedopéva kot
11§ pakelg, wote va eivau Suvatn n avtépatn odvheor) Tovg.

o Epapuoyn texvikav ovumieons kot oe dAdeg kAdoeig vmodoyiouwy: Oco ot moAvmvpnvol
enefepyaoTéq kabepwvovtat kau avfdvetat o aptBpog Twv Tuprvey, avapévetat va avén-
Bei 0 aplBuog Twv epappoywv mov apovotdlovv pewwpévn enidoon efattiag Tov meplopt-
opévov puOpov peTagopdg dedopévwy amod Tn KVpLa (V. AV Kat Ot TEXVIKEG CUUTIIEONG
dev eivat kataAAnAeg yia OAeg TIG e@appoyes, Bewpolpe OTL umopodv va €Xovv epapuo-
YN Kat og AAAeG ePLOXEG VITOAOYLOTIKWY TipoANpaTwy. Ilapadeiypata TéTolwy meploxwv
elvat ot ypagot kat ot fdoeig dedopévwv — iaitepa o€ mepiPdAlovta, oTa omoia Kvplap-
XOUV Ol avVayVWOELG.
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Introduction

In the beginning the- Universe- was created.
This has made- a lot of people-very angry
and, been. widely regarded as a. bad move-

Douglas Adams

Moore’s law describes a historical trend in processor technology, where the number of tran-
sistors that can be placed inexpensively on an integrated circuit doubles every two years. Un-
til recently, microprocessor designers have used the extra available transistors to improve serial
performance via frequency scaling and exploitation of instruction-level parallelism (ILP) using
techniques such as out-of-order execution, deep pipelines and sophisticated branch prediction.
In recent years, however, it has become difficult for this approach to achieve a desirable level
of performance improvement due to reasons such as heat and power budget constrains, design
complexity, and the reduced inherent ILP in user applications.

Although there were some recent research efforts aimed at boosting serial performance (e.g.,
[CSC05]), the industry seems to have decided that this approach is a dead end. Instead, archi-
tects turned to processors that incorporate multiple, usually simpler, cores in a single die. The
resulting processors are called chip multiprocessors (CMPs) or multicores [ONH'96] and are
becoming the norm in microprocessor design [PDG06, Gee05]. Multicore processor are able to
remain within power constrains and keep benefiting from Moore’s law by using the extra transis-
tors to add more cores. Essentially, instead of trying to exploit ILP, multicore processors aim at
the exploitation of a higher level of parallelism: thread-level parallelism (TLP).

This change in processor design has created a noticeable stir in the software world. Until
now, application performance was able to benefit from advances in processor design without
the need for programmers to modify their software. As multicore designs become the standard,
programmers need to adapt by abandoning single-thread programming and incorporate concur-
rency into their programs [Sut05, OH05, ABD"09]. The expected impact of this microprocessor
technology shift in software is illustrated by Olukotun and Hammond in the conclusion of their
article [OHO5]:
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“[...] the transition to CMPs is inevitable because past efforts to speed up processor
architectures with techniques that do not modify the basic von Neumann computing
model, such as pipelining and superscalar issue, are encountering hard limits. As a
result, the microprocessor industry is leading the way to multicore architectures; how-
ever, the full benefit of these architectures will not be harnessed until the software in-
dustry fully embraces parallel programming. The art of multiprocessor programming,
currently mastered by only a small minority of programmers, is more complex than
programming uniprocessor machines and requires an understanding of new computa-
tional principles, algorithms, and programming tools.”

There are two major aspects of the transition to the multiprocessor programming paradigm
that need to be considered: programmability and performance. Parallel programming is generally
considered a hard and counter-intuitive task [MGM ™ 09]. Hence, since parallel platforms are be-
coming ubiquitous, the need for new software practices and tools that make the programmer’s life
easier emerges [SLO5]. For example the transactional memory approach [Gro07,ATKS07] aims at
simplifying parallel programming by replacing explicit locking with transactions. Nevertheless,
programmability alone is not enough. It is important to ensure that application performance can
scale as core count increases.

In this thesis, we tackle performance issues. Our work aims at improving the performance of
memory-intensive applications — applications whose performance bottleneck is (main) memory
bandwidth.* Memory-intensive applications usually have a low ratio of computation operations
to memory accesses and they are characterized by poor temporal locality. On multicore systems
these applications will frequently perform poorly, even if their parallelization does not create sig-
nificant overhead. The reason for this is the inability of most systems to deliver the required data
transfer rate when all cores simultaneously access main memory. The resulting delays will hurt
performance, especially if memory accesses are loads that subsequent instructions depend upon.

We direct our efforts towards sparse computations, an important application domain of sci-
entific computing. Sparse computations are used in several applications (e.g., partial differen-
tial equation solvers) and are usually concerned with sparse matrices, i.e. matrices that contain
a large number of zeroes. Specifically, we target the performance improvement of the sparse
matrix-vector multiplication kernel (SpMxV). This computational kernel, although very simple
in its essence, is difficult to optimize and has attracted much attention from researchers due to its
importance [AGZ92, T]92, CA96, Tol97, WS97, PH99,1Y99, Im00, GR99,1Y01, VDY 02, Vud03,
MCGO04,PHCR04,PHCR05,BELF07, VM05,KHK 05, WL06, WOV 09, Wil08, BBR09, KGK09b,
KGKO09a].

1.1 Contribution

This work explores the use of compression, i.e. data volume reduction techniques, to improve
the execution time of memory-intensive applications. The main challenge in this endeavor, as well

*We will use the term “memory-intensive” throughout this text to refer to applications whose main performance
impediment is memory bandwidth. Note, however, that in different contexts, this term may have a different meaning.
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as what differentiates our approach from typical compression schemes, is that size reduction is
not adequate to ensure success; we aim to improve performance, i.e., reduce execution time. In
other words, any possible computational overhead (e.g., decompression cost) should be amortized
before a method is deemed successful.

The contribution of this dissertation is summarized below:

» We investigate compression as a means to improve performance of memory-intensive ap-
plications by alleviating contention on the memory subsystem. We outline the require-
ments for such an optimization to be successful and we examine its relevancy on multicore
systems.

+ We study the performance behavior of the SpMxV kernel arguing that: (a) its performance
is restrained by limited memory bandwidth and that (b) it is a good candidate for applying
compression schemes to improve its scalability.

» We propose the CSR-DU sparse matrix storage format. CSR-DU compresses matrix struc-
tural data by applying coarse-grained delta encoding and exploiting contiguous elements.

« Based on the observation that several sparse matrices contain a significant number of com-
mon numerical values we propose CSR-VI: a specialized storage format that employs indi-
rect indexing to compress matrix values. Since CSR-DU operates on structural data, while
CSR-VI operates on numerical values, we also consider a combination of these two formats
called CSR-DUVL

« Finally, we attempt a first step towards a storage format that can support arbitrary com-
pression schemes. We call this format CSX and discuss an initial implementation for com-
pression schemes based on delta run-length encoding on multiple directions.

1.2 Outline

The thesis is organized as follows:

Chapter 2 builds the case for using compression to improve the performance of multithreaded
memory-intensive applications. First, we provide a brief overview of shared memory systems and
show the scalability problems of applications with large memory bandwidth requirements. Next,
we describe the proposed compression approach and discuss necessary conditions for its success.
The chapter ends with a case study of our method using bitwise operations on bitmap indices.

Chapter 3 provides an introduction to sparse computations. We present several well-established
sparse matrix storage formats, as well as their corresponding SpMxV implementations.

Chapter 4 is concerned with the performance of the SpMxV kernel on multicore systems.
First, we discuss the kernel’s implementation and analyze its performance characteristics. Next,
we introduce our experimental setup and present the results of a performance evaluation which
shows that SpMxV’s performance is restrained by limited memory bandwidth.
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Chapter 5 presents the CSR-DU storage format — our approach for compressing the struc-
tural data of a sparse matrix using delta encoding. It starts with a discussion of our motiva-
tion and continues with the definition of the format. Several aspects of the format are shown,
including an extension for exploiting sequential elements. An experimental evaluation is also
preformed where it is established that CSR-DU can provide significant performance benefits for
multithreaded SpMxV.

Chapter 6 presents the CSR-VI storage format which applies compression to the numerical
values of matrices. Initially, we discuss the motivation behind our approach and, since not all
matrices are suitable for value compression, the conditions under which CSR-VI can be benefi-
cial. An experimental evaluation shows significant performance benefits for both CSR-VI and its
combination with CSR-DU (CSR-DUVI).

Chapter 7 discusses our initial approach towards a unified storage format called CSX. CSX
utilizes matrix-specific SpMxV routines and aims to support arbitrary compression schemes. We
discusses several classes of structural patterns and we present a general, yet relatively expensive,
approach for substructure detection. The chapter is concluded with a performance evaluation.

Finally, Chapter 8 summarizes conclusions and briefly discusses future work directions.
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Background and key ideas

2.1 Shared memory systems

Shared memory systems [CS99, HP07] are a family of parallel architectures where multiple
processors operate on the same main memory. Until a few years ago, shared memory systems
were implemented, almost exclusively, via symmetric multiprocessing (SMP). SMP systems com-
prise of two or more identical processors that connect to a single main memory, usually via a bus
or similar interconnect (see Figure 2.1a). As in all shared memory systems, a cache coherence
protocol is responsible of maintaining data integrity between processor caches. The centralized
memory and the memory bus constitute the main performance bottleneck of SMP systems be-
cause requests from different processors need to be serialized.

cpu cpu

) )

memory bus

[ Main memory ] [ Memory node Memory node ]

(@) (b)

Figure 2.1: Typical shared memory systems. (a) an SMP system, (b) a NUMA system.

Hence, as the number of processing elements that share the memory increases, CPU design-
ers turn to more scalable designs like Non-Uniform Memory Access (NUMA) architectures (see
Figure 2.1b), where the memory is distributed among different nodes that are connected via a scal-
able interconnect (e.g., interconnects based on point to point links). In principle, each NUMA
node is local to a set of CPUs, and access to memory in this node is faster than access to remote
nodes. Obviously, this architecture mitigates the memory bandwidth bottleneck, since it allows
different CPUs to operate on different NUMA nodes. In general, these systems fall in the cate-
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gory of shared memory systems since they provide a coherent unified view of memory for the
programs, and is up to the programmer or the operating system to distribute data in different
nodes to maximize performance.

The previous paragraph discussed shared memory configurations for separate processor chips.
These chips however can, and probably will given the recent multicore trend, implement CMP,
i.e., contain multiple processing cores that share a part of the cache hierarchy. For example, Fig-
ure 2.2 illustrates a quad-core processor. Each core in this example has its own private L1 cache,
and two pairs of cores share two L2 caches. The chip may connect directly to the main mem-
ory interconnection network, or via an off-chip cache that is shared between all processor cores.
Cache sharing is an important factor of the system’s performance and can be either construc-
tive or destructive, depending on the application and on whether threads scheduled on the cores
that share a cache operate on common data or not. Evidently, multicore processors intensify the
performance problem of concurrent accesses to main memory.

aEtaEcEen

L2 L2

'

main memory (or off-chip cache)

Figure 2.2: An example of a multicore processor with 4 cores. Each core has it's own L1 cache and
there are two L2 caches shared by two cores

2.2 Application scaling on shared memory systems

As it is illustrated by Amdhal’s law the possible speedup of an application in a parallel archi-
tecture is limited by the sequential fractions of the program. It is possible, however, that a shared
memory architecture results in serialization of program fractions that are, from the perspective
of the programmer, parallel. For example, in an SMP system that interconnects the various pro-
cessors via a bus, requests to main memory will be serialized. Hence, even if a program does not
contain any explicit serial fractions, it is possible that it would not scale linearly — as expected —
in a shared memory system. In the following paragraphs we discuss the implicit scalability prob-
lem that arises in shared memory architectures, even for fully parallelizable applications without
data dependencies.

The scalability behavior of a parallel application in a shared memory environment depends
on its data access pattern. Applications with no data dependencies and good temporal locality
scale well, since each core can work independently using local data residing in its cache, without
interfering with the operation of other cores. An example of a computational kernel with these
characteristics is matrix multiplication (MxM). The straightforward implementation of matrix
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for (i=0; i<N; i++)
for (j=0; j<N; j++)
for (k=0; k<N; k++)
CLil[3]1 += A[i][k] * B[kI[31;

Listing 2.1: Matrix multiplication for NV x N matrices

multiplication (C' = AB) for square matrices N x N matrices is presented in Listing 2.1.

Matrix multiplication performs O(N?3) operations on O(N?) data and is generally consid-
ered a cache-friendly algorithm due to its spatial locality. A blocking transformation is usually
applied (see A.1) to ensure that the data will be reused before they are evicted from the cache.
Moreover, matrix multiplication can be performed in a completely parallel fashion without data
dependencies between execution threads. As a result, MxM generally exhibits very good scala-
bility. Figure 2.3, presents scalability results for MxM on two different multicore systems. The
first system consists of two quad-core processors (8 cores total), while the second consists of four
6-core processors (24 cores total). A more detailed description of the systems is provided in 7.5.1.

-
24 %
- 221 S
20
67 18-
167
S 57 S
3 3 147
& &
2 pu Q127
107
3 87
6
2 4
o]
1 T T T 1 T 1 T 17977 T T T T T T T T 1 1 T
1 2 3 4 5 6 7 8 12 4 6 8 10 12 14 16 18 20 22 24
cores utilized cores utilized

(a) (b)

Figure 2.3: Matrix multiplication speedup for two systems. (a) a two-way quad-core system
(8 cores in total) and (b) a four-way 6-core system (24 cores in total).The size of the matrices is
2048 x 2048 single-precision floating-point elements. The optimal (linear) speedup is illustrated
with a red line.

Nevertheless, not all parallel applications can scale as well as the matrix multiplication kernel
in a shared memory system. Applications with frequent accesses on main memory tend to exhibit
poor scaling due to contention on the memory subsystem (e.g., applications with streaming ac-
cess patterns and limited spatial locality). To illustrate the congestion on the memory subsystem
and quantify the resulting performance bottleneck, we developed a benchmark to measure maxi-
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mum throughput when different threads read data from main memory. The benchmark allocates
and initializes large memory areas and subsequently performs read operations using streaming
instructions (see A.2 for a detailed description of the benchmark and 4.5.2 for additional experi-
mental results).
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Figure 2.4: Speedup for aggregate read memory throughput on two systems. (a) a two-way quad-
core system (8 cores in total) and (b) a four-way 6-core system (24 cores in total).The optimal
(linear) speedup is illustrated with a red line.

Figure 2.4 shows the speedup for aggregate read memory throughput on two multicore sys-
tems. Evidently, the available memory bandwidth on both machines is not adequate to allow this
benchmark to scale. Even though this workload is artificial, it serves as an illustration for the
scaling limitations of memory-intensive applications.

In a typical shared memory architecture we can assume that the execution time of each parallel
part of the program can be split in two parts: a scalable (computation and access to private caches)
and a non-scalable (access to shared memory). Under these assumptions we can express the
execution time with the following equation:

t:rc-d

+ bw, - d (2.1

Where:

n is the number of utilized threads.

d is the size of the data that need to be fetched from main memory. It depends on the
program accesses (e.g., temporal locality) and parameters of the cache hierarchy (cache
size, cache-line size, associativity, etc.)

7. is the time cost of the scalable computations per byte of data fetched from main memory.
It depends on the program’s operations and CPU speed.
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bw,, is the available memory bandwidth when n threads are utilized. It depends on the pro-
gram accesses (e.g., its spatial locality) and on the capabilities of the hardware, given the
topology of the utilized cores (hardware prefetching, interconnection network, etc.).

Modern processors and memory hierarchies are very complex systems. It is, therefore, diffi-
cult to model the parameters of Equation 2.1 to predict the actual performance of real-world ma-
chines, especially since modern processors can execute instructions out of order and in a specu-
lative way. Hence, to investigate the effect of these two parts on program execution for real-world
systems, we developed a micro-benchmark called memcomp (see also A.3). Memcomp executes
loops that perform a memory load and a variable number of computational operations. The pro-
gram loads an element from an array stored in main memory and c additions of this element to
a register.

We perform experiments using double-precision floating-point elements and an unrolled
loop that performs 64 loads (and 64 c additions) at each iteration. The results are presented in
Figure 2.5. Different graph lines represent different values of c. As expected, the scalability when
performing a single addition (¢ = 1) resembles that of the memory throughput benchmark. As
the number of additions are increased, computation becomes dominant in the execution time
and the benchmark gradually achieves scalable performance. The point where this change occurs
is highly dependent on the architecture.
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Figure 2.5: Memcomp benchmark speedup. Different lines represent different values of the ¢
parameter. We consider two systems: (a) A two-way quad-core system (8 cores in total) and (b)
A four-way 6-core system (24 cores in total).

There are systems, however, that are incompatible with our previous assumptions according to
which computations scale and memory accesses do not. For example, processors that implement
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TLP in a single core via technologies such as fine-grain multi-threading or simultaneous multi-
threading (SMT) [TEL95] are, generally, unable to scale for highly-optimized codes [AAKKO06,
AAKKO8].

Additionally, it is possible to construct a shared memory system with large enough available
bandwidth, such that all available threads can operate without contention on the memory sub-
system. An example is the Niagara 2 processor [SBB*07] which consists of 8 cores, each of which
supports 8 threads, for a total of 64 threads per CPU. Niagara 2 deviates from mainstream mul-
ticore chip designs, since it provides a large number of available threads and good memory per-
formance, at the expense of single core computing power. Figure 2.6 presents scalability results
from the memcomp benchmark, where it is illustrated that as the computation ratio increases,
the scalability of the benchmark is reduced. An additional comment to be made, is that the ab-
solute single-threaded performance is vastly inferior to that of the mainstream chips examined
previously.

L U USEUSESURES
14 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64

cores utilized

Figure 2.6: Memcomp benchmark speedup on the Niagara 2 processor. The benchmark performs
aload operation of a double-precision floating-point value and c additions of this value to another
register. The different lines represent different values of c.

In the next paragraphs we focus on typical multicore architectures and investigate the idea of
improving the execution time of memory-intensive applications by applying data compression.
With regard to Equation 2.1, we aim at decreasing the non-scalable part of the execution time
(memory access), at the cost of inducing additional computational overhead. Since the additional
cost is scalable, we argue that, it will be mitigated as the number of cores increases.

2.3 Compression for optimizing multithreaded applications

Compression can be viewed as a trade of data volume for computation: it results in reduced
data volume at the cost of additional computational overhead. Traditionally compression is used
for reducing the time of data network transfers and provide efficient persistent storage in terms
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of space requirements. We investigate the use of compression for improving the execution time
of multithreaded applications in shared memory architectures. Hence, based on Equation 2.1, if
we apply a compression scheme that reduces the data by a factor of a and results in an additional
computational cost by a factor of b, then the expression for the execution time ¢’ will become:

t’_<b’rc+bw">-d, ab>1 (2.2)
n a

Not all multithreaded applications are suitable for applying compression as a means for im-
proving execution time. In fact, this technique can be applied only to certain types of applications.
Next, we discuss the conditions that need to be met by an application, so that it can qualify for
the proposed techniques

(a) Memory bandwidth bottleneck. First, the application should be memory intensive — i.e., its
performance should be dominated by frequent transfers from (main) memory. If an applica-
tion is compute-bound, then its execution time is dominated by the . term in Equation 2.1.
Compression will increase this term by a factor of b, which will lead to a performance hit. The
latter is especially true for modern processors which are able to overlap computations with
memory transfers and hide the memory access latency. Applications that normally adhere to
this requirement are applications that exhibit poor temporal locality.

(b) Compressible data. An important requirement is the need for application data to be com-
pressible. If data are random, then factor a of Equation 2.2 will be close to 1, and compres-
sion will probably result in performance slowdown. It is expected, however, that fulfilment
of this condition would not be a problem for most real-world applications where data usually
express specific semantics and contain redundancies that can be exploited towards compres-
sion. Nevertheless, since an application can be used in different domains and thus operate on
different types of data, it is not always straightforward to determine a suitable compression
technique.

(c) Decompression cost mitigation. Additionally, it is required that the decompression run-time
cost is mitigated by the benefits of data volume reduction. This requirement is an important
differentiation from typical compression schemes, where the most important consideration
is the compression ratio. With regard to Equation 2.2, the benefits of factor a (compression
ratio) should outweigh the losses of factor b (decompression overhead).

As the number of cores increases, the effect of the decompression overhead on execution
time decreases (assuming that it falls into the scalable execution part). This can be demon-
strated in Equation 2.2 where n — oo leads to an execution time of (bwy,/a)-d. Nevertheless,
real-world machines contain a finite number of processing cores and, as a result, the decom-
pression overhead cannot be ignored. This condition is strongly associated with the specific
hardware implementation, since the actual decompression overhead and the benefit from
data reduction depend largely on the costs of the various hardware operations.

(d) Compression cost mitigation. Besides the decompression cost, however, we need to addition-
ally consider the compression overhead, which also needs to be mitigated. The compression
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overhead can be characterized as “hidden”, since we excluded it from the execution time ex-
pression because we assume that it can be performed oft-line. For a number of applications
this assumption is correct. A typical example are applications that perform a large number of
computations using the same data (e.g., by performing a large number of iterations). On the
other hand, applications that use the data only once do not satisfy the above condition and
will not benefit from compression in terms of execution time. An example for an application
that does not satisfy this requirement is data compression itself.

The latter condition seems contradictory with the characterization of applications with no
temporal locality as a good example for this technique. However, because caches are not
infinite, applications that operate on large amounts of data retain their streaming nature, even
if they are executed iteratively.

2.4 Case study: bitmap indices

Up until now we have limited our discussion in synthetic benchmarks (e.g., memcomp). The
issue that naturally arises is whether there exist real-world applications that satisfy the conditions
mentioned above and how they can benefit from compression. To elaborate on this issue, we
briefly investigate the applicability of our method using a real-world application: bitmap indices.
Although this case study is by no means comprehensive, it shows potential execution time benefits
for compression techniques when the number of utilized cores increases.

Indices are data structures used extensively in database systems [UGMWO01] and aim at im-
proving the speed of information retrieval operations. Although typically these structures are
implemented using B-trees, the alternative of bitmap indexing is gaining popularity in modern
database systems, especially for read-mostly environments (e.g., data warehouses). The simplest
form of a bitmap index on an attribute is a number of bit vectors —one per attribute value— each
of which represent the set of records that adhere to the specific attribute value. This is called a
Value-List index [OQ97], and an example is given in Table 2.1.

RID X bitmap index
(recordid) | (atribute) || X =0 X=1 X=2 X=3

1 1 0 1 0 0
2 0 1 0 0 0
3 2 0 0 1 0
4 1 0 1 0 0
5 3 0 0 0 1
6 3 0 0 0 1
7 0 1 0 0 0
8 1 0 1 0 0

bo by bo b3

Table 2.1: Example of bitmap indices for an attribute (X) that assumes four values (0-3). The
bitmap index for each of these values (by_3) appears as a column.

Information retrieval queries using bitmap indices are implemented using bitwise logical op-
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erations. For example, for the data in Table 2.1 a query for X > 0, would be answered by perform-
ing by OR by OR b3. We argue that this application is well-suited for the optimization described
previously: (a) it exhibits alow computation to memory accesses ratio and it usually involves large
data sets that do not fit into the cache, (b) the bit vectors are typically compressible, and (c) the
compression cost can be mitigated when operating on read-mostly environments. The remain-
ing requirement for the compression approach to be gainful is the decompression cost mitigation,
which is strongly dependent on the compression method used.

The compression of bitmap indices has been extensively studied in related literature [Joh99,
WOS06]. Although not directly motivated by the need to reduce the memory bottleneck, these
compression methods can be used in our evaluation. To investigate the potential benefits of the
compression tradeoft in terms of multithreaded performance we performed a number of experi-
ments using different compression approaches.

Figure 2.7 demonstrates the performance of an AND operation on two multicore machines
(8 and 24 cores in total) for three different compression schemes: lit, which uses uncompressed
(literal) bitmaps, zlib, which uses the zlib compression scheme [DG96, Deu96] and WAH, which
uses the WAH (Word-Aligned Hybrid) compression scheme [WOS06]. The results were obtained
using random-generated bitmaps with a bit density (probability of a bit being ‘1’) of 0.01*. The
performance of the uncompressed bitmaps (lit) achieves the best serial performance on both ma-
chines, but it is not able to scale as more processing cores are utilized. Moreover, a performance
degradation is observed after 12 cores in the 24-core system, which can be attributed to contention
on the main memory. The zlib compression scheme has significant decompression overhead and
although it is able to scale better than lit, its performance remains considerably low even for a
large number of cores. On the other hand, the wah scheme has low decompression overhead and
is able to achieve better performance than /it when a sufficient number of cores is used.

In conclusion our evaluation indicates that — in the context of multicore systems — use of
compression can act in benefit for performance of real-world applications, even if it degrades
performance in the serial case.

2.5 Conclusions

In this chapter we presented the key idea of our work — using compression for improving the
performance of memory-intensive applications on shared memory systems. In the remaining of
this thesis we apply our ideas to the domain of sparse-matrix computations and specifically to the
SpMxV kernel. The next chapter provides an introduction to these concepts.

*Smaller values would lead to insignificant size reduction (or even increase), while larger values would lead to very
fast optimized AND operations for the WAH compression scheme
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Figure 2.7: bitwise AND operation performance. (a) a two-way quad-core system (8 cores in
total) and (b) a four-way 6-core system (24 cores in total).
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Sparse Matrices and Sparse Matrix-Vector Multiplication

3.1 Sparse Matrices

Sparse matrices are typically defined as matrices whose values are dominated by zeroes. How-
ever, the characterization of a matrix as sparse is usually not performed on the basis of a qualitative
criterion (e.g. the percentage of zero elements). Instead, a matrix is treated as sparse based on the
potential benefits that arise from such a treatment: “[...]a matrix can be termed sparse whenever
special techniques can be utilized to take advantage of the large number of zero elements and their
locations” [Saa03]. Based on the above definition we can derive a sufficient requirement regard-
ing the sparsity of a matrix: an N X M matrix is sparse if the number of its non-zero elements
is orders of magnitude smaller than V- M. Examples of sparse matrices that correspond to real
applications (taken from [Dav97]) are illustrated in Figure 3.1.

Sparse matrices are met in various scientific and engineering fields, and they generally arise
when studying systems that are loosely coupled. Large sparse matrices typically appear during
the discretization process when solving partial differential equations (PDE) [Saa03]. More specit-
ically, the typical way of solving PDE:s is to perform discretization employing techniques such as
the Finite Element Method (FEM), which usually results in problems with large sparse matrices.

Additionally, sparse matrices are used in the representation of large graphs using an adjacency
matrices. An example of such a graph is the World-Wide Web [KKR™99], where each vertex is a
page, and a directed edge from vertex A to vertex B (A — B) represents the existence of an URL
link in page A linking to page B. Generally, matrix sparsity and graph theory are subjects that are
closely linked: graph algorithms are employed for sparse matrices (e.g., for partitioning [HK99,
VBO05]), while graph algorithms can be expressed via sparse matrix computations [KCA09].

3.2 'The sparse matrix-vector multiplication operation

An important and ubiquitous operation for sparse matrices is the sparse matrix-vector mul-
tiplication (SpMxV), where a N x M sparse matrix is multiplied with a dense vector (of size M)
resulting in another dense vector (of size N): y = A - . We refer to y as the destination vector
and to x as the source vector. The general expression for the elements of the y vector is:
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Figure 3.1: Examples of sparse matrices from real-world applications. (source: [Dav97])

M
7=1

It is evident that zero elements do not contribute on the result and can be omitted. Hence,
the sparsity of a matrix can be exploited when performing the SpMxV operation by considering
only non-zero elements (A4;; # 0) during the computation.

The SpMxV operation is used in a large variety of applications in scientific computing and
engineering. It is the basic operation of iterative solvers, such as Conjugate Gradient (CG) and
Generalized Minimum Residual (GMRES), extensively used to solve sparse linear systems result-
ing from the simulation of physical processes described by PDEs [Saa03]. Moreover, a number
of graph algorithms can be expressed using adjacency matrix multiplication, and many of them
perform several iterations, where the iteration time is dominated by SpMxV [KCA09]. Examples
include link analysis algorithms such as PageRank [BP98]. Finally, SpMxV has been reported as
a member of one of the “seven dwarfs”, which are classes of applications that are believed to be
important for at least the next decade [ABC06].
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3.3 Sparse storage formats

The rest of this chapter is concerned with an important aspect of sparse matrices — sparse
storage formats. These formats are data structures that enable efficient storage and efficient op-
erations for sparse matrices. We start by discussing dense storage.

Typical schemes of dense matrices store the elements subsequently into memory. The space
used is equal to the total number of elements. In addition, a location function is used to determine
the position of a matrix element in the linear memory space. The most frequently used schemes
are row-major (C) and column-major (Fortran) order. For an N x M matrix, a row-major order
scheme stores the element a;; into the j + (¢ - M) location, while for the column-major order
scheme the same element is stored into the ¢ + (5 - ) location.

Sparse matrices use special storage representations to exploit the large number of zero values.
These storage schemes are generally build around the concept of storing only the non-zero values
of the matrix. This results in less storage size requirements, as well as more efficient operations
(e.g. SpMxV) since zero values usually do not contribute to the computation. Nevertheless, ad-
ditional information about the position of the non-zero values is required. Hence, we separate
the sparse matrix data into two categories: index data: data that are used for the representation
of the matrix structure and value data: data that represent the numerical values of the matrix.

In the following paragraphs we discuss several existing sparse-matrix formats. We focus on
matrices suitable for the SpMxV operation, where the matrix remains constant and random access
is not required.

3.3.1 Coordinate format

The coordinate (COO) format is one of the simplest forms of sparse storage. It stores the non-
zero elements along with their corresponding indices — their matrix location. For instance, the
COO format for a vector is called compressed sparse vector or simply sparse vector. In a sparse
vector format the non-zeroes are stored contiguously in an array val and the indices of these
elements are stored in another array ind. In other words, val[i] stores the element in position
ind[4]. An example of a sparse vector is illustrated in Figure 3.2a.

Similarly, for a two-dimensional matrix two index arrays are needed: one for the row (row_ind),
and one for the column (col_ind) of each non-zero element. Hence, the i-th non-zero element
has a value of val[i] and its coordinates are: (row_ind[7],col_ind[¢]). Figure 3.2b presents an ex-
ample for the storage of a two-dimensional matrix in the COO format. Each of the index arrays
(row_ind,col_ind) have a size equal to the number of the non-zero elements.

An issue that arises is the order in which the non-zero elements are stored. The COO format
does not impose a restriction on the storage of the elements. It is, however, common practice
to assume a specific order that bestows beneficial properties (e.g., good spatial locality) on al-
gorithm implementations. Typically, a lexicographical order on the coordinates is used. In this
case, elements of sparse vectors are stored in an increasing index order. For the ordering of two-
dimensional matrices, the row coordinate is considered first.
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0 0
A=1 0 0 29 0 37 29
90 0 0 11 45 0
L1 0 29 37 0 11
V=[0 63 0 7.7 0 88 ]
rowind: (0 O 1 1 1 2 3 3 3 4 4 4 5 5 5 5 )
val: ( 6.3 7.7 8.8 ) colind: (O 1 1 3 5 2 2 4 5 0 3 4 0 2 3 5)

ind: (1 3 5 ) values: ( 5.4 1.1 6.3 7.7 8.8 1.1 2.9 3.7 2.9 9.0 1.1 4.5 1.1 2.9 3.7 1.1 )
(a) (b)

Figure 3.2: Examples of the coordinate format (COO). (a) a vector, (b) a two-dimensional matrix.
Elements are stored in a lexicographical order

If the majority of the matrix rows do not contain a small number of elements and a lexico-
graphical order is used, the row_ind array will contain redundant information, as can be seen in
Figure 3.2b. The CSR format, described in the next paragraph, exploits this redundancy to reduce
the storage requirements of the sparse matrix.

3.3.2 CSR storage format

One of the most popular storage representations for sparse matrices is the compressed storage
row format (CSR) [BBC'94, Saa03]. CSR stores the sparse matrix as a number of sparse vectors
(one for each row) and allows random access to entire rows. More specifically, the matrix is stored
in three arrays: values, row_ptr and col_ind. The values array stores the non-zero elements of
the matrix in row-major order, while the other two arrays store indexing information: row_ptr
contains the location of the first (non-zero) element of each row within the values array and
col_ind contains the column number for each non-zero element. An example of the CSR format
for a 6 x 6 sparse matrix is presented in Figure 3.3.

The size of the values and col_ind arrays is equal to the number of non-zero elements (nnz),
while the row_ptr array size is equal to the number of rows (nrows) plus one. The CSR format is
considered a good default choice for the SpMxV kernel [Vud03]. Its implementation for a matrix
with IV rows is illustrated in Listing 3.1. The CSR SpMxV kernel consists of two loops: the outer
loop iterates over all rows of the matrix using the row_ptr array, while the inner loop computes
a single element of the destination vector. To assist the optimization process of the compiler
the code can be optimized to write the y[i] value at the end of the inner loop, by keeping the
intermediate result in a temporary variable that can be allocated in a register (see Listing 4.1).

for (i=0; i<nrows; i++)
for (j=row_ptr[i]; j<row_ptr[i+l1l]; j++)
y[i] += values[jl*x[col_ind[j]];

Listing 3.1: CSR SpMxV implementation.
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0 11 0 0 0
0 0 29 0 37 29
0 0 11 45 0
0 29 37 0 11

(02 5 6 9 1216 )
colind: ( 0 1 1 3 5 2 2 4 5 0 3 4 0 2 3 5)
values: ( 5.4 1.1 6.3 7.7 88 1.1 2.9 3.7 29 9.0 1.1 45 1.1 29 3.7 1.1 )

row_ptr :

Figure 3.3: Example of the CSR storage format

The CSR format can be considered a special case of what is referred as compressed stripe storage
[Vud03]. Another straightforward case of this class of formats is the compressed storage column
(CSC) format, which is similar to CSR, except that it uses columns instead of rows, i.e., it allows
random access to columns, which stores as sparse vectors. Another possible implementation
would be to store the matrix diagonals as sparse vectors.

3.3.3 Blocking formats

Over the years, a number of different storage formats aiming at the exploitation of specific
matrix structure for providing an efficient SpMxV operation have been proposed. One of the most
successful formats in that respect is the block compressed storage row (BCSR) [1Y01]. The BCSR
format can be viewed as a generalization of CSR, where unit of operation is two-dimensional
blocks (r x c¢), instead of individual elements. As CSR does not store zero elements, BCSR does
not store blocks that contain only zeroes. Thus, instead of storing the column index for each
non-zero element, BCSR stores per-block column indices. Moreover, BCSR keeps pointers to
block-rows (i.e. rows of blocks), instead of rows of elements. Obviously, The case of r = ¢ = 11is
equivalent to CSR.

Similarly to CSR, BCSR uses three arrays for the representation of a sparse matrix: (a) bval,
which stores the values for all blocks of the matrix in column- or row-major order — i.e., the j
value of block 4, is stored in location (i-7-¢) + j of the bval array, (b) bcol_ind, that stores the
block-column indices and (c) brow_ptr, which stores pointers to the first element of each block
row. Hence, assuming that a sparse matrix consists of nblocks blocks, the size of the bval array is
r-c-nblocks, the size of the brow_ptr array is the number of block rows (nbrows) plus 1: [ 2% 41,
and the size of the bcol_ind array is nblocks.

An example of the BCSR format is presented in Figure 3.4, where an 8 x 8 matrix is divided
into 2 x 2 blocks. As it shown in the figure, it is possible for the bval array to contain zeroes to
account for zeroes contained in blocks. This procedure is known as padding and it may result in
inefficiencies depending on the block shape (r x ¢) and the matrix structure.

The BCSR format shown in Figure 3.4 requires that aligned blocks at r row and ¢ column
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46 93| 0 0 0 0 ]24 56
86 82| 0 0 0 0 |53 16
0o 010 0 |19 79| 0 O
A= 0 0] 0 0 |71 0] 0 O
0 0 |86 17|24 76| 0 O
0 0 (39 22|30 33| 0 O
0 010 0 |18 0 |79 12
0 010 0 0 78|10 53
brow_ptr : / 0 2l /3 5 7
bcol_ind : (0 6 4 2 4 \ 4 6)

46 93 2456 1979 8617 2476 18 0 79 1.2
8682 5316 71 0 3922 3033 0 78 1.053

/

bval: (4.6 9.3 8682 245653161979 7100...)

blocks :

Figure 3.4: Example of the BCSR storage format

boundaries, i.e. that each 7 x ¢ blocks starts at a position (7, j) such that: ¢ mod r = 0 and
j mod ¢ = 0 This approach provides the benefits of simpler construction of the BCSR format
and allows for easy vectorization, which can result in a positive performance impact [KGK09b].
A variation of the BCSR format that aims at reducing the necessary padding by relaxing the above
constraints is the unaligned BSCR (UBCSR) [VMO05].

for (i=0; i < nbrows; i++)
for (j=brow_ptr[i]; j < brow_ptr[i+i]; j++)
for (ir=0; ir < r; ir++) // rxc block multpilication
for (ic=0; ic < c; ic++){

y_idx = (i*nrows) + ir;

v_idx (j*r*c) + (ir*c) + ic;
x_idx = bcol_ind[j] + ic;
y[y_idx] += bval[v_idx]*x[x_idx];

}

Listing 3.2: BCSR SpMxV implementation. The first outer loop iterates over all block-rows. The
second outer loop iterates over all blocks of a specific block-row. The last two innermost loops
perform an r x ¢ block matrix-vector multiplication.

A simple implementation of the SpMxV kernel for the BCSR storage format is presented in
Listing 3.2, and it generally follows the structure of the CSR version. At the outermost loop, all
block-rows are iterated, while the second loop performs an iteration over all blocks of a block-row.
The two innermost loop perform appropriate computations for each r x ¢ block. This version of
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the kernel is general in the sense that it does not assume a specific block shape. Generating BCSR
SpMxV kernels for specific block shapes allows for various optimizations (e.g., register blocking
and vectorization), that can significantly reduce the execution time of the kernel. A BCSR SpMxV
kernel for 2 x 3 blocks is presented in Listing 3.3.

for (i=0; i < nbrows; i++){
yo = yl = 0.0;
for (j=brow_ptr[i]; j < brow_ptr[i+i]; j++){
x_start = bcol_ind[j];
v_start = j*2*3;

x0 = x[x_start];
x1 = x[x_start +1];

x2 = x[x_start +2];

y@ += bval[v_start] * x0;
yO += bval[v_start +1] * x1;
yo0 += bval[v_start +2] * x2;

yl += bval[v_start +3] * x0;
yl += bval[v_start +4] * x1;
yl += bval[v_start +5] * x2;
}
y_start = i*2;

yly_start] yo;
y[y_start +1] = y1;

Listing 3.3: BCSR 2 x 3 SpMxV implementation

The selection of the block shape for a specific matrix is an important aspect of the BCSR
format, one that has been extensively studied in related literature [Vud03, BELF07, KGK09a,
KGKO09b]. The optimal block shape selection for performing SpMxV is related not only to the
specific sparse matrix structure (e.g., to avoid padding), but also to the architectural characteris-
tic of the target processor (e.g., vector size, number of registers).

Aiming at flexibility in block shape selection, the Variable Block Row (VBR) format gener-
alizes BCSR by allowing arbitrary block shapes. Nevertheless, this generality makes the VBR
implementation complex, without providing any performance benefits [Vud03].

3.3.4 Formats for exploiting diagonal structure

Diagonal patterns arise frequently in sparse matrices, and for this reason several storage for-
mats aim to exploit these patterns. The diagonal (DIAG) format is specifically designed for sparse
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matrices that contain only full — or almost full — diagonals. Diagonals which contain exclusively
zeroes are discarded, while non-zero diagonals are stored fully, eliminating the need for indexing
information about individual elements.

We consider an enumeration of the matrix diagonals: the main diagonal is numbered 0, di-
agonals in the upper triangle have positive numbers and diagonals in the lower triangle have
negative numbers (see Figure 3.5). The DIAG format maintains two arrays: An array with s ele-
ments (diag) and an sx N array (val), s being the number of diagonals stored and /N the number
of matrix rows. For each diagonal 4, its number is stored in diag[¢] and its values are stored in
column 7 of val. Elements storage in val ensures that they retain their matrix row number. More
specifically, values of upper-diagonals are stored in val starting from the first row (0), while values
of lower-diagonals are stored so their final element is placed on the last row (/N — 1). Padding is
applied as necessary: upper-diagonals are padded from the top, while lower-diagonals are padded
from the bottom. The standard SpMxV implementation for this format is shown in Listing 3.4.

0. 1_ 3.
46595~ 0 7.6~ 0 0 0 0
AN S > ANUEERN .
0 NI~ 0520~ 0 0 0 diag: -3 0 1 3
\\ \\\\ \\ \\ >
0 0 N23NIIDN_ 07866 0 0 val: 16 95 76
-3 So N ~ ~ S : . . .
42 0 0 SN15W §.§\ 0 ~N9.T 0 L1 49 00
~ N N ~
A= AT ST N, NP 2o 00
SLES EENRQAN 0 D 42 15 33 97
~ ~ ~ D ~
0 0 ~48°. 0 0 SB.0%46~_ 0 18 88 94 51
NN DNNDNEN 48 3.0 46
0 0 0 0>.28 0 0 ~1.2) 2.8 1.2
N N/

Figure 3.5: Example of the DIAG storage format.

for (j=0; j < s; j++){
d = diag[j];
for (i=max(@,-d); i < N - max(0,d); i++)
y[i] += val[i][j] * x[d + i];

Listing 3.4: DIAG SpMxV implementation.

The DIAG format is efficient for matrices with full diagonals, but can be wasteful for matrices
without full diagonals. The row segmented diagonal (RSDIAG) format [Vud03] is an approach for
exploiting partial diagonals. RSDIAG divides the matrix into row segments (blocks of consecutive
rows), and assumes full diagonals within each segment.
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3.3.5 Composite formats

Storage formats try to exploit matrix structure regularities. Matrices with multiple types of
regularities can be divided into sub-matrices, each stored in a different format. We refer to this
class of formats as composite formats. Distributive operations (e.g., SpMxV) can be easily imple-
mented by performing the operation for each sub-matrix:

An example of a composite format is presented in [AGZ92]. In this work, Agarwal et al. de-
compose a matrix into three sub-matrices: the first is dominated by dense blocks, the second
has a dense diagonal matrix, while the third contains the remainder of the matrix elements. A
similar technique is described in [Vud03], where variable-block matrices are split into UBCSR
sub-matrices. In composite formats, each sub-matrix is more sparse than the original matrix, i.e.,
it generally retains the same dimensions but has less non-zero elements. This can lead to compu-
tational overheads that can reduce performance (e.g., empty rows when iterating elements).

3.3.6 Symmetric and hermitian matrices

A class of matrices that emerge often in applications are symmetric matrices (A4;; = Aj;).
These matrices can be stored in an optimized form, where symmetric elements are stored only
once, i.e., by storing only the lower (or upper) triangle along with the main diagonal. To im-
plement SpMxV for a symmetric storage format, each stored element with ¢ # j is used for
two operations (one for itself and one for its transpose). As a result the performance profile
of symmetric SpMxV is different than standard SpMxV for two main reasons: (a) computa-
tion load per element is doubled (b) random-access updates to y are performed. A similar class
of matrices are hermitian matrices, ie., complex matrices for which: A;; = A}, — that is:
RG(AZ‘]') = RG(AJZ) VAN Im(AZ]) = —Im(A]Z)

3.4 Conclusions

In this chapter we discussed several sparse-matrix storage formats, focusing on the SpMxV
operation. We distinguish two categories: general storage formats that do not assume specific
matrix properties (e.g., CSR), and specialized storage formats that try to exploit specific matrix
characteristics that are encountered frequently (e.g., DIAG). We should note that specialized stor-
age formats may result in inefficiencies, when applied to inapt matrices.

Although our treatment is by no means comprehensive, it serves as an introduction to the
necessary points for the rest of the text. More details about sparse computations and sparse matrix
storage formats can be found in [BBC194, Saa03, Vud03, Wil08].
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Sparse Matrix-Vector Multiplication performance

4.1 SpMxV algorithm

The nature of the matrix-vector multiplication algorithm results in memory-bound imple-
mentations imposing intense memory accesses. We will illustrate this property using a compar-
ison with matrix-matrix multiplication (MxM). Matrix multiplication of NV x N matrices A and
B results in an N x N matrix, that can be expressed as:

N
Cij = Ai- By
k=1

Using this (naive) algorithm*, computation of a single C' element requires /N multiplications
and N additions. Consequently, computation of all C' elements requires N3 multiplications and
additions. This is called the surface-to-volume effect, where the solution of a problem requires
O(n?) operations on O(n?) amount of data.

As discussed in Section 3.2, the resulting y vector of the matrix-vector multiplication can be
expressed as:

N
Yi = Z Aij -
j=1

This operation, namely dense matrix-vector multiplication, requires /N multiplications and
N additions for each element of y. Therefore, it performs O(n?) operations on O(n?) amount
of data, resulting in a significantly higher ratio of memory accesses to floating-point operations
compared to MxM. Seen from another point of view, there is little data reuse in the matrix-vector
multiplication, i.e., very restricted temporal locality. In fact, matrix elements are used only once.

If the matrix is sparse, index data lead to additional memory references and cache interfer-

*There exist algorithms for matrix multiplication with a lower complexity than O(n?). An example is Strassen’s
widely-known recursive algorithm with a complexity of O(n‘°927) ~ O(n?*') [CLRSO01].
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ence. In general, sparsity also creates irregular accesses to the input vector x. This irregularity
complicates exploitation of reuse on x and increases the number of cache misses. Providing a
through discussion of SpMxV performance, however, is a difficult task without assuming a spe-
cific sparse storage format. Thus, to provide a more in-depth analysis, we study the behavior of
SpMxV on the CSR storage format. We choose CSR as the baseline for our performance analysis
because it is a general format that performs well and it is widely used.

4.2 CSR SpMxV implementation

First, we discuss the CSR SpMxV implementation and analyze its memory references. Be-
cause we want to maximize performance, we optimize SpMxV so that the update on y vector is
performed at the end of the innermost loop. This optimization opportunity is not easily detected
by the compiler (mainly due to aliasing issues), and for this reason we use a temporary variable to
store the intermediate result in our code. The resulting code is presented in Listing 4.1. Initial ex-
perimentation confirmed that this optimization results in significant performance improvement.

As can be seen in Listing 4.1, each element of the output vector y[i] is computed by iterating
all elements of the i-th row. Specifically, all elements of the row are multiplied with the x element
that corresponds to their column. Summation of the resulting values leads to the desired outcome.
Figure 4.1 uses an example to illustrate these operations, and how they relate to SpMxV kernel
data structures.

4.2.1 CSR SpMxV memory accesses breakdown

Table 4.1 shows a breakdown of the CSR SpMxV data set and how it is accessed. The row_ptr
array has NV elements, which are accessed sequentially and only once. The values and col_ind
arrays are also accessed sequentially and only once, but have nnz elements. The x array is accessed
randomly, but in increasing order within each row. Moreover, it is the only array that exhibits
temporal locality, i.e., its elements are potentially accessed more than once. Finally, the y vector is
the only array where SpMxV stores results; its elements are updated sequentially and only once.
The preceding analysis clearly illustrates the streaming nature of the CSR SpMxV kernel and its
restricted temporal locality. Another important aspect of the kernel’s performance is its working
set, which is discussed in the next paragraph.

4.2.2 Working Set

We refer to the data accessed during the execution of the SpMxV kernel as its working set
(ws). The working set consists of the matrix and vector data; its size for the CSR storage format
is expressed by the following formula:

sparse matrix vectors
-

ws = (nnz - (Sige + Sval) + (nrows + 1) - s;4,) + (nrows + ncols) - Syq

In the above formula, s;4, and s, represent the storage size required for an index and a
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for (i=0; i<N; i++){
yr = 0.0;
for (j=row_ptr[i]; j<row_ptr[i+1l]; j++)
yr += values[j]*x[col_ind[]j]];
y[i] = yr;
}

Listing 4.1: CSR SpMxV implementation. The y[i] value is updated at the end of the inner loop

ToW.ptr : (0 2 5 6 9 12 16 )

/ \ (row limits)

colind: ( O 1 1 3 5 2 2 4 5 0 3 4 0 2 3 5)

\ \\ (indirect access)

X: ( zo 1 x2 T3 Ty x5 )

| A2 o

values: (54 1.1637.7881.1293729901.1451129371.1)

)

y: (yoy1y2y3y4y5)

Figure 4.1: Example of a CSR SpMxV operation

size accesses type R/W
row_ptr | N N sequential R
values | nnz nnz sequential R
col_ind | nnz nnz sequential R
x N nnz random,T R
y N N sequential W

Table 4.1: Breakdown of CSR SpMxV data set and their access patterns, for an N x N matrix.
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value, respectively. An approximation of ws is:
ws = nnz - (Side + Sval)

This approximation, which accounts only for arrays with nnz elements, is valid for the majority of
real-life sparse matrices because they satisfy: nnz > nrows, ncols. Commonly, a 4-byte integer
is used for index storage, due to memory size restrictions that limit x and y vectors to a maximum
of 232 elements. On the other hand, numerical data — especially for scientific applications (e.g.,
PDE solvers) — normally require double-precision, i.e., 8 bytes. Under these assumptions (s;q4, =
4, 5,41 =8) values constitute the larger portion of the working set by a factor of %5. For this reason,
value data compression is expected to have a greater impact to overall working set reduction.

The % factor is a result of memory size limitations (we implicitly have assumed that the sparse
matrix resides in memory) and can change in the future. Specifically, matrices with dimensions
larger than 232, require indices larger than 32 bits. We consider a square sparse matrix with
n = nrows = ncols = 232 and nnz = 100-n = 100-2324. The required CSR storage would
be 100 - 232 - (4 + 8) bytes ~ 4.7 TiB. Currently, only some high-end machines contain this
much memory. However, given the current rate of advancement, it is probable that near-future
commodity hardware will support these capabilities.

Using the previous working set approximation we can obtain the kernel’s ratio of memory
accesses to floating-point operations (FLOPs):

ws nnz - (4+8)
P FLOPSsotar nnz - 2 ytes/

In other words, CSR SpMxV performs one floating-point operation per 6 bytes of data. This
is a very high ratio and affirms our claim that the kernel is memory-bound. To make a connection
with the memcomp benchmark (see 2.2) this ratio corresponds to a c value of %.

As another example, we consider a CPU with a clock of f = 2 GHz, which can perform
o = 1 FLOP per cycle. In this case, the required data transfer rate is:

f-a-p=6-2-10=12~ 11.2 GiB/sec

Although this ratio is attainable by modern machines (see Section 4.5.2), utilizing more cores
will result in a multiplication of the required ratio by the number of added cores. As a result,
the memory subsystem would not be able to deliver the necessary data transfer rate, and the ker-
nel will exhibit poor scalability. Before presenting our performance evaluation of multithreaded
SpMxV, however, we discuss its parallelization.

+The number 100 has been chosen because it is close to the average value of nnz/n for our matrix suite (see
Table 4.3)

88



4.3 Multithreaded SpMxV

The SpMxV kernel is an easily parallelizable kernel, since it does not contain any loop-carried
dependencies. Nevertheless, there exist a number of issues that should be taken into account
during the parallelization process. These issues are discussed in the following paragraphs.

4.3.1 Data partitioning

There are several data partitioning schemes for parallelizing the SpMxV kernel on a shared
memory architecture. For CSR, coarse-grained row partitioning is usually applied [WOV107],
where different blocks of rows are assigned to different threads (see Figure 4.2). Threads oper-
ate on disjoint subsets of row_ptr, col_ind, values, and y arrays. The only sharing occurs in x
array data, but it does not constitute a performance problem: access to x is read only, allowing
efficient data caching over all processors. Someone could argue that the common use of x offers
potential for constructive cache sharing. In practice this potential is not realized, since shared
data constitute a small part of the working set and cache space is limited.

A x y
o
i
threadO [}
[} Y
i i
[}
Y
o] = [
)
S o
9 B
threadl Q 3
e
s

Figure 4.2: Row partitioning on SpMxV for two threads.

The complementary approach to row partitioning is column partitioning, where each thread
is assigned a block of columns. Although this approach is more naturally applied to the CSC
format, it can also be applied to CSR. An advantage of column partitioning is that each thread
operates on a different part of the x vector, which allows for better temporal locality on the array’s
elements in case of distinct caches. A disadvantage, however, is the possibility of cache-line ping-
pongs, since each thread performs updates over all y elements. Having each thread use its own
y array eliminates this problem. The final result can be obtained by adding the partial y arrays.
Nevertheless, a problem with this approach, as described in [BFF'09] by Bulug et al., is that the
final accumulation does not scale, because one partial array per core is needed.

Block partitioning is the combination of the two aforementioned schemes where each thread
is assigned a two-dimensional block. It has the benefit of allowing configurable data sizes for
each thread. For this reason, it is applied when the available memory space is limited (e.g., in the
Cell processor [GHF106]). A work that discusses block partitioning in the context of distributed
memory parallel architectures is [VBO05].
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For simplicity, in the remaining of this dissertation, we assume that row partitioning is used
for parallelizing SpMxV. This simplification, however, does not have an effect on the validity of
our analysis, since we discuss issues orthogonal to the partitioning scheme used.

4.3.2 Load balancing

An important issue that arises when parallelizing the SpMxV kernel is load balancing among
different threads, i.e., how to distribute work so that each thread is assigned an equivalent vol-
ume of workload. A first approach is to assign the same number of rows to each thread. This
naive scheme, however, can lead to imbalance because the non-zero elements of a sparse matrix
are generally distributed unevenly across its rows. Consequently, if the sparsity pattern of the
matrix is biased towards the upper or lower half, row partitioning will yield poor results. Initial
experiments confirmed that this potential imbalance can have a negative performance effect on
a significant number of matrices.

A better approach is to apply static balancing based on the non-zero elements, instead of the
rows. In this case, each thread is assigned approximately the same number of elements and thus
the same number of floating-point operations (see Algorithm 4.1). An example of this scheme is
shown in Figure 4.3. In this example we consider two threads: the first thread is assigned the first
4 rows which contain 9 non-zero elements, while the second thread is assigned the remaining 2
rows which contain 7 non-zeroes. Note that a row balancing scheme would result in 5 elements
for the first thread and 11 elements for the second thread — a less balanced partitioning.

Algorithm 4.1: Balancing based on non-zero elements, when row partitioning is applied

Input : The number of non-zero elements (nnz2)
Input : The number of threads (nthreads)
Input : The row_ptr array

Output: A partition array

tid + 0 // current thread id
r<0 // current row number
partition[0] < 0 // first thread starts at @
for tid < 0 to nthreads do
elems + 0 // partition elements
limit < 2t // partition limit

while (elems < limit) do
L elems < elems + row_ptr[r + 1] — row_ptr[r]| // add row elements
r<r+1
partition[tid + 1] < r
nnz < nnz — elems

Although the aforementioned scheme distributes non-zero elements — almost — evenly among
threads, imbalances may still be observed in actual workloads. This is mainly due to the fact that
different sparsity patterns lead to different instruction streams regardless of the number of non-
zero elements assigned to each thread. For example, if a thread is assigned a large number of short
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Tow_ptr : ( (0 2 5 6) (9 12 16) )

colind: ( (0 1 1 3 5 2 2 4 5)(0 3 4 0 2 3 5))

values: ( (54 11 63 7.7 88 11 29 37 29)(90 11 45 11 29 37 11))

y: ( (yo Y1 Y2 y:;) (y4 y5) )

Figure 4.3: Example of non-zero elements balancing for two threads using matrix of Figure 3.3.

rows, then it will be further burdened from an increased amount of loop control instructions. A
more sophisticated partition scheme is, however, outside the scope of this thesis.

4.4 SpMxV performance

This section is concerned with the performance issues of the SpMxV kernel. First, however,
we need to clarify an important aspect of our methodology. To better simulate scientific appli-
cations that use SpMxV iteratively, we base our evaluation on performance measurements over
multiple consecutive kernel invocations, which induces temporal locality into our workload. For
this reason, we distinguish between two different matrix classes regarding SpMxV performance:
(a) matrices whose working set fits perfectly into the aggregate cache size — the size of all avail-
able caches — thus experiencing only compulsory misses, and (b) matrices whose working set is
larger than the aggregate cache size and experience capacity misses. We concentrate on the latter
matrix class.

There are several performance problems of SpMxV reported in related literature (a general
discussion of related works is presented in Section 4.6). These problems are listed below.

(a) No temporal locality in the matrix. This is an inherent problem of the algorithm which is
irrelevant to the sparsity of the matrix. Unlike other important numerical codes, such as MxM
and LU decomposition, the elements of the matrix in SpMxV are used only once [BELF07,
MCGO04].

(b) Indirect memory references. This is the most apparent implication of sparsity. In order to save
memory space and floating-point operations, only the non-zero elements of the matrix are
stored. To achieve this, the indices to the matrix elements need to be stored and accessed
from memory via the col_ind and row_ptr data structures. This fact implies additional load
operations, traffic for the memory subsystem, and cache interference [PH99].

(c) Irregular memory accesses to vector x. Unlike the case of dense matrices where the access
to the vector x is sequential, in sparse matrices this access is irregular and depends on the
sparsity structure of the matrix. This fact complicates the process of exploiting any spatial
reuse in the access to vector x [GR99, Im00, PHCRO04].

(d) Short row lengths. Although not so obvious, this problem is very often met in practice. Many
sparse matrices exhibit a large number of rows with short length. This fact may degrade
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performance due to the significant overhead of the outer loop when the trip count of the
inner loop is small [BELF07, WS97].

In [GKAT08] we discuss and evaluate the above performance issues on modern micropro-
cessors. For the sake of brevity we do not reproduce the full results here. Instead, in the following
paragraphs, we provide only a brief summary of our conclusions, focusing on the parts that are
relevant to this dissertation. The basis of our work is an extensive experimental evaluation of the
SpMxV kernel for single and multi-threaded versions on a variety of modern commodity archi-
tectures. Using a rich set of matrices and various metrics, ranging from floating-point operations
per second to processors” performance counters measures, we classify the effect of various SpMxV
performance bottlenecks. Based on this classification, we provide a ranked list of optimization
guidelines. According to our results, the steering performance impediment that should drive
any subsequent optimization efforts is the memory intensity, i.e., the large memory bandwidth
requirements, of the kernel. Optimizations that target other areas, e.g., computation, will have
small impact on overall performance when the memory subsystem is not able to deliver data in
time.

According to our study, the primary SpMxV optimization guideline is to reduce, as much
as possible, the working set of the algorithm. Reducing the working set will certainly increase
the computation to memory operations ratio, thus alleviating the pressure on memory bus and
give better chance to pending memory requests to be served in time. Examples of working set
reduction techniques include using 32-bit or 16-bit integers for the indexing structures of the
matrix, applying blocking schemes (as in [PH99,1Y01, BELF07, VMO05]) that effectively reduce
the size of indexing structures, or applying compression (as in [WL06]).

Motivated by this guideline, we developed three compression storage formats, which are dis-
cussed in chapters 5, 6 and 7. Prior to the discussion of these formats, we present the results of
an extended performance evaluation of SpMxV in modern multicore architectures over a rich
real-world matrix suite.

4.5 Experimental evaluation

The goal of our experiments is twofold: (a) to provide a quantitative evaluation of the SpMxV
performance on real-world hardware and, more important, (b) to illustrate the poor scalability
of SpMxV as a result of the memory bandwidth bottleneck. We perform experimental tests on
systems that correspond to the ends of the commodity hardware spectrum regarding memory
performance: an SMP system with centralized memory, and a new generation NUMA system,
with a strong architectural focus on memory throughput performance. Our results clearly indi-
cate that both systems are unable to deliver the required data transfer rate from main memory,
when all available cores are utilized.
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4.5.1 Experimental setup
Hardware

We conduct experiments on two systems. The first system is equipped with two quad-core
Intel Harpertown processors (see Figure 4.4). Cores operate at 2 GHz, include two private L1
32 KiB caches (instructions and data), and are grouped in pairs that share a unified 6 MiB L2
cache. The processors interface with main memory via the Intel 5000p Memory Controller Hub
(MCH) which provides four channels of fully buffered DDR2 DIMM (FB-DDR2) memory.

In contrast with Harpertown that uses a unique interface with main memory, the second
system consists of two Intel Nehalem# processors that implement a NUMA architecture. Each
processor has four cores that operate on 2.8 GHz; each core has private L1 (32 KiB instructions
and data) and L2 (256 KiB unified) caches, while cores of the same processor share an L3 (8 MiB
unified) cache. Moreover, Nehalem is equipped with an on-chip memory controller that supports
three DDR3 memory channels. Communication with other memory nodes and I/O devices is
implemented via QuickPath (QP) interconnect point-to-point links (see Figure 4.5). Additionally,
Nehalem cores implement simultaneous multithreading (SMT) [TEL95], providing two different
thread contexts per core.

As depicted in Figures 4.4 and 4.5, real-world systems usually employ a hierarchical topology
where different core sets share different parts of the memory hierarchy. To distinguish between
different scheduling configurations we will use a notation that explicitly describes the number of
threads used in each level of the hierarchy. The levels are represented as:

e t : SMT threads on the same core (Nehalem).
o c0: cores that share L2 (Harpertown)

o c1: cores that do not share L2 (Harpertown)

e c : cores that share L3 (Nehalem)

o d : different dies (Harpertown and Nehalem)

Table 4.2 provides a concise overview of the two processors used for our experimental evaluation.
Software

For our evaluation we compiled our code with gcc 4.3.2, and performed our experiments in
a 64-bit version of the Linux operating system (2.6.30). We explicitly parallelized all versions of
the SpMxV kernel using the pthreads interface of the GNU libc library (NPTL 2.7). Moreover,
we bound threads to specific cores using the sched_setaffinity() system call, and we allocated
memory from specific NUMA nodes using the libnuma library (version 2.0.2).

We set the default storage size for indices and values to 32 and 64 bits respectively. The exper-
iments were conducted by measuring the execution time of 128 consecutive SpMxV operations.

+An initial performance evaluation of a Nehalem system can be found in [BDH' 08].
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Figure 4.4: An 8-core system comprising of two Harpertown processors.
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Figure 4.5: An 8-core system comprising of two Nehalem processors.
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System Harpertown Nehalem
Model E5405 X5560
Frequency (Ghz) 2.0 2.8

L1 (data/instruction) 32k/32k 32k/32k
L2 (unified) 6M (1/2 cores) | 256k (1/core)
L3 (unified) - 8M (1/chip)
Multithreading configuration | 2c0x2clx2d | 2tx4cx2d

Table 4.2: Overview of the systems used in the experimental evaluation.

We made no attempt to artificially pollute the cache after each iteration, to better simulate itera-
tive scientific application behavior where matrix data are present in the cache hierarchy, because
either they have just been produced, or they were recently accessed. Additionally, we set x to be
the y vector of the previous iteration, so that our benchmark has similar behavior with scientific
methods based on SpMxV (e.g., GMRES). Setting y as x, however, restricts our matrix suite to
contain only square matrices.

4.5.2 Memory throughput benchmark

To quantify system limits and the role of the various micro-architectural characteristics, we
developed a benchmark to measure maximum throughput when a number of threads read data
from the main memory (see A.2 for more details). These measurements can be used to reveal
system performance trends for memory-intensive applications, such as the SpMxV kernel.

Results for the Harpertown system are shown in Figure 4.6, which illustrates the achieved
memory throughput for different scheduling configurations. As expected, scalability is poor. For
example, when all available cores are used, the memory throughput is increased only by a factor of
1.62 compared to the single thread scenario. This scalability problem is more intense for threads
that operate on the same die: two threads in the same core achieve only a 1.12 throughput increase
when compared to the serial case, while the same number of threads in different dies achieve about
1.54 increase. Another observation from the diagram is that concurrent memory accesses may
lead to performance degradation due to contention. For example, the throughput of 8 threads is
less than the throughput of the 2cex 2d configuration.

The results for the Nehalem system are presented in Figure 4.7. Figure 4.7a shows the achieved
memory throughput of one thread for three different NUMA memory allocation policies: (a) lo-
cal: allocation on the local node, (b) remote: allocation on the remote node and (c) interleaved:
alternating page allocation over all nodes. Local node allocation outperforms remote and in-
terleaved policy by a significant factor (1.51 and 1.25 respectively). A single thread achieves
11.1 GiB/sec when reading from a local node, which constitutes a 3.1 improvement over Harper-
town single-thread performance. Figure 4.7b presents results for various thread configurations
when using memory allocated on the local NUMA node for each thread. NUMA allows for good
scalability when different processors are used. The speedup achieved for two threads running on
different dies is — as expected — almost linear (1.96), and when all cores are utilized the speedup
is 3.27. It also is worth noting that when all cores are utilized the Nehalem processor outperforms
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the Harpertown processor by a factor of 6.25 (36.4 vs 5.9 GiB/sec) in this benchmark.

A comparison between these two systems shows a technology shift towards designs that focus
on memory throughput performance, and indicates the importance of the memory subsystem
for future multicore systems. Regarding SpMxV, we expect that the kernel will scale better in
Nehalem, especially if it is assured that data are distributed among NUMA nodes so that each
thread accesses local memory.
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Figure 4.6: Read memory throughput for Harpertown.
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Figure 4.7: Read memory throughput for the Nehalem. (a): Nehalem read memory throughput
for one thread and different NUMA allocation policies. (b): Nehalem read memory throughput
for different thread configurations. Local node allocation policy is used.
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4.5.3 Matrix suite

Iterative use of SpMxV induces temporal locality to the application. Hence, the streaming
behavior of the kernel is maintained only if the working set, and more specifically the matrix
data, is significantly larger than the system’s aggregate cache. For this reason, we build our matrix
suite using matrices with a CSR working set larger than 4 - 6 = 24 MiB, which is the greater
aggregate cache for the systems used in our experimental evaluation. Our matrix set consists of
50 matrices which are listed in Table 4.3.

name dim | nnz | size name dim | nnz | size

/103 | /105 | /1MiB /103 | /106 | /1MiB

boneS10 9149 | 55.5| 638.3 | G3_circuit 1,585.5 7.7 93.7
Idoor 952.2 | 46.5| 536.0 | cagel3 445.3 7.5 87.3
inline_1 503.7 | 36.8 | 423.3 | rajat30 644.0 6.2 73.1
£dif202x202x102 4,000.0 | 27.8 | 333.9| pre2 659.0 6.0 70.7
F1 343.8 | 26.8| 308.4 | Hamrle3 1,447.4 5.5 68.6
rajat31 4,690.0 | 20.3| 250.4 | largebasis 440.0| 5.6| 653
msdoor 4159 | 20.2| 233.2 | Chebyshev4 68.1| 54| 618
Freescalel 3,428.8 | 18.9| 229.6 | apache2 7152 | 4.8 57.9
Ga41As41H72 268.1| 18.5| 212.6 | s3dkq4m2 904 | 4.8 55.5
af_shell9 504.9 | 17.6 | 203.2 | ship_001 34.9 4.6 53.3
af_5_k101 503.6 | 17.6 | 202.8 | torso3 259.2 4.4 51.7
TSOPF_RS_b2383 38.1| 16.2| 185.2 | thread 29.7 | 4.5 51.3
kkt_power 2,063.5| 14.6| 175.1 ] ASIC_680k 682.9 3.9 46.9
Si41Ge41H72 185.6 | 15.0 | 172.5] large-dense 20| 40| 458
random100000 100.0 | 15.0| 171.8 | barrier2-9 1156 3.9 45.0
nd12k 36.0 | 14.2| 162.9 ] xenon2 157.5| 3.9 44.9
crankseg 2 63.8 | 14.1 | 162.2 | parabolic_fem 525.8| 3.7 441
pwtk 2179 | 11.6 | 134.0 | FEM_3D_thermal2 147.9 3.5 40.5
bmw3_2 2274 11.3 | 130.1 | sme3Dc 42.9 3.1 36.2
ohne2 181.3 | 11.1 127.3 | stomach 213.4 3.0 354
hood 220.5| 10.8| 124.1 | thermomech_dK 2043 | 2.8 33.4
Si87H76 240.4 | 10.7 | 122.9 | helm2d03 392.3 2.7 32.9
bmwcra_1 148.8 | 10.6 | 122.4 | ASIC_680ks 682.7 | 2.3 29.3
atmosmodj 1,270.4 | 8.8 | 105.7 | poisson3Db 85.6| 24| 275
thermal2 1,2280| 8.6| 102.9] rmal0 46.8| 2.4 27.3

Table 4.3: Matrix suite used for the experimental evaluation. Columns contain information about
each matrix: dim contains the number of rows and columns of the matrix in thousands (nrows =
ncols, since we consider only square matrices), nnz contains the number of non-zero elements in
millions and size contains the matrix size in MiB when stored in CSR format.

The majority of the matrices represent real-world problems and were selected from the Uni-
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versity of Florida Sparse Matrix Collection [Dav97]. Our suite includes the fdif202x202x102
matrix, which is a matrix obtained by a 5-pt finite difference problem for a 202 x 202 x 102
regular grid created by SPARSKIT [Saa94], and two artificial matrices that represent the two
ends of the sparsity spectrum: (a) a dense 2000 x 2000 matrix (large-dense) and (b) a random
100000 x 100000 sparse matrix (random100000).

4.5.4 CSR performance evaluation

Figure 4.8 illustrates the average speedup of multithreaded CSR over all matrices, for different
thread scheduling configurations on the Harpertown system. The speedup for 8 threads is 1.9,
demonstrating the poor scalability of SpMxV. The speedup increase observed between the 2ce
and 2c1 cases — 1.17 and 1.23 respectively — can be accredited to matrix data caching during
consecutive SpMxV executions. Cases 2c1 and 2c@x2c1 achieve roughly the same performance,
even though available cores are doubled. We attribute this fact to the limited memory bandwidth
since, as is shown in Figure 4.6, the available memory throughput for 2 and 4 cores in a single die is
essentially the same. A more detailed view of SpMxV performance for Harpertown is presented
in Figure 4.10, illustrating the performance of individual matrices in FLOPS per second for all
different thread scheduling configurations.

A NUMA-oblivious multithreaded program can run unmodified in a NUMA system. How-
ever, there is no guarantee that data placement will be efficient. Thus, to maximize performance,
we developed NUMA-aware versions of our methods, where memory allocation ensures that data
accessed from a single thread are placed into the local NUMA node of the corresponding proces-
SOT.

Figure 4.9 presents results for the Nehalem system for two versions of the CSR SpMxV ker-
nel: default allocation (NUMA-oblivious) and local allocation (NUMA-aware). The large mem-
ory throughput capabilities of Nehalem result in noticeably better performance than Harpertown,
even for the NUMA-oblivious version. The NUMA-aware version further improves performance,
achieving a 4.44 speedup for the 4cx2d case. SMT threads utilization in this case, however, de-
grades performance (4.31). Figure 4.11 contains detailed experimental results for the perfor-
mance of the NUMA-aware SpMxV version.

Even though the Nehalem memory subsystem architecture drastically increases CSR SpMxV
performance, it is still far from the theoretical maximum, leaving room for performance improve-
ment by applying compression schemes. In the remaining of this dissertation, we present only
NUMA-aware versions for all methods on the Nehalem system to focus on cases that maximize
performance.

4.5.5 Summary

In conclusion, we argue that the SpMxV kernel is a good candidate for applying compression
schemes: (a) its performance is dominated by a memory bandwidth bottleneck (b) its data, at least
for real-world applications, are likely to contain redundancies that favour compression and (c) the
compression overhead can be amortized, since it is used in an iterative manner. We conclude this
chapter by discussing related work.

98



all
—x—average

1.0 T T

2 2>

Threads

Figure 4.8: Speedups achieved by CSR SpMxV on Harpertown. Gray points mark the speedup
for each matrix, while black points designate the average speedup achieved.
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Figure 4.9: Speedups achieved by CSR SpMxV on Nehalem. The “local node allocation” line
corresponds to a NUMA-aware version of the kernel, that binds matrix data in local NUMA
node memory. The speedup for Nehalem is obtained using the single-threaded performance with
default allocation, as the base performance. Gray points show the speedup achieved for individual

matrices when local-node allocation is used.
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4.6 Related work

4.6.1 Serial SpMxV

Because of its importance, sparse matrix-vector multiplication has attracted intensive scien-
tific attention during the past two decades. The proposal of efficient storage formats for sparse
matrices like CSR, BCSR, CDS (Compressed Diagonal Storage), Ellpack-Itpack, and JAD (Jagged
Diagonal) [PRAB89, BBC'94, Saa03] was one of the primary concerns. Elaborating on storage
formats, Agarwal et al. [AGZ92] decompose a matrix into three sub-matrices: the first is dom-
inated by dense blocks, the second has a dense diagonal matrix, while the third contains the
remainder of the matrix elements. By using a different format for each sub-matrix, the authors
try to optimize execution based on the special characteristics of each sub-matrix. Temam and
Jalby [T]92] perform a thorough analysis of the cache behavior of the algorithm, pointing out the
problem of the irregular access pattern in the input vector x. Toledo [Tol97] deals with this prob-
lem by proposing a permutation of the matrix that favors cache reuse in the access of x. Further-
more, the application of blocking is also proposed in that work in order to both exploit temporal
locality on x and reduce the need for indirect indexing through col_ind. Software prefetching for
the sparse matrix and col_ind is also used to improve memory access performance. The proposed
techniques were evaluated over 13 sparse matrices on a Power2 processor and achieved a signif-
icant performance gain for the majority of them. White and Sadayappan [WS97] state that data
locality is not the most crucial issue in sparse matrix-vector multiply. Instead, small line lengths,
which are frequently encountered in sparse matrices, may drastically degrade performance due to
the reduction of ILP. For this reason, the authors propose alternative storage schemes that enable
unrolling. Their experimental results exhibited performance gains on a HP PA-RISC processor
for each of the 10 sparse matrices used. Pinar and Heath [PH99] refer to irregular and indirect
accesses on x as the main factors responsible for performance degradation. Focusing on indirect
accesses, the application of one-dimensional blocking with the BCSR storage format is proposed
in order to drastically reduce the number of indirect memory references. In addition, a column
reordering technique which enables the construction of larger dense sub-blocks is also proposed.
An average 1.21 speedup is reported for 11 matrices on a Sun UltraSPARC II processor. Silva and
Wait [SW05] investigate the effect of keeping both indices and values in a single data structure.

With a primary goal to exploit reuse on vector x, Im and Yelick propose the application of
register blocking, cache blocking, and reordering [IY99, Im00,1Y01]. Moreover, their blocked
versions of the algorithm are capable of reducing loop overheads and indirect referencing while
increasing the degree of ILP. Register blocking is the most promising of the above techniques. The
authors also propose a heuristic to determine an efficient block size. They perform their experi-
ments on four different processors (UltraSPARC I, MIPS 10000, Alpha 21164, PowerPC604e) for
a wide matrix suite involving 46 matrices. For almost a quarter of these matrices, especially those
that contained dense sub-blocks derived from FEM discretizations, register blocking achieved
significant performance benefits. However, as the matrices were becoming increasingly irregular
with few dense blocks, the performance of the proposed approach degraded rapidly due to the
overhead imposed by the additional zero elements padded to form dense blocks. For highly ir-
regular matrices the method was not capable of finding any efficient block size, thus collapsing
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to the proposal of the standard 1 x 1 block. Geus and Rollin [GR99] apply software pipelining
to increase ILP, register blocking to reduce indirect references, and matrix reordering to exploit
the reuse on x. They perform a set of experiments on a variety of processors (Pentium III, Ultra-
SPARC, Alpha 21164, PA-8000, PA 8500, Power2, i860 XP) and report significant performance
gains on two matrices originating from the discretization of 3-D Maxwell’s Equations with FEM.
Vuduc et al. [VDY02] estimate the performance bounds of the algorithm and evaluate the reg-
ister blocked code with respect to these bounds. Furthermore, they propose a new approach
to select near-optimal register block sizes. Mellor-Crummey and Garvin [MCG04] accentuate
the problem of short row lengths and propose the application of the well-known unroll-and-jam
compiler optimization in order to overcome this problem. Unroll-and-jam achieves a 1.11-2.3
speedup on MIPS R12000, Alpha 21264A, Power3-II, and Itanium processors for two matrices
taken from the SAGE package. Pichel et al. [PHCR04] model the inherent locality of a specific
matrix with the use of distance functions and improve this locality by applying reordering to the
original matrix. The same group proposes also the use of register blocking to further increase per-
formance [PHCRO5]. The authors report an average of 15% improvement for 15 sparse matrices
on MIPS R10000, UltraSPARC 11, UltraSPARC 111, and Pentium III processors.

Buttari et al. [BELF07] provide a performance model for the blocked version of the algorithm
based on BCSR format and propose a method to select dense blocks efficiently. They experiment
on a K6, a Power3, and an Itanium II processor for a suite of 20 sparse matrices and validate
the accuracy of the proposed performance model. Vuduc et al. [VMO5] extend the notion of
blocking in order to exploit variable block shapes by decomposing the original matrix to a proper
sum of sub-matrices storing each sub-matrix in a variation of the BCSR format. Their approach
is tested on the Ultra2i, Pentium III-M, Power4, and Itanium II processors for a suite of 10 FEM
matrices that contain dense sub-blocks. The proposed method achieves better performance than
pure BCSR on every processor, except for Itanium II.

Willcock and Lumsdaine [WLO06] mitigate the memory bandwidth pressure by providing an
approach to compress the indexing structure of the sparse matrix, sacrificing in this way some
CPU cycles. They perform their experiments on a PowerPC 970 and an Opteron processor for
20 matrices achieving an average of 15% speedup. Another recent work that targets performance
improvement by reducing the index data volume is [BBR09], where Belgin et. al propose a matrix
representation that exploits repeated block patterns. The authors search for frequently met block
patterns and generate specialized inner loops for those, on top of a dispatch logic. They provide
an evaluation of a parallel version, but they focus primarily on serial performance.

4.6.2 Multithreaded SpMxV

As far as the parallel, multithreaded version of the code is concerned, past work focuses
mainly on SMP clusters, where researchers either apply and evaluate known uniprocessor op-
timization techniques on SMPs, such as register or cache blocking [IY99, GR99], or examine
reordering techniques in order to improve locality of references and minimize communication
cost [PHCRO04, CA96]. More specifically, Im and Yelick [IY99] apply register and cache blocking
on an 8-way UltraSparc SMP. They also examine reordering techniques combined with register
blocking. However, the results are satisfactory only in the case of highly irregular sparse ma-
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trices, but the scalability of the algorithm is still very low. Pichel et al. [PHCRO04] also examine
reordering techniques and locality schemes. They propose two locality heuristics based on row or
row-block similarity patterns, which they use as objective functions to two reordering algorithms
in order to gain locality. Results are presented in terms of L1 and L2 cache miss rate reduction
based mainly on a trace-driven simulation. The effect of these reordering techniques in load bal-
ancing is also discussed. Geus and Rollin [GR99] examine three parallelization schemes using
MPI combined with Cuthill-McKee reordering technique in order to minimize data exchange
between processors. Experiments are conducted on a series of high performance architectures,
including, among others, the Intel Paragon and the Intel Pentium III Beowulf Cluster. The authors
also outline the problem of the interconnection bandwidth while commenting on the results. In a
higher level, Catalyuerek and Ayakanat [CA96] propose an alternative data partitioning scheme
based on hypergraphs in order to minimize communication cost. Kotakemori et al. [KHK ™' 05]
evaluate different storage formats of sparse matrices on a SGI Altix3700 ccNUMA machine us-
ing an OpenMP parallel version of the SpMxV code. The authors implement a NUMA-aware
parallelization scheme, which yields almost linear speedup in every case.

Quite recently, Williams et al. [WOV 107, WOV 109] have presented an evaluation of Sp-
MxV on a set of emerging multicore architectures. Their study covers a wide and diverse range of
high-end chip multiprocessors, including recent multicores from AMD (Opteron X2) and Intel
(Clovertown), Sun’s Niagara2 and platforms comprised of one or two Cell processors. The au-
thors offer a clear view of the gap between the attained performance of the kernel, and the peak
performance of each architecture it is executed, both in terms of memory bandwidth and com-
putational throughput. Their work includes a rich collection of optimizations, some of which are
targeted specifically at multithreading architectures. They perform an experimental evaluation
on a set of 14 matrices. In their conclusions they state that memory bandwidth could be a sig-
nificant bottleneck and advocate working set reduction techniques. It should also be noted that
one of the optimizations they apply is a simple index reduction technique, in which 16-bit indices
are used when this is applicable. Finally, Bulug et al. [BFF'09], focusing on multicore architec-
tures, propose CSB — a storage format that aims to enable efficient execution of both the sparse
matrix-vector and sparse matrix-transpose-vector kernels.
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Column Index compression using Delta Encoding

5.1 Motivation and general approach

Sparse storage formats traditionally try to exploit contiguous elements, either in one (Fig-
ure 5.1a) or two dimensions (Figure 5.1b). Examples include the BCSR format, and the variable
length one-dimensional block format described in [PH99]. BCSR can be viewed as a generaliza-
tion of CSR where the granularity unit is an 7 x ¢ dense block. The effect to overall matrix size
when converting from CSR to BCSR depends on the aptitude of the selected block shape to cap-
ture the matrix structure. If resulting blocks contain a small number of zeroes, significant index
reduction is achieved. For example, perfect blocking — i.e., none of the BCSR blocks contain
zeroes — leads to an index reduction by a factor of 7-c. On the contrary, zeroes included in
BCSR blocks must be explicitly added to value data, because all BCSR blocks are stored in a dense
form. This, depending on the matrix structure and selected block shape, may lead to an increase
in overall matrix size.

SN B N N 0 0 O O
O O O 0O 0 0 O O
OO 00O 0 0 O O
O OO O0O0 O OO0 0O0
0000 O O 00O

—~
(S
=
—~
o
=

Figure 5.1: Sparse matrix patterns. (a) sequential elements, (b) two-dimensional blocks.

Our index compression approach is based on the general premise that sparse matrices have
dense areas that do not necessarily contain contiguous non-zero elements (i.e., areas where el-
ements are close but not sequential). These areas can contribute significantly to index data size
reduction when delta encoding is used to reveal the highly redundant nature of the col_ind ar-
ray [WLO06]. In a delta encoding scheme the column indices are replaced with deltas, each of
which is defined as the difference of the current index with the previous one. Within a row, delta
values are positive and less or equal than their correspoding column indices. Hence, delta values
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can be stored in smaller size integers, leading to index data size reduction. For example, Table 5.1
presents column indices along with the corresponding delta-encoded values, taken from the 33th
row of the rajat3e matrix (see Section 4.5.3).

indices‘ 40 41 450 1812 1840 3203 3233 3235 3241 3245
deltas ‘ 1 409 1362 28 1363 30 2 6 4

Table 5.1: Example of column indices and their corresponding delta-encoded values (taken from
matrix rajat3e).

A simple compression scheme to exploit delta encoding is to use variable-length integers. We
consider a method where the integer’s bits in its normal form are divided in 7-bits parts. These
parts are stored in consecutive bytes in which the most significant bit (MSB) is used to mark the

last byte of the integer. Under this scheme, an integer with a value of x needs 1 + UOgTQJCJ bytes of
storage. This can lead to significant index data volume reduction. For the example of Table 5.1,
column indices smaller than 27 = 128 will be encoded using 1 byte and all others using 2 bytes.
As a result, the total size required for column indices 41 to 3245 is 12 bytes. A CSR col_ind
structure, on the other hand, would require 9 - 4 = 36 bytes.

There is, however, a performance issue with variable-length integers. Normally, if each delta
value was encoded separately, the innermost loop of the SpMxV kernel would contain branches to
implement decoding (e.g., checking MSB to determine whether the integer includes other bytes).
Misprediction of these branches in execution time leads to significant performance degradation.
For this reason, instead of encoding each delta value to use only the necessary number of bytes, we
propose a coarse-grained approach where the matrix is divided into units with a variable number
of elements. For each of these units, the maximum delta value is calculated, and a size that can
represent this value is selected for all the delta values of the unit. This technique enables for
innermost loops with minimum overheads by sacrificing some space.

An important factor for the performance of this method lies in the selection of the unit size. If
the size is too small, the decompression overhead introduced will dominate the performance gain
from the compression. On the contrary, if the unit size is large, there will be less opportunities
for compression, because a single large delta value will enforce big storage requirements for the
whole unit.

This approach demonstrates an abstract optimization strategy for the SpMxV kernel, that can
be used to exploit matrix-specific structure information. To this direction the concept of units
could be extended to support more types of regularities, thus providing a number of advantages:
(a) It can be used to exploit local regularities in specific areas of the matrix, (b) It operates on
a coarse-grained level and thus can effectively minimize the introduced overhead by selecting
sufficiently large sizes and (c) it can bound the search space for regularities or patterns and assure
that the compression procedure will not exceed the available resources (e.g., time or storage). In
Section 5.2.2 we discuss a method for exploiting sequential elements, while Chapter 7 describes
a more general storage format towards this direction.
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5.2 The CSR-DU storage format

The CSR-DU (CSR with Delta Units) storage format divides index data into units which are
stored in a single byte-array called ct1. Each unit is limited to elements of a single row and consists
of two parts. First, the header where the unit’s properties are stored. Second, the main body where
the delta-encoded column indices are stored. The header, in its simplest form, consists of two
one-byte fields: (a) usize, the number of elements the unit contains and (b) uflags, a bit-vector
encoding the unit’s characteristics. Since usize is stored in a single byte, the maximum possible
number of elements per unit is 28 = 256. The size (1, 2, 4 or 8 bytes)* of the delta values stored
in the main body can be extracted from the uflags field, along with a marker that designates the
beginning of a new row.

Figure 5.2 presents an example of the CSR-DU format. In this example a row with 8 elements
is split into two units. The first unit has 5 elements, 1-byte delta size, and a designator for a new
row (nr). The second unit has 3 elements, and 2-byte delta size.

col_ind

row_ptr
/’_\* 200

213 |

234

268 5 (28 |200| 13 | 21 | 34 | 55

323 3 |D16| 1679 3 4

2002 !
| header | _ body (delta values)

2005 | |

2009

Figure 5.2: Example of the CSR-DU storage format.

The compression procedure of CSR-DU is straightforward. It is performed in O(nnz) steps
by scanning the matrix elements once, while keeping appropriate information in buffers until
a unit is finalized. This means that the construction process of CSR-DU involves no overhead
in terms of time complexity compared to CSR. An important decision during this procedure is
when to finalize a unit. We implemented a simple approach where a unit is finalized if (a) a new
row starts in the next element, or (b) the maximum unit size is reached. An algorithm for this
procedure is shown in Algorithm 5.1 that uses a finalization function, described in pseudocode
in Algorithm 5.2, to append the necessary data to the ctl array. A more elaborate scheme would
be to finalize a unit if a new element increases the delta storage size, as long as the unit already
contains more than a predetermined number of elements.

*8 bytes delta values are unnecessary due to hardware limitations, but supported for completeness.
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Algorithm 5.1: Basic CSR-DU encoding procedure.

Initialization:
deltas «—[] // array of column deltas for current unit
newrow <—true // true if current unit starts a new row
Yprev +~—1 // previous element’s row number
Xprev ~—0 // previous element’s column number
foreach (X,Y') in Elements do
if Y # Y e, then // start of a new row
finalize(deltas, newrow)
deltas < [ |
newrow < true
Yprev «—Y
| Xprev 0
deltas.add(X — Xprev)
if deltas reached maximum size then // unit finalization check
finalize(deltas, newrow)
deltas < []
L newrow < false

Algorithm 5.2: Unit finalization: appending appropriate information to ctl array.

finalize(deltas, newrow):
set usize equal to the size of the deltas array

if newrow then
| set new row mark at uflags (nr).

switch max(deltas) do

case 1.. 28 // 1-byte storage
L set delta’s size to 1 byte at uflags (D8).

copy values of deltas array as 1-byte integers to body.
case 28 .. 216 // 2-bytes storage

set delta’s size to 2 bytes at uflags (D16).

copy values of deltas array as 2-bytes integers to body.
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The SpMxV implementation for the CSR-DU storage format is presented in Listing 5.11. Ac-
cess to the ctl array is performed via macros (e.g., ctl_get_ul6()) that return the appropriate
value and advance the array pointer as necessary. Initially, the uflags and usize header fields are
extracted from ctl. If the unit belongs to a new row, appropriate initializations are performed:
the y index is increased and the x index is zeroed. Finally, the appropriate multiplication code is
executed based on the unit type. The innermost loops implementing the multiplication code for
each case do not contain any branches, which allows for fast execution by the processor.

Parallelization is similar to CSR. For the row partitioning scheme, described in Section 4.3.1,
each thread needs an offset in the ctl, values and y arrays to mark the beginning of its data, and
the total number of rows that have been assigned to it.

The next paragraphs discuss extensions to CSR-DU format for performance improvement.

do {
usize = ctl_get_u8(ctl);
uflags = ctl_get_u8(ctl);
if ( flags_new_row(uflags) ){
y_indx++;
X_indx = 0;
}
switch ( flags_type(uflags) ){
case CSR_DU_US:
for (i=0; i<usize; i++) {
x_indx += ctl_get_u8(ctl);
yly_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U16:
for (i=0; i<usize; i++) {

x_indx += ctl_get_ul6(ctl);

y[y_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U32:

}

} while (values < values_end);

Listing 5.1: CSR-DU SpMxV implementation.

tNote that the code has been simplified to aid the presentation. For example the optimization for updating the y
value only at the end of the loop is not shown (see Section 4.2).
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5.2.1 Unit offsets

A problem with CSR-DU, as described in the previous paragraphs, is that the unit’s first delta
value can be significantly larger than the rest, imposing an unnecessarily large storage size for the
rest of the deltas. In the example of Figure 5.2 the density of the second unit’s elements allows for
1-byte delta values, but the large distance from the first unit dictates 2-byte storage. To counter
this problem, we modify the original CSR-DU format to include a column index offset from the
previous unit in the header. The offset is called ujmp and is stored as a (positive) variable-length
integer at the end of the header. This technique improves compression of the column indices at
no cost for performance since the change does not affect innermost loops. We implement the
variable-length integers using the scheme described in 5.1: each integer is divided in 7-bit parts,
which are stored in consecutive bytes; the final byte is distinguished by having its MSB set.

We consider the example of the two units in Figure 5.2. Figure 5.3 shows the encoding of
the second unit when unit offsets are used. In this case, unit offsets result in better compression
because deltas are stored in 1-byte integers. On the other hand, using unit offsets in the first
unit would lead to increased size because the first delta value (200) requires 2-byte storage in our
variable-length storage scheme (1 + ij = 2). This issue, however, appears only on a per-
unit basis, and selection of sufficiently large units amortizes potential losses. Listing 5.2 shows a
portion of the SpMxV implementation for CSR-DU with unit offsets: the offset is added to the x

index and the appropriate multiplication code is executed based on the unit type.
5.2.2 Sequential units

Although delta encoding can significantly reduce index data volume, it does not handle the
occurrence of sequential elements efficiently. If all unit elements are sequential, column indexing
information can be completely omitted. This, in addition to reducing the working set, eliminates
indirect accesses on x allowing for better optimization from both the compiler and the CPU.
Thus, in contrast with typical compression schemes, exploitation of sequential elements not only
reduces storage volume but also — potentially — decreases computational overhead.

We extend CSR-DU, in a way similar to the format presented in [PH99], to support units
containing sequential elements. An example of this unit type (sequential units) is illustrated in
Figure 5.4. Besides the usize and uflags fields, unit data also contain the column index offset
from the previous unit as a variable length integer. Note that if unit offsets are used, the last field
of the unit coincides with ujmp. Listing 5.3 shows the multiplication code for sequential units.

An important parameter that needs to be considered during the compression phase is the
minimum possible size for the sequential units. We will refer to this parameter as seq. Consecu-
tive elements of size less than seq will be encoded using delta encoding as described in previous
sections. Tuning of this parameter prevents performance degradation from sequential units with
small size. For example, if seq=1 then all units of the matrix will be encoded as sequential. This
will result in poor performance if the matrix does not contain enough sequential elements. In
general, the effect of seq on SpMxV performance depends on: (a) the architecture of the execu-
tion platform and (b) the structure of the matrix (e.g., frequency of sequential units).
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Figure 5.3: Example of a CSR-DU unit with offsets.

x_indx += ctl_get_varint(ctl); // unit offset (variable-length)
switch ( flags_type(uflags) ){
case CSR_DU_US:
yly_indx] += *(values++) * x[x_indx]; // first element
for (i=1; i<usize; i++) {
X_indx += ctl_get_u8(ctl);
y[y_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U16:
y[y_indx] += *(values++) * x[x_indx]; // first element
for (i=1; i<usize; i++) {

x_indx += ctl_get_ul6(ctl);

yly_indx] += *(values++) * x[x_indx];
}

break;

case CSR_DU_U32:

Listing 5.2: portion of the SpMxV implementation for CSR-DU with unit offsets.
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Figure 5.4: Example of sequential elements unit.

x_indx += ctl_get_varint(ctl);
switch ( flags_type(uflags) ){
case CSR_DU_SEQ:
for (i=0; i < size; i++){
y[y_indx] += *(values++) * x[x_indx + 1i]
}

x_indx += (size-1)

Listing 5.3: multpilication code for CSR-DU sequential units.

5.2.3 Alignment of ctl array values

Another issue with the CSR-DU format is that packing of delta values larger than 1 byte in
the ctl array may lead to unaligned storage. For example in the case of Figure 5.2 if the first
field of the ctl array is aligned then the three 16-bit deltas in the second unit are stored in an
unaligned manner. Some ISAs disallow unaligned access. Others (e.g., the x86 and x86_64 ISAs)
include instructions that allow unaligned access, but may result in performance degradation. In
our implementation, we pad the ucis sections in the ct1 array, so that the accesses of delta indices
are always performed in an aligned manner.
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5.3 Performance evaluation

5.3.1 Experimental setup

To evaluate CSR-DU, we performed experimental runs using several different combinations
for the method’s parameters. Versions with aligned deltas and unit offsets performed better or
similar than the rest, and so we present only them in the following results. Regarding sequential
units, we consider three cases: absence of sequential units (noseq) and sequential units with a
minimum of 8 (seq=8) and 4 (seq=4) elements. It should be noted that seq=4 performs more
aggressive compression than seq=8.

We compare CSR-DU performance against both CSR and BCSR. For the BCSR method we
performed experiments with a number of different block shapes configurationss, using special-
ized SpMxV versions (i.e., as the one in Listing 3.3). In the following results we demonstrate
best performing BCSR case over all available block shape configurations. Our setup is other-
wise similar to the one described in Section 4.5.1: we perform our experiments on two systems
(Harpertown and Nehalem), using a suite of 50 matrices (Table 4.3).

5.3.2 Results
Size reduction

Table 5.2 lists the compression ratios achieved for each matrix in our suite. The large-dense
matrix maximizes CSR-DU size reduction resulting in 24.9% and 33.2% ratios for noseq and se-
quential units, respectively. Compression ratios on other matrices vary largely, ranging from zero
(Freescalel) to close to maximum (TSOPF_RS_b2383). On average, CSR-DU reduces matrix data
by 14.2% for noseq, 19.3% for seq=8 and 21.1% for seq=4. BCSR, on the other hand, is not able to
efficiently capture the structure of matrices in our suite since it increases the size of 28 matrices.
BCSR averages a 13.2% size increase over all matrices and a 16.1% size decrease over matrices that
effectively compresses (22 matrices). Moreover, only for 2 matrices (F1, thermomech_dk) BCSR
achieves better reduction than CSR-DU seq=4. As these results illustrate, CSR-DU is more stable
than BCSR since by design it does not increase matrix size at any case — at worst size will remain
unaffected.

Harpertown

First, we discuss results on Harpertown. Figure 5.5 shows the average speedup of CSR, BCSR,
and CSR-DU over single-threaded CSR, for different thread affinity configurations. BCSR per-
forms worse than CSR on average for all cases, a result of the large number of matrices for which
BCSR increases their size. When all cores are utilized, CSR-DU methods perform better on av-
erage than CSR and BCSR. The seq=4 case achieves the best average speedup for 8 threads (2.45),
improving performance by 28.7% and 35.0% over CSR and BCSR average, respectively. An in-
teresting aspect of CSR-DU variants performance is that the best version for 8 threads (seq=4)
has the lowest performance in the serial case (7% slowdown compared to CSR). The latter exem-

tthe block shapes considered were: 1 x 2,1 x 3,1 x4,2x1,2x2,2x3,2x4,3x1,3x2,4x1,4x2
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size reduction (%) size reduction (%)
matrix name BCSR DU matrix name BCSR DU

may | noseq | seq=8 | seq=4 may | noseq | seq=8 [ seq=4
boneS10 225 16.6| 27.1| 30.0| G3_circuit -27.1 9.3 9.3 9.3
ldoor 9.5 69| 19.9| 30.1|cagel3 -56.2| 11.1 11.1 11.1
inline_1 224 47| 15.8| 22.8]rajat30 -31.6 9.9 10.7| 14.0
fdif202x202x102 -38.5| 159| 159| 159]|pre2 -38.5| 14.1 14.6 | 14.8
F1 22.3 58| 16.2| 21.0 | Hamrle3 -6.2| 17.8| 17.8| 19.6
rajat31 -39.3| 21.5| 21.5| 21.5]largebasis 157 0.7 19.2| 21.8
msdoor 10.2| 11.9| 22.3| 29.1|Chebyshev4 -28.3| 20.8| 26.0| 26.0
Freescalel -31.7 0.5 0.5 0.6 | apache2 -37.7] 159| 159| 159
Ga41As41H72 -169| 16.6| 21.7| 25.1|s3dkq4m2 16.7| 16.6| 31.8| 31.8
af_shell9 12.0| 16.6| 28.8| 30.9]ship_001 6.2 16.8| 28.7| 31.2
af_5_k101 12.1] 16.5| 28.8| 30.9]torso3 -254] 153] 153| 153
TSOPF_RS_b2383| 26.3| 21.0| 33.1| 33.1|thread 223 17.1| 26.5| 28.2
kkt_power -61.2 5.2 5.2 5.2 | ASIC_680k -32.6 7.5 9.1 10.9
Si41Ge41H72 -135| 16.6| 21.8| 25.7|large-dense 29.2| 249| 332| 332
random100000 -66.3| 16.7| 16.7| 16.7|Dbarrier2-9 -37.6| 16.8| 16.8| 17.3
nd12k 164 | 16.7| 29.3| 30.0|xenon2 194| 21.0f 21.0| 21.8
crankseg 2 58| 16.8| 25.8| 28.7|parabolic_fem -46.9 1.0 1.0 1.0
pwtk 14.1| 15.7| 31.3| 31.6| FEM_3D_thermal2| -13.7| 19.3| 19.3| 19.3
bmw3_2 74| 17.5] 259| 30.0|sme3Dc -58.0] 16.8| 16.8| 16.8
ohne2 -24.8| 16.7| 17.8| 20.0| stomach -29.7| 21.5| 21.5| 21.5
hood 10.4| 11.3| 22.5| 29.3|thermomech_dK 25,6 12.8| 12.8| 13.1
Si87H76 -29.6| 16.6| 20.4| 22.7|helm2d03 -52.1 1.4 1.4 3.8
bmwcra_1 224| 16.7| 25.7| 28.4 | ASIC_680ks -31.7| 17.8| 20.3| 223
atmosmodj -38.4| 16.0| 16.0| 16.0|poisson3Db -60.0| 17.1| 17.1| 171
thermal2 -42.5| 12.5| 12.5| 13.3|rmal0 53| 19.1| 26.1| 294

Table 5.2: Size reduction achieved by BCSR and CSR-DU compared to CSR. For BCSR we select
the block shape that achieved maximum size reduction.

plifies the negative effect of decompression computational overhead when the system’s memory
bandwidth is adequate to perform SpMxV without memory stalls.

Figure 5.8 shows the performance improvement of BCSR and CSR-DU over CSR for individ-
ual matrices, when all 8 cores are utilized. An important observation is that the CSR-DU method
does not exhibit significantly reduced performance over CSR for any matrix in our suite. For
BCSR, however, a significant number of matrices take a performance hit compared to CSR, due
to a significant size increase.

Figure 5.7 shows the association of size reduction and SpMxV performance improvement for
BCSR and CSR-DU. Since BCSR is computationally more efficient than CSR (e.g., by applying
register blocking), it improves performance even for the serial case on fitting matrices, i.e. matri-
ces whose size is reduced (Figure 5.7a). The additional benefit of alleviating memory bandwidth
pressure via size reduction further increases performance improvement when all 8 cores are uti-
lized (Figure 5.7c). On the other hand, CSR-DU imposes a substantial computational overhead
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that restrains performance improvement on the serial case (Figure 5.7b). When multiple threads
are utilized, however, the overhead is amortized and performance significantly improves (Fig-
ure 5.7d).

Selecting the optimal storage format is not a straightforward task, since performance depends
on the system architecture and the matrix structure in ways that are not always visible nor sim-
ple. Figure 5.6 depicts a breakdown of the best performing methods distribution for our matrix
suite. Concentrating on the full core utilization case for Harpertown, CSR-DU is a good universal
choice for our suite, since it achieves best performance for 43 matrices. For the same case, BCSR
achieves the best performance for 4 matrices and CSR for 3. When only one thread is utilized,
the best performing methods distribution is more balanced: CSR achieves best performance for
17 matrices, BCSR for 15 and CSR-DU for 18. In general, we argue that as long as the main bot-
tleneck is memory bandwidth, CSR-DU is a more promising option than BCSR and CSR. When
the memory bandwidth bottleneck becomes less severe, the computation overhead imposed by
decompression is not amortized, making CSR-DU less attractive.

Nehalem

Next, we present experimental results on the Nehalem system, where we only consider NUMA-
aware versions for the methods discussed. Figure 5.9 demonstrates the average speedup of con-
sidered methods over serial CSR. When all cores are utilized (4c x 2d), the best average speedup
for CSR-DU is 4.6 — a 12.2% and 11.7% improvement over CSR and BCSR averages respectively
— and is achieved by seq=8. Hence, even for the Nehalem system, where the memory bottleneck
is less severe, there is a margin for performance improvement by applying CSR-DU. Interest-
ingly, when all SMT threads are utilized (2t x4cx2d), CSR-DU average for seq=4 and seq=8 is
improved; all other methods result in a slowdown.

Figure 5.12 presents BCSR and CSR-DU improvement over CSR for each matrix in our suite
when all threads are utilized (2t x4c x 2d). CSR-DU performs worse than CSR for only five matri-
ces (helm2de3, sme3Dc, parabolic_fem, G3_circuit, Freescalel) and in some cases the difference
is marginal. Thus, we argue that, CSR-DU is fairly stable, even when the memory bottleneck is
alleviated by the system’s architectural characteristics.

The effect of size reduction on performance improvement for Nehalem (Figure 5.11) is qual-
itatively analogous to the one for Harpertown. The large memory bandwidth of Nehalem differ-
entiates results by restraining the benefits from compression even when all threads are utilized.
Hence, a notable number of points in the CSR-DU graph for 16 threads (Figure 5.11d) are below
the y axis, i.e. they perform worse than CSR.

Figure 5.10 illustrates the distribution of best performing methods. For a single thread, CSR
achieves the best performance for 19 matrices, BCSR for 22 and CSR-DU for 9. However, as
the number of cores utilized increases, CSR-DU becomes the most attractive option: for 4cx2d
CSR-DU performs best for 36 matrices, BCSR for 9 and CSR for 5.
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BCSR average is derived from best the performing case for each matrix over all considered block
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5.4 Related work

A significant part of the SpMxV optimization techniques reported in the related literature re-
sult in index data reduction. Typical examples are blocking methods such as BCSR that store only
per-block index information. Traditionally the main focus of BCSR has been serial performance
improvement (e.g., via register blocking) and not working set reduction. For this reason, BCSR
has several disadvantages if used as a compression technique. First and foremost, depending on
the matrix structure, it may increase the total size of the matrix due to padding (see Table 4.3).
Secondly, it relies on constant-shape blocks, which limits its capability to adapt to more complex
matrix structures.

Pinar and Heath [PH99] describe a one-dimensional variable block scheme, similar to the one
used for CSR-DU sequential units. They also discuss column reordering techniques that aim to
align the non-zero elements of a row in consecutive locations as much as possible. CSR-DU could
benefit from similar reordering techniques towards two directions: (a) creating larger sequential
units and (b) creating denser units that require smaller delta values. Although not strictly equiv-
alent, the latter is strongly related with matrix bandwidth reduction techniques than have been
extensively studied in the past because they relate to SpMxV cache performance [T]92,PHCR04].

One of the few works that explicitly targets the compression of the index data is [WLO06].
In this paper, Willcock and Lumsdaine propose two methods: DCSR, which compresses column
indices using a byte-oriented delta encoding scheme to exploit the highly redundant nature of the
col_ind array and RPCSR, which generates matrix-specific dynamic code by applying aggressive
compression on column indices patterns for the whole matrix. We will focus our comparison
on the DCSR method, which operates on the same level as CSR-DU. DCSR encodes the matrix
using a set of six command codes for primitive sub-operations that can be used to implement
the SpMxV kernel. Examples of such sub-operations are the increment of the current row and
column index, and the multiplication of a number of the matrix values with the appropriate vector
elements. A significant performance problem of this approach is that the decoding of these sub-
operations must be performed very often, which results in frequent mispredicted branches. This
problem is dealt by a form of unrolling where patterns of frequent instances of six of these sub-
operations are grouped together allowing them to be executed sequentially, i.e., without branches.
Contrarily, our approach, which is also based on delta encoding, tackles the problem of branch
misprediction performance penalties in a more basic level by being more coarse-grained. This
allows for a much simpler and general implementation, while sustaining a small performance gain
gap compared to the DCSR method. Moreover, it can handle worst-case scenarios of the DCSR
method such as matrices that exhibit large variation with regard to the patterns encountered.

Another recent work that targets performance improvement by reducing the index data vol-
ume is [BBR09], which proposes a matrix representation that exploits repeated block patterns.
The authors search for frequently met block patterns and generate specialized inner loops for
those, on top of a dispatch logic. They provide an evaluation of a parallel version, but they focus
primarily on serial performance.
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Value compression using Indirect Accesses

6.1 Motivation and general approach

As mentioned in Section 4.2.2, values typically constitute the larger part of the working set of
a CSR sparse matrix because they require 64-bit storage. Hence, value compression is potentially
more beneficial than index compression in terms of working set reduction. Conversely with index
data, value data do not inherently contain redundancy in the general case. Moreover, the (lossless)
compression of floating point values is not as straightforward as integers, because floating point
arithmetic operations produce rounded results.

Nevertheless, we have noticed that a significant number of matrices from our experimental
set contain a small number of unique values, relative to the total non-zero values (nnz). From an
information theory perspective this results in low entropy for the value data, making them a good
target for compression. Since we aim at a computationally light decompression scheme we follow
a simple approach: instead of storing all the nnz values, we store only the common values and
pointers to them. If the total-to-unique values ratio is high enough, the working set data volume
will be reduced. Adequate size reduction can lead to SpMxV execution time decrease, despite
the overhead induced by indirectly accessing each value. In other words, our approach applies
a transformation in the value data, where a large number of numeric values is replaced with the
same number of indices and a much smaller number of values. Storing individual indices using
less space than individual values leads to data volume reduction. Next, we describe the specifics
of our proposed format, called CSR-V1.

6.2 The CSR-VI storage format

The CSR-VI (CSR with Values Indirect) format replaces the CSR values array with two arrays:
vals_unique and val_ind. The first contains only the unique matrix values. The second contains
indices in the vals_unique array for each of the nnz matrix elements. To achieve working set
size reduction, val_ind size must be significantly smaller than values size. A simple approach
towards this goal is to reduce the storage requirements of individual value indices compared to the
storage requirements of original values. Hence, in CSR-VI the value index size is determined by
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the number of the unique values that need to be addressed. For example, if there exist uv unique
values and 2% < uv < 219, then a 2-byte integer will be used for each value index. Although this
approach does not optimally compresses value indices, it introduces a small overhead because it
does not add any branches. An example of this value structure is presented in Figure 6.1, which
contains the values of the matrix shown in Figure 3.3.

values ( 54 11 6.3 7.7 88 1.1 29 3.7 29 90 1.1 45 1.1 29 3.7 1.1 )

valind  ( 0_ 1

vals_unique ( 54 1163 7.7 88 2.9°3.7 9.0 45 )

Figure 6.1: Example of the value indexing structure for the CSR-VT format.

CSR-V1 is a specialized method, i.e., it can be meaningfully applied only to matrices with a
large number of common values. To elaborate on the method’s applicability for a given matrix, we
define the total-to-unique (ttu) values ratio, as the fraction of the number of non-zero elements
(nnz) to the number of unique values (uv):

nnz

ttu = —

uv
A high ttu value indicates that the matrix is fitting for the CSR-VI method, while a small one
shows that CSR-VI will most likely result in slowdown. Using ¢tu and the storage size of value

indices (s,;) we can express the reduction on value data (x) when CSR-VTI is applied:

o Yesrvi UV Sea Nz Sei [ w LS\ (L Su
Vesr nNZ - Syal nNZ  Syal ttu  Syal

If we store individual value indices as integers with the minimum possible size, as discussed
previously, we can express their storage size s,,; as:

Lbyte, wuv <28 = 256
Spi =< 2bytes, 28 <uv <26 =65,536
4 bytes, 216 <wuv <232 =4,294,967,296

It is possible to further reduce the storage volume of value indices by using more elaborate
techniques. For instance, instead of using standard integers we could encode value indices using
only the necessary number of bytes ({M} ), or only the necessary number of bits (1 +
|log, uv]). These techniques, however, are more complex and induce additional decompression

overhead.
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CSR-VI compression can be implemented using a hash table and, as in CSR-DU, its complex-
ity is O(nnz). Algorithm 6.1 shows the compression procedure. The SpMxV kernel implemen-
tation for CSR-VT is shown in Listing 6.1. It can be easily derived from the CSR case by replacing
the access of values with an indirect access of vals_unique based on the value of val_ind. Even
though the resulting code contains an additional memory reference for each of the nnz elements,
it will lead to fewer data being transferred from memory when the number of unique values is rel-
atively small. Nevertheless, working set reduction alone is not sufficient to achieve performance
improvement; the additional overhead of indirect accesses must be amortized.

Algorithm 6.1: CSR-VI compression procedure.

Initialization:
h 6—»{ } // hash table for storing unique values
vis <[] // array of value indices
Uvs <4 [] // array of unique values

foreach V in Values do

if V not in h then
V14— uvs.size() // get (new) value index
uvs.add(V) // add current value to unique values
hlVal] < vi // store value index in hash table
else
{7 vi < h[Val] // restore value index from hash table
v1S.add (V1) // add value index in array

for(i=0; i<N; i++)
for(j=row_ptr[i]; j<row_ptr[i+1]; j++)
y[i] += vals_unique[val_ind[j]] * x[col_ind[j]1];

Listing 6.1: CSR-VI SpMxV implementation.

6.3 Combining CSR-DU and CSR-VI

CSR-DU and CSR-VI can be applied independently, because they operate on different data
sets: CSR-DU is concerned with index data, while CSR-VI with matrix numerical values. We will
refer to their combination as CSR-DUVI, a storage format that applies compression to both index
and value data. Obviously, CSR-DUVT is not a general format, but can only be applied to matrices
with a small number of unique values. The CSR-DUVI SpMxV kernel implementation is shown
in Listing 6.2.
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usize = ctl_get_u8(ctl);
uflags = ctl_get_u8(ctl);
if ( flags_new_row(uflags) ){
y_indx++;
x_indx = 0;
}
switch ( flags_type(uflags) ){
case CSR_DU_US:
for (i=0; i<usize; i++) {
x_indx += ctl_get_u8(ctl);
v_indx = *(val_ind++);
y[y_indx] += wvals_unique[v_indx] * x[x_indx];
}

break;

case CSR_DU_U16:
for (i=0; i<usize; i++) {

x_indx += ctl_get_ul6(ctl);

v_indx = *(val_ind++);

yly_indx] += wvals_unique[v_indx] * x[x_indx];
}

break;

Listing 6.2: SpMxV code for CSR-DUVI.

6.4 Performance evaluation

6.4.1 Experimental setup

Our experimental setup is similar to the one described in Section 4.5.1: we use two multicore
systems (Harpertown and Nehalem), 32-bit indices and 64-bit values, and a suite of 50 matrices
(see Table 4.3) as a starting point. Table 6.1 lists the number of unique values and the ¢t ratio for
each matrix. Since not all matrices are suitable for our method, we refine our set using the empiri-
cal criterion ttu > 5. Moreover, we discard matrices random100000 and large-dense because they
have randomly created values. The resulting subset has 22 matrices, which is a significant por-
tion of the original set. For NUMA-aware methods on the Nehalem system, data shared between
threads, e.g., the unique values array, are allocated using standard mechanisms (i.e., malloc()).

126



matrix characteristics size reduction (%)
name uvals ttu VI DUVI

noseq [ seq=8 | seq=4
boneS10 40 1,386,710.6 58.0 74.6 85.2 88.1
1door 21,675,099 2.1 - - - -
inline_1 18,016,122 2.0 - - - -
£dif202x202x102 4 | 6,960,000.0 55.7 71.6 71.6 71.6
F1 13,038,962 2.1 - - - -
rajat31 3,985 5,098.2 46.4 67.9 67.9 67.9
msdoor 9,777,773 2.1 - - - -
Freescalel 9,418,239 2.0 - - - -
Ga4l1As41H72 3,597,854 5.1 20.3 36.9 41.9 45.4
af_shell9 968,711 18.2 29.4 45.9 58.1 60.3
af 5_k101 9,027,150 1.9 - - - -
TSOPF_RS_b2383 762,680 21.2 30.2 51.1 63.2 63.2
kkt_power 84,245 173.5 31.5 36.7 36.7 36.7
Si41Ge41H72 4,665,454 3.2 - - - -
random100000 10,000 1,497.8 - - - -
nd12k 4,857,071 2.9 - - - -
crankseg_2 4,397,887 3.2 - - - -
pwik 5,592,868 2.1 - - - -
bmw3_2 4,126,650 2.7 - - - -
ohne2 5,271,361 2.1 - - - -
hood 5,048,077 2.1 - - - -
Si87H76 334,180 31.9 31.0 47.6 51.4 53.7
bmwecra_1 3,153,346 3.4 - - - -
atmosmodj 4 2,203,720.0 55.7 71.6 71.6 71.6
thermal2 4,819,424 1.8 - - - -
G3_circuit 241 31,787.7 54.6 63.9 63.9 63.9
cagel3 417 17,936.1 49.0 60.1 60.1 60.1
rajat30 683,418 9.0 25.1 35.0 35.8 39.1
pre2 781,486 7.6 23.7 37.8 38.3 38.5
Hamrle3 53 104,042.3 53.6 71.5 71.5 73.2
largebasis 317 17,539.7 48.7 49.4 67.9 70.6
Chebyshev4 1,550,644 35 - - - -
apache2 40 120,446.8 55.6 71.5 71.5 71.5
s3dkq4m?2 74,283 64.9 32.1 48.7 63.9 63.9
ship_001 1,209,604 3.8 - - - -
torso3 3,121,632 1.4 - - - -
thread 2,085,970 2.1 - - - -
ASIC_680k 80,211 48.3 30.2 37.7 39.3 41.1
large-dense 32,767 122.1 - - - -
barrier2-9 1,095,875 3.6 - - - -
xenon2 93,364 41.4 31.3 52.3 52.3 53.1
parabolic_fem 259,125 14.2 27.3 28.3 28.3 28.3
FEM_3D_thermal2 1,880,768 1.9 - - - -
sme3Dc 2,358,393 1.3 - - - -
stomach 2,257,584 1.3 - - - -
thermomech_dK 1,967,432 14 - - - -
helm2d03 109,526 25.0 29.3 30.7 30.7 33.1
ASIC_680ks 40,708 57.2 44.5 62.3 64.7 66.8
poisson3Db 2,374,908 1.0 - - - -
rmal0 1,223,223 1.9 - - - -

Table 6.1: Size reduction of CSR-VI and CSR-DUVI over CSR. The columns of the table have
the following meaning: uvals is the number of unique values in the matrix, ttu is the total-to-
unique values ratio of the matrix and columns VI and DUVI show the size reduction achieved by
methods CSR-VI and CSR-DUVT respectively.
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6.4.2 Size reduction

The achieved compression of CSR-VI and CSR-DUVI over CSR for the selected matrices is
shown in Table 6.1. CSR-VI achieves an average reduction of 39.2%, the maximum and the min-
imum being 58.8% (bones1e) and 20.3% (Ga41As41H72), respectively. Combining CSR-VI and
CSR-DU further decreases matrix data volume: CSR-DUVT averages a size reduction of 52.4%
for noseq, 56.2% for seq=8 and 57.3% for seq=4.

6.4.3 CSR-VI

First, we present SpMxV performance results for the Harpertown system. Figure 6.2 shows
the average parallel speedup of CSR and CSR-VT over serial CSR. As expected, performance gain
from value compression is larger than index compression, since we consider 32-bit indices and
64-bit values for our reference CSR implementation. Even in the serial case, CSR-VI achieves a
12.4% performance improvement over CSR. As the number of utilized cores increases, memory
bandwidth bottleneck becomes more intense and working set reduction becomes more benefi-
cial. For 8 threads the average CSR-VI speedup is 2.75, which is a 51.7% improvement over the
corresponding CSR case. Figure 6.3 shows the performance improvement of CSR-VI over CSR
for each individual matrix, when all 8 cores are utilized. CSR-VTI leads to reduced performance
for only Ga41As41H72, which is the matrix with the lower tfu value (5.1) in our suite.

Next, we discuss CSR-VT results on the Nehalem system. The ample memory throughput
capabilities of Nehalem limit the potential CSR-VIbenefits. CSR is able to utilize a large portion of
these capabilities due to hardware prefetching. This technique, employed by modern processors,
detects easily-predicted memory access patterns (e.g., sequential) and prefetches successive data
into the cache hierarchy. Contrarily, CSR-VI performs random accesses on the vals_unique array;
these accesses cannot be predicted, leading to increased memory latencies.

As can be seen in Figure 6.4, CSR-VI performs worse than CSR in the serial case (slowdown
of 15%). In the 4c x 2d case, however, CSR-VI reaches a speedup of 4.13, which is a 8.6% improve-
ment over the corresponding CSR average speedup. When all available SMT threads at each core
are utilized (2t x4cx2d) CSR-VI average is increased to 4.23. For 2t x4cx2d, CSR-VI performs
worse than CSR for 6 matrices (Figure 6.5).

6.4.4 CSR-DUVI

Figure 6.6 shows that, on average, serial CSR-DUVI SpMxV performance on Harpertown
is similar to CSR. In the 2cox2c1x2d case, however, CSR-DUVI results in a significant parallel
speedup increase. More specifically, seq=8 achieves a speedup of 4.04, which improves upon CSR
and CSR-VI by 123% and 47%, respectively. Evidently, part of this large improvement is due to
matrices which now fit, in whole or in a significant portion, into L2 cache. Moreover, as can be
seen in Figure 6.7 CSR-DUVI improves performance over CSR for all matrices.

Regarding Nehalem, the best CSR-DUVI average speedup for 4cx2d (4.41) and 2t x4cx2d
(4.57) is achieved by seq=8 (Figure 6.8). The respective improvements over CSR-VI are 6.6% and
8.2%, and over CSR’s best performing case (4c x2d) 15.7% and 20%. Finally, there are 5 matrices
with reduced CSR-DUVI performance over CSR (Figure 6.9).
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Figure 6.2: CSR and CSR-VI average parallel speedup of SpMxV over serial CSR on Harpertown.
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Figure 6.3: SpMxV performance improvement of CSR-VI over CSR for individual matrices, when
all 8 Harpertown cores are utilized.
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Figure 6.5: SpMxV performance improvement of CSR-VI over CSR for individual matrices, when
all 16 Nehalem threads are utilized.
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Figure 6.6: CSR and CSR-DUVT average parallel speedup over serial CSR on Harpertown.
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Figure 6.7: Performance improvement of CSR-DUVT over CSR for individual matrices, when all
Harpertown 8 cores are utilized.
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Figure 6.9: Performance improvement of CSR-DUVT over CSR for individual matrices, when all
Nehalem 16 threads are utilized.
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6.5 Related work

Despite that, in the common case, the value data constitute the larger part of the working set
of SpMxV, there has been little research effort targeting its reduction. Lee et al. [LVDY04] ex-
ploit matrix symmetry by storing only half the matrix, i.e., reducing matrix data volume by 50%.
However, our methods can lead to larger than 50% size reduction. For example, CSR-DUVI
applied to the symmetric matrix bones1e leads to a reduction of 88.1%. In the context of spe-
cialized hardware accelerators for SpMxV, Moloney et al. [MGMMO05] discusses compression
techniques for both index and value data. Additionally, there exist a number of works in the
general area of scientific computation that are related to the value compression for the SpMxV
kernel. Keys [Key00], proposes the use of lower precision representation for data that do not pose
problems in the convergence procedure, while Langou et al. [LLL*06] propose mixed precision
algorithms, which deliver double-precision arithmetic, while performing the bulk of the work in
single-precision. Even though these approaches target the exploitation of characteristics of mod-
ern architectures (e.g., vectorization), they also contribute significantly to memory bandwidth
reduction. In a different context, Burtscher and Ratanaworabhan [BR0O7] propose a method for
the efficient compression of double-precision floating-point values, targeting network data trans-
fers.
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Enriched Matrix Structure Exploitation

7.1 Motivation and general approach

SpMXxV is, in itself, a simple kernel, yet its performance, both actual and maximum, varies
substantially for different sparse matrices. Variation on actual performance is exemplified in Fig-
ures 4.10 and 4.11, where the achieved FLOPs-per-second rates span a wide range of values. In
other words, SpMxV execution time depends strongly on the structure of the sparse matrix, i.e.,
the input data of the algorithm. Moreover, different sparse matrices have different potential for
performance improvement. For example we consider two matrices with the same dimensions
and the same number of non-zero elements: (a) a matrix with a full main diagonal and (b) a
matrix with one element per row, each element placed on a random column. Obviously, the first
matrix’s SpMxV execution time would greatly improve if it was stored in a format that exploits
diagonal structure (e.g., the DIAG format). On the other hand, it would be difficult to optimize
SpMxV performance on the second matrix, if column selection was truly random.

Usually real-world sparse matrices bear at least some structure on their elements as they rep-
resent relationships that arise from structured problems. A general storage format, like CSR,
does not make any assumptions about the matrix data, and thus it cannot exploit this structure.
On the other hand, specialized storage formats aim to improve SpMxV performance by taking
advantage of matrix-specific structural properties. Examples of typical structural forms and cor-
responding storage formats include two-dimensional blocks targeted by the BCSR format and
its variants (e.g., VBR), large diagonals targeted by the DIAG format, and contiguous non-zero
elements targeted by the format described in [PH99].

As shown by the preceding examples, most storage formats deal with only one type of struc-
tural regularity. To efficiently represent matrices with more than one type of regularity, composite
formats are used. In composite storage formats a matrix is split in sub-matrices, each stored in
a different format [AGZ92]. SpMxV is implemented in two steps: (a) do the multiplication on
each sub-matrix and (b) perform a reducing addition at the end.

CSR-DU, similarly with other storage formats, aims at exploitation of specific structural prop-
erties — dense areas and contiguous elements. A difference, however, is that CSR-DU is based on
the concept of units, i.e. specific structural forms (substructures) that are frequently repeated on
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the matrix. In its current form, CSR-DU is unable to efficiently represent all matrices, the most
prominent example being matrices with diagonal structures. To overcome this limitation we ex-
tend the concept of units to support several different substructures, providing greater flexibility
and eliminating the need for composite formats. We call the resulting storage format compressed
sparse extended (CSX) and argue that it can be used for a wide range of optimizations that exploit
matrix-specific knowledge.

The goal of CSX is to provide a framework for aggressively optimizing the SpMxV kernel
using matrix-specific features. To do this, each matrix is described as a sequence of units. Units
are characterized by their type and contain encoded information for generating matrix elements.
Each unit type represents a substructure that enables efficient storage of the unit’s elements. The
SpMxV kernel is implemented as an iteration over these units, where each unit is dispatched into
a specialized multiplication routine. Extra care must be taken to ensure that data shared between
these routines remain in a consistent state.

Ideally, the matrix, from its creation, would be efficiently described based on the substruc-
tures it contains. Currently, however, this not the case since sparse matrices are represented as
a series of (row, column, value) tuples (e.g., in the Matrix Market exchange formats [BPR96]).
Thus, substructures must be identified in a pre-processing phase, which induces potential over-
head. We provide an initial evaluation of CSX using some simple substructures described in the
following paragraphs. Our evaluation aims at investigating two issues: (a) the ability of the pro-
posed substructures to efficiently describe matrices and (b) the resulting performance benefit on
the SpMxV kernel when these substructures are exploited.

7.2 CSX substructures

7.2.1 Horizontal substructures

Using CSR-DU as a starting point, we observe that the encoding of sequential units is a special
case of performing run-length encoding on the delta values (e.g., Table 7.1). In CSX we generalize
the notion of sequential units to units with elements that have a constant distance. Thus, elements
of the form: (o, a + 9, + 29, . . .) are encoded using only their initial value (), their constant
distance (§), and their quantity. We refer to this encoding as delta run-length encoding and to
the generated units as DRLE units. The SpMxV code for this units type is shown in Listing 7.1.
The distance of the unit’s elements § is considered a compile-time constant, while unit size is
considered a run-time variable contained in the unit’s data.

indices 2 3(5(7(18|9(10| 11| 12|13 17
deltas 2 1{2(2 11| 1] 1] 1 1 4
run-length | (2,1) | (1,1) | (2,2) (1,6) (4,1)

Table 7.1: Example of delta run-length encoding.
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7.2.2  Vertical and diagonal substructures

To further enhance index compression, we augment DRLE units to include multiple direc-
tions for the sparse matrix elements. The directions we consider are vertical, diagonal and anti-
diagonal (Table 7.2) using the same rationale as in the horizontal case. Hence, DRLE units are
characterized by two parameters: direction and delta value. The multiplication code for vertical,
diagonal and anti-diagonal units is shown in Listings 7.2, 7.3 and 7.4, respectively.

. . Elements
Direction
Yy x
Horizontal — 20 xo + 6
Vertical 1 yo+1id o
Diagonal Ne | yo+id | xop+id
Anti-diagonal| " | yo + %0 | o — 0

Table 7.2: Directions for delta run-length encoding. The y and x columns contain an expression
for generating the matrix elements for the specific direction given its delta value §. Note that
0 <4 < size, where size the number of elements in the unit.

7.3 CSX matrix construction

7.3.1 Substructure detection

Our substructure detection algorithm handles the supported substructures in a uniform way.
The algorithm is based on a delta run-length encoding detector for the horizontal direction, which
detects sequences (runs) of the same delta value. If the number of elements in a run is larger or
equal than a specific configuration parameter, then the items are grouped together in a single
unit. The detector can be easily implemented if it is assumed that the elements are iterated in
lexicographical order. The detection algorithm pseudocode is shown in Algorithm 7.1.

indices: 1 1011 12 13 14|21 41 61 81

delta values: 1 9|1 1 1 1|7 20 20 20
1x4

Figure 7.1: Horizontal detection example.

To simplify the detection process, detection of overlapped runs is not supported. An example
is presented in Figure 7.1, where the detector has been configured to detect runs of size larger or
equal than 4. Note that it does not detect the run of the indices 41,61,81, since its size is 3, and it
also does not detect the run of the indices 1,41,61,81 since it overlaps with other elements.

In order to detect the rest of the substructures discussed in the previous paragraph, we use the
horizontal detector and apply appropriate transformations on the matrix elements coordinates.
For example, to detect vertical runs we swap the coordinates of the elements. The transformation
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xi x_indx;

yi = y_indx;

for (i=0; i < size; i++){
y[yi] += *(values++) * x[xi];
xi += DELTA;

Listing 7.1: SpMxV code for horizontal DRLE units

xi x_indx;

yi = y_indx;

for (i=0; i < size; i++){
y[yi] += *(values++) * x[xi];
yi += DELTA;

Listing 7.2: Code for vertical DRLE units

xi x_1indx;

yi = y_indx;

for (i=0; i < size; i++){
ylyi] += *(values++) * x[xi];
xi += DELTA;

yi += DELTA;

Listing 7.3: Code for diagonal DRLE units

xi = x_indx;
yi = y_indx;
for (i=0; i < size; i++){
ylyi] += *(values++) * x[xi];
i DELTA;
yi += DELTA;

X1 -

Listing 7.4: Code for anti-diagonal DRLE units
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Algorithm 7.1: Delta run-length encoding algorithm.

Input: An indices array containing column indices for a specific row
Input: A limit integer depicting the minimum size for DRLE units

deltas = deltaEncode (indices) // perform delta-encoding on indices
delta,je < deltas|0] // delta value of current run
fregue <+ 1 // frequency of current run
for i <+ 1to deltas.size() do
if deltas[i| == delta,;. then // the run continues
L freQTle < fre%‘le +1
else // the run stops
if freq,;e > limit then encode in DRLE units // run is large enough
else keep individual indices // run is small
deltaye < deltas]i
fre%“le +—1

functions for the substructures implemented are shown in Table 7.3. An example of applying the
diagonal transformation function is shown in Figure 7.2. As it is illustrated in the example, the
transformation function maps the coordinate pair of a matrix element to a new pair so that: the
first coordinate identifies the diagonal of the element and the second coordinate identifies the
location of the element in the diagonal. For example, element (3, 2) is mapped to (5, 2), which is
the second element of the fifth diagonal.

Substructure Transformation

Horizontal (', 5" = (4,7)

Vertical @', 4" = (J,9)

Diagonal (i',7") = (nrows + j — i, min(4, j))

Anti- g o ) (mrows +j — i, ), i< nrows
diagonal @.7) = {(j, i+ j — nrows), i > nrows

Table 7.3: The transformations used to convert the different substructures to horizontal, in order
to feed our detector.

Applying the transformation function, however, is not enough: coordinate pairs must be
sorted before entered into the detection algorithm. The most common metric for measuring the
computational complexity of a sorting algorithm is the number of comparisons performed and
for n elements at least O(nlogn) comparisons are required in the typical case [Knu73]. Thus,
the transformation-based approach is simple and elegant, but in the general case it requires more
expensive pre-processing than other methods (e.g., CSR-DU and CSR-VI).

A detailed example of the detection of a diagonal substructure is illustrated in Figure 7.3.
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(1,1) (1,2) (1,3) (1,4) 4,1) 3,1 (2,1) (1,1)
21 (2.2) (2.3) (2.4) | immrowsti | (5.1 (4.2) (3.2) (2,2)
(3’ 1) (37 2) (37 3) (3’ 4) J'=min(i,7) (6’ 1) (57 2) (47 3) (3’ 3)
(4,1) (4,2) (4,3) (4,4 (7,1) (6,2) (5,3) (4,4)

Figure 7.2: Transformation example for diagonal DRLE units.

Initially, the transformation function 7" is applied to the elements (@). Next, the transformed
coordinates are lexicographically sorted and passed to the detector (®). The detector groups the
diagonal elements together in a single DRLE unit. For each DRLE unit, the following information
is maintained: the first element of the run (5, 1), the current direction (DI AG), the delta value
(1), and the unit’s size (5). The last step is to apply the inverse transformation function 7! on
the first element of the unit (®). The final result is equivalent to the original data and can be used
to generate the corresponding matrix elements.

- (1,2) . . . .
(2,3) - . . o
SR A > (5,1) (5,2) (5:3) (5,:4) (5.5)
. i (5,6) T: HORIZ — DIAG
A
: DRLE detection 9
-
\J

T-!: DIAG — HORIZ
(1,2) - DRLE : (DIAG,$ = 1,size =5) - (5,1) - DRLE : (DIAG,$ =1, size = 5)

©

Figure 7.3: Diagonal DRLE detection example.

7.3.2 Substructure selection

Selecting a proper substructure subset for encoding the matrix is critical for SpMxV perfor-
mance. If we encode matrix data using all possibilities, we run the risk of including a large number
of substructures which makes the dispatch logic inefficient. For this reason, during the selection
procedure, we filter out substructures that cover less than 10% of the total matrix elements.

We solve the selection problem using a greedy algorithm shown in Algorithm 7.2. At each
iteration all possible transformations are applied on the matrix element’s coordinates. For each
transformation we preform DRLE detection and generate a score value that represents the suit-
ability of the transformation for the matrix data. The transformation with the largest score is
selected and appropriate substructure units are constructed. The algorithm is repeated for all re-
maining transformations until no more elements can be encoded. Remaining elements are placed
in delta units, i.e., CSR-DU units, stored in row-major order.

We base the rating (i.e., scoring) of different encodings on two metrics, the first being the
number of non-zero elements matched by the substructure. The second, less straightforward,
metric is the number of units. If, for example, two encodings match the same number of ele-
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Algorithm 7.2: Substructure selection algorithm.

Input: An array (elems) containing the elements of the matrix
Input: A set (x forms) of transformations

while True do
scoremar < 0

foreach x f in x forms do
elems < x f(elems)

sort(elems)
score < getScore(elems)

if score > scorep,q, then
L SCOT€mas — SCOTE

T frnaz < xf
| elems < xf(elems)

if scorepq: == 0 then
| break

encode elems using & frqx
| remove T fiqe from x forms

ments, we favor the encoding with the smaller number of units because it results in less overhead,
both in storage and computation (e.g., in SpMxV). Specifically, we score encodings using the
number of elements encoded minus the total number of units. The scoring value represents a
simplistic approach for calculating index size reduction by considering that the storage size of
each substructure is equal to the storage size of individual elements:

score = totaly,, — (units + total,,, — encoded,,,) = encoded,,, — units

A selection example is illustrated in Figure 7.4. The matrix in this example contains two
substructures: a diagonal and a vertical. Since the vertical substructure contains more elements
than the diagonal it is selected on the first iteration and its elements are replaced with a unit
positioned at (1, 2). On the second iteration a diagonal unit is created starting at (2, 3). Note that
an element, e.g., (1, 2), cannot be a member of two or more units.

7.3.3 Matrix encoding

Similarly to the CSR-DU format, we encode the matrix index data in a single byte-array called
ctl. Each unit starts with two bytes: usize and uflags. usize contains the number of unit ele-
ments, and uflags the unit’s type along with some bookkeeping information. From the 8 bits of
uflags, 6 are reserved for the encoding of the type, and 2 are used for a new row marker and a row
offset marker. If the row offset bit is set, the header is followed by a variable-length integer equal
to the number of empty rows. This is necessary, because the use of CSX units in directions other
than the horizontal may lead to empty rows. Finally, a unit offset field (ujmp) is appended to the
header. A unit, based on its type, may or may not include a main body: delta units contain the
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Figure 7.4: Substructure selection example

delta-encoded column indices, while DRLE units require only the header for element generation.
7.3.4 Multiplication routines

Conceptually the SpMxV operation on a CSX matrix is a two-level procedure. At the first
level all units are iterated, while at the second level the appropriate multiplications and additions
are performed. Note that for supporting a different operation, only the second level needs to
change. In our implementation the units are iterated in row-major order based on their starting
elements. We use a switch statement to transfer control from the first to the second level, based
on each unit’s type.

To accommodate for all possible cases, we employ a run-time code generation technique
[KEH91], where a specialized SpMxV routine is generated for each matrix based on the substruc-
ture types its encoding contains. We base our implementation on the LLVM [LLV,LA04] com-
piler infrastructure. A core component of LLVM is its intermediate representation (IR), which
resembles a RISC-like assembly, and it can be manipulated by optimization passes and used to
produce native code for a number of different ISAs. The code for the SpMxV operation is gen-
erated programmatically in LLVM’s IR. Subsequently, it is optimized and dynamically compiled
to native code. A persistent cache of generated versions can be used to reduce the overhead of
compilation and optimization.
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7.4 Restrictions and extensions

Opverall, CSX is a very flexible storage format. In our implementation, we detect substructures
using delta run-length encoding and two-dimensional transformations. This unified and sim-
ple detection algorithm allows support for different substructures, provided that they can be ex-
pressed as transformations. For example, we can extend our system to support two-dimensional
block structures by defining proper coordinate mappings. On the other hand, the detection algo-
rithm induces a significant run-time overhead in pre-processing, making our approach imprac-
tical for a number of real-world scenarios.

We argue, however, that it is possible to reduce the pre-processing overhead by altering the
detection algorithm. A first step towards this end is to perform detection on a limited window of
the matrix elements. If the size of the window is constant, sorting is applied to a constant number
of elements and does not affect overall complexity. The problem with this approach is that, by
limiting our view to a local scope of constant size, it is difficult for the detector to make sound
decisions on a global scale. For example, when acting locally the detector is unable to affirm
whether a particular substructure will encode a large portion of the total matrix elements.

7.5 Experimental evaluation

7.5.1 Experimental setup

We perform our evaluation on two systems: (a) a two-way quad-core system* (8 cores total)
based on Intel Harpertown processors (Figure 7.5a) and (b) a four-way 6-core system (24 cores
total) based on Intel Dunnington processors (Figure 7.5b). Table 7.4 provides a more detailed
description of the main characteristics of these systems.

Both systems run a 64-bit version of the Linux OS (kernel version 2.6). We used version 2.5
of the LLVM compiler infrastructure and llvm-gcc 4.2.1 (a modified version of gcc that acts as a
front-end for LLVM) as a static compiler. Threads are always scheduled to run on cores that are as
“close” as possible. For example, in the Harpertown processor, 2 threads are scheduled on cores
which share the L2 cache, while 4 threads are scheduled on the same physical package. For CSX,
we perform a separate substructure selection for each thread’s data and group together units with
asize larger or equal than 4. Our setup is otherwise similar to that of previous chapters: we use 32-
bit indices and 64-bits values, measure the performance of 128 consecutive SpMxV operations,
use the y output vector as the next iteration’s x vector, and evaluate our methods on a suite of 50
matrices (Table 4.3).

7.5.2 CSX encoding

Initially, we discuss the effectiveness of CSX in capturing substructures for the matrices of our
set. Figure 7.6 presents a breakdown of the resulting unit types from the substructure selection
phase for 1 thread. Delta units are designated with Dx, where x is the number of bits used for
the delta values, while DRLE encoded elements are designated with DIR (d), where DIR is the

*The same system used in the experimental evaluation of previous chapters (4, 5, 6).
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Figure 7.5: Cache hierarchy for the systems used for CSX performance evaluation

Harpertown Dunnington
Frequency (Ghz) 2.0 2.66
L1 (data/instruction) 32k/32k 32k/32k
L2 (unified) 6M (1/2 cores) 3M (1/2 cores)
L3 (unified) - 16M (1/chip)
Number of cores 2 x 4 =8cores | 4 x 6 =24 cores

Table 7.4: Overview of the systems used for CSX performance evaluation

direction and ¢ is the corresponding delta value. For instance, D16 is used for delta encoded
elements using 2-bytes delta values and Horizontal (2) is used for horizontal elements with a delta
value of 2.

A significant number of elements in the matrices of our set adhere to DRLE substructures.
The majority of the elements are encoded in horizontal, vertical or diagonal directions with § = 1.
There are some cases of matrix elements encoded in a anti-diagonal direction (e.g., Ga41As41H72)
or DRLE substructures with § # 1 (e.g., Chebyshev4), but they are limited. Hence, for the ma-
jority of the matrices in our set, we could reduce the overhead of pre-processing by limiting the
detectable substructures. For example, detection restrained in a single direction and a single delta
value (e.g., Diagonal with § = 1) can be implemented in O(nnz) steps, by keeping appropriate
information in buffers.

7.5.3 CSX SpMxV performance

Next, we discuss SpMxV performance for the CSX format. We consider three CSX variations:
(a) CSX without DRLE substructures (delta) (b) CSX with only horizontal DRLE substructures
(horiz) and (c) CSX with all possible DRLE substructures (full) . Note that the second and the
first variations are roughly equivalent to CSR-DU with and without sequential units, respectively.
The average speedups of the aforementioned CSX methods against serial CSR are illustrated in

T(:c0—|—2i,yo),i =0,1,...
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Figures 7.7a (Harpertown) and 7.7b (Dunnington). To avoid possible confusion, we note that the
mismatching of Harpertown CSR results with the results presented in Chapter 4 is an outcome
using different compilers.

The two systems exhibit similar behavior. On average, the delta and horiz CSX versions lead to
significant speedup increase. When all 8 cores are utilized in Harpertown, the average speedups
of delta and horiz versions are 1.99 and 2.17, improving upon CSR by 14% and 25%, respectively.
The corresponding Dunnington speedups for 24 threads are 10.38 and 11.43 — improving upon
CSR by roughly the same percentages as in the Harpertown case. The full version of CSX, however,
provides little improvement over the horiz version. This is because the majority of the matrices
in our experimental set are dominated by horizontal substructures. For these matrices, further
compression leads to diminishing returns or even performance degradation.

N o 127 o
227 [—=—CsR o 117 —®—CSR /
1| ~w--CSX (delta) o _ 10 | "¥CSX (delta) Y
@ 2.07| -<>--CSX (horiz) 7w &7 1] -=0-CSX (horiz) 7
%] / - 9 7
O O—CSX (full) " . o O—CSX (full) A
T 1.8 k|
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8_1.2* 2
n 1 n
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0.8 T T T 071 T T T T
serial 2 4 8 serial 2 6 12 24
Threads Threads

(a) Harpertown (b) Dunnington

Figure 7.7: Average CSR and CSX parallel speedup over serial CSR.

On the other hand, full CSX is able to significantly improve the performance for matrices that
are not dominated by horizontal structures. Detailed, per-matrix results are illustrated in Figures
7.8 and 7.9 that show the performance improvement of CSX methods over CSR, when all available
cores are utilized. These graphs show that several matrices exist, for which the full version of CSX
offers significant performance advantages over other CSX variants. Examples of such matrices
are stomach, torso3, apache2, G3_circuit, atmosmodj and Si87H76, which are earpdominated by
diagonal elements.
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Figure 7.8: SpMxV performance improvement of CSX over CSR for individual matrices when all
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Conclusions and future work

One of the major performance bottlenecks of multicore architectures is the main memory
subsystem because it is shared among cores. For the majority of applications this problem is
solved via a cache hierarchy which reduces accesses to the main memory. In this thesis, however,
we are concerned with applications that: (a) are unable to benefit from caching due to limited
temporal locality and (b) they are characterized by a low computation to memory access ratio.
These applications will typically perform poorly in a multithreaded environment, even if their
parallelization introduces minimal overhead.

Our work proposes the use of compression techniques to tackle the aforementioned problem
by sacrificing (scalable) CPU cycles to alleviate memory pressure. We direct our efforts towards
SpMxV, an important scientific kernel used in a variety of applications. We devise two sparse
matrix storage formats: CSR-DU and CSR-VI, which apply compression to the index and value
data of the matrix, respectively. More specifically, CSR-DU applies a coarse-grained delta en-
coding compression scheme for column indices, and optionally supports dense variable-length
one-dimensional blocks. CSR-VI, on the other hand, uses indirect indexing for the numerical
value data, and can be meaningfully applied to matrices that exhibit a large percentage of com-
mon values. Moreover, we also considered the combination of these two formats (CSR-DUVI),
that employs both the aforementioned techniques. Our experimental evaluation showed that all
methods demonstrate a noticeable performance improvement when all available cores are em-
ployed. Additionally, our proposed methods exhibited performance stability, since only a small
subset of our suite resulted in a significant slowdown compared to base-line performance (CSR).

Based on our previous work, we identify the need for a sparse matrix format that can be
adapted to different structural properties. Towards this direction, we present a generalization of
the CSR-DU format called CSX. CSX is able to utilize one-dimensional substructures across the
same row, column, diagonal or anti-diagonal using a delta run-length encoding scheme. CSXis a
very flexible storage format and can be further extended to incorporate other families of substruc-
tures if necessary. Since the majority of the matrices in our experimental set adhere to horizontal
patterns already supported by CSR-DU, further compression applied by CSX leads to diminishing
returns, i.e., small performance improvements. CSX, however, was able to significantly improve
the performance for a number of matrices with diagonal substructures.
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Next, we list possible future work directions.

o Framework for adaptable SpMxV: The optimal performance of the SpMxV kernel depends
on two factors: the nature of the sparse matrix and the execution architecture. Our work fo-
cuses on general matrices consisting of double-precision floating-point values, and shared
memory architectures that are unable to deliver the necessary memory bandwidth when all
cores are utilized. Although one could argue that these conditions are the most common,
they are not universal. In different conditions, the effect of the various optimizations can
change. For instance, index compression is expected to be less beneficial when the matrix
values are complex, while the converse is true for matrices with integer values.

Hence, an ideal SpMxV implementation should be able to adapt to different conditions
(e.g., matrix symmetry, data type of matrix values, number of threads used, characteristics
of the underlying micro-architecture) by being able to transform both the data and the
code. We argue that the CSX storage format is a good starting point for such an attempt,
due to its generality and flexibility.

o Support for other sparse operations: The SpMxV operation is a very important kernel for
sparse computations, yet it is not the only one. We believe that our work, and specifically
the CSX format, can be used to improve performance of other operations as well. CSX
substructures allow for a semantically richer representation of the matrix, which is an es-
sential requirement in realizing and exploiting optimization opportunities. A related, but
more difficult, problem is the creation of proper representations for operations and sub-
structures, such that their automatic composition is possible.

o Use of compression techniques in other application domains: As multicore processors be-
come the norm and core counts increase, more applications will experience reduced per-
formance due to limited memory bandwidth. Although the use of compression is not ap-
plicable to all cases, we believe that it can be used in applications domains other than sparse
computations. Graph and database domains consist good candidates for such an approach
— especially in read-only or read-mostly environments.
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Implementation Details

A.1 Blocked version of matrix multiplication

Listing A.1 shows an implementation of blocking matrix multiplication for NXN matrices.

for (bi = @; bi < N; bi += mstep)
i_max = MIN(N, bi+mstep);
for (bk = @; bk < N; bk += rstep)
k_max = MIN(N, bk+rstep);
for (bj = @; bj < N; bj += cstep)
j_max = MIN(N, bj+cstep);
for (i = bi ; i < i _max; i++)
for (k = bk; k < k_max; k++)
for ( j =bj ; j < j_max; j++)
CLil[3] += A[iI[k] * B[kI[3];

Listing A.1: Matrix multiplication kernel (blocked version)
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A.2 Memory throughput benchmark

To measure the memory throughput of a system, we developed a benchmark that allocates
and initializes large memory areas and subsequently performs read operations using streaming
instructions. The benchmark supports multiple threads and NUMA-aware allocation. The fol-
lowing function is the core function of our memory benchmark. It uses x86 Streaming SIMD
Extensions (SSE) instructions to load data from memory to registers. At each iteration, it per-

forms 16 independent 16-byte loads.

void bwm_read(void *data)
{
asm volatile (

”movdqa @(%[d]),
”movdga 16(%[d]),
”movdqa 32(%[d]),
”movdqa 48(%[d]),
”movdqa 64(%[d]),
”movdqa 80(%[d]),
”movdga 96(%[d]),
”movdqa 112(%[d]),
”movdqa 128(%[d]),
”movdqa 144(%[d]),
”movdqa 160(%[d]),
”movdqa 176(%[d]),
”movdqa 192(%[d]),
”movdqa 208(%[d]),
”movdqa 224(%[d]),
”movdqa 240(%[d]),

[d] ”r”(data)
)

%%xmm5
%%Xxmm6
%%xmm7
%%xmm8
%%xmm9
%%xmm10e
%%xmm11
%%xmm12
%%xmml3
%%xmm14
%%xmm15

\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”
\n\t”

Listing A.2: Memory throughput benchmark: streaming reads on x86 (64 bit)
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A.3 Memcomp benchmark

The memcomp benchmark creates synthetic instruction streams and measures their perfor-
mance. The streams are created based on three parameters: ¢, unroll and loops. Each stream
is essentially a loop that is executed loops times. At each iteration of this loop there are un-
roll instances of: a memory load followed by ¢ additions. The implementation is based on the
LLVM [LLV] compiler infrastructure. We consider an example where ¢ = 3 and unroll = 64;
Listings A.3 and A.4 show the resulting code for LLVM and x86 ISA, respectively.

%2 = load double* %val_ptr

%next_cnt = add i64 %cnt, 1

%val_add = add double %2, %1

%val_addl = add double %2, %val_add

%val_add2 = add double %2, %val_addl

%val_ptr3 = getelementptr double* %0, i64 %next_cnt
%3 = load double* %val_ptr3

%next_cnt4 = add i64 %next_cnt, 1

%val_add5 = add double %3, %val_add2

%val_add6 = add double %3, %val_add5

%val_add7 = add double %3, %val_addé

%val_ptr8 = getelementptr double* %0, i64 %next_cnt4
(...)

%65 = load double* %val ptr313

%next_cnt314 = add i64 %next_cnt309, 1

%val_add315 = add double %65, %val_add312
%val_add316 add double %65, %val_add315
%val_add317 = add double %65, %val_add316

Listing A.3: Memcomp benchmark example for c=3 and unroll =64 (LLVM)

movsd (%rdi,%rax,8), %xmml
addsd %xmml, %xmme

addsd %xmml, %xmmo

addsd %xmml, %xmmo

movsd 8(%rdi,%rax,8), %xmml
addsd %xmml, %xmmo

addsd %xmml, %xmme

addsd %xmml, %xmme

(..2)

movsd 504 (%rdi,%rax,8), %xmml
addsd %xmml, %xmmo

addsd %xmml, %xmmo

addsd %xmml, %xmme

Listing A.4: Memcomp benchmark example for c=3 and unroll =64 (x86 assembly)
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