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RTL Design and Analysis of Sparse Tensor Cores for Unstructured
Sparsity in RISC-V GPUs

tov l'edpylov TpravtopdArov

H paydaio avamtu€n twv DNNs ko LLMs éxel av€noet tnv avéyun yiox amrodotind
TOAAATAOGLOPO TLVAK®V, O 0TTOL0G HVPLAPXEL OTX GUYXPOVA POPTIAL TEXVITNG
VONHooLVNG Ko elvol xevtpog oe moAAEg epappoyég HPC. Ou oOyypoveg GPUs
emitoyovouv o GEMM pécw e€etdinevpévov povadwv, 6mwg ta Tensor Cores,
woTOG0 oL oxedlacpol avtol cuyva Teplopilovtal amd T petoxivinorn dedopévwy,
TNV TLECT] GTO APYELO HATAXWPTTOV KL TA CTHEL CUHPOPT|ONG TNG HVIHNG.

H apondtnta (sparsity) propei va peiddoel 1060 ToUG LITOAOYLOHOVG OG0 KOL TNV
nordogopia dedopévev otn pvhun. Hap’ 6Aa avtd, ) vtdpyovca vtocThpLEn ot
emimedo LVAOV meplopiletal cLVIYWG o€ dOpNpEVA TPOTLTX, OTWG 1) APALOTNTAL
2:4 (Ampere, NVIDIA, 2020), »ot alomolel Tnv apotdTnTor HOVo ce £vay ortd Toug
dv0 telecTtéong, eplopilovTag Ta 0PEAT ATTOOOCTG KoL EVOEXOUEVWG ETTNPEALOVTOG
Vv axpifela Tov povtélov.

H napodoa dimdwpatnn epyocio mapovoialer tov RTL oyedioxopd wow tnv
a&loloynon evog Tensor Core pe vtootpLEn adOUNTNG APALOTNTOG KL GTOVG SVO
TeEAEGTEOVG, EVOWPATWHEVOL o€ e avorytod xwdwa RISC-V GPGPU. H mportet-
VOpeVn apyltextovinn vrootnpilel muonvn xor apour] extéleon GEMM, emitpémel
apeon mpocPacn otn porpolOpevn) HVHUN Yo TN HElwoT) TG XPonG TOL opyeE-
OV HATOXWPTTAOV KOl TOV XOGTOUG EVTOA®V, KoL XPTOLHOTOLEL eEWTEPLUO YIVOHEVO
pe bitmap xwdwomoinon dote va mopodeinel pn arodotinovg LITOAOYLOHOVG Ko
otovg V0 TeEAeGTEOVC.

O oxedroopog vootnpileton and emextdoelg oto ISA, elticTomoinpévo mo-
PV KOl HIKPOAPXLTEXTOVIXEG PEATIOTOTOLNOELG, Horl AELOAOYELTOL EVOVTL TTUXVOV
no Sopnpéva aparwv Vortex Tensor Core baselines péow xOxho-onpifoog RTL mpo-
OOopOlWwoNG Kol HETPV oOVIeoNG. Ta melpopatind amoTeAEGHATO HATAOELVDOUVY
péon emtdyvvon 12.73 X xon péylotn emtayvvon 27X, eVved TOGOTIXOTOLODV TOUG
ovpPipacpoig oe empavela, loxd Kot addoot).

A¢Eerg Kherdrd: GPU, Vortex, IToMamAaciaopog mvarwv, ASopntn Apotdtn-
ta, Tensor Core, 2:4 Apawdtnto, Motpalopevn Mviun, DMA, HW / SW co-design
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The rapid growth of DNNs and LLMs has increased the demand for efficient matrix
multiplication, which dominates modern Al workloads and is also central to many
HPC applications. Modern GPUs accelerate GEMM through specialized units such
as Tensor Cores [1, 2, 3], yet these designs often remain limited by data movement,
register-file pressure, and memory-system bottlenecks [4, 5].

Sparsity offers an opportunity to reduce both computation and memory traffic.
However, existing hardware support is typically restricted to structured patterns,
such as 2:4 sparsity [6, 7], and usually exploits sparsity in only one operand, limiting
performance gains and potentially affecting model accuracy.

This thesis presents the RTL design and evaluation of a dual-side unstructured
sparse Tensor Core integrated into an open-source RISC-V GPGPU. The proposed
architecture supports dense and sparse GEMM, enables direct shared-memory ac-
cess to reduce register-file staging and instruction overhead, and uses an outer-
product model with bitmap-based sparse encoding to skip ineffective computations
in both operands [8, 9].

The design is supported by ISA extensions, an optimized kernel, and microarchi-
tectural tuning, and is evaluated against dense and structured-sparse Vortex Tensor
Core baselines using cycle-accurate RTL simulation and synthesis metrics. Experi-
mental results demonstrate a mean speedup of 12.73x and a peak speedup of 27,
while providing insight into the area, power, and performance trade-offs of dual-
side unstructured sparsity support.

Keywords: GPU, Vortex, Matrix Multiplication, Unstructured Sparsity, Tensor
Core, 2:4 Structured Sparsity, Shared Memory, DMA, HW / SW co-design
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KepdaAlaro 1

Extetapévn Ilepiinyn

1.1 Ewoayoyn

H otyxpovn vmoloyiotnr] mpaypatikdtnTa Yopoxtnpiletor amd tm poydoio o-
varrtugn tng Texvntig Nonpoostvng, Tng Mnyovueic Madnong kot Tov epoppoymv
Yroloyiotinig YYnAov Emdocewv. Ta tedevtaio xpovia, povtédo fodidg podn-
O1NG XPTOLHOTOLODVTAL G€ £Var TOAD VPV PACHA EPAPHOYDV, OTTWG 1) enefepyocio
QLGUNG YADOGAG, 1] OPACT] LTTOAOYLOTAOV, 1] AVAALGT] peYOA®Y dedopévav, i Pro-
foTpLur), T AVTOVOHA GUOTHHAT KAL 1] EMLOTNHOVIXTY TTpocopoiwot. H eEéMEn
oavtr dev ogeileton pOVo o€ oAOTEPOLG oA yopidpoug ) oe peyaliTtepo cOVOAa de-
dopévawv. E€icov npioylog mapayovtag eivat 1 SuvatdtnTa ToL LAWKOD Vo exTelel
TOLG OVTLGTOLYOUG LITOAOYLOHOVG G€ TPONTIUO XPOVO KL HLE ATTOEUTT] HATAVAAWOT)
EVEPYELAC.

‘Eva ot to ompovTindtepa opOoTHo authg TNG EEMENG ATV 1) ELGOYWYT) TOV
HNXovIopoV Tpocoxng ot TG apyltextoviung Transformer [10], xadog xon 1 Pe-
TLWOT) LITAPYOVTWOV HOVTEAWVY. MeTd amd avtrv tnVv eEEMEN, Ta peyaha YAwoowd
povtéda xon yevinodtepa ta foundation models av€Rdnuav dpapatind oe péyedog,
OPLIPO TAPAPETPOV KOl VTTOAOYLOTEG amontrioels. H exmaidevon no 1 entée-
o1 TETOLWV HOVTEAWV aToLTel TEPAGTIO APLIPO TPAEe®V UIVNTAG LITOSLAGTOANG,
VYMA6 e0pog {OVNG PLVIENG Kot aodoTint] peTapopd dedopévwv PeTafd TwV emL-
médwv NG tepapyiog pvnpung. Kadog o povtéda peyododvouv, n amin adénon g
HOPLPALXG LTOAOYLOTIHTG Loy VoG dev eivar apretr). H mpaypatinr amddoon e€op-
TATOL QIO TO TTOGO OUTOTEAEGHATIUA Y PTCLLOTTOLOVVTAL Ol HOVADES LITOAOYLGHOD,
TOGEG EVTOAEG QTALTOVVTOL YLO TN HETAPOPA TV TEAEGTEWV, XL TOGT ivnom
dnpovpyeitat 6To apyelo naToXWPNTOV xoL ot pvhun [11].

2TOV TUPNVA TOAA®V TETOLWV ePAPHOYDV PploreTal 0 TOANATAXCLAGHOG TTL-
vouwv. Xta molvemineda vevpwvind dintva, ndde TANpwg cuvdedepévo eminedo
propel vor exppactel G TOAXTAXGLACHOG TIVOUA EVEPYOTIOLCEWY HE TTLVOXUAL
Bopwv. Eta cuvedTnd vevpwvind dixtoa, oL cuveliEelg cuxva petacynpotilo-

vtou oe tpdeig GEMM péow texvindv 0mwg to im2col. Sto povtéAla Transformer,
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oL tpoPolréc oe query, key xou value, o vtoloylopog Twv Padporoyidv Tpoco-
NG xot Ta evdldpeca MLP enineda facilovtal oe peydAovg ToAAATAXGLAGHOVGS
mwvaxwv. Ilapopoieg mpakelg eppoviovtar xou oe epappoyég HPC, 6mwg mtpo-
COHOLOCELG PEVOTAV, TETMEPACHEV GTOLXELD, HOPLOKT) dLVOHLKY) KoL OPLIPNTIXG
Ypoypur} hyeppor.

[ qwtév TOV AOYO, 1 emitéyvvon Tov GEMM asotelel xevipind oTtdX0 GTLG
ovyypoveg apyrrextovinég enefepyactov. O CPUs mpocpépovv gvehiéia xou 1-
oxvpn oelplaxty amddoot, aAld dev pmopovv va mopéxovv To emimedo paliung
TOPOAANALXG TTOL ATTaLTOUV OL GTHEPLVOL POPTOL EPYRTLOG TEXVNTHG VOTHOGDOVG.
Ou ASICs, 0ntwg 1 TPU tng Google, pmopotv va emitdyovv moAd vYnAr evepyela-
11 rodOTKOTN T PECW EELOMEVHEVOV DOPMV, OGS Ol GLGTOLYIEG GLGTOAUNG
entéleong [12]. Qotooo, n vepPoinn eEetdinevon petwvel Tnv eveAéio, ¥ATL TOUL
elvot oNUoVTIKG eTeLdN) ToL HOVTEAQ KO OL TEAEGTEG TNG UNYOVIKAG Hadnong -
Aalovv ypryopa.. Ov GPUs mpoo@épouv évav evOLAPETO KoL LOLXUTEPX ETTLTUXNHEVO
oupPipacpod: datnpovv TpoypoppaTioTinn eveAfia, eV Topéxovy peydlo apld-
HO TOPOAANA AWV VNUATWV, VYNAO e0pog {OdVNG HVIUNG KoL eEELOHEVIEVES HOVADEG
ylot TPAEELG TTLVAUWV.

H avaryun yio oacopn vymAotepn amddoon ortd tn pio ko evediEio od tnv GAAn
odnynoe otnv etoaywyn Twv Tensor Cores. Ot HovVAdeg AUTEG ELPAVICTNUAVY ENTTO-
pwd otnv apyrrextovinr) NVIDIA Volta xot oxedidotnray yio vo exteAotv pixpég
TPAEELS TOAAATAAGLOGHOD KOl GCUCCOPELOTG TVAUWVY ateLYelag 6To LAWO [1,
2, 13]. Avti évag moAamAaclacpog mvduwy va aocvvtidetal oe moAAég Pad-
HOTEG 1) SLovLOHATINEG EVTOAEC, o evToA) MMA pmopel va evepyorotfjoet évoy
e€eldeevpévo datapath mov mapdayel ToAAG pepud amoteAéopato avd wOxho. Me
TV Tapodo Twv yevewv, ol Tensor Cores vroothplEav mepltoodTEPOLS TOTOVG dE-
dopévawv, 6mtwg FP16, TF32, FP8 xo anéparteg Hop@EG, eVed eLaXON KoL LITOCTNPLEN
SOpUNpEVNG apalOTNTAG G VeOTEPEG OPYLTEUTOVINEG [7, 14, 15].

[Mopd ™ peyadn emtuyia Tov Tensor Cores, n anmddoot tovg otnv mpdén
neplopiletanr ovyva otd Vv xivnon dedopévwv. Ol TeleoTéoL mpémeL Vo peTa-
pepdovV amd TNV xodoAn VN oTn polpalOpevn pvhpn, amd exel oto apyeio
HOTOXWPNTOV, Kot TeAnd ot povada Tensor Core. Avtr 1 Stadpopr] dnpiovp-
YeL eVTOAEG POPTWONG, LITOAOYLOHOVG dlevIVVoEWVY, TieoT) OTO apPYELO HATAYW-
PITOV KoL KUXAOPOPL GTNV E0WTEPIUT] Pxpoap)LTEXTOVIXY) TOV Ttupnva. Kadwg
1 vtoAoyloTinn avotnTa Twv Tensor Cores aLEGVETAL, 1) HETOPOPR KL T) ETTO-
VO PICLHOTTOINGT] TOV TEAEGTEWV YIVOVTOL €ELCOV CNUOVTINEG He TOV apLIpPd TV
TOAAOTTAQCLAOTOV [3, 4, 5].

‘Eva 3e0TEPO ONUAVTIHG YOPOXTPLOTIHG TWV GOYXPOVOV POPTOV EPYACLAG
elval n apodtnTa. Xe ToAlovg mivoeg Papv 1) evePyoToLce®Y, EVa HEYAAO TTO-

000716 oTolyelwv eivanr pndevied. H apordotnta propel va tpondyel amd TexVineg
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nAodépatog Popov (pruning) [16], acAAd ko Suvopnd atd GLVAPTHOELS EVEPYO-
moinong 6mwg n ReLU [17]. Egpdcov udde moAlamAaoiacpdg mov mepthopfavel
undevind tedeoth divel pndevind amotélecpa, £éva GUOGTNHO TTOL YVwpilel TIG DEoELg
TV U1 PNndevindv otolyelwv propel va mapaleifel dypnoToug LITOAOYLGHOVG KAl
Vo peldoet Tnv xivnorn dedopévwv.

H dvorolia eltvan 6TL 1) apatdTN T Pmopet var eivo eite dopnpévn eite adopnTn.
H Sopnpévn aparotnta, 0nwg to oxnpo 2:4 tng NVIDIA Ampere, eival @l mtpog
TO LAWO, emeldn) meplopiletl To poTifo TV un Pndevinodv otolxeiwv kot arAomotel
mv atoxwdwomnoinon [7, 6]. 'Opwg, avtdg 0 TEPLOPLOUOC HITOPEL VOL PHELWOTEL TNV
onpifela TOL HOVTEAOL 1] VO ALPTIOEL ALVEUPETAAAEVLTT) ETTLTAEOV O PALOTNTAL. AVTiDe-
Ta, 1 AOOUNTN apaLOTNT EMLTPETEL TAL PNdevird Vo PpiorovTal 6e omolesdnmoTe
Jéoelg nou elva yevinotepn, aldd eival Suonolotepo v vtootnpiydel amodorti-
u& 6To VAo [18]. EmumAéov, TOANES apXLTEXTOVINEG expleTAAAEDOVTAL APALOTTTAL
HoOvo ce évav Teleotr), cLVRYWG 6TOV TTivoua Popdv. e TPAYHATIUA VELPWVIKA
dixutva, OpwG, TOGO T PApT OGO KAL OL EVEPYOTOLNGELS HITOPOVV va elvarl apatd.

H mapovoa epyocio peletd axplPodg avtd To xevd. XtdOX0G TG elvol 0 oye-
draopog, n viomoinon xon n agloloynon puag povadag Tensor Core mov propet
VO ETTLTOXOVEL TTOAMXTTAXGLAORO TILVOKWOV e dOUNTI apaLdTNTA XKoL GTOVG SO
teleotéovg. H mpotewvopevn apyttextovinn, mov ovopdletor TCU-OP, vAomoieiton
o¢ entinedo RTL péoa oo Vortex, proe avowrtod xddwo RISC-V GPGPU apyitento-
vwer) [19]. H emdoyn tov Vortex eivon onpovtur, eneldn emitpénel afloAoynon
anpifelag KOUAOL KoL TPAYHATIXT EVOWOUATWOOT) G€ LAWO, GE avTideoT) [e TPOCEY-
yioelg mov e€etdlovton povo oe vYNA0DL emédov TPocopolwTéG [20].

H oxedioon epmvéeton ommd v apyrtentovinr) DSTC, n omola mpoTeLve évav
Dual-Side Sparse Tensor Core yiot adOpntn opotdTnTa Kotk 6Toug d00 TeAecTEOUG |8,
9]. Qotoco, N Tapovow epyacio dev TePLOPIlETAL GTNV AVATTOPAYWYT] TNG LOEAG.
Avtideta, petagépel Tov pnyoviopd oe mpaypatik) RTL vlomoinon péoa oto
Vortex, avacyedialel to datapath dote va TopLdlel pe Tovg EPLOPLOPOVG TNG COL-
yuexpiévng GPU, eioayel aueon mpdcPoct ot HoLpalOHEVT] HVHLT, HELDOVEL TNV
eEaptnon amod to apyeio xaToxWPNTOV 1ot cuVOLALEL TO LAKO pe évay BeATIoTO-
TOUNUEVO TTUPTIV AOYLGHLXOV.

H Boaown déa eivar 11 ovTivat&GTAoT) TNG 0PYAVAOOTG ECWTEPIHOD YLVOHEVOD
He pix opyavwoT eEnTepweol yvopévov. Xe xdde Pripa, poe othAn tov A ko pia
YPORUN Tov B mapayouv éva peped mAoxnidio e£680v, To 0m0l0 CLGCWPEVETAL GE
évav eowtepwd buffer. ‘Otav oi teheotéol eivar apaoi, To pn pndevind otolyeio
ovpmieCovron xa ta pndevind Prpoata tapodeimovrat. O déoelg Twv un pndevindv
otolyelwv amodnuebovtal pe bitmap petadedopéva, OOTE T PEPLUA ATOTEAEGHATOL
VoL ETLOTPEPOLV OTIG OWOTEG YEaelg TOL TunvoL Thaxtdiov e£6dov.

H cvuvelspopd tng epyaciag eivor SmAn. Amd n pio wAevpd, delyvel 6TL 1)
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adOUNTn apatdTNTA *aL 6TOLG VO TeEAEGTEOLG HITOPEL va LITooTNpLydel oe pia
ovvdéon GPU apyitextoviun. Amd tnv &AAn, deiyvel 0TL 1) vtooTpLEN pALOTH)-
tog dev apuel otd povn e, o v vTdpEel OLOLXGTIUY EMLTAYLVOT), TPETTEL VO
HeELwIODV TALTOXPOVA OL EVTOAEG, 1) HeTaupopd dedopévwv, 1 tieon oto apyeio xo-
TAYWPTTOV KL TO XOGTOG GVGGMOPEVOTG TV ALPOULDV HEPLKMOV ATTOTEAEGHATWV. Tlar
avTOV ToV AoYOo, 1) TCU-OP dev eivor povo évag véog mtoAlamiaciaotinog datapath,

oAAG éva TANpeg cVoTNHA oLV-c)ediaong (co-design) LALOD Kot AoyilopoD.

1.2 OewpnTnd YroPadpo

O1 GPUs opyavovouy Tov TapoAAnALopd TOUG YOP® artd peydho apldpo elappLov
vnuatov. Ta vijpoto opadomolobvtol oe warps, To ool exteAovV TV dix por &-
VTOA®V 6 Op@wva pe to povtého SIMT. Kade Streaming Multiprocessor 1) avticTouyn
povado mepthapPivel exteAeoTinég HOVASES, apyelo HATAXWPNTWOV, HOLpalOpEVN
HVIHT, HOVASEG TTPOYPOHUUATIOHOD Warps KoL, 0TI CUYXPOVEG OPYLTEXTOVIUES, €-
Eeducevpéveg povadeg mvawv. H popalopevn pvipn Aettovpyel wg ypryopn,
eAEYXOHEVT] OTTO TO AOYLOHLKO [V YL ETTOVAYPTOLLOTOINGT dedOpEVOV, EVED TO
OPYELO HATUXWPTTOV TTOPEXEL TOVG AHEGOVG TEAEGTEOVS OTLG EXTEAECTIUEG HOVADEG.

Ye évav tomd mopriva GEMM, ta dedopéva petapépovton amd tnv xodonn
HVIHN GTN HOLPalOHEVT] HVT)HT), OTTOV ETTOVALYPT)CLLOTTOLOVVTAL ATTO TTOAAK VIjHOTA.
31 ovvéyela, ndde VP QOPTOVEL VOl THHHA TV TAOKLILWOV GE HATAYWPNTEG
not xahel evrodég MMA. H mpocéyyion avtr eivar amodotinn 6Tav 10 ®06TOG
HETOPOPAG KL TTPOETOLHAGIOG TWV TEAECTEWV PITOPEL VO xpLPTEL oW ATd TOV
vroAoylopd. ‘Opwg, 6tav ol povadeg Tensor Core eivo oA ypriyopeg 1§ 6ty
oL Tivoreg elvar pxpol, apotol 1 YopnAng axpifelag, o xpovog HeTAPOPAG Kol
TPOETOLHOGLOG PITOpel VO HUPLOPYTOEL.

Ot Tensor Cores £xouv oyedlOTEL YO VO EXTEAOVY TTPAEELG TNG HOPPTIG
D=AxB+C.

TNV *AG KT OPYAVOGT) ECWTEPLKOD YLVOREVOD, ®Gde GTOLXELD TOL ATTOTEAEGHATOG
TOPAYETAL WG ECWTEPLLO YIVOHEVO MG YPOUUNG Tov A xo piog otrAng tov B.
Avtr) 1 popen elval puoir) yior Tuxvog ivoneg, emeldn ndde CLOCWPELTNG HITOPEL
VOU TTOLPOpEVEL TOTTLHOG HEXPL VOL OAOXAN pwIel TO avTioTolyo ddpolopa. Qotdo0, 1)
a€Lomoinom adopnTng apaLdTNTOG Kot GTOLG VO TEAEGTEOVG elval SVOHOAT, emeLdn
T0 VAWO da émpeme va avtiotolyioel duvapund to pn pndevind ototyeior Twv dVo
OPOLAOV JLVUGHATOV.

Mo evolhotinr] eivor 1 opydveon e€wtepeol YIVOHEVOL. e QUTHV TNV
TTPOGEYYLOT), O VITOAOYLOHOG TPOYXWPQ ¥t prixog tng didotacng K. Kade fripa

emAéyel o othAn tov A xa v avticTolyn ypappr tov B, ko vtoAoyilel to
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eEwTepd TOVG YLVONEVO:
(M, N) = (M, 1) x (1, N).

To amotéleopa eivor éva pepwed mhaxido t@d&ng 1, to omoio mpootidetar 6To
Tpéyov mhaxidio e€6dov. Metd amd oha tao Prjpata Tng didotaong K, To TeAwnd

QOTEAEGHX ElvOL

K-1
D=C+> AyBy.
k=0
B
Set 1
Set 2

N :

D1
D2

Iynpo 1.1: IMoAlamAooiouopdg mveuwv pe eEwtepind yLvopevo.

Ké&de othAn tov A ocvvdvaleton pe TNV avtiotolyn ypopur tov B,

opdyovtog éva pepind mAaxidlo mov cueeWPEVETUL GTO ATTOTéNE-
OHaL.

To Zyxnua 1.1 detyver avtiv n dwadwocia. To wbpro mAeovéxtnpua eival 1
emavay proponoinon twv elcodwv. Kade otoryeio and tn otriin tov A ypnot-
poToteiTol e TOAAOVG TOAAXTAXGLAOHOVG pe oToLXelx TNG YPOUHNG Tov B, xo
ndde otolyelo Tov B emovoyproLOTOLELITAL AVTIOTOLYX G€ TTOANEG YPOHUES TOV
anoterécpatog. H dvonoAio petapépetal otn cveowpevon: to mAoxidio e£68ov
EVIHEPDOVETUL OTOILOUA AL TIPETEL VO TTOLPOUHEVEL DLDECO OE EVAV ECWTEPLUO
oLGCWPELTN 1] VO SLoPATETAUL HOLL VO YPAPETAL ETTAVELATHUPEVOL.

H opydvwon e€wtepucot yvopévou eival diaitepa *atdAANAN yio adopntn a-
podtnTo. Av 1 emdeypévn otriAn tov A xou 1 emheypévn ypoppr tov B mepiéyovv
HNOEVIXG, TOTE TAL 1) HNOEVIXA GTOLYELXL PHITOPOUV VO GUUTTLEGTOVV GE MIUPOTEPQ
moxva Stavocpato. O TOANATAACIOAGHOG HETAED TWV CUUTTLEGHEVOV VOO UATMOV
TOPAPEVEL HAVOVIKOG, eTteldn) k&de pn undevind ototyeio Tov A mpémel v ToAda-

nAaolaoTel pe wdde pn pundevind otolyeio tov B. 'Etol amogebyeton 1 onpiPry
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Sraduacior ebPecTG TAUUPLAGTOV [N PNSeVIHDdV oTolElwVY oL Ja aattovoe pio
opoLr] LAOTTOLNGT) E6MOTEPLLOD YLVOHEVOU.

H DSTC afiomotet anpipog avtiv tnv déa [8, 9]. Kade apond mAoxidio amo-
Inueveton wg mivorag TGOV ko g bitmap. To bitmap éxel éva bit avda apyued
otolyelo xot dnAdveL av to ototyelo eivor pr pndevid. Ou pn pndevinég Tipég
aTOUNHEVOVTAL CUVEXOUEVN, OCTE TO LAKO VO UITOPEL VO TIG HETOUPEPEL HOL VL
TIC HOTOVOADOEL WG pepdTepa Tunvd doavbopata. T tov mivaxa A, ol Tyiég
OPYOVOVOVTAL XUTA GTHAEG, EVO Yl TOV Ttivaxa B, xatd ypoppég, eneldn avtn 1
drata€n toupralet pe to eEwtepnd yvopevo.

compression

(T ww T
N

Effective A[JS_‘“‘"E‘?* A bitmap
[1]o]1]2]ofo[1]0]

compression

\ [T B bitmap
ERNENEN (S [t [olo[1 |1 o x]0]1]
HEEREEREN LTI T
(a) (b) (©)

SxNpo 1.2: Xuvpmieon xow bitmap avoamop&oTocTt opoudv TeAe-
otéwv. Ta pn pndevind otoryeio amodnuedovtal cuveyopeva, eved
Ta bitmaps Sratnpodv Tig apywég Tovg Jéoelg.

1o Eynpa 1.2 gaiveton 1 Paoinn eunaipio emitéyvveng. Metd tn cuvpmieon,
TEPLOXEG TTOL TTePLEXOLY POVO pPndevind dev xpetdletor v extehestovv. To LAL-
%0 propel va mopodeifer oAdxAnpa Prpato eETEPOD YLVOUEVOD, HELOVOVTOG
TOV OPLIPO TV TOAAATAXGLAGH®OV KoL TNV xivnon TelecTtéwv. Tavtdoypova, To
bitmaps emLTPETOLY TNV AVAKTNOT) TWV APYXIUDOV GUVTETAYHEVOV, OOTE KATE HEPLKO
YLWVOHEVO VO GUGOWPEVETAL GTI) OWOTH YEGT) TOL TUXVOD TOTEAEGHATOG.

[N v avéutnon tov déoewv xpnoLtomoteitot pioe povado mov ovopdletal
Tile Index Aligner 1} TIA. H povado avtr) Aopfdver éva bitmap, evtomilel to set
bits xou Topdyel tn SrateTorypév) AOTO TV APYUOV JEUTOV TV 1N} HNOEVIHOV
otolxeiwv. Ot deinteg Tov A xadopilovv TIG YPOHES TOV ATOTEAEGHATOG, EVEH OL
deinteg Tov B uadopilovv g otihec. 'Etol, ndde pepwd yvopevo cuvodedetan
oo T Slebduver oy omola TPETEL VX TPOoTEDEL.

H cvoodpevon ToV apotodv ammoteAecHATOV elval éva omtd to SuoroAdTEPT
TpoPANHaTA. TNV UKV TEPINTTMOOT], TA HEPIUA ATTOTEAECHAT €VOG PrIHATOG
HITOPOUVV VO OVTLETOLXLGTOUV G dLoupopeTinég JVpeg evOG GLGCWPELTH XWPLG OL-
YUPOUGELS. ZTNV apatr] TEPLTTWOT), OUWG, 1) CUPITiEST) XAAGLEL TIG DéoELS TV O-
TOTEAEGHATOV KO TTOAAG pepd YIVOpeVa ptopel va otoxebouv TNV dia Tpdtelo
otov 810 nbxho. Autég ol cuyxpovaelg Tpamel®v dnptovpyovv stalls ko perdvouvv
v Tpaypatinn amodoon. o avtdv Tov AdY0, 1) apyLTEXTOVIXY XPELALETAL OVPEG,

crossbar xaL XATAAANAN XXPTOYPAPNOT) TWV CLGCWPEVTOV.
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H mAatgoppa g epyasiog eivor to Vortex. To Vortex eivor pioe avourn,
ovvdéoun RISC-V GPGPU, ypoppévn oe Verilog, o ammotelel uatdAAnAn Paon
yia piepoopyrtextovinn épevva [19]. H dmop€n RTL vAomoinong emitpémer wbdndo-
axpiPn) agloddynon pe Verilator, xadog xa 70 peAALOTIXT TXPATHPT|OT) TTEPLOPL-
opoV 0mwg stalls, cuyrpovoelg Topwv, xadvoteprioelg buffers xo aAAnAenidpaon
pe N pviun. To Pacwed Vortex TCU vmootnpilel tpd€eic MMA, aAld anolovdel
register-file-based dataflow: oi teAectéor popTOVOVTOL TPOTA GE HATAXWPNTECS,
1 evtoAr) Tensor Core xatavolovel ta register fragments, kol ta amoteAéopata

EMOTPEPOLY EAVA HEC® TOL APYELOL UATOXWPT)TOV.

branch | tmc | split | wspawn | barrier | join

m—————— —_mmmmmm L mmmmmmmen emmmmmdemmcea, e mmm==-

_______ ¢

active warps

! Inflight

1
: : Tracker

visible warps

1 Schedule '1" Fetch Decode .
| Warp Table 1
: pc |mask | :
! [N 1
3 L} 1 .
] 1 ,  writeback
| 1 1
I ¥ I ’
| 1 1
| 1 1 -
1| IPDOM L Warp "1 [ICache : Register
1| Stack Scheduler Stage .
1 ;
' .
!
1
1
!
1
1
!
1
1

IBuffer

1 \
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1

1
> Decode | !

1
; .
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
1 1
] -
1 1
1

1
1
1
1
1
:
stalled warps :
1
1
1
1
1
1
1

1
1
: barrier table
1
1

—> Core

—> Core

—> Core

Sxnue 1.3: YynAoo emutédov pipoapyttentovinr tov Vortex. H
avowtr) RTL vAomoinot) emLtpémel TV eVOWRIATWOT) Kot 0ELOAGYTIOT)
véwv pnyoviopev Tensor Core.

To Pacud owTd PHOVTELD £XEL GNUAVTINODG TEPLOPLOHOVG.

« Hyxprjon tov apyelov xataywpnTtodV yLo T HeTa@opd tAoidinv avEdvel Tov

aPLIPO EVTOADV KL TNV TILEGT] GTOVG KOLTAYWPTTEG.

« Hdwomoon toveviohdv MMA e TOAEG Pxpo-eVTOAEG aLEAVEL TNV KivnoT)

oto frontend xou oto pipeline.

« To péyedog Tov mhanidiov e€6dov mepLopiletal ord TOLG HATOYWPTTEG TTOV

propet va Stodécel éva warp.
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« H oOyxpovn extéleon mepropilel tnv emumdAvym pe aveEdpntn epyacio.

+ ZUVOAUQ, OL TTOPATTAV® TTEPLOPLGHOL 0N YOUV GE TTOAD XOUNAN TpayHaTINy
XPNOoomnoinot twv moAlaniactoactdv Tov baseline TCU, ondpn xow 6tov

vTtap)eL eEELOLLEVIEVO DALKO.

H BipAoypagpio yOpw amd to Jépa Seiyvel OTL vITEPYOLY SLAPOPETIHEG HATEV-
Jovoelg Pedtioong. H NVIDIA Ampere vrtootnpilet Sopnpévn 2:4 apondtnra [7,
6]. H VEGETA peleta emextdoelg yia dopnpévn apondtnta oe CPU matrix en-
gines [21]. H Cooperative Warp Execution BeAticdver Tnv a&lomoinon tov Vortex
Tensor Core péow cuvvepyaciag toAov warps [22]. H Virgo amoocuvdéet Tig po-
vadeg mvonwv artd Toug SIMT muprjveg o xpnoLpomoLel HOLpaCOPEVT) VT KoL
eldwr) pvnun cvoowpevong [23].

Ye oyéon pe avtég Tig epyocieg, 1 TCU-OP cuvdvdalel yopoutnploTind mov
ouvidwg eppavifovtor EexwPLoTd: LTOGTHPLEN ASOUNTNG XPALOTNTOG KAl GTOVG
dvo tedeotéovg, RTL evowpdtwon ce GPU, aueon mpoécPaocn otn porpaldpevn
HVTHT), ECOTEPLLO CLGCWPEVTT], TOPAAUYT] TOVL ALPXELOL HATAXWPTTOV KL ACVY-
xpovn extélect). Avtdg o cuvdvaopog eival To faced onpelo dtoupopomoinong Tng

epyaciog.

1.3 Aemntopépereg tng YAomoinong

H vAomoinon g TCU-OP Eeutvd otd TNV avTiatdoTocT) TOU E0WTEPUOD YLVO-
pévou datapath pe éva eEwtepinot ywvopévou datapath. H Pacu) povada ovo-
paletor FEOP amtd to Fused-Element Outer-Product. Xe avtideon pe pia povado
E0MTEPLXOV YLVOUEVOD, 1] OTTOLX TTaAPAyEL EVa ATTOTEAECHA PHETA QIO XD POLOT) TTOA-
AV ywopévwv, 1 FEOP mtaipvel éva otoryeio otd tov mivaro A won toAA& otoryeia
oo Tov mivaua B, o wapdryel pia ypoppn pepiedv yvopévov. IToAdég FEOP po-
vadeg Aettovpyolv TopdAANAa Kot TTapdyovv évar LITOTANKIOO TOL eEWTEPLKOD
ywopévou oe xade Prjpa.

O vmoloylopdg opyovaovetan oe sets xo steps. Eva set avtiotouyei oe pio
otAn tov A xon pioe ypoppr tov B, nodéva 32 otouyeiwv. Emeldn éva mAnpeg
eETepwd yvopevo 32 X 32 da amoutovoe 1024 Padpwtods TOAAATAXGIXGHOVG,
dev elvan mpontnd vo extedeiton oe évav wOuro. T avtdv tov Adyo, udde set
xwpileton oe pepotepa steps. Kade step éxel Siaotdoelg m X n xol taplyeL m - n
HEPLKA YLVOHEVOQ.

To Exnpo 1.4 mapovoidlel avtry T Aoywr). H emdoyn twv m xou n elvon
npiown, emeldr) xoudopilel TALTOXPOVA TNV KOPLPXLK LITOAOYLGTIXY ATTOdOCT], TO
n0ot0g Tov datapath xo tnv Aemtopépela pe TV omola popet vo alomoindet i a-

podtnTo. Meyadbtepo m onpaivel 0Tt xdde Pripa xaAbmTel peyorADTEPO TUNHAX TNG
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B tile
................................... .
FEOP [1]
STEP O FEOP [2] STEP 1
FEOP [3]
STEP 2 STEP 3
STEP 4 STEP 5
STEP 6 STEP 7
A tile Accumulation Buffer

Sxnuo 1.4: Hopaderypa extédeong evog Pripatog FEOP. To mAripeg
mAaxidio e€680v nadbmTeTon oTadtond ard pepdtepar vitoTAonidia
e€wTepLnol yLvopévou.

otAng tov A, dpa 1 apodotnta otov A aflomoteital pe o xovdpr Aemtopépera.
MeyalOtepo n €xel avtiotolyo amotédeopa yioe tov B. E@dcov o cuvolndg api-
HOG TTOAAXTTAXGLACTOV eival 6TaIEPOS, 1) ADENCT) TNG PG SLACTAOTG HELOVEL TNV
GAAN.

H dettepn Paowur) Sopr eivar o cuoowpevtrg tng TCU-OP. Emteidn) n) e€wtepinot
YLVOHEVOU EXTEAECT) TTOPALYEL PLEPLUA OTTOTEAEGHATA TTOV EVIIHEPDOVOUV GTASLANKA TO
Aonidlo €680V, TO ATTOTEAEGHO TTPETEL VO TTALPOEVEL TOTILHA HEGAL OTH) HOVAdQL
péxpL va odoxAnpwidovv 6Aa ta sets tng dikotaong K. O cvoowpevtrg €xel
Aoyueég dwotdoelg 32 X 32, pe otoyeio 32 bit. Kade eicodog avtiotolyel oe éva
otolyelo Tov MAaxIdiov €600V KAl EVIHEPOVETAL UADE POPA TTOL TOPAYETAL VEO
HEPLO YLVOpEVO Yio TNV O Féo).

O cvoowpevLTHG elval OpYaVOIEVOG Ot JDPEG, DOTE TTOAAL PHEPLUA TTOTEAECHOL-
TOL V0L EVIHEPOVOVTOL TTUPUAANACL. ZTNV UKV EXTEAEDT), 1) XAPTOYPAPNOT) TV
dlevdivoewv pmopel vo emideyel €ToL OOTE TA OMOTEAECHATA €VOG PBrIHOTOS Vo
TNyoivouv e SLopopeTnég JOPec. XNV apatr) eXTEAEST), OHWG, T P PNOeVLHA
otolyelor €XOUV GUMTTLECTEL Ol Ol TPAYHATINEG TOVG DECELG OVOUTOVTAL OTTO TAL
bitmaps. Avto Snpovpyel auavovioTteg dtevIVVOELG KoL TLIAVES GUYHPOVCELS TPOK-
nelov. T va avtipetomiotel to mpoPAnpa, xade é€odog tov FEOP tomodeteitan
TPOTX G OVPA AL GTI) GLVEXELX TTEPVA ATTO Evar crossbar mov Tn dpopoAoyel otn

owoTtr tpamela.
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Queues
OUTPUTO’ ‘ ‘ }—» +)
ADDRESSESO’ \ \ %;;;;»
S e gy S
ADDRESSESl’ ‘ ‘ k4444>
OUTPUT2’ ‘ ‘ }—» ¥
ADDRESSESZ’ \ \ %;;;;»
OUTPUT3’ ‘ ‘ }—» )
ADDRESSES3’ ‘ ‘ %;;;;»
Queues Crossbar ~ Accumulator

Banks

Yxnpa 1.5: Opydvwaon tov cuscwpevtr) tng TCU-OP. O ovpég amop-

POPOLY TPOCWPLVES GUYRPOVGELS, TO crossbar dpopoloyei ta pepund

QUTOTEAEGHOLTO XAl OL TOTHOL AT POLOTEG EVIIHEPOVOLVY TIG FVPES TOV
GLOCWPELTH.
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H ovyxexpipévn vAomoinon dwapoporoteiton amd tnv apyr) DSTC wg mtpog
déon tov adpolotadv. Xtnv TCU-OP, to crossbar fpioreton mpv amd Tovg adpot-
oTéc, nal nade adpoloThg eivor Tomnog ot o Tpdmtela Tov cvscwpevty. Etot,
nade pepd amotédecpa dpopoloyeital pio opd ot cwoTh Tpamela, TpooTide-
TOL OTNV TPEXOLOA TN KL YPAPETAL TTLCW TOTTHA. AUTH 1] OPYAVWOGCT) HELOVEL TNV
nurAogopia oto crossbar ko arAomolel TO HOVOTTATL EYYPOPTC.

[ v vootpén apatotntog, n TCU-OP ypnowomotel d0o povadeg TIA, pio
ytoe tov A xou pio yio tov B. Ot povédeg avtég Aapfavouvv ta bitmaps, mapdyovv
TOLG apXHOVG SeinTe TV pN PNdeVIn®dV aToLXelwV xal LITOAOYIloLVY TOCA EyHLpa
oToLYela LTTAPYOLY OTNV TPEXOLOA GTHAT 1) YPOUUT. AVLTH 1) TANPOPOpia eMLTPETEL
0TO LAWO va amooasilel ol Pripator €Xouvv XPHOLHO €PYO XL TTOL HITOPOVV VoL
mopalelpdovv. e avtideon pe tnv apy DSTC, 6mov n mapareryn extideton oe
peyaio Padpod oto Aoylopnd péow predicated instructions, e o TpoypoppATIGHOG

TOV APV PNUATOV HETAPEPETAL HEGK GTO LAKO.

AB Addresses of
Bitmaps,| TIA results in the step Source values

AB l l77‘1ulator
Values | FEOPs Queues};,‘ Crossbar ‘*)‘ Adders ‘4,[ banks ‘

Sxnpo 1.6: YynAoo emmédov pipeline vrroroyiopot g TCU-OP. Ta
bitmaps amoxwdwonotovvral, too FEOP mapdyouv pepund yivopeva,
XL O CLOCWPEVTHG EVIHEPOVEL TO TTAKidL0 e€O6S0U.

H xevtpuny povada eréyyov tg TCU-OP Siayeipileton tnv arinlovyio twv
pacewv. Apxwmd, eoptovel To mhaxidio C' 6TOV 6LGCWPELTH, DOTE VO XPNOLUO-
momdel wg apyxwr] T 1 bias. Xtn ocvvéyela, eme€epydleton I oTrAeg Tov A
no TIg ypoppég tov B xatd pixog g didotaong K. TNo uade set, emAéyel ta
HOUTOAANA cuptieopéva 1) acvprieoto dedopéva, evepyormotel T FEOP Prjpata
IOV TTEPLEXOLV XPTOLUN EPYXCLA KO TTPOWIEL TA ATOTEAECPATA GTOV GUGCWPEVTH.
‘Otay ohorAnpwdodv dAa ta sets, 1 povada epvd otn @don flush, démov ypapel
70 TeEAO mAowidio D otn pviun.

‘Eva xevtpnd yoportnplotind tng vAomoinong eivon 1 dpeon npdoPaocn ot
potpalopevn pvrun. To baseline Vortex TCU outantei atd udide warp va popTooeL
ta fragments TV mvOKwV o xoToXwPNTEG TTPLV exd@oeL TNV evioAr] MMA. Av-
O 0dnyel 6 TOAAEG eVTOAEC POPTWOTNG, LITOAOYLOHOVG dLeLIVVGEEWVY KoL PEYAAT)
xpnon xoatoaywpntov. H TCU-OP axolovdel diapopeTinr) Tpocéyylon: To wAa-
uidia A, B, C non ta bitmaps peta@épovtal mpodta 6T HoLpolOHeV) LV HECK
Tov pnyaviopot DXA, dniadn tng DMA-like vodoprg tov Vortex. Xtn cuvéyela,
n TCU-OP Swofaet Ta dedopéva amevdeiog od T potpalOpevn Pvhpn, xwpig vo

TEPACOLY IO TO APYELO HATOXWPTTDV.
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AvTn 1 €TTLAOYT] HELDOVEL CTHAVTIXE TNV THEGT) GTOVS HATOUXWPNTEG KL TOV Ot
pLIpo6 evtolwv. Ta warps dev ypetdletal vo vitoloyicovv Aemtopepeic per-lane
drevdvoelg olte va yepicovv TOAAODG natoywpnTég pe fragments. Avtideta, 1)
evtoAr) Tng TCU-OP nepiéyet Baouég dtevdivvoelg, deinteg petadedopévwv, mAnpo-
popioe TOTTOL SeOPEVOV, HATAGTACT] APALOTTAS HOL VLY VWPLOTIXO PPAYHOTOG
ovyypoviopot. To vAWO avalopfdavel TNV avayveoT, TNV aroxwdKLoToLn o), Tov

TPOYPAPHATIOHO PNHATOV KL TI) CLCCOPELOT).

Read Request Unit:
« Performs cyclic arbitration at Bitmap,

Core FSM: A, B, C read requests Read Response Unit:
* Manages back-pressure & and « Accepts responses only if there are
NewTCU | guEM stalls - Issues 1 block request (32 words) / e e
instruction cycle

nstruction , |
« Increments step / set counters « Upon reception of a C block, it directly
« Keeps track of blocks / addresses e T o

>« Handles barrier requested

A
Block 1

< Transactional
Barrier Bus

Double
Buffering

Read Request
Read Response

B
Block 1

Global Memory Shared Memory

Bitmap

direct C block accumulation

FEOP Feeder:
+ Manages m FEOPs
(each doing a 1xn multiplication)

Flushing & Commit:
« Decides flush and commit timing

+ Requests lines from the Accumulation
Buffer and writes them to SMEM when
they are ready

« Assigns A, B values to each FEOP

| *Keeps track of C accumulation

(FEOP[0)  * = w = (FEOP [N-1))

xuo 1.7: Zvvolwn opyavwon tng mpotewvopevng TCU-OP xoun
oUVOEDT) e TO GUGTNHA HVAHNG.

To Xxfpa 1.7 cvvoyiler T cvvoAlwn apyitextovinr. H povada meptlopPdvel
Aoywn outrioewv xal amoxpicewv pviung, buffers ywx tovg teleotéovg xo To
bitmaps, Tov Tupnva eAéyyov, To FEOP feeder, tig povadeg TIA, Tov cvcsowpevti,
TIG OVPEC, TO crossbar xat T Aoywr) oAoxAnpwong. O aitfoelg Tpog Tn HoLpo-
Copevn pvnun yivovton pe xoxAind dwotntr kot o dedopéva amodnuebovial oe
HtpoUG ecwTepweolg buffers. Zeywplota streams emitpémouvv Stapopetinots pud-
povg xatavédwong yiu A, B xon bitmap dedopéva, k&t amapaitnto dtav ot o
TeAeGTEOL £YOUV dLoLpopeTInd emimedo apaLOTNTAC.

H povada vitootnpilet tpelg TpodTOLG EXTEAEOTC:

+ ACUUTIEOTOG ETTL AIGVPTIEGTO: ALVTLOTOLYEL G TTUNVT) exTéleaT). Aev xpnot-
posolovvtat bitmaps o 6o Ta Pripata eETEPIHOD YIVOHEVOL exTEAODVTOL

HOLVOVIHA.

« Yvpmieopévog i cupTLIEGPEVO: T060 0 A 660 no 0 B amodnuedovtal oe
OULUTTLEGHEVT) pop@T) pall pe Tor avtioTolya bitmaps. Avtdg o TpoOTOg peytL-
OTOTOLEL TN HelWOT) VITOAOYLOH®V KL HETaPOoPas dedopévwv, aAld amattel

npoemeEepyacio xotl Twv d00 TeEAeaTEWV.
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+ Aovpmieotog eni CUPTIEGHEVO: 0 B elval cLpTTLeGPEVOG, eV 0 A peTapépe-
Tal Ao LTTiEaTOG KoL cLPTTLE eTa Suvapd péoa otnv TCU. Avtdg o TpoTTog
o0TOXeVEL GTO CLVNULOPEVO GEVAPLO VELPWOVIXOV JUTOWV, OTToL Ta Pdpr e-
val oTaTd ko popovv va cupmiestovv offline, eved ol evepyomotnoelg

elvor Suvopuég.

Emewdn) n TCU-OP exteleiton acvyyxpova, omaiteitol TPOCEXTINOG GUYXPOVL-
opoc. To warp mov exdider tnv evtodr] dev xpeldleTon vor TEPHEVEL APEGT MG TNV
oloxAfpwon g mpaéng. Mmopel va cuveyicel pe avefaptntn epyocio xow vou
ovyypoviotel apyotepa. [a Tnv opdotnTa, 1 HOVAdK GUVOEETAL e TOV PN AVIGHO
transactional barriers tov Vortex. ‘Otav exdideton n evtolr, xatoywpeital pia
exupepng ouvallayr oto avtiotolyo pbypo. ‘Otav 11 TCU-OP ohoxAnpmoet tov
VTTOAOYLOHO Ko Ypael To amotéleopa, amedevdepivel T ovvadday. ‘Etol asto-
@evyovton hazards avayvoong petd amd eyypaen 1 eYYpoYns TAVe Ge eEUNPEHREG
QUTOTENEGHAL.

H am6doon tov vAot eaptatal kot amd tov muprvae Aoyiopeov. O mportel-
vopevog mupnvag ypnotpomotel double buffering otn porpalopevn pviun wote va
ETUOADTITEL TPELG PACELG: TTOPAYWYT] HETAOEOOUEVOV ATTO TO AOYLOHLKO, HETOPOPEG
DMA péow DXA, xat acOyypovn extédeon TCU. ‘Oco 1 TCU-OP ene€epydleton
dedopéva amod to Eva e TNG potpalopevng Lvhpng, To DMA petopépel ta emope-
vo TAonidior 6To GAAO O, Me autdv Tov TPOTTO, TO KOGTOG HETAPOPAS KpLPeTar

oW AT TOV LTTOAOYLGHO, OTOV LTTAPYEL OPHETT) EPYATLL.

{Kernel code Kernel code Kernel code Kernel code
DMA loading | DMA loading DMA loading [ DMA loading |
Start of right half left half right half left half |
kernel ‘ Tensor Core Tensor Core Tensor Core
execution processing right half | processing left half | processing right half
Time

Zxnpo 1.8: Pipeline tov PeAtiotomounpévou mupnvae. H mopaywyn
petodedopévwv, oo DMA petapopég »al 1 acOyypovn eXtélecT) Tng
TCU-OP emuadbmTovTot.

O muprvag aAlalel eiong TOV TPOTTO CLGCOPELOTG HATA PIHOG TNG Lo T
ong K. Avti va apyucomotel ko vor adetdlel o mAouidio e£6dov yro nade K-tile, 1)
TCU-OP »poaté 10 TAOKIOL0 OTOV E0WTEPIHO GLCCWPEVLTH HEXPL VAL OAOKAT pwIEL
oAO¥ANpn 1 didotaon K. 'Etol, T0o OGTOG apyomoinong xal TeEAUNG EYYPOPTIG
TANPOVETAL P opi aevd tAouidio e£6dov wat amooPévetan 660 peyaddvel to K.
EmutAéov, emeldn o cuocwpevthg dev meplopiletal omd T0 TANIOG HATAXWPNTOV
evog warp, 1) TCU-OP propei va ypnoipomnoinocet mhoxnidio e£68ov 32 x 32, avEavo-
VTOG TNV ETAVAYPTOLHOTOINGT) TWV ELGOdWV G€ GXECT) e PKpOTEPX TTAOKISLOL.

H pupoapyitentoviun mapopetpomnoinon eivar xpiown. To baseline Vortex

TCU oce dwopopewon 32 vnuatwv meptlopfavel 128 moAlamAoolaotés, OUKS 1)
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aEloAoynor deiyvel 6TL avTol Ol TOANUTAAG LA TEG TTAPAPEVOLY GE PEYAAO Padpod
avevepyol, emeldn 1 extéleon meplopiletar amd T petopopd dedopévav. o avutdv
Tov A6Yo, 1 TCU-OP emAéyel cuvolnd péyedog Pripatog m x n = 32, dniadn 32
HEPWHA YLVOHEV OV HOXAO. AUTO HELOVEL GTHAVTIXG TO ®OGTOG TOAAXTANGLA-
OTAOV, AdPOLoTOV, 0LP®V, TPATTE(®V KaL crossbar, Ywpig Vo HELWOVEL OLOLOGTINA TNV
anddoot ota peTpovpeva memory-bound workloads.

Metd tn otadepomoinon Tov cLUVOALKOD peyédoug, efetalovtor StopopeTind
oxnpota Prpatog. O Pacwcol vroymgrol eivan 2 X 16 xon 4 X 8. To 4 x 8
TOPEYEL TLO LOOPPOTINUEVT] AemtTopépeta apodTNTOG peta€d A ua B, ad\& éxel
peyadttepo xo6otog flush wou meplocdtepeg ovyrpovoelg oto crossbar. H avdvon
Twv vroloimwv modulo delyvel 0Tl 1) cvpmieopévn apotr] TpocPact odnyel oe
Myotepeg povaduég dopeg ylo to 4 X 8, dpa oe mepiocotepa conflicts xatd péco
opo. Ta merpapatind amotedéopata emiPePaidvovv 6Tl To 2 X 16 éxel pepoTepo

XPOVO exTéNeONG OTIG eEETALOPEVEG TIEPLITITOCELG.

100000
85768 FEOP block size
80000 B Block 2x16
70,420 71,559 I Block 4x8

60000 -

40000 -

Total Kernel Cycles

20000 4

0%/0% 20%/20% 50%/50% 90%/90%
A/B Sparsity

36.1%
34.6%

21.0%

Crossbar Stalls (%)

0.0% 0.0%

0%/0% 20%/20% 50%/50% 90%/90%
A/B Sparsity

Exnpa 1.9: Enidpaon twv Siactacewy Ppatog 6Tov xpovo extéde-
ong xo oto crossbar stalls. H Stapoppwon 2 x 16 emdéyeton wg o
orodotiuy.

Téhog, e€etaleton To Padog Twv ovpwdV TPV amtd to crossbar. Meyaditepo
Ba&dog emitpénel TNV amoppOPN O TEPLGTOTEPWV TPOCWPLVOV GUYUPOVCEWV, OLA-

A& orvEAvel To ®O0TOG aodnuevong nal xatovadlwong evépyelog. H afloloynon
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detyvel 6t to fadog ) = 4 mapéxel To peyalbtepo PEPOG TOL 0PEAOLG TV PardiTe-
PV 0LPOV, Ywpig meptttd xdotog. ‘Etol, ) tedu] Stoapdppwon tng akloddynong
xpnowomotel Prjpo 2 X 16, cuvoAnd 32 pepued yLvopeva ové xOxA0, GLCCWPELTH

32 x 32 uon ovpég Padoug 4.

1.4 A&woAoynon

H a&loloynon tng TCU-OP yivetou o¢ eninedo RTL péca oto Vortex, xpnotpomnot-
avtag xouho-auptPr mpocopoiwon. To Pacwod workload eivon o moAdamwAaoio-
OpOG TLVAK®V

D=AxB+C,

omov A éxeL duotdoeic M x K, B éyel dwaotdoeig K X N, now ta C' o D éyouvv
dwotdoeig M x N. H a&oldynon eotidletl oe end-to-end petpricelg muprva,
dnAadr) mepthopPdvel apyLKOTOLNCT), HETAPOPES, GUYXPOVIGHO, LITOAOYLOHO KoL
TeAnT) yYpa@t]. AvTo elvol GNHOVTIKO, eTTELdT) TOAAEC ETLTOYDVOELG TTOL POLVOVTOL
peybdeg oe amopovwpévo datapath propodv va perwdoov 6tav Anedei voyn to
AT PEG OO TOG EXTENEDTC.

H mpotewvopevn vhomoinon cvyrpiveton pe dvo baselines Tov Vortex. To mpwro
elvat To SGEMM, onAadn 1 moxvn Tensor Core vAomoinomn pe register-file-based
dataflow. To de0tepo eivor to SGEMM_SP, to omoio vAomotei dopnpévn 2:4 apat-
otnta otov teheoty) B, mapopoiax pe tov pnyoviopd twv NVIDIA Sparse Tensor
Cores. H mpotewvopevn vhomoinon a&oloyeitar wg SGEMM_OP ce murvr xo
apotn eEXTELEDT), pe SLoPOPETIHODS TOTOVG dedOpHEVOV KL eTTTEd XL ALPALOTNTAG.

O1 Paocnéc petpnéc etvor oL GLVOALKOL XOKAOL TTUPTVAL, O GUVOALKOG OPLIPOG
EVTOAQV, OL TPOGTEAATELS O TN pvNpT, ot DMA cuvadlayég xal 1 xproiponoinon
TV moAlamhaotootov g Tensor Core. Ou xOxdol delyvovv v mpaypating
antddoon. Ou evtorég deiyvouv tnv mieon oto frontend, otov scheduler xou oto
pipeline. O pocmeldoelg pviung deiyvouv tnv mieon ot DRAM xai otnv L1 data
cache. H xpnoyonoinon toramiaciactov deiyvel av to datapath xdvel xproun
aplIpn T epyacia 1) mepipével Sedopéva xaL GUYYXPOVIGHO.

2nv xbplx cVyrpLon amddoong, To péyedog Tov TpofAnpatog eivan 128 X 128 X
512. Ta amoteAécpata tov Xxnpoatog 1.10 deixvouv 6Tt 1 SGEMM_OP vmeptepel
twv dvo baselines oe 0Aovg Tovg TOTOLG dedOpEVOV.  AXOUN KL GTNV TLKVN
TePLTTWOT, 01oL dev mapaeimetal xavéva opatd Prpa, 1 SGEMM_OP emituyyavel
emitoyvvoelg 4.46 <, 5.72x won 5.13 X yuoe FP32, FP16 »on FP8 avtictolya, o€ oyéon
pe to Tunvd SGEMM. Autd deiyvel OTL peydho PEPOC TOL 0PEAOLG OeV TTPOEPYETAL
HOVO atd TNV opotdTnTa, ALY otd TNV KOXADTEPT TPOPOJOGLX TEAEGTEWV, TNV
TOPAHOPYT) TOL apXELOL HATAYXWPNTOV HAL TNV ETAVOY PNGLHOTOLNCT) HECA GTOV

OULOCWPELTT).
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25

2.0

=
o

Total Kernel Cycles
I
>

0.5

0.0

fpl6
Input Data Type

Kernel / OP Sparsity Mode
B SGEMM BN SGEMM_OP dense  EEEN SGEMM_OP 50%
EEN SGEMM_SP  EEEI SGEMM OP20%  EEE SGEMM_OP 90%

YxAuo 1.10: Zvvoirol wdxdot tuprjva yioo SGEMM, SGEMM_SP xou
SGEMM_ OP oce SiapopeTinotg Tomovg Sedopévav.

H dopnpévn apaiotnta tov SGEMM_SP mpoc@épel meploplopévo ogerog. Ot
emtoryOvoelg tov eivon 1.12x, 1.37x wou 1.84x ya FP32, FP16 xou FP8. To auto-
TENEGHA OLTO ElvaL aLVaeVOPEVO, eTteLdr] TO oXpa 2:4 propel JewpnTind va OTaoEL
TO 2X, A& POVO 0TV TO LITOAOLTTO KOG TOG VO TANPWG XPLHPEVO. XNV TTPAEN,
1 HeTapopd dedopévwy, oL evTolég xau 1) register-file-based opyavwon mepropifouvv
TO TTPAYHATIHO OPENOG,.

Kododg av€aveton n adopntn apatdtnta kot otovg dvo tehestéovg, 1 SGEMM_OP
emtayvveton meplocotepo. 2to 50%/50% apardotnTog, ol emtayvvoelg ot oxéon
pe to munvd SGEMM ¢@tavouvv 6.36x, 9.85x »an 10.21x yux FP32, FP16 nou FP8.
¥10 90%/90%, o avticToiyeg emitaydvoelg yivovton 13.72x, 19.67X xan 25.95x.
H FP8 mepintwon weeleiton meplocdtepo emeldr) ta 6tevoTepa Sedopéva HELOVOLY
TNV XIVNOT) HVAHNG KoL ETLTPETOVY QUTOTEAEGHATIXOTEPT) XpTjoT) TV blocks peta-
Qopag.

O aplipodg eviol®dv petdvetar oxdpn mo évrova. Xta baselines, xade warp
entelel TOAAEG EVTOAES Y LTTOAOYLONO dlevdvvoewy, Ppoptwon fragments oe xa-
Taywpntég, Endoon MMA xou amtodnxevon amotedecpdtwv. EmutAéov, ot vyniod
emunédov MMA evtolég peTa@palovTal ecOTEPKA 0 TOAAEG pxpo-evTorés. H
SGEMM_OP avtwadiotd peydho pépog avtig tng oxolovdiag pe DMA petogo-
pég uon pia ovpmayt) acvyypovn evtodr) TCU. Qg amotédeopa, 1 epyacio avopépet
OUVOALKY HELWOT) EVTOAGV £wG 29.3 X, ¥ATL TTOL pewdVveL TNV Ttieon oto frontend »or
aelevdep@veL XOPo yior pEAAOVTIXY emdAvym pe aveEapTnTh epyaoia.

H pvnun amotelel devtepn nadopiotinng petpwer). H SGEMM_OP peidvel Tig
npoonehdoelg DRAM emeldn] ypnoipomotel peyaddtepo mAaxidio e£6dov xa ov-
VETTAOG VEAVEL TNV ETOVOY PNCLHOTOLNOT) TV £100dwv. EmimAéov, oL petapopég

yivovtow ovvexopeva péocw DMA, dpa a&lomolodv »adbtepa TIG YPOUPES PVIHNG
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200000 1

175000 4

150000 1

125000

100000 4

Total Kernel Instructions

75000

50000 1

25000

o

P8 fpl6 fp32
Input Data Type

Kernel / OP Sparsity Mode
B SGEMM BB SGEMM_OP dense  EEEl SGEMM_OP 50%
BN SGEMM_SP  EEE SGEMM_OP20%  HEE SGEMM_OP 90%

Sxnuo 1.11: ZuvoAnog aptdpdg evioddv. H SGEMM_OP peimvel
dpacTind TIg eVTOAEG emeldn) amopevyel To explicit register-file stag-
ing.

amo Tig per-lane poptooelg twv baselines. Yto apatd cevapia, 1 GUPTTLECHEVT) avar-
ToploToot peTopépel povo to pn pndevind ototyeia, poli pe o bitmaps. Mapott
ta bitmaps mtpocdétovv metadata traffic, oe vYNAR apatdTNTA TO CLVOALKO KOG TOG
pewdveton onpovtind. H epyooio avagépel peiwon uivnong pviung éwg 30.2x ot

oxéon pe to baseline.

175000 4

150000

0.82x

125000

100000 4

75000

Memory Requests

50000 4

25000 4.90x  5.19x

fpl6
Input Data Type

Request Type
BN Reads 3 SGEMM [Z3 SGEMM_OP dense EX] SGEMM_OP 50%
B Writes [CZJ] SGEMM_SP  £<J SGEMM_OP 20% B SGEMM_OP 90%

Synpo 1.12: Xvvolwég off-chip mpoomerdoelg pviune. H
SGEMM_OP pet@vel TNV ®Iivnor HEC® HEYOADTEPNG ETOVOLXPTOL-
pomoinong xot ouvexopevwv DMA petag@opov.

H Spaotnprotnra g L1 data cache axolovdet dwapopetinn tdon. Emedn n
SGEMM_ OP petagépel Tovg x0OpLovg teAeatéong péow DMA mpog tn potpalopevn
pvnpn, dev emiPapovel v D-cache pe Tig i8ieg poptadcelg wov exteAovv Ta base-
lines. Avtd pewwvel To cache pollution xa aprjver tnv cache xvpiwg yior bookkeep-
ing, petadedopéva o Pondntuég tpoomeldoelg Tov muprva. H dpactnpiotnta

g D-cache mapopéver oxedov otadepn nadng aArdlel n apordTnT, €MELST 1)
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sparsity-dependent petapopd tedeotéwv dev yivetoun pe xavovinég cacheable load
instructions.

H ypnowpomoinon twv mtoAlanAaciactodv deiyvel adapd tn doupopd peta&d
TOV apYLTEXTOVIXGV. XTa baselines tov Vortex, n péyiotn ypnoiponoinon eivon
natw ord 4%: 3.28% yio to munvd SGEMM xou 3.68% yioe to SGEMM_SP. Av-
TO ONHALVEL OTL OL TOAAATTAAGLAOTEG VITAPYOLY XAAX CTTAVLAL TTOLPAYOULV X PT)OLUCL
amoteléopata, emeldn to pipeline mepiéver dedopéva 1) exteletl PoninTinég evro-
Aég. Avtideta, n SGEMM_OP ¢tdver éwg 95.32% ypnowomnoinon otnv tuxvr FP8
nepintwon. To amotélecpa avtd ogeiletor oto double buffering, otnv dpueon
npocPocn ot potpaldpevn PVipn kot ot SLLTPNOT TOL WTOTEAEGHATOS GTOV

OULOGWPELTH.

100 9532%

404

TCU Multiplier Utilization (%)

328%  3.68%

116%  213%

p16
Input Data Type

Kernel / OP Sparsity Mode
B SGEMM BN SGEMM_OP dense  EENN SGEMM_OP 50%
EEN SGEMM_SP  EEE SGEMM_OP20%  [EEl SGEMM_OP 90%

xnuo 1.13: Xpnowpomoinon molamAaciactov Tensor Core. H
SGEMM_OP dwxtnpei to datapath evepyd moAd cuyvotepa amd To
baselines.

Kadog n apotdtnta avavetatl, n xproLHoToincen TV TOAAATAACIXGTOV TNG
SGEMM_OP peiwovetar. Avtd dev eivol apvnTind amotélecpa. Znpaivel 6TL TO
XPNOWO apltIpnTnd €PYo HELOVETOL XAl 1) HOVAIX OAOKANPOVEL TTLO YPHYOpOL T
Pripato. e moAb vYNAN apodTNTA, TO oTAYEPO UOGTOG CLYXPOVIGHOU, HETA-
dedopévwv not peTapopdg yivetar o opatd. EmumAéov, o ¢OpTog LITOAOYLGHOD
HeELOVETaL T ypriyopa o oxéomn pe tn petagopd dedopévwv. Etol, oe peydn
apatdTnTa 0 TLPNVOG YiveTon Eova meplocdTepo memory-bound.

O DMA cuvollayég emifePat®dvouy OTL 1) CUUTTLECHEVT) AVOTTAPACTACT) HEL-
WOVEL TPOYHOTHXA TNV ¥ivnon dedopévewv. Xtnv munvr) mepintwor, kot ot dvo
TEAEGTEOL HETAPEPOVTOL AICVUTTLEGTOL. XTOV GUHTTLEGHEVO €TTL GUUTTLEGHEVO TPOTTO,
6060 av€hvetal 1 apondTNT, petapépovtal Ayotepeg Tipég yuoo A now B, padi pe
T aapaitnTo bitmaps. Zto 90%/90%, o apdpdg cuovadlaydv mégtel amd 2048

oV tuxvi epintwon oe 512, dnhadr perdveton xatd 75%. Stov acvptiesto eni



1.4. A&ioAdynon 19

OULUTTLEGHEVO TPOTTO, 1) ¥ivnon eivon evdidpeon: o B wgeleiton amd tn oupmieon,

aAll& o A eEoorovdel va petapépetar TANPNC.

2048 2048
1984 1969

2000 4

1920 gg;

1696 1666

1500
1344
1280

1280 1353

1000 1

DXA GMEM Transactions

512
500

A: 0%, B: 0% A: 20%, B: 20% A: 50%, B: 50% A: 90%, B: 90% A: 20%, B: 20% A: 50%, B: 50% A: 90%, B: 90%

l- Dense [ZZ Theoretical minimum B A compressed, B compressed B A uncompressed, B compressed]

Ixnpo 1.14: DMA ocuvoddayég yioo Toug Stoupopetinols TpOTovg
aponotntog. H mAnpng cvpsmieon pewovel Tig ouvoAiayég 660 av-
Eqvetal 1) apaloTnTA.

H gvouocdnoio otn didotact K eivon emtiong onpovtinn. Kade mhoxuidio e€680ov
TANp®VEL otadepd xOGTN apywomoinong, ovyypoviopot xou flush. ‘Oco peyo-
Aodvel to K, autd o 0ot amooPévovTan o€ mepLocOTepPn) aplIpnTnn epyacio.
Tt Sropdpewon 2 x 16, n xpnoponoinon eivon 4dn 81.2% yuoe K = 128 nou
ptaverepimov 93% yu K > 512. Avtod emiPefodvel Ot apLtextoviny eivon o
arrodoTinr) OTaV LITAPYEL APHETT epyaaia ava TAoxidio eEddov wote va xpLPeta
10 oTodepod overhead.

H teAwn} a€loAdynon e€etdlel éva S1oLGTATO SWeep opatdTnTG YLot TOVG S0
TEAEGTEOVG. XTOV CUUTLEGHEVO €TTL GUUTILECHEVO TPOTO, 1) atddooT PeATidveTon
ONUOVTIXG 060 oEAVETL 1) ApaLOTNTA XAl TV dVO TIVaxwV. MéxpL mepimov
70% — 80%, n extédeon mapapével xuping compute-bound, ondte n wapdreryn
Bnpatwv petappaletal oxedov qpeca oe emttayvvon. [Iépa amd avto, 1 PeAticoon
ovvexiletor aANG pe piepOTEPO PLINO, emeldn To oTadepd war memory-related
udotog yivetar xopiopyo. Xto 90%/90%, 1 emtdyvvon eivar 4.58x oe oxéon pe
™V tunvy extédeon tng idiag SGEMM_OP, eve 6to 99%/99% @tdver 5.38%.

O acvpmieotog et GUPTMLECHEVO TPOTOG owolovdel TOAD xovTd TOV TANPWG
ovpmieopévo Tpodmo yia apondtnTer Tov A éwg mepimtov 60% — 70%. e avtiv
TNV TEPLOYT], 0 LITOAOYLONOG eEowolovdel var xupLapyel, xow To yeyovog 6t o A
HETOPEPETOL ALOUPTTiEOTOC dev éxel peydho xdotog. 'Otav 1 apodtnta Tov A
avgEndel meplocotepo, ol dVo TpoToL atouAivovy. O TANPWG GLUTLEGHEVOG TPOTOG
oLVEXLLEL VO HELDVEL TT) HETOPOPR JESOUEVWV, EVE) O CVUTTLEGTOG ETTL GUUTTLEGHEVO

TpOTOG cuveyilel vo petapépet ot ta pndevind tov A. Tapodla avtd, mapopével
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Kernel Body Cycles

0 10 20 30 40 50 60 70 80 90 100
Matrix A Sparsity (%)

Matrix B Sparsity / Matrix A Storage
B 20% sparse, A+B compressed —o— B 80% sparse, A+B compressed
B 20% sparse, A uncompressed —#- B 80% sparse, A uncompressed
B 40% sparse, A+B compressed ~ —®— B 90% sparse, A+B compressed
B 40% sparse, A uncompressed ~#- B 90% sparse, A uncompressed
—o—
—_

EREE

B 60% sparse, A+B compressed B 99% sparse, A+B compressed
~#- B 60% sparse, A uncompressed B 99% sparse, A uncompressed

SxNpa 1.15: ZOYKpLoT) GUPTLECHEVOD ETTL GUHTILEGHEVO KL ALGUTTiE-
OTOV €Tl GUUTTLEGHEVO TPOTIOL GE SLOPOPETIHG eTtimeda APALOTHTAG.

elvotindg: oto 90%/90% ¢taver 3.20x o oto 99%/99% ¢@téver 3.39% oe
oxéon pe tnv onvi) extéleon tng SGEMM_OP, amogebyovtag To #06T0g software
compression tov dvvaypixot A.

JuvoAwd, to amotedéopata detyvovv Ot f TCU-OP emtvyydver péon emt-
téyvvon 12.73 X xon péylotn emtayvvon 27X oTo HeTPOVPEVA GEVAPLY e GXEOT)
pe ta avtiotolya baselines. To onpoavtindtepo cupmépacpa dev eival povo OtTL N
opoLOTNTA dlvel eMLTAYLVOT), AAAQ OTL 1) EMLTAYLVGT) QLTH epPoviletal emeldr) o
cvotnpa oxediotnre oMoTwd: 1 apeon npocsPact tng TCU-OP otn porpalope-
VI HVHun pewdvel to register-file staging ko tov aptdpd evroAdv, to peyodvTepo
mAoxido e€6d0v avEdvel TNV emavoyprnoonoinon twv tedeotéwv A xou B, o e-
OWTEPUOG CLGOWPEVTNG dLATNPEL TA PEPUA AT POLCHATO TOTTUX HATR HIHOG TNG
dxotaong K, xot o EAeyx0g TOV apatdV PNHAT@V 6TO LVAKO ETMLTPETEL TNV TTAL-

pareryn Pnpdtov eEnTeptod YIVOHEVOL TTOL SeV TTEPLEXOLVY X PTICLLN EPYATIA..

1.5 ZXvpnepdopara rat MeAloviinég Enentdoerg

H epyacio mapovsiace tnv TCU-OP, o apyrrextoviur) Tensor Core e€wtepinod
YLVOHEVOUL Yyior Tunvr) kot apour] extédeon GEMM, vAomowmpévn oe eminedo RTL
péoa oto Vortex RISC-V GPGPU. To Baowd xivintpo ftav 6t n vynin dewpntnn
vroAoyloTr) LoxVg Twv Tensor Cores dev apuel Otawv 1 extéleon meplopiletal amd
TN petoopd dedopévwv, TNV TieoT) GTO Ap)EL0 HATAXWPTTOV, TO TARTOG EVIOADV
no tr pvipn. H vootpién apoidotntag mpémnel va cuvodedetan ammd aAloyn Tov

ovvoAwroD dataflow.
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H mpotewvopevn oxediaon ammoovvdéel tnv extéleot) amd T0 apyelo noToryw-
pNTOV, emiTpémovtag apeon mpocPocn ot polpalopevn HVAUN Kol acOyXpovn
entéheon pe transactional barriers, avtivadiotd to baseline datapath ecwrtepuco-
U YLVOHEVOD He e€wTepd YLVOHEVO, ELCAYEL TTapapeTpoTtolroipeg povadeg FEOP,
eowTEPO cvoowpeLth 32 X 32, bitmap-based amoxwdiomoinon, povadeg TIA,
hardware-controlled mopdAeiym apotodv Ppdtov, ovpég xou crossbar yior onavovi-
otn cvecwpevot. O PeAtiotomoinpévog mupnvag xpnotponrotet DMA ot double
buffering ®ote v emalbmtel peTa@opa, Topaywyn HeTadeSOHEVWV KL VTTOAOYL-
opo.

H pupoapyitextovinn e€epedvnor €dele 0TL 1) cwoTh SlacTacloAdynon eivot
antapaitntn. Emewdn to baseline eivar évtova vmoypnoiponownpévo, 1 TCU-OP
pewdvel To péyedog Tov datapath oe 32 pepued yivopeva ava x0uho, emAéyel oympa
2 X 16 xou ovpég Padovg 4. Avtn 1 emhoyn dwatnpel To peyorAOTEPO HEPOG TNG
anddoong, eved meplopilel To *OGTOG TOAAATAACIAGTOV, AIPOLOTOV, TPoTteldV
no crossbar.

To melpopatind amoteléopata emiPefordvouvv 6TL 1 oxedioot PeAtidvel T600
NV Toxvr) 660 xai TNV apour] extédeot. H moxvr) Aeitovpyla weeleitoar otnv
HOADTEPT) HETAPOPR TEAEGTEWV HaL TN peyadUTepN emavaypnoiponoinon. H a-
pain Aertovpyio TPocIETEL EMITAEOV OPEAOG HECW GULUTLEOTG Kol TOXPAAELYTG
Pnpatwv. H epyacio avagépel péylotn emtayuvvon 27X, HECT) YEOHETPLXN &-
mtayovvon 12.73X, pelwon evtododv 29.3 X, peiwon xivnong pviung 30.2x, xon
av€non g xpnoonoinong toAlamAactactdv and ubtw and 4% oe éwg 95.3%.

H pellovtwnr) epyacia propet v wivndel oe moAAég natevdvvoels. [pmTov,
TPETEL Vo PHeTPTUel TAPWG TO XOGTOG TTPOETEEEPYNTLOG TWV CUUTLEGHEVWV TEAE-
oTéwV, eldwd yia duvapég evepyomotnoelg. Agbtepov, popoivv va eEetasTovV
eEVOANOUTINEG apaLég avamapaoTaoels, 0mwg COO, CSR 1 vPpdd oxnpato pe
bitmaps. Tpitov, 10 dixtvo cvoowpevong propel v Pedtiwdel pe xoapnAdTepov
100 TOoLG dpopoAdynom, tepapyd crossbars 1) conflict-aware scheduling. Tétop-
tov, 1 TCU-OP mpémer va a€lodoyndel oe peyaddtepa xou mo peailotind work-
loads, 0mwg attention, fused MLP layers kot convolutions yopnAopéva e GEMM.
Téhog, amaiteital TepaLTépw PLOIKOG oYX ESLAGHOG Yior aUPLBECTEPT) EXTIUNOT) ETTL-
QAVELXG, LOYVOC, XPOVIGHOD KOl SVVATOTHTWOV HALAKWOTG.

To yevid cupmépaocpa eivar 0t 1 aodotiny emtdyvver apotodv Tensor Cores
dev emTLY YA VETOL ATTAMG HE TNV TapAAELYT HNOEVIUDOV TOAAATAACLOAGHOV. ATToi-
Teltal cUVOAKOG emaVaoYEIUGHOG TNG PONG OESOHEVLV, TNG CLGCOPELGNG, TNG
dtemapnig pvipng kot tng ocuvvepyooiag pe to Aoytopwd. H TCU-OP deiyver ot
vt 1) Tpooéyylon pmopel va vhomoindet oe mpoypatin RTL GPU apyitentovinn

HOLL VAL TTPOGPEPEL CNIAVTIHA OPEAT) YL TTUXVA Ko adopnTa apord workloads.
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Chapter 2

Introduction

2.1 TheRise of Artificial Intelligence in Modern Com-
puting

The era in which we live is largely characterized by rapid technological progress
in computer science, algorithm design, and hardware systems. Among these ad-
vances, Artificial Intelligence (AI) and Machine Learning (ML) have become domi-
nant forces, transforming a wide range of applications, from natural language pro-
cessing and computer vision to scientific discovery, healthcare, autonomous sys-
tems, and large-scale data analytics. Problems that previously required significant
manual effort or prohibitive execution time can now be solved, approximated, or
automated at unprecedented scale.

The recent growth of Al can be mainly attributed to three mutually reinforc-
ing factors. First, novel algorithms and model architectures have significantly im-
proved the accuracy and generality of ML systems. Second, the availability of mas-
sive datasets has enabled the training of increasingly large and expressive mod-
els. Third, continuous improvements in hardware have provided the computational
throughput required to train and deploy these models within practical time and en-
ergy budgets. Without the corresponding advances in computing platforms, many
modern Al models would remain impractical despite their algorithmic potential.

A major milestone in this progress was the introduction of the attention mecha-
nism and the Transformer architecture in 2017 [10]. Since then, Al research has
accelerated dramatically, leading to the development of Large Language Models
(LLMs) and other foundation models with billions or even trillions of parameters.
This trend has created a constant demand for platforms capable of executing Al
workloads as fast as possible, while also minimizing power consumption and im-
proving energy efficiency [11]. As model sizes grow, performance alone is no longer
sufficient; efficient hardware utilization and reduced data movement become equally
important.

Although the term Artificial Intelligence covers a broad range of algorithms and
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architectures, many of the most widely used models rely heavily on linear algebra
operations. In particular, General Matrix-Matrix Multiplication (GEMM) forms the
computational backbone of several important neural network families, including
Multilayer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), and LLMs.
Matrix multiplication dominates both training and inference time, while also con-

tributing significantly to memory traffic and energy consumption.

« Multilayer Perceptrons (MLPs): In an MLP layer, the input activations are
multiplied by a weight matrix, followed by the application of a nonlinear ac-
tivation function. Therefore, the core computation of each fully connected
layer is a matrix multiplication between the activation matrix and the weight

matrix.

+ Convolutional Neural Networks (CNNs): Although CNNs are expressed
in terms of convolution operations, high-performance implementations often
transform convolutions into matrix multiplications using techniques such as
im2col. This transformation rearranges image patches into columns, al-
lowing the convolution between input feature maps and filters to be executed

as a GEMM operation.

« Large Language Models (LLMs): Transformer-based LLMs are also domi-
nated by matrix multiplications. In the attention mechanism, the input matrix
is first projected into the query, key, and value matrices through three matrix

multiplications. The attention scores are then computed as
S =QKT,

followed by another matrix multiplication between the normalized attention

scores and the value matrix,
O = softmax(S)V.

In addition, the feed-forward or MLP blocks inside each Transformer layer
consist of large matrix multiplications, further increasing the importance of
GEMM acceleration.

The importance of matrix multiplication is not limited to AI workloads. Hard-
ware improvements have also enabled the development of more complex and accu-
rate High-Performance Computing (HPC) applications, including weather predic-
tion, computational fluid dynamics, molecular dynamics, finite-element analysis,
and other large-scale simulations. As computing platforms become more power-

ful, scientists and engineers can use finer discretizations, larger datasets, and more
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detailed models, making simulations more realistic and reliable. This, in turn, fur-
ther increases the demand for higher hardware throughput and improved energy
efficiency.

Across both Al and traditional scientific computing, linear algebra kernels are
fundamental building blocks. Among them, matrix multiplication is one of the most
performance-critical operations, as it appears either directly or indirectly in a wide
variety of algorithms. Consequently, accelerating GEMM has become a central ob-
jective in modern computer architecture. Improvements in matrix multiplication
throughput can translate directly into faster training, lower inference latency, re-
duced energy consumption, and more practical execution of large-scale Al and HPC

workloads.

2.2 GPU Acceleration, Tensor Cores, and Sparsity

The rapid growth of Artificial Intelligence (AI) and High-Performance Computing
(HPC) workloads has created an increasing need for platforms that provide both
high throughput and energy efficiency. In many AI models and scientific comput-
ing applications, a large fraction of execution time is spent in matrix multiply-
accumulate operations, which are highly parallel since different output elements
can be computed independently. This makes them well suited to architectures that
exploit massive data-level parallelism.

Several platforms have been explored for Al acceleration, including CPUs, GPUs,
FPGAs, and ASICs. CPUs offer high programmability but limited parallel through-
put, while ASICs, such as Google’s Tensor Processing Unit (TPU), can achieve high
efficiency using specialized structures such as systolic arrays [12]. However, ASIC
specialization reduces flexibility, which is important because Al models evolve rapidly
and include operations beyond matrix multiplication, such as activation functions,
normalization, softmax, and control flow. GPUs provide a strong trade-off between
programmability and performance, combining a flexible software model with mas-
sive parallelism and high memory bandwidth. As a result, they have become the
dominant platform for Al training and inference in modern datacenters.

To further improve matrix multiplication throughput, modern GPUs integrate
specialized matrix engines known as Tensor Cores. Tensor Cores accelerate tiled
matrix multiply-accumulate operations using dedicated hardware datapaths, avoid-
ing the overhead of executing the same computation through many scalar or vec-
tor instructions. Since their introduction in NVIDIA Volta [1, 2, 13], Tensor Cores
have evolved with support for additional datatypes, improved data movement, and

structured sparsity [7, 14, 6]. This evolution reflects the need to increase matrix
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throughput while reducing operand movement through the register file and mem-
ory hierarchy.

Despite the efficiency of dense Tensor Cores, many Al workloads exhibit spar-
sity, meaning that a significant fraction of matrix elements are zero. Weight spar-
sity is commonly introduced through pruning [16], while activation sparsity can
arise dynamically through functions such as ReLU [17]. Since any multiplication
involving a zero produces zero, sparse matrix multiplication can skip ineffective
computations and reduce memory traffic.

Existing sparse Tensor Core mechanisms typically exploit structured sparsity,
such as NVIDIA’s 2:4 pattern, where exactly two elements out of every four are
nonzero [7, 6, 18]. This format is hardware-friendly but restrictive: it supports only
a fixed sparsity structure and usually exploits sparsity in one operand. Therefore,
irregular or higher sparsity cannot be fully utilized unless the model is constrained
to the supported format. This motivates more general sparse Tensor Core architec-

tures capable of exploiting unstructured and dual-side sparsity [8, 9].

2.3 Vortex GPU and RTL-Based Evaluation

This work uses the Vortex RISC-V GPGPU as the development and evaluation plat-
form. Vortex is an open-source, synthesizable GPU written in Verilog and developed
by Georgia Institute of Technology and UCLA [19]. Its open RTL implementation
makes it a suitable platform for architectural research, allowing new GPU mech-
anisms to be implemented, modified, and evaluated in a realistic hardware design
rather than only through high-level models.

Vortex also includes a Tensor Core architecture inspired by NVIDIA-style matrix
engines, making it particularly relevant for studying GEMM acceleration. Recent
extensions have added support for a 2:4 structured-sparsity mode, providing both
a dense Tensor Core baseline and a structured sparse Tensor Core baseline. This
enables a direct comparison between the proposed design and existing dense or
structured-sparse execution approaches within the same GPU framework.

A key reason for using Vortex is that it can be evaluated at the RTL level. While
high-level simulators, such as Accel-Sim, are useful for fast design-space explo-
ration [20], they rely on abstract models, predefined latencies, and simplified as-
sumptions. In contrast, RTL simulation with Verilator executes the actual RTL de-
sign and provides cycle-accurate behavior, exposing timing effects, pipeline inter-
actions, and implementation constraints that may be hidden in higher-level models.

Therefore, implementing the proposed Tensor Core modifications directly in
RTL provides a more reliable basis for evaluating performance and architectural

feasibility. It also allows the design to be further synthesized or deployed on FPGA
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platforms, enabling more accurate analysis of implementation cost, area, and power

compared to purely C++-based simulation.

2.4 Proposal Overview

To the best of our knowledge, there is currently no RTL implementation of a Tensor
Core Unit (TCU) capable of accelerating matrix multiply—accumulate operations
where both input matrices exhibit unstructured sparsity. Existing sparse Tensor
Core approaches either focus on structured sparsity patterns, such as 2:4 sparsity,
or study dual-side unstructured sparsity at a higher level of abstraction, without
providing a complete synthesizable hardware implementation.

Motivated by this gap, this thesis builds upon the ideas introduced in DSTC
and its extension, “DSTC: Dual-Side Sparse Tensor Core for DNNs Acceleration on
Modern GPU Architectures”, which target dual-side unstructured sparse GEMM [38,
9]. Inspired by this direction, we develop an extension to the existing Vortex Ten-
sor Core with the goal of improving both dense and sparse matrix multiplication
execution. In particular, for sparse MMA, the proposed design aims to skip ineffec-
tual computations when one or both input operands contain unstructured sparsity,
while preserving the correct output positions and accumulation semantics.

Unlike DSTC, which was implemented and evaluated in the Accel-Sim simulator
using a higher-level C++ model, this work implements the proposed architecture
directly in RTL within the Vortex GPU. This enables a more detailed and realistic
study of the design, exposing microarchitectural constraints that are often hidden
in higher-level simulation frameworks. Such constraints include pipeline timing,
varying timing behavior within the Functional Unit, operand routing and control
logic complexity. As a result, the RTL implementation provides a stronger basis for
evaluating both the feasibility and the performance impact of the proposed sparse
Tensor Core architecture. After establishing the baseline RTL design, we further
extend and optimize the architecture through design-space exploration.

Furthermore, this work improves the operand delivery mechanism by enabling
the Tensor Core to access shared memory directly. This reduces the dependence
on register-file staging, alleviates register-file pressure, and lowers the instruction
overhead associated with operand movement. Combined with an optimized ker-
nel structure and suitable ISA extensions, the proposed architecture significantly
reduces execution time across dense and sparse inputs.

Overall, this thesis presents a complete RTL implementation and evaluation of a
sparse Tensor Core architecture for the Vortex RISC-V GPGPU. The proposed design
targets dual-side unstructured sparsity, improves operand delivery through direct

shared-memory access, and introduces sparse outer-product execution inside the
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Tensor Core. Compared to the Vortex baseline, the final optimized design achieves
a maximum speedup of 27x and a geometric mean speedup of 12.73x across the

evaluated dense and sparse workloads.

2.5 Contributions
To summarize, this thesis makes the following contributions:

+ We implement a dual-side sparse Tensor Core mechanism in Verilog and inte-

grate it into Vortex, a state-of-the-art open-source synthesizable RISC-V GPU.

+ We perform a detailed microarchitectural exploration of the proposed design,
evaluating architectural choices and optimizations with respect to their per-

formance benefits.

« We develop a fully parameterizable Tensor Core design and conduct design-
space exploration to identify suitable configurations for different dense and

sparse execution scenarios.

« We optimize the sparse mechanism at the RTL level, improving the DSTC

design for efficient integration into the Vortex Tensor Core pipeline.

+ We further optimize operand delivery by enabling direct Tensor Core access
to shared memory, reducing register-file pressure and resembling the data-
movement direction adopted by recent NVIDIA Hopper and Blackwell archi-
tectures [14, 15].

« We extend the supported execution modes to cover dense and sparse input
combinations, including uncompressed X uncompressed, uncompressed x com-

pressed, and compressed x compressed matrix multiplication.

« We extend the ISA to support the proposed Tensor Core functionality and re-
design the kernel, resulting in a hardware—software co-designed sparse GEMM

execution flow.

2.6 Thesis Structure

The remaining chapters of this thesis are organized as follows:

+ Chapter 3 provides the necessary background on GPUs, Tensor Cores, spar-
sity in GEMM workloads, and the DSTC architecture that motivates this work.
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+ Chapter 4 presents the implementation details of the proposed sparse Tensor

Core design and its integration into the Vortex GPU.

+ Chapter 5 discusses the microarchitectural optimizations of the proposed de-

sign, including the right-sizing and parameter tuning of the Tensor Core unit.

+ Chapter 6 presents the experimental evaluation and analyzes the insights de-

rived from the performance, memory and utilization results.

+ Chapter 7 reviews related work and compares the proposed design against

existing dense, structured-sparse, and sparse Tensor Core approaches.

+ Chapter 8 concludes the thesis and discusses possible directions for future

work.
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Chapter 3

Background

3.1 Introduction

This chapter provides the background necessary to understand the motivation and
design choices of the proposed sparse Tensor Core architecture. It first introduces
the main principles of modern GPU architectures and explains why they are well
suited for AI and high-performance computing workloads. It then discusses Tensor
Cores as specialized matrix multiplication accelerators, followed by an overview
of sparsity in deep neural networks and the opportunities it creates for reducing
computation and memory traffic. The chapter also presents the Vortex RISC-V
GPGPU, which is used as the development and evaluation platform in this thesis,
together with its baseline Tensor Core architecture. Finally, it introduces the Dual-
Side Sparse Tensor Core (DSTC), which serves as the main inspiration and reference

point for the proposed design.

3.2 GPUs as Al Acceleration Platforms

The computational requirements of modern Al workloads have led to the explo-
ration of several acceleration platforms, including CPUs, GPUs, FPGAs, and ASICs.
CPUs remain the most flexible general-purpose processors, but their relatively small
number of cores and limited arithmetic throughput make them inefficient for the
highly parallel kernels that dominate deep learning. FPGAs and ASICs, on the
other hand, can provide high performance and energy efficiency by tailoring the
hardware to specific computation patterns. A representative example is Google’s
Tensor Processing Unit (TPU), which uses a systolic-array organization to accel-
erate tiled matrix multiplication [12]. However, such specialization often reduces
programmability and makes it harder to adapt to new algorithms, operators, and
model architectures.

The reason massively parallel accelerators are effective for Al is closely related
to the structure of matrix multiplication. In a matrix multiply-accumulate oper-

ation, each output element is computed independently from the others, making
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the operation naturally data-parallel. This property allows thousands of arithmetic
operations to be executed concurrently, provided that the hardware can supply
operands at sufficient bandwidth. GPUs are designed exactly around this princi-
ple: they execute a large number of lightweight threads in parallel and rely on high
memory bandwidth and latency hiding to maintain throughput.

Compared to ASICs, GPUs offer a more balanced compromise between perfor-
mance and flexibility. Although matrix multiplication is usually the dominant op-
eration, complete Al models also include non-GEMM operations such as activation
functions, normalization, softmax, indexing, reductions, memory transformations,
and sometimes control-flow-dependent execution. A fully specialized accelerator
may perform GEMM very efficiently, but supporting the full workload with suffi-
cient flexibility can be more challenging. GPUs, through programming models such
as CUDA, HIP, and OpenCL, allow developers to express auxiliary model operations
within the same platform [24, 25].

This combination of high parallel throughput, programmability, and mature
software support has made GPUs the standard choice for large-scale Al training
and inference. Modern Al datacenters are therefore commonly built around large
GPU clusters, where thousands of devices cooperate to train and serve increasingly
large models. As a result, GPU vendors such as NVIDIA and AMD have placed Al
acceleration at the center of their architectural roadmaps, introducing specialized
matrix engines, high-bandwidth memory systems, and optimized software libraries.
Consequently, understanding and improving GPU-based matrix acceleration is es-

sential for increasing the performance and energy efficiency of future Al systems.

3.3 Fundamentals of GPUs

As GPU architectures evolved from fixed-function graphics pipelines into massively
parallel general-purpose processors, several programming abstractions and archi-
tectural components emerged to expose and manage this parallelism efficiently.
These concepts form the basis of modern GPU programming and are used through-
out the rest of this thesis. A brief overview of the most relevant terms is given

below.

GPGPU (General-Purpose GPU): A GPGPU refers to the use of a graphics pro-
cessing unit for general-purpose computation beyond graphics rendering. It
exploits massive parallelism through thousands of lightweight threads exe-
cuting concurrently. This execution model is particularly effective for data-
parallel workloads such as linear algebra, scientific simulations, and machine

learning.



3.3. Fundamentals of GPUs 33

Kernel: A kernel is a function that runs on the GPU and is executed by many
threads in parallel. Each thread executes the same kernel code but operates
on different portions of the input data. Kernels are launched by the host CPU

and define the main computation performed by a GPU program.

Thread: A thread is the smallest unit of execution in a GPU program. Each thread
has its own registers and executes the kernel independently, enabling fine-
grained parallelism. Threads are organized into warps and thread blocks to

support efficient scheduling, synchronization, and data sharing.

Warp: A warp is a group of threads that execute instructions in lockstep under the
SIMT execution model. In NVIDIA architectures, a warp typically consists of
32 threads. Threads within a warp share a common instruction stream, al-
though control-flow divergence can be handled through masking. Warps are
the fundamental scheduling and execution units inside a Streaming Multipro-

Ccessor.

SM (Streaming Multiprocessor): A Streaming Multiprocessor is the main pro-
cessing unit of a GPU and is responsible for executing warps. It contains ex-
ecution units such as ALUs and Tensor Cores, a register file, shared memory,
and control logic such as warp schedulers. Multiple SMs operate in parallel

to provide the total computational throughput of the GPU.

Shared Memory (SMEM): Shared memory is a programmer-managed, low-latency
on-chip memory shared among threads within the same thread block. It is
commonly used to stage data and enable efficient reuse, reducing accesses to
slower global memory. Proper use of shared memory is essential for optimiz-

ing memory-bound GPU kernels.

Thread Block: A thread block is a group of threads that execute the same kernel
and can cooperate during execution. Threads within a block can synchronize
using barriers and share data through shared memory, enabling efficient co-
ordination and data reuse. A thread block is scheduled onto a single SM and
remains there for its entire lifetime, ensuring fast communication among its
threads. Multiple thread blocks can execute independently across different

SMs, providing scalability across the GPU.

Register File (RF): The register file is a fast on-chip storage structure that holds
operands and intermediate results for GPU threads. It provides high band-
width and low latency, making it critical for sustaining compute throughput.
Registers are private to each thread and are heavily used during kernel exe-

cution.
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Core Pipeline: The core pipeline is the sequence of hardware stages that process
instructions, including scheduling, fetching, decoding, issuing, execution, and
commit. In a GPU, this pipeline is warp-scheduled and follows the SIMT exe-
cution model, interleaving instructions from different warps across cycles in

order to hide latency and keep the execution units active.

Async Transaction Barriers: Asynchronous transaction barriers are synchroniza-
tion mechanisms used to coordinate access to shared resources without fully
blocking execution. They are often used together with asynchronous opera-
tions, such as memory transfers, to overlap computation and communication.
This helps improve hardware utilization by avoiding unnecessary pipeline
stalls.

DMA / TMA: DMA (Direct Memory Access) refers to hardware engines that trans-
fer data between memory regions without direct involvement of the main
execution units. TMA (Tensor Memory Accelerator) is a specialized form
of such a mechanism in modern GPUs, designed to efficiently move multi-
dimensional tensor data between global memory and shared memory. These
engines enable high-throughput asynchronous data movement and allow mem-

ory transfers to overlap with computation.

Micro-operations (u-ops): Micro-operations, or u-ops, are internal low-level op-
erations into which higher-level instructions may be decomposed during de-
coding. This allows complex instructions to be executed as a sequence of
simpler hardware operations that can be scheduled, issued, and executed ef-

ficiently by the core pipeline.

Transactional / asynchronous Barriers: Transactional barriers are synchroniza-
tion primitives used to coordinate groups of threads with asynchronous hard-
ware mechanisms. They allow software to wait until a set of operations has

been completed consistently before execution proceeds.

3.4 Tensor Cores in GPUs

The continuous demand for higher GPU throughput has exposed important ineffi-
ciencies in the execution of matrix multiply—accumulate (MMA) operations using
only conventional scalar or vector datapaths. Matrix multiplication has significant
data reuse, since each element of an input tile contributes to multiple output values.
However, when MMA is implemented using standard ALU or FPU instructions, this

reuse is not always exploited efficiently. Matrix fragments must typically be loaded
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into the register file, repeatedly read by the execution units, multiplied and accumu-
lated through several instructions, and finally written back. This creates substan-
tial instruction overhead and register-file traffic, especially for tiled GEMM kernels
where the same operands are reused many times.

To address this bottleneck, NVIDIA introduced Tensor Cores in the Volta ar-
chitecture [1, 2, 13]. A Tensor Core is a specialized execution unit inside the GPU
designed to perform small tiled matrix multiply-accumulate operations directly in
hardware. Instead of decomposing matrix multiplication into many scalar multiply
and add instructions, Tensor Cores execute an entire MMA operation as a single ma-
trix instruction at the warp level. This significantly increases arithmetic throughput
and improves energy efficiency, especially for deep learning workloads that can tol-
erate reduced-precision input formats with higher-precision accumulation [3].

Most Tensor Core designs are optimized around an inner-product formulation
of matrix multiplication. In this model, each output element is computed as the dot
product between a row of matrix (A) and a column of matrix (B). This organization
maps well to hardware, since multiple products can be computed in parallel and ac-
cumulated through reduction trees or deeply pipelined fused multiply-accumulate
datapaths [3, 4]. To sustain high utilization, operand tiles are staged close to the
compute units, typically through a combination of shared memory and register-file
fragments. Shared memory is commonly used to stage reusable matrix tiles from
global memory, while the register file provides the immediate operands consumed
by MMA instructions [25, 26].

Since their introduction, Tensor Cores have evolved significantly across GPU
generations. Volta introduced FP16 Tensor Cores with FP32 accumulation, enabling
large speedups for mixed-precision training [1, 2]. Turing extended Tensor Core
support to additional low-precision formats, such as INT8 and INT4, making the
units more suitable for inference workloads. Ampere introduced TF32, allowing
many FP32 workloads to benefit from Tensor Core acceleration with minimal soft-
ware changes, and also added support for structured sparsity, where sparse Tensor
Cores can provide up to 2x higher throughput when the required sparsity pattern
is satisfied [7].

Hopper further expanded the role of Tensor Cores by adding FP8 support and
the Transformer Engine, targeting the training and inference of large Transformer-
based models. It also introduced new mechanisms for improving data movement,
such as the Tensor Memory Accelerator (TMA), and expanded MMA execution be-
yond the traditional warp-level model through warp-group MMA instructions [14,
27, 28]. These features reflect a broader trend toward decoupling data movement
from computation and increasing the granularity of tensor operations to improve

utilization.
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More recent NVIDIA architectures, such as Blackwell, continue this trend by
increasing Tensor Core throughput and supporting even lower-precision formats,
including FP4 variants for Al inference [15]. This progression shows that Tensor
Cores have evolved from fixed-function mixed-precision matrix units into sophisti-
cated tensor-processing pipelines tightly coupled with the GPU memory hierarchy.

Overall, Tensor Cores are now central to GPU performance for Al and HPC
workloads. Their efficiency, however, depends not only on raw arithmetic through-
put, but also on how effectively operands are delivered, reused, and accumulated.
As Tensor Core compute capability increases, data movement through the regis-
ter file and memory hierarchy becomes an increasingly important bottleneck. This
motivates architectural techniques that reduce operand traffic, improve reuse, and

exploit additional workload properties such as sparsity.

3.5 Outer-Product Matrix Multiplication

Setl
Set 2

[ .

D2

«7

C
00/))
“%
%

FIGURE 3.1: Outer-product matrix multiplication. Each step multi-
plies one column of A with one row of B, producing a rank-1 partial
output tile that is accumulated into the output matrix.

As discussed previously, conventional Tensor Core architectures are typically
designed around the inner-product formulation of matrix multiplication. In this
model, each output element is computed independently as the dot product between
one row of matrix A and one column of matrix B. This organization is well suited
for dense matrix multiplication, since each output accumulator can remain local to
the datapath until the corresponding dot product is completed.

An alternative formulation is the outer-product approach. In outer-product ma-

trix multiplication, computation proceeds along the reduction dimension K. A basic



3.5. Outer-Product Matrix Multiplication 37

step in this method computes the cross-product between one column of matrix A
and the corresponding row of matrix B. If the output tile has dimensions M x N,

this operation can be expressed as
(M,N) = (M,1) x (L, N),

where a column vector of A with M elements is multiplied by a row vector of B
with NV elements, producing a rank-1 partial output matrix. This partial matrix is

then accumulated into the output tile:

K-1
D=C+> AyBy.

k=0

Thus, instead of computing one output element at a time, each step contributes to
many elements of the output tile.

Figure 3.1 illustrates this process. The initial output tile C, often corresponding
to a bias or previously accumulated value, is updated through a sequence of partial
products. Each partial product is generated from a column vector of A and a row
vector of B, and the resulting rank-1 matrix is accumulated into the output tile D.
After all K-dimension steps have been processed, the final output tile is produced.

The main advantage of the outer-product formulation is its high input reuse.
Each loaded element from the selected column of A is reused across an entire row
of the partial output tile, while each loaded element from the selected row of B is
reused across an entire column. This makes the approach attractive when input
delivery is a bottleneck. However, this comes at the cost of more challenging out-
put accumulation. Since the output tile is updated incrementally over many steps,
partial sums must either be kept in an internal accumulation buffer or repeatedly
read and written, increasing pressure on the accumulation storage.

This behavior contrasts with the inner-product formulation commonly used in
Tensor Cores. Inner-product execution favors output reuse: each accumulator is
updated locally until its dot product is complete, reducing the need to repeatedly
access the output tile. However, the input operands A and B are typically reused
over a smaller scope. In summary, inner-product matrix multiplication favors local
accumulation and output reuse, while outer-product matrix multiplication favors
input reuse and as will be explained exposes more opportunities for skipping com-

putation when sparse input operands are present.
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3.6 Sparsity in GEMM Workloads

A common property of many GEMM workloads is sparsity, i.e., the presence of zero-
valued elements in one or both input matrices. Sparsity is particularly important
because any scalar multiplication involving a zero operand produces a zero result.
Therefore, if the hardware can identify such cases early, the corresponding multi-
plication can be skipped, reducing both computation and energy consumption.

In AI workloads, sparsity mainly arises from two sources. The first is weight
sparsity, which is commonly introduced through pruning [16]. During pruning,
weights considered less important for the model output are removed or set to zero,
reducing the number of parameters and potentially improving generalization by
limiting overfitting. The second is activation sparsity, which appears dynamically
during execution. A typical example is the Rectified Linear Unit (ReLU), one of the
most widely used activation functions in deep neural networks [17, 29, 30, 31]. ReLU
preserves positive inputs and maps negative inputs to zero, thereby introducing ze-
ros in the activation matrices that are forwarded to subsequent layers. Sparsity
is also common in HPC workloads, where it often originates from the structure of
the underlying problem. For example, graph algorithms frequently operate on adja-
cency matrices, which are usually highly sparse because most vertices are connected
to only a small subset of the graph.

Sparsity can be broadly classified as either structured or unstructured. In unstruc-
tured sparsity, zeros may appear at arbitrary positions, without a regular pattern.
This form is the most general and can preserve accuracy, since pruning is not con-
strained by a predefined structure. However, it is also harder to exploit efficiently
in hardware because the positions of the nonzero elements are irregular. Structured
sparsity, in contrast, imposes a pattern on the locations of zeros and nonzeros, mak-
ing the sparse representation easier to decode and execute.

Several structured sparsity patterns are commonly used:

« Row-wise sparsity: Entire rows of a matrix are zero, while the remaining
rows are dense. If the zero rows follow a regular pattern, the sparsity is struc-

tured; otherwise, it is row-wise but irregular.

+ Block-wise sparsity: The matrix is divided into fixed-size blocks, and each
block is either entirely zero or contains nonzero values. This representation
reduces metadata overhead and is attractive when zeros appear in coarse-

grained regions.

« M : N sparsity: In M : N sparsity, each group of N consecutive elements
contains at most M nonzero values. NVIDIA’s 2:4 sparsity is a well-known
example, where two out of every four elements are nonzero [7, 6]. Such for-

mats are hardware-friendly because they provide a bounded and predictable
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number of nonzeros per group, but they require metadata to indicate the po-

sitions of the surviving elements.

Structured sparsity simplifies hardware design, but it also limits the amount
and type of sparsity that can be exploited. For example, NVIDIA’s 2:4 sparsity
can exploit exactly 50% sparsity in the compressed operand. If the matrix contains
more zeros, the additional sparsity cannot directly translate into further speedup.
Conversely, if the matrix does not naturally satisfy the required pattern, additional
pruning or retraining may be needed to enforce it. This can reduce model accuracy,
since some weights may be forced to zero even if they are not negligible. As a re-
sult, structured sparsity offers an efficient but restricted trade-off between hardware
simplicity, performance, and accuracy.

Most existing sparse Tensor Core approaches exploit either dense x structured-
sparse multiplication or, less commonly, structured-sparse X structured-sparse mul-
tiplication [18, 6]. This limits both the achievable speedup and the range of sparsity
patterns that can be used. Ideally, a sparse Tensor Core should be able to exploit un-
structured sparsity in both operands, skipping all ineffectual multiplications while
keeping area and energy overheads low [8, 9].

To execute sparse matrices, the compressed values must be accompanied by
metadata that describes their original positions. Several sparse encodings are com-

monly used:

« COO (Coordinate format): Each nonzero value is stored together with its
row and column indices. This format is simple and flexible, but it requires
significant metadata storage and multiple metadata accesses per nonzero el-

ement.

+ CSR (Compressed Sparse Row): CSR stores nonzero values row by row,
together with column indices and a row-pointer array that indicates where
each row begins. It is widely used for very sparse matrices and provides com-
pact storage when the number of nonzeros is extremely small compared to
the dense matrix size. However, accessing the position of a nonzero element

requires dependent metadata accesses, which can limit parallelism.

« Bitmap encoding: Bitmap encoding uses one bit per matrix element to indi-
cate whether the corresponding value is zero or nonzero. A bit value of zero
denotes a zero element, while a bit value of one denotes that the element is
present in the compressed value array. This format is simple to decode and

requires only one metadata stream.

In this work, bitmap encoding is selected for the sparse matrix representation.
Among the available sparse formats, bitmap and CSR are two of the most com-

monly used alternatives. CSR can provide lower metadata overhead for extremely
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sparse matrices, since it stores information only for nonzero elements. However,
recovering the original position of a value in CSR requires accessing two separate
metadata structures: the row-pointer array and the column-index array. This intro-
duces additional memory requests and load-to-load dependencies, which can limit
parallelism and complicate hardware decoding.

Bitmap encoding, in contrast, requires only one metadata stream. Each bit di-
rectly indicates whether the corresponding dense matrix position contains a nonzero
value, making the format simple to decode and well suited for parallel hardware pro-
cessing. Although the bitmap size is fixed with respect to the dense tile size, this
overhead is acceptable for the sparsity levels commonly targeted in sparse neural
networks and several HPC workloads. CSR becomes more attractive only at ex-
tremely high sparsity levels, where the number of nonzero values is very small. For
the sparsity range considered in this thesis, typically up to approximately 95%-—
99%, bitmap encoding provides a practical balance between metadata storage, de-

coding simplicity, reduced memory dependencies, and hardware parallelism.

3.7 Vortex: An RTL-Level RISC-V GPGPU
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F1cuUre 3.2: High-level Vortex micro-architecture

Vortex is an open-source, research-oriented GPGPU architecture based on the
RISC-V ISA [19]. It is fully implemented in synthesizable Verilog, enabling both
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cycle-level RTL simulation and FPGA-based prototyping. This makes Vortex par-
ticularly suitable for architectural research, since new mechanisms can be imple-
mented directly in hardware description language and evaluated under realistic
pipeline, memory, and resource constraints.

Figure 3.2 shows the high-level organization of the Vortex architecture. At the
processor level, Vortex is organized hierarchically into clusters, sockets, and cores,
connected through a cache hierarchy that includes private and shared cache levels.
Each core follows a SIMT execution model, where warps are scheduled and executed
through a pipelined datapath consisting of scheduling, fetch, decode, issue, execute,
and commit stages. The execute stage includes multiple functional units, such as
the ALU, FPU, Load-Store Unit (LSU), and Special Function Unit (SFU), while the
issue stage manages register-file accesses, scoreboarding, and instruction buffering.

Vortex also provides several architectural features that make it suitable for study-
ing modern GPU workloads. Each core includes a register file for per-thread operands
and intermediate values, as well as shared memory (mentioned as local memory in
the terminology adopted by Vortex) that can be used for low-latency data staging
and inter-thread cooperation. In addition, Vortex includes a general-purpose DMA
mechanism for moving data without relying solely on scalar load/store instructions.
Such asynchronous transfers are coordinated through transactional barriers, which
allow software to detect when a DMA transaction has completed and safely con-
tinue execution. These mechanisms are particularly important for tiled GEMM ker-
nels, where overlapping data movement and computation is essential for high per-
formance.

The modular design of Vortex also allows custom accelerators to be integrated
as additional execution units inside the core pipeline. In recent versions, Vortex
has been extended with a Tensor Core unit for accelerating tiled matrix multiply-
accumulate operations. This baseline Tensor Core resembles early NVIDIA-style
Tensor Core designs, where operands are staged through the register file before ex-
ecution. Moreover, structured sparse execution support, inspired by NVIDIA’s 2:4
sparsity mechanism, has also been incorporated, providing both dense and struc-
tured sparse Tensor Core modes.

For these reasons, Vortex provides an appropriate platform for this thesis. It
combines an open RTL implementation, a GPU-like SIMT execution model, shared-
memory and DMA support, transactional synchronization mechanisms, and an ex-
tensible Tensor Core architecture. This enables the proposed sparse Tensor Core
modifications to be developed and evaluated within a realistic GPU microarchitec-

ture rather than in isolation.
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3.8 Vortex Tensor Core Unit (TCU)

3.8.1 Operation of the Vortex TCU
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FIGURE 3.3: Register-level fragmentation of Vortex Tensor Core warp

tiles for a 4-thread configuration. Matrix tiles are distributed across

thread registers, and registers with the same index form the blocks
consumed by individual TCU micro-operations.

As part of the effort to keep Vortex a competitive and extensible open-source
GPU research platform, a Tensor Core Unit (TCU) has been integrated into the ar-
chitecture and is continuously optimized. The Vortex TCU is designed to accelerate
tiled matrix multiply—accumulate operations and follows a programming and ex-
ecution model similar to modern NVIDIA Tensor Cores. In particular, the current
implementation resembles the warp-level execution model of recent NVIDIA archi-
tectures, where all threads of a warp cooperate to execute a single matrix operation.

The baseline Vortex TCU follows a register-file-based dataflow. Matrix frag-
ments are first loaded from memory into the registers of the participating threads.
The TCU then consumes these register-resident fragments, performs the matrix
multiply-accumulate operation, and writes the resulting fragments back to the reg-

ister file. Therefore, the general data path is
MEM — RF — TCU — RF -+ MEM

where (MEM) may refer either to global memory or shared memory. Recent Vor-
tex optimizations also include a DMA-like mechanism, called DXA, which enables

asynchronous data movement from global memory to shared memory. This reduces
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data-fetch latency and allows tiled kernels to stage operands more efficiently before
they are loaded into registers.

The Vortex TCU supports several numerical formats used in machine learning
workloads, including FP32, FP16, BF16, TF32, FP8, BF8, NVFP4, and INT8. This
datatype flexibility allows the same unit to target different execution scenarios,
ranging from high-accuracy training to low-precision inference. To expose Tensor
Core functionality to software, Vortex extends the baseline RISC-V ISA with cus-
tom matrix instructions. The three main instructions are load_matrix_sync,

mma_sync, and store_matrix_sync.

load _matrix sync Theload_matrix_sync instruction synchronously
loads matrix tiles from memory into the register file. In the RISC-V architecture,
each thread has 32 general-purpose registers. In the Vortex Tensor Core program-
ming model, a subset of these registers is reserved for matrix fragments: eight reg-
isters for matrix A, eight registers for matrix B, and eight registers for matrix C'
Consequently, a warp collectively stores the fragments of the input and output tiles
across the registers of its participating threads.

This instruction is responsible for mapping the elements of a warp-level matrix
tile to the correct registers of each thread. Figure 3.3 illustrates this fragmentation
for a 4-thread warp configuration. Each cell corresponds to a register entry and
contains both the register index and the thread identifier that owns it. Cells with
the same color correspond to registers with the same index across different threads
and form a block. The layout is not arbitrary: it is chosen so that later mma_sync
instructions can select matching blocks of A, B, and C using register indices. It
is also worth noting that, for some warp-size configurations, such as 4-thread and
16-thread warps, the B tile does not fully utilize all eight allocated registers, which
affects the block scheduling of the Tensor Core operation.

mma_sync The mma_sync instruction invokes the Tensor Core using matrix
fragments that have already been loaded into the register file. Conceptually, the
operation performed is

C=AxB+C

However, a single RISC-V instruction can reference only a limited number of reg-
isters: source registers for the operands and a destination register for the result.
Therefore, each issued mma_sync instruction can operate only on one selected
register block from each matrix fragment. Since each thread holds multiple regis-
ters per matrix, the full warp-level matrix multiplication cannot be completed with
a single hardware invocation. Instead, it must be decomposed into multiple smaller

block operations.
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For example, an instruction of the form
mma_sync R16, RO, R8, R16

uses registers (R0), (R8), and (R16) as the selected fragments of A, B, and C, respec-
tively, and writes the updated result back to (R16). With the register layout shown
in Figure 3.3, this corresponds to a block-level operation on submatrices of the full
warp tile. For a 4-thread warp configuration, the complete output tile requires 16
such block multiplications. Therefore, the high-level mma_ sync instruction is de-
composed into multiple internal micro-operations.

To support this behavior, Vortex includes a sequencer at the head of the instruc-
tion buffer. When an mma_ sync instruction reaches the sequencer, it is expanded
into a sequence of micro-operations, each targeting different register indices. Each
micro-operation invokes the TCU on a specific block of the original warp-level tile

and performs the block computation:

Chiock = Ablock X Bhlock + Chiock

The number of generated micro-operations depends on the warp configuration and
tile mapping. For example, a 4-thread warp requires 16 micro-operations, while a
32-thread warp requires 32 micro-operations. Only after all micro-operations of the
current mma_ sync have been issued can the scoreboard allow the next instruction
from the same warp to proceed.

For each micro-operation, the TCU performs the block computation using its
internal multipliers, which are organized into Fused-Element Dot-Product (FEDP)
units. Each FEDP unit computes one element of the output block by forming the dot
product between one row of the selected A block and one column of the selected B
block. For instance, in the 4-thread warp configuration, the TCU contains four FEDP
units, matching the four elements of the output block. Each FEDP consumes the
corresponding operands from two registers of A and two registers of B, performs
the required multiplications and reduction, and produces one accumulated output

element.

store_matrix sync The store_matrix_sync instruction performs
the inverse operation of 1load_matrix_sync. It collects the output fragments
stored in the thread registers and writes the reconstructed C' tile back to memory.

This completes the register-file-based Tensor Core execution flow.
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Overall, the baseline Vortex TCU provides a realistic open-source implementa-
tion of a modern Tensor Core-style matrix engine. However, its reliance on register-
file staging means that all operands must pass through the register file before reach-
ing the TCU, and all results must return to the register file before being stored. This
data movement becomes a significant bottleneck for high-throughput GEMM exe-
cution and motivates the direct shared-memory access and sparse execution mech-

anisms developed in this thesis.

3.8.2 Limitations of the Vortex TCU

Although highly optimized for matrix-multiply-accumulate operations, the Vortex
Tensor Core Unit introduces several important limitations. First, the inner-product
MMA formulation inherently provides limited data reuse for the input operands A
and B. Since the computation is organized around relatively small fragments, each
operand element is reused fewer times compared to architectures that expose larger
output tiles or alternative dataflows. This limitation is further amplified by the fact
that the output tile, namely the C' tile, is constrained by the number of registers
that a warp can dedicate to storing partial results. Even in 32-thread configurations,
where the output tile reaches 16 x 16, the achievable reuse remains limited, reducing
the overall efficiency of the unit.

A second limitation stems from the way data are supplied to the TCU. As de-
scribed above, matrix fragments are first loaded into the register file before they
are consumed by the Tensor Core. This design simplifies the interface between the
warp execution pipeline and the TCU, but it also increases instruction overhead,
register-file pressure, power consumption, and latency. In practice, the warps that
invoke Tensor Core operations must allocate a large portion of their registers to
matrix fragments. As a result, any additional temporary values required by the
surrounding code increase the risk of register spilling, which can further degrade
performance.

Moreover, each mma_op instruction is internally decomposed into multiple
micro-operations. Depending on the configuration, a single instruction may gener-
ate 16 or 32 micro-ops, increasing traffic through the execution pipeline. This not
only raises power consumption, but also introduces additional cycle overhead, lim-
iting the benefit of the specialized hardware when the surrounding pipeline cannot
supply or retire operations efficiently.

Another important constraint is that the three newly introduced Tensor Core
instructions are synchronous. Once a warp invokes one of these instructions, it
cannot proceed with independent work while the operation is being carried out.

This prevents useful overlap between Tensor Core execution and other instructions
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within the same warp, reducing the opportunities for latency hiding and making
performance more dependent on warp-level scheduling.

The load and store instructions also introduce non-negligible overhead. In order
to map matrix tiles to per-thread register fragments, complex indexing operations
must be performed. In many cases, this indexing overhead can become comparable
to, or even larger than, the cost of the actual data movement. Consequently, even
when matrix tiles are preloaded into shared memory, the observed speedup may
remain limited, because each thread still has to compute the precise location of the
data that should be loaded into each register. This behavior contributes to the low
utilization of the TCU observed in further analysis.

Finally, the recent introduction of 2:4 structured sparsity support in the Vor-
tex TCU, closely resembling NVIDIA’s sparsity mechanism, introduces additional
constraints. As discussed earlier, this form of sparsity can only exploit a fixed spar-
sity pattern and therefore cannot take advantage of arbitrary sparse matrices. Fur-
thermore, enforcing the required 2:4 structure may lead to accuracy degradation,
depending on the model and pruning strategy. Thus, while sparse Tensor Core ex-
ecution can theoretically improve throughput, its practical benefits are limited by

both structural restrictions and possible numerical-quality trade-offs.

3.9 Overview of DSTC: Dual-Side Sparse Tensor Core
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FIGURE 3.4: Bitmap-based outer-product sparse GEMM. Nonzero el-

ements from a column of A and a row of B are multiplied to produce

sparse partial output matrices, which are accumulated into the out-
put tile.

The sparse Tensor Core mechanism developed in this thesis is inspired by the
Dual-Side Sparse Tensor Core (DSTC) architecture and its extended work, DSTC:
Dual-Side Sparse Tensor Core for DNNs Acceleration on Modern GPU Architectures [9].
DSTC targets the acceleration of sparse GEMM and convolution by exploiting spar-
sity in both input operands, instead of only considering sparsity in the weight ma-

trix. This is an important distinction from conventional sparse Tensor Core designs,
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which typically assume one sparse operand and one dense operand. In DNN work-
loads, however, both weights and activations may contain a significant number of
zeros, making dual-side sparsity an important opportunity for further acceleration.

The main idea of DSTC is to combine an outer-product computation primitive
with bitmap-based sparse encoding. Conventional Tensor Cores, including NVIDIA
Tensor Cores and the baseline Vortex TCU, are generally designed around the inner-
product formulation of matrix multiplication. In that case, each output element is
computed as the dot product between one row of matrix A and one column of ma-
trix B. While this approach is efficient for dense GEMM, it becomes more challeng-
ing for dual-side sparse execution, because the hardware must dynamically match
nonzero elements from two sparse vectors before performing the multiplications.
This matching operation, often referred to as sparse inner-join, introduces irregu-
larity and additional hardware overhead.

DSTC avoids this problem by adopting an outer-product formulation. At each
step, the Tensor Core multiplies one column vector of matrix A with the corre-
sponding row vector of matrix B. The result is a partial (M x N) matrix that must
be accumulated with the current output tile. Repeating this process across the K
dimension produces the final output. As shown in Figure 3.4, the initial C' tile is up-
dated by a sequence of partial matrices (D1, Dy, D3, . ..), each produced from one
column of A and one row of B.

The FEDP units used in dot-product Tensor Core architectures are replaced by
Fused-Element Outer-Product (FEOP) units, following the outer-product computa-
tion model. Each FEOP unit receives one element from A and n elements from B,
producing (1 x n) partial products in a single step. Consequently, an (m X n) output
region can be generated by operating m FEOP units in parallel, each corresponding
to one selected element of A.

This formulation is particularly suitable for unstructured sparsity. If the se-
lected column of A and row of B contain zeros, the nonzero elements can first be
compacted into shorter dense vectors. The Tensor Core can then perform a dense
outer-product over these compacted vectors, instead of executing multiplications
involving zeros. In other words, the challenge is moved from dynamically matching
nonzero pairs, as in sparse inner-product execution, to computing the cross-product
of the remaining nonzero elements and recovering their original output positions.
Since every nonzero element in the selected column of A must be multiplied with
every nonzero element in the corresponding row of B, the multiplication itself be-
comes regular after compaction.

DSTC represents each sparse input tile using a bitmap and a value array. The

bitmap stores the original sparsity pattern, where a bit value of one denotes a
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nonzero element and a bit value of zero denotes a zero element. The value ar-
ray stores only the nonzero elements. To match the outer-product dataflow, values
of matrix A are arranged in column-major order, while values of matrix B are ar-
ranged in row-major order. This layout allows the hardware to fetch the compacted
column and row vectors required for each outer-product step.

The DSTC algorithm can be described through three main operations. First,
the multiply-value operation computes the outer-product between the compacted
nonzero values of A and B. Second, the input bitmaps are processed to derive the
original coordinates of the generated partial sums. This step is necessary because,
after compaction, the values are dense in the compressed representation but still
correspond to irregular positions in the original output tile. Third, the merge oper-
ation uses the generated addresses to accumulate the partial sums into the correct
entries of the output tile.

The main trade-off of the outer-product approach is related to output accu-
mulation. Outer-product execution increases the reuse of input operands, since
each nonzero element of A is reused across multiple elements of B, and vice versa.
However, the output tile is updated incrementally across many outer-product steps.
Therefore, partial sums must be stored and repeatedly updated until all K -dimension
contributions have been processed. To support this efficiently, DSTC introduces an
internal accumulation buffer inside the Tensor Core. This buffer holds the partial
output tile locally, avoiding frequent accesses to the register file or shared memory
during accumulation.

In the design considered in this thesis, the accumulation buffer has the same
logical dimensions as the output tile, namely (32 x 32). Each entry of the buffer
corresponds to one element of the output tile being computed. Since a complete
outer-product step over a (32 x 32) output tile would require 32 x 32(= 1024)
scalar multiplications, the computation cannot be performed in a single cycle with
a realistic number of multipliers. Instead, processing is divided into smaller hard-
ware steps. At each step, a subset of the compacted column of A and a subset of the
compacted row of B are fed into the outer-product datapath, producing a smaller
block of partial sums. The Tensor Core sweeps across the output tile in both dimen-
sions until the full outer-product contribution has been generated and accumulated.

The performance opportunity of DSTC comes from compacting the nonzero
elements of the selected column of A toward the top and the nonzero elements
of the selected row of B toward the left, as illustrated in Figure 3.5(a). After this
compaction, the useful values are packed into shorter dense vectors, while the zero
elements are effectively removed from the computation stream. As a result, several
outer-product steps may correspond entirely to zero operands and can therefore

be skipped, as shown in Figure 3.5(b). Skipping these zero-only steps reduces not
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FIGURE 3.5: Sparse outer-product execution in DSTC. (a) Outer-

product multiplication when both input operands are sparse. (b)

Compaction of the nonzero elements of the A column and B row

enables zero-only computation steps to be skipped. (c) Bitmap meta-

data records the original positions of the nonzero elements in each
input vector.

only the number of arithmetic operations, but also the amount of data that must be
transported through the Tensor Core datapath.

It is worth noting that, in the sparse representation, matrix tiles are compressed
in memory before being consumed by the TCU, rather than being compressed online
inside the unit. This preprocessing introduces an additional computational over-
head, since the nonzero values must be compacted and the corresponding bitmap
metadata must be generated. However, once this representation is available, the ex-
ecuting warps transfer fewer values, reducing both memory traffic and register-file
pressure.

To support this mechanism, DSTC stores each sparse operand in compressed
form. Only the nonzero values are kept in the value array, while a bitmap is used as
metadata to record their original positions in the uncompressed tile. This extraction
of zeros reduces the memory footprint of the workload and correspondingly lowers
the number of memory transactions required to fetch the operands. As shown in
Figure 3.5(c), the bitmap uses one bit per matrix element: a bit value of one denotes
that the corresponding element is nonzero and therefore present in the compressed
value array, while a bit value of zero denotes a zero element that has been omit-
ted. This bitmap-based representation is particularly attractive for tile-level spar-
sity because it has relatively low metadata overhead and allows the hardware to
reconstruct the original coordinates of the compressed operands efficiently.

Based on this representation, the original DSTC mechanism supports two ex-
ecution modes. In dense mode, both operands are treated as uncompressed. No
bitmap loading or sparse preprocessing is required, and all outer-product steps are
executed in the conventional manner. In sparse mode, both operands are stored in
compressed form, and the Tensor Core uses the corresponding bitmaps to determine

the true addresses. In this way, the execution can skip zero-only steps and operate
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only on the compacted nonzero vectors, while the bitmap metadata preserves the
information needed for correct placement and accumulation of the partial results.
In the DSTC design, the decision to skip sparse outer-product steps is exposed to
the software instruction stream rather than being handled entirely by an internal
hardware controller. A warp-level sparse matrix operation is lowered into a se-
quence of outer-product Tensor Core instructions, referred to as OHMMA instruc-
tions, which act as outer-product counterparts to conventional NVIDIA HMMA in-
structions. Each OHMMA instruction triggers the execution of a step on the TCU.
Sparse acceleration is achieved by conditionally suppressing OHMMA instructions
whose corresponding compacted operand regions contain no useful work. This is
implemented through predication: the bitmaps of A, and B, are analyzed using
population-count operations, and the resulting predicate values determine which
OHMMA instructions are issued to the Tensor Core and which are bypassed. Con-
sequently, the execution schedule is partly managed by software, requiring repeated

instruction-level coordination to drive the sparse computation.

Bitmap Address Bitmap Address Bitmap Address Bitmap Address
0 0 0 0 0 0 1 1
1 1 4-way 0 0 0 0 1 3

sorter

0 2 (down) 1 1 0 0 1 6

1 g 1 3 4-to-8 0 0 1 9
.................... shifter

0 4 1 6 (down) 0 0 1 1

0 5 4-way 0 0 1 1 1 12
—> sorter —>

1 6 (up) 0 0 1 3 1 13

0 7 0 0 1 6 8-to-16 1 15
........................................ Shiftel'

0 8 0 0 1 9 (up) 0 0

1 9 4-way 0 0 1 11 0 0
—>» sorter —>

0 10 (down) 1 9 1 12 0 0

1 11 1 11 4-t0-8 1 13 0 0
.................... shifter

1 12 1 12 (up) 1 15 0 0

1 13 4-way 1 13 0 0 0 0
—> sorter —>

0 14 (up) 1 15 0 0 0 0

1 15 0 0 0 0 0 0

FiGUrE 3.6: Simplified Tile Index Aligner (TTA) example. The TIA

extracts the addresses of nonzero elements from bitmap metadata. At

each stage, a shifter handles twice as many elements as the previous

stage; therefore, for 32-bit inputs, one additional layer is required
beyond the ones shown.

After multiplication, the compressed partial sums must be accumulated at their
original locations in the accumulation buffer. This requires translating the com-
pressed output indices back to their coordinates in the dense output tile. To perform
this translation, the design uses the bitmap metadata together with the Tile Index
Aligner (TIA), a simplified example of which is shown in Figure 3.6.
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The TIA is a hardware unit inside the TCU that generates aligned indices for
sparse accumulation by exploiting the shift-invariant structure of the outer-product
sparsity pattern. It receives a 32-bit bitmap and processes it through a hierarchical
sorting network. The bitmap is first divided into eight 4-bit groups, each handled
by a 4-way sorter. Each sorter extracts the set bits and preserves their original
addresses. The following stages progressively merge larger groups, with each stage
processing twice as many bits as the previous one, until the final ordered list of
nonzero addresses is produced. Figure 3.6 illustrates the same process for a 16-bit
bitmap for simplicity.

Once the original addresses have been extracted, they are forwarded to the ac-
cumulation buffer together with the corresponding partial products, allowing the
output tile to be updated at the correct locations. The accumulation process follows
a gather-accumulate-scatter pattern. First, the current values corresponding to the
generated output addresses are gathered from the accumulation buffer. Then, the
newly generated partial sums are added to these values. Finally, the updated results
are scattered back to their original positions. Although the accumulation buffer
contains 32 X 32 entries, at most N new partial sums can be produced per cycle.
Therefore, the buffer is organized into N banks, allowing multiple updates to pro-
ceed in parallel.

To support the irregular access pattern caused by unstructured sparsity, a cross-
bar is placed before the accumulation-buffer banks. The crossbar receives the multi-
plication outputs, i.e., the newly generated partial sums, and routes each one to the
appropriate bank according to the address generated by the TIA. This allows sparse
partial results to be accumulated in their correct dense output positions while still
enabling parallel updates across the banked accumulation buffer.

However, sparse execution introduces irregular output addresses, which can
lead to bank conflicts when multiple partial sums target the same accumulation-
buffer bank in the same cycle, as illustrated in Figure 3.7. These conflicts stall the
TCU pipeline and reduce the effective throughput of the sparse datapath. To miti-
gate this issue, DSTC introduces queues before the crossbar. These queues absorb
short-term imbalances in the generated addresses and smooth the access pattern
before requests are routed to the accumulation-buffer banks.

In this original design, the adders are placed before the crossbar, with one adder
associated with each queue. Each adder combines the generated partial sum with
the previously stored accumulator value, and the updated result is then forwarded
through the crossbar to be written back to the appropriate accumulation-buffer
bank. Once all elements have been processed and the queues have been drained,
the warp flushes the contents of the accumulation buffer into the register file and

commits, completing a full synchronous TCU operation.
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The results reported in the DSTC work indicate that this organization provides
significant speedup opportunities for sparse execution while incurring relatively

low hardware overhead.
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Chapter 4

Implementation Details

4.1 Introduction

This chapter presents the implementation and architectural details of the proposed
Outer-Product Tensor Core Unit (TCU-OP). The design introduces two main hard-
ware modifications for supporting sparse execution. First, it replaces the conven-
tional inner-product datapath with an outer-product organization, implemented
through the FEOP unit described in Section 4.2. Second, it introduces an accumu-
lation buffer, described in Section 4.3, to store and update the partial output tile
generated by the outer-product computation.

The implementation is not limited to the internal arithmetic datapath of the
Tensor Core. To make the new unit useful inside the Vortex GPU, the design also
modifies how Tensor Core operations are issued, tracked, synchronized, and sup-
plied with data.

Figure 4.1 summarizes this integration at the Vortex system level. The TCU-OP
is attached to the core execution path, but it also communicates directly with shared
memory and the asynchronous barrier infrastructure.

Section 4.4 presents the TCU control unit, which orchestrates the execution
flow and coordinates the interaction between the FEOP units and the accumulation
buffer. This unit extends both the DSTC proposal and the baseline Vortex TCU by
enabling direct memory accesses from the Tensor Core. Section 4.5 then discusses
the software kernel implementation used to expose the hardware capabilities and
maximize performance. Finally, Section 4.6 describes the ISA extensions required

to support the new unit, together with the supported input and output data types.

4.2 FEOP Unit Design

The proposed TCU-OP replaces the Fused-Element Dot-Product (FEDP) units of
the baseline inner-product architecture with Fused-Element Outer-Product (FEOP)

units. This change reflects the transition from dot-product execution, where each
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FIGURE 4.1: High-level integration of the proposed TCU-OP inside

the Vortex GPU. The highlighted components show the modified core

paths and the supporting memory and synchronization mechanisms
used by the proposed design.
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FIGURE 4.2: Example of FEOP-based outer-product step execution.

The accumulation buffer has dimensions 16 x 16, while each step

computes a 4 x 8 region. Therefore, each set requires eight steps in
total.

unit produces one reduced output element, to outer-product execution, where each
unit generates a vector of partial products.

The computation is organized into sets and steps. A set corresponds to one
selected column of A and one selected row of B, whose outer product contributes to
the output tile. Since the full outer product of these vectors is larger than the number
of multipliers available in the hardware, each set is decomposed into multiple steps.
Each step computes a fixed-size sub-region of the output tile and the complete set
is produced by iterating over all required steps.

For a step of size (m x n), the FEOP datapath generates an (m x n) grid of
products:

D[i][j] = A[i] x B[j].

These values are not final output elements. Instead, they are partial products that
must be accumulated with the previous contents of the corresponding positions in
the output tile.

The FEOP datapath is fully parameterizable through the m x n dimensions,
which define the size of each outer-product step. In the example of Figure 4.2, m
is set to 4 and n to 8, meaning that four FEOP units operate in parallel, each pro-
ducing 8 results. Each FEOP receives one element from the selected A block and

multiplies it with n elements from the selected B block, producing one row of the
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step output. Therefore, the FEOP units together generate a m x n region of the
accumulation buffer in one step. The remaining regions of the output tile are cov-
ered by subsequent steps. In this example, the accumulation buffer has dimensions
16 x 16. Therefore, each set is computed over two horizontal steps and four vertical,
resulting in a total of eight steps per set.

The choice of m and n directly affects both throughput and sparsity granular-
ity. Larger step dimensions increase the amount of work performed per cycle, but
reduce the opportunity to skip smaller sparse regions. For example, increasing m
means that each vertical step covers more elements of the selected A column, mak-
ing the exploitable sparsity granularity for A coarser. Similarly, increasing n makes
the sparsity granularity for B coarser. If the total number of multipliers is fixed,
increasing one dimension typically requires decreasing the other, creating a trade-
off between the sparsity granularity of the two operands. The parameterized FEOP
design makes this trade-off explicit and enables exploration of different step shapes.

Compared with the DSTC organization [9], our FEOP design removes the adders
shown inside the outer-product units. Since the FEOP does not compute a reduc-
tion, these adders are unnecessary in the multiplication datapath. The FEOP always
produces pure multiplication results, while all accumulation is handled by the ac-
cumulation buffer. This separation also clarifies the handling of the C' operand: the
accumulation buffer is initialized with the C' tile before partial products are accu-
mulated, so C' does not need to be injected into the FEOP datapath.

Finally, the FEOP supports multiple numerical formats, including integer and
floating-point operands at 8, 16, and 32 bits. Additional formats can be supported by
modifying the multiplier path while preserving the same outer-product structure.
Overall, the FEOP provides a simpler and more modular replacement for the FEDP

datapath, better matching the requirements of sparse outer-product execution.

4.3 TCU Accumulation Buffer Design

The accumulation buffer stores and updates the output tile produced by the outer-
product datapath. Unlike an inner-product Tensor Core, where each unit produces
a reduced output element, the FEOP units generate partial products that must be
accumulated across multiple sets. Therefore, the output tile remains locally resident
inside the TCU until all outer-product contributions have been processed.

The buffer is organized as an (M x N) storage structure, matching the dimen-
sions of the output tile. In each cycle, the TCU core may produce up to (m x n)
partial products, where m and n define the dimensions of one FEOP step. Each in-

coming value is accompanied by an output-tile address and a valid bit. The address
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selects the accumulator entry to be updated, while the valid bit indicates whether
the corresponding value participates in the accumulation.
In dense execution, the access pattern is regular. Each FEOP step updates a fixed

sub-region of the accumulation buffer, and the complete output tile is covered after

M x N
m Xn

STEPS =

steps. The dense address mapping is chosen so that all (m x n) values produced in
the same cycle target different banks, allowing conflict-free parallel accumulation.

To support this parallelism, the accumulation buffer is implemented as a banked
storage structure with (m x n) banks. Each bank stores a subset of the output-tile
entries. In the absence of conflicts, all FEOP outputs generated in one step can
therefore be accumulated in parallel.

Each update follows a gather-accumulate-scatter flow. First, the current value
is read from the target bank. Then, it is added to the generated partial product.
Finally, the updated value is written back to the same accumulator entry. Since each
FEOP output updates an independent position of the output tile, no reduction tree
is required; instead, the design uses one accumulator adder per bank-local update
path.

Sparse execution, however, makes the access pattern irregular. Because the
nonzero elements of the selected A column and B row are compacted before multi-
plication, FEOP outputs no longer map to consecutive positions in the dense output
tile. Their true locations are recovered from bitmap metadata through the Tile In-
dex Aligner. As a result, multiple valid partial products generated in the same cycle
may target the same accumulation-buffer bank. In this case, only one request can
be served immediately, while the remaining requests must wait.

To route partial products to their correct banks, a crossbar is placed between
the FEOP output queues and the accumulation-buffer banks, as shown in Figure 4.3.
Each queue stores a generated partial product together with its output address. The
crossbar uses the target bank implied by the address to forward each request to the
appropriate bank-local accumulation path.

The queues tolerate short-term bank conflicts. Without them, any conflict at the
crossbar would immediately stall the FEOP datapath, since the TCU could not accept
a new batch of partial products. With queues, temporary conflicts are absorbed
locally, allowing computation to continue as long as queue space remains available.
The TCU stalls only when back-pressure propagates because one or more queues
become full. Thus, queue depth creates a direct trade-off between performance and
hardware cost: deeper queues hide more irregularity, but increase area and storage

overhead.
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FIGURE 4.3: Organization of the TCU accumulation buffer. FEOP out-

puts and their corresponding addresses are first stored in queues. The

crossbar routes each valid partial product to the appropriate accumu-
lator bank, where a bank-local adder updates the stored value.
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A key difference from the DSTC-style accumulator organization is the place-
ment of the adders relative to the crossbar. In our design, the crossbar is placed
before the adders, so each adder is associated with a specific accumulation-buffer
bank rather than with a specific FEOP output (figure 4.3). Thus, each incoming
partial product is routed once to the correct bank-local accumulation path. After
the addition, the updated value is written back directly to the same bank without
passing through the crossbar again. This reduces crossbar traffic and simplifies the
write-back path.

The crossbar remains one of the main hardware costs of the accumulation buffer.
While high-level models often treat routing as an abstract operation, the RTL imple-
mentation exposes its hardware complexity. Its area, delay, and wiring complexity
increase rapidly with the number of inputs and outputs. Consequently, the choice of
(m x n), which determines the number of crossbar inputs, is an important microar-
chitectural parameter. Larger steps increase instantaneous compute throughput,
but also require more crossbar connections as well as multipliers, adders, queues
and banks. For this reason, the accumulation-buffer organization must be tuned
together with the FEOP step dimensions.

In this work, the accumulation buffer stores a (32 x 32) output tile with 32-bit ac-
cumulation entries, resulting in a total capacity of (4 KB). This tile size matches the
original DSTC design since it improves input operand reuse while keeping the buffer
size practical. Given that the baseline Vortex TCU is substantially memory-bound,
the selected FEOP configuration incorporates 32 multipliers, producing 32 partial
products per cycle, 4 tiles less than the baseline Vortex TCU. This is a necessary
trade-off where we have saved area and power consumption while the throughput

displays a negligible change. Therefore, a complete dense set requires

32x32
32

32

steps. This choice reduces the amount of compute hardware compared to the base-
line 32-thread Vortex TCU, while preserving high performance for the memory-
bound GEMM workloads.

Figure 4.4 illustrates step skipping for Set 1. In this example, the selected row
of B is partitioned into four horizontal regions, so sparsity in B can be exploited at
a granularity of 25%. Similarly, the selected column of A is partitioned into eight
vertical regions, allowing sparsity in A to be exploited at a granularity of 12.5%.
After compaction, only the highlighted region contains useful nonzero work for
this set; therefore, the corresponding steps are executed, while the remaining zero-

only steps are skipped.
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FIGURE 4.4: Example of step skipping for Set 1. The selected row

of B is divided into four horizontal regions, corresponding to 25%

sparsity granularity, while the selected column of A is divided into

eight vertical regions, corresponding to 12.5% sparsity granularity.

Only the highlighted steps contain useful nonzero work and must be
executed.

4.4 TCU Core Design

TCU Core Control and Operand Dispatch

AB Addresses of
Bitmaps,_| TIA results in the step Source values
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Values .| FEOPs , [Queues} ,| Crossbar } Adders

FIGURE 4.5: High-level computation pipeline of TCU-OP

Accumulator
> banks

The TCU core is the central control unit of the proposed outer-product Tensor
Core. It coordinates the execution of the FEOP datapath, manages the movement of
operands, and forwards the generated partial products to the accumulation buffer.
Its main role is to receive tiles of A, B, C' and bitmaps, select the operands required
for the current outer-product step, dispatch them to the FEOP units, and provide

the resulting partial products with their corresponding output addresses. Figure 4.5
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illustrates the high-level computation pipeline of TCU-OP, from bitmap decoding
and FEOP multiplication to crossbar routing and bank-local accumulation.

Before the outer-product computation begins, the TCU initializes the accumula-
tion buffer by loading the output tile C' that corresponds to the current computation.
This initialization both overwrites any residual values from a previous TCU invo-
cation and establishes the bias values onto which the FEOP partial products will
be accumulated. Once all entries of C' have been loaded into the accumulator, the
TCU proceeds to process the A and B tiles. After all partial products along the K
dimension have been accumulated, the TCU enters a flushing phase, in which the
final output tile is drained from the accumulator and written back to memory.

To control the computation, the TCU core maintains internal counters for the
current set and step. A set corresponds to one column of A and one row of B, while
a step corresponds to a sub-region of the outer product produced by that set. These
counters determine which operands are selected from the input buffers and which
region of the output tile is updated at each cycle. The core also handles datapath
backpressure. If the accumulation buffer cannot accept new partial products be-
cause its queues are full, or if the required input operands have not yet arrived, the

TCU core stalls execution until the pipeline can safely proceed.

A Block

A Bitmap

@) (b)

FIGURE 4.6: Compressed representation of an A block and its inter-

pretation inside the TCU-OP. (a) Nonzero values are stored contigu-

ously in memory, accompanied by bitmap metadata that records their

original positions. (b) The TCU-OP uses the bitmap to recover the

logical column positions of the compressed values before dispatch-
ing them to the FEOP units.

For sparse execution, the TCU core supports the compressed sparse representa-

tion introduced by DSTC [9], where both input operands are stored as compacted
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nonzero values together with bitmap metadata. The bitmap records the original po-
sitions of the nonzero elements, allowing the hardware to recover their dense coor-
dinates after compression. Figure 4.6(a) shows an example of how the compressed
values of an A block and the corresponding bitmap are stored in memory. The
nonzero values are packed contiguously, while the bitmap preserves the original
locations of these values inside the dense tile. Figure 4.6(b) shows how the TCU-OP
interprets the same data when feeding the FEOP units: the compacted values are
expanded logically into their original column positions.

The core includes two Tile Index Aligner (TIA) modules, one for operand A and
one for operand B, following the principle introduced in DSTC. Each TIA processes
bitmap metadata and produces the dense positions of the compacted nonzero ele-
ments. The TIA associated with A generates row indices for the produced partial
products, while the TIA associated with B generates the corresponding column in-
dices. These indices are forwarded to the accumulation buffer together with the
FEOP partial products, allowing each value to update the correct location in the

output tile.

1 0 4-way 0 0 1 0
sorter
0 1 (down) 1 0 1 2

4-t0-8 1 3

shifter ~
1 3 1 3 1 6 4 non-zero

,,,,,,,,,,,,,,,,,,,,,,,,, (up) elements

' Half steps can be
4-wa
° ) sorte)r/ ' ® Merge 0 0 skipped
0 5 0 0 POPCNT: 0 0
(up) 3+1=4

FIGURE 4.7: Operation of the Tile Index Aligner (TTIA). In the simpli-

fied 8-bit example shown here, two sorter stages are sufficient; for the

actual 32-bit inputs used in the design, two additional shifter stages
are required.

In our design, the TIA is also used to derive the number of effective computation
steps that must be executed. This allows step selection to be controlled inside the
hardware, instead of relying on continuous software-level instruction predication
as in the original DSTC design. As illustrated in Figure 4.7, each 4-way sorter iden-
tifies the set bits within a 4-element bitmap segment and preserves their original
positions. The following shifter stages merge the compacted outputs of previous
stages, while the corresponding population counts are accumulated. The final out-
put therefore provides both the ordered nonzero positions and the total number of
nonzero elements.

Using the number of nonzero elements detected in the selected A column and

B row, the TCU core determines which outer-product steps contain useful work
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and which can be skipped. This is the main source of sparse compute acceleration:
after compaction, steps that contain only zero operands are not issued to the FEOP
units. Since the sparsity pattern is unstructured, the number of valid operands may
vary across sets and steps. The core therefore updates the A- and B-side offsets
dynamically, selecting the next compacted operands that must be processed. Once
the FEOP units generate their partial products, the TCU core forwards them to the
accumulation buffer together with the dense output addresses produced by the TIA

modules.

Additional Uncompressed x Compressed sparse execution mode

In addition to the uncompressed x uncompressed (dense x dense) and compressed
x compressed (sparse X sparse) modes, the proposed design introduces a third ex-
ecution mode: uncompressed x compressed. This mode targets the common DNN
scenario in which B represents static weights that can be compressed offline, while
A represents activations that may exhibit sparsity but are costly to preprocess in
software due to their dynamic nature. In this mode, B is fetched from memory in
compressed form alongside its bitmap metadata, while A is supplied uncompressed
and compressed on the fly inside the TCU. This eliminates software preprocessing
overhead for activations while still enabling the hardware to exploit runtime spar-
sity in A.

Overall, the TCU supports three execution modes. In uncompressed x uncom-
pressed mode, both operands are treated as dense and no sparse preprocessing is
required. In uncompressed x compressed mode, only B is stored in compressed
form, while A is compressed online within the TCU. In compressed x compressed
mode, both operands are provided pre-compressed, maximizing reductions in mem-
ory traffic and computational skipping at the cost of offline software preprocess-
ing. Together, these modes expose the trade-off between preprocessing overhead,
memory-bandwidth reduction, and computation skipping across a range of spar-
sity scenarios. In the evaluation, we directly quantify the speedup attributable to
reduced memory traffic when moving from an uncompressed to a compressed rep-

resentation of A.

Memory-Bound Behavior and Direct Memory Access

The baseline Vortex TCU follows a synchronous execution model in which all operands
are staged through the register file. As discussed in Chapter 3, each thread com-
putes the addresses of its assigned matrix fragments, loads the corresponding A, B,
and C' elements into registers, issues the MMA instruction, and receives the output

fragments back into the register file. This register-file-based dataflow introduces
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significant overhead. Operand loading is serialized through per-thread register ac-
cesses, and each participating thread must reserve a large number of registers to
hold its matrix fragments — 24 registers per thread in this case — both of which
degrade performance. Furthermore, the result tile must be written back to mem-
ory even when it will be reused in a subsequent iteration along the K dimension,
introducing unnecessary memory traffic.

This design also limits the output tile size. For a 32-thread warp, the baseline
TCU computes a 16 x 16 FP32 output tile, since the tile dimensions are constrained
by the number of registers available to the warp. This reduces input reuse com-
pared to larger tiles. In addition, each high-level MMA instruction is expanded into
multiple micro-operations; in the 32-thread configuration, one MMA instruction
generates 32 micro-operations. These micro-operations increase pipeline traffic,
occupy issue bandwidth, and contribute to power consumption [4, 5, 32, 33, 34]. As
a result, the baseline TCU execution is dominated by operand movement and in-
dexing calculations rather than arithmetic throughput, with measured Tensor Core
utilization below 5%. Under these conditions, adding sparse computation support
alone would provide limited benefit, since the primary bottleneck is data delivery
rather than the Tensor Core datapath.

To address this limitation, the proposed TCU-OP is directly connected to the
memory system and primarily consumes operands from shared memory. The design
follows the direction of recent GPU architectures, where Tensor Core execution is
increasingly decoupled from explicit register-file operand staging [35, 14, 27, 23].
In our implementation, the A, B, C' and bitmap data are first transferred to shared
memory by DXA, the DMA-like mechanism of Vortex. Consequently, threads are no
longer required to compute fine-grained element addresses and fill many registers
before invoking the Tensor Core. Instead, the TCU reads contiguous memory blocks
directly from shared memory, manages operand movement internally, and executes
asynchronously, decoupling the threads and the RF from the operand delivery.

Internally, the TCU can request and receive one memory block per cycle. Sep-
arate input buffers are used for A, B, and bitmap data, with two slots per buffer
to support internal double buffering between shared-memory responses and FEOP
consumption. This organization hides shared-memory response latency as long as
the next required block is available before the current one is consumed. Memory
requests are issued by a cyclic arbiter. The arbiter first prioritizes the C' blocks re-
quired for accumulation-buffer initialization and then requests A, B, and bitmap
blocks in the sparse case, whenever the corresponding buffer has free space.

This buffering policy is particularly important for unstructured sparsity. Since
the sparsity levels of A and B may differ significantly, the consumption rates of

their compressed values and metadata are not necessarily balanced. For example,
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one operand may be highly sparse while the other remains nearly dense. Therefore,
each stream must be requested independently according to tensor core consumption
rate, rather than assuming a fixed access pattern. Internal counters track the num-
ber of requested, received, and consumed blocks for each stream, ensuring correct
progress through the output tile.

When a C' block arrives, it is written directly into the accumulation buffer, elim-
inating the need for a separate C'-operand storage buffer. During computation, A,
B, and optionally bitmap blocks are retained only while they are needed by the TCU
core. After all sets of the current invocation have been processed, the accumulation
buffer is flushed according to the destination address provided by the instruction.
The result tile may be written either to shared memory or directly to global memory.
Writing to shared memory enables faster on-chip reuse, while direct global-memory
write-back avoids an additional shared-memory-to-global-memory transfer when
the result is final.

Barrier Handling

Since TCU-OP executes asynchronously, the warp that issues the operation is not
required to wait until the Tensor Core completes. This enables the warp, as well
as other warps, to continue executing independent instructions while the TCU pro-
cesses the output tile. However, asynchronous execution also introduces ordering
hazards. A dependent warp may read the output tile before the TCU has written the
final values, causing a read-after-write hazard, or another operation may overwrite
a memory region that is still being updated, causing a write-after-write hazard.

To ensure correctness, the TCU-OP is integrated with the transactional barrier
mechanism of Vortex. The kernel allocates a barrier object and passes its identi-
fier as part of the TCU instruction. When the instruction is issued, the TCU regis-
ters a pending transaction with the corresponding barrier, indicating that an asyn-
chronous operation is in progress. After the computation has completed and the
result tile has been written back, the TCU releases the transaction through a dedi-
cated connection to the barrier interface.

This mechanism follows an arrive-and-wait synchronization model. Warps may
continue executing independent work after launching the TCU operation and syn-
chronize only when they explicitly wait on the associated barrier. Therefore, the
barrier preserves the required ordering between asynchronous TCU execution and
dependent memory operations, without forcing the entire kernel to stall while the

Tensor Core is active.

The overall organization of the proposed Tensor Core, together with its connec-

tions to the rest of the GPU, is shown in Figure 4.8.
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FIGURE 4.8: Overview of the proposed TCU-OP architecture and its

connections to the GPU memory system. The core control logic man-

ages step and set execution, the request and response units orches-

trate shared-memory accesses for A, B, bitmap, and C' blocks, and

the FEOP feeder dispatches operands to the FEOP units. Partial prod-

ucts are accumulated in the accumulation buffer, while final results
are flushed back to memory during commit.

4.5 Kernel Design

The proposed architecture is designed as a HW / SW co-design. Although the TCU-
OP provides the hardware mechanisms required for direct memory access, asyn-
chronous execution, and sparse outer-product computation, these benefits can only
be fully exploited by an appropriately structured kernel. An inefficient software
schedule would expose memory latency, increase synchronization overhead, and
reduce the effective utilization of the Tensor Core.

The optimized kernel uses shared-memory double buffering to overlap three
phases of execution: metadata generation in software, DMA-based data movement,
and asynchronous TCU computation [25, 36]. As shown in Figure 4.9, the kernel
prepares the metadata required for the DMA and TCU invocations while data move-
ment and Tensor Core execution proceed concurrently. When the TCU processes
tiles stored in one half of shared memory, DMA transfers the next set of tiles into
the other half. This ping-pong organization allows the TCU to continue execution
with minimal interruption, provided that data movement remains sufficiently over-
lapped with computation.

This execution flow can be orchestrated by a single warp, which computes the
required metadata and launches the asynchronous DMA and TCU operations. The

remaining warps are then free to execute independent work. Moreover, because
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FIGURE 4.9: Kernel execution pipeline using shared-memory double
buffering. Kernel-side metadata generation, DMA data transfers, and
asynchronous TCU execution are overlapped.

Algorithm 1 Double-buffered TCU-OP kernel execution

gl W N =

R

10:
11:
12:

13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

24:
25:

Allocate two shared-memory buffers: buf [0] and buf [1]

Create DMA barriers: dma_barrier[0] and dma_barrier[1]

Create TCU barriers: tcu_barrier[0] and tcu_barrier[1]
curr_stage <0
next_stage <+ 0

procedure LAUNCHPENDINGMMA()
Wait on tcu_barrier[curr_stage]
Wait on dma_barrier[next_stage]
Issue TCU_OP using the metadata prepared for next_stage
curr_stage < next_stage
next_stage < next_stage d1
end procedure

for m = 0 to M — 1 do
for n = 0 to Nijes — 1 do
for k = 0 to Kijes — 1 do
if ~first iter then
LAUNCHPENDINGMMA()
end if
Issue DMA requests for buf [next_stage]
Calculate and store TCU_OP metadata for next_stage
end for
end for
end for

// Launch the final pending TCU operation
LAUNCHPENDINGMMA()
Wait on tcu_barrier[curr_stage]
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operands are no longer staged through the register file, the register footprint of
the Tensor Core invocation is significantly reduced. This avoids filling the register
file with matrix fragments and reduces the risk of register spilling or additional
register-file pressure. Algorithm 1 gives a high-level pseudo-code description of
the double-buffered kernel execution.

The kernel organization also changes how accumulation along the K dimension
is handled. Instead of repeatedly initializing and flushing the same output tile for
every K -tile, TCU-OP keeps the output tile resident inside the accumulation buffer
until the full K matrix dimension has been processed. The kernel traverses the M
and N output tiles in the outer loops, while the K dimension is processed in the
inner. As a result, initialization and flushing are performed only once per output
tile, whereas the amount of computation scales with K. This amortizes the fixed
overheads of accumulation-buffer initialization and write-back.

Decoupling the Tensor Core from warp register capacity also enables larger out-
put tiles. In this work, TCU-OP computes 32 x 32 output tiles, improving input
reuse compared to the smaller tiles supported by the register-file-based baseline.
Each loaded element of A contributes to more columns of B, and vice versa. Fig-
ure 4.10 illustrates this effect. With a smaller accumulator, the same input tiles must
be fetched multiple times to compute the output matrix. With a larger accumulator,
the computation can be reshaped so that the same tiles are fetched once and reused
for a larger number of multiplications.

Tile 5

Tile5 Tile6
Tile 6

Tile 7
Tile7 Tie8

Tilel Tie2

i Tile 4
Tile 3 ile Small
Accumulator

Tile 1

Tile 1
Tile 2
Tile 3
Tile 4

Large
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FIGURE 4.10: Effect of accumulation-buffer size on input reuse. (a)

With a small accumulator, the output matrix must be computed using

smaller tiles, causing input tiles to be fetched twice. (b) With a larger

accumulator, the tile shape can be expanded so that each fetched in-

put tile is reused across a larger output region, being fetched only
once and doubling reuse.
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4.6 Datatype Support and ISA Extension

The TCU-OP design is parameterizable with respect to input and output datatypes.
The same outer-product structure can therefore support different numerical formats
by modifying the multiplier, accumulator, and datapath widths, without changing
the execution model of the unit. In this work, the implemented design supports
FP8, FP16, FP32, and INT8 input operands, while the accumulation and output paths
support FP32 and INT32 results. This allows the architecture to target both floating-
point and integer GEMM workloads using the same sparse execution mechanism.

To expose the new hardware functionality to software, the ISA is extended with
a new instruction that initiates an outer-product MMA operation [26]. This in-
struction provides all information required by the TCU-OP to locate the operands,
select the execution mode, configure the datatype, and synchronize asynchronous
execution.

The instruction contains the following fields:

« Base addresses of the A, B, C, and D matrix tiles, corresponding to the oper-

ation

D=AxB+C.

« Base addresses of the A and B bitmap metadata, used in the sparse execution

modes.

« Asynchronous barrier identifier, used to notify completion of the TCU oper-

ation.
« Sparsity mode, selecting among the 3 supported execution modes.

« Input and output datatype fields, according to the supported numerical for-

mats.
« K -dimension size for the current TCU invocation.

« Initialization and flush flags. The initialization flag indicates that the accumu-
lation buffer must be initialized with the C' tile, while the flush flag indicates

that the final accumulated result must be written back to memory.

Through this instruction, software can launch a complete TCU-OP operation
with minimal instruction overhead. The hardware then performs operand fetching,
sparse step scheduling, accumulation, and optional result flushing according to the

provided configuration.

Overall, this chapter presented the complete hardware and software interface of

the proposed TCU-OP design. The architecture replaces the baseline inner-product
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datapath with an outer-product execution model, introduces an accumulation buffer
to retain partial output tiles, supports bitmap-based sparse execution through hardware-
controlled step skipping, and enables direct memory access to reduce register-file
pressure and data-movement overheads. Together with the optimized kernel struc-
ture and the ISA extension described above, these mechanisms form a complete
HW/SW co-designed system for dense and sparse GEMM execution. The following
chapter evaluates the performance, utilization, and hardware cost of this design and

quantifies the benefits of each architectural choice.
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Chapter 5

Microarchitecture Optimizations

and Right Sizing

5.1 Introduction

The proposed TCU-OP architecture is highly parameterizable, allowing the hard-
ware configuration to be tuned according to the target workload and implementa-
tion constraints. Parameters such as the FEOP step dimensions, the number of par-
allel partial products, the accumulation-buffer organization, and the queue depth di-
rectly affect performance, area, power consumption, and timing complexity. There-
fore, selecting these parameters requires balancing compute throughput against the
hardware cost of the supporting structures.

This chapter examines the main microarchitectural parameters of the design
and evaluates their impact on execution time and hardware efficiency. The goal is
to identify a configuration that preserves most of the available performance ben-
efit while avoiding unnecessary area and power overhead. The resulting choices
are then used as the default configuration for the experimental evaluation in the

following chapter.

5.2 Step Size Exploration

In the proposed design, the step size is denoted as m x n and corresponds to the
region of the accumulation buffer that can be updated in one cycle. Equivalently,
it determines the number of partial products generated by the FEOP datapath per
cycle. This parameter directly affects the peak compute throughput of the TCU-OP,
but it also determines the size of several supporting structures, including the num-
ber of multipliers, adders, queues, accumulation-buffer banks, and crossbar ports.
The baseline Vortex TCU, in the 32-thread configuration, contains 128 multipli-
ers and the corresponding reduction hardware, allowing it to produce 128 results
per cycle. However, as shown in the evaluation, the baseline design is heavily un-

derutilized because GEMM execution is dominated by data movement rather than
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computation. Therefore, preserving the same amount of compute hardware would
provide limited benefit while significantly increasing the area and power cost of the
proposed sparse datapath.
For this reason, the TCU-OP is right-sized to produce 32 partial products per
cycle, corresponding to
m X n = 32.

This reduces the multiplier count to one fourth of the 32-thread Vortex TCU base-
line. Since the evaluated workloads are primarily memory-bound, this reduction
has negligible impact on performance, while it substantially decreases the number
of multipliers, adders, queues, banks, and associated control logic.

This choice is particularly important for the crossbar. The crossbar must route
FEOP outputs to accumulation-buffer banks, and its cost grows rapidly with the
number of inputs and outputs. A 128-input crossbar would introduce significant
area, wiring, and timing overhead, making the design considerably more expensive.
By limiting the number of parallel FEOP outputs to 32, the proposed design uses a
crossbar size comparable to existing crossbar structures in Vortex, making the unit
more practical to synthesize and integrate. Thus, the selected step size provides a

balanced trade-off between compute throughput and hardware cost.

5.3 Step Dimension Exploration

After fixing the total step size to m x n = 32, we further explore the shape of
each step. The possible factorizations are 1 x 32,2 x 16,4 x 8, 8 x 4, 16 x 2, and
32 x 1. The last three configurations are symmetric to the first three with respect
to the two operands, while the 1 x 32 configuration provides no useful sparsity
granularity along the B dimension. Therefore, the main candidates considered are
2 x 16 and 4 x 8.

Let the accumulation buffer have dimensions M x N. For a step of size m x n,
the number of vertical steps is M /m, while the number of horizontal steps is N/n.
These quantities directly determine the sparsity granularity that can be exploited
from the two operands. Horizontal steps correspond to the selected row of B, while
vertical steps correspond to the selected column of A. For example, if only two
horizontal steps are available by design, the exploitable sparsity levels for a row of
B are 0%, 50%, and 100%. Thus, a row with 80% sparsity can only be rounded down
to the previous exploitable level, namely 50%, allowing only half of the horizontal
steps to be skipped. If four horizontal steps are available, the exploitable levels
become 0%, 25%, 50%, 75%, and 100%, allowing the same row to skip 3/4 of the

horizontal steps.
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These sparsity benefits are not determined only by the global sparsity of the
matrix. Since the sparsity pattern is unstructured, individual rows or columns may
exhibit higher local sparsity than the average matrix sparsity. For instance, even
if the overall sparsity of B is 30%, some 32-element rows may still exceed 50%
sparsity and therefore allow step skipping in the 2 x 16 configuration. This makes
the proposed mechanism fine-grained, since it does not require a structured sparsity
pattern across the whole matrix.

From a sparsity-granularity perspective, the 4 x 8 configuration appears attrac-
tive because it provides a more balanced partitioning between the A and B dimen-
sions. However, two additional factors must be considered. First, the accumulation-
buffer banks are organized so that all elements of a dense step map to different banks
and can be written in parallel. If a row of the accumulation buffer spans multiple
horizontal steps, flushing the row requires multiple turns. Consequently, the 4 x 8
configuration incurs twice the flushing overhead of the 2 x 16 configuration, be-
cause it uses twice as many horizontal steps.

Second, the step dimensions directly affect crossbar stalls caused by bank con-
flicts. For a step of size m X n, the bank assigned to an output element at dense

coordinates (7, ¢) is computed as
bank(r, ¢) = (r mod m) - n + (¢ mod n).

Let R and C denote the number of distinct row and column residue classes touched
by a sparse step, respectively. For example, in a 4 X 8 configuration, if the selected
dense rows are 3, 7, 11, and 12, their residues modulo 4 are 3, 3, 3, and 0. Therefore,
the distinct row residue classes are {0, 3}, and R = 2. The maximum possible values
of R and C' are m and n, respectively.

Because each sparse step performs the cross product of selected rows and columns,
every row residue class is paired with every column residue class. Thus, the number

of unique banks touched by the step is
unique_banks = R - C.
For a 32-element step, the expected number of bank conflicts is therefore

E[conflicts] = 32 — E[unique_banks]
= 32 — E[R] - E[C].

assuming that the row and column residue distributions are independent under un-

structured sparsity.
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For random sparse indices selected from a 32-element vector, the expected num-

ber of occupied residue classes when choosing k& indices across d residue classes is

(32—]?2/11)
Eloccupied(d, k)] = d | 1 — ~—5— | ,

()

where (Z) denotes the binomial coefficient.

For the 2 x 16 configuration, the expected number of occupied row and column

E[R] = 2 (1 - %) = 1.516,

@2))
E[C] =161 — -2 | =12.129.
] ( ®)

Thus, the expected number of bank conflicts is

residue classes is

and

E[conflicts] = 32 — 1.516 - 12.129 ~ 13.6.

For the 4 x 8 configuration, the corresponding values are

E[R] = 4 (1 - %) — 2.818,

and

E[C] =8 (1 - %) — 5.636.

Therefore,
E[conflicts] = 32 — 2.818 - 5.636 ~ 16.1.

This analysis shows that the 4 x 8 configuration introduces approximately 2.5
additional bank conflicts per sparse step compared to the 2 x 16 configuration. Al-
though the queues before the crossbar are designed to absorb short-term imbalance,
this difference still affects the effective throughput of the sparse datapath and is re-

flected in the experimental results.

To determine the most suitable step dimensions experimentally, we measure
both total kernel cycles and crossbar stall percentage for the 2 x 16 and 4 x 8
configurations. The benchmark performs an M x N x K = 64 x 64 x 512 FP8
GEMM, using a queue depth of () = 4. We evaluate four sparsity scenarios, denoted
as A/ B sparsity. The crossbar stall percentage is defined as the fraction of active

TCU cycles in which execution is stalled because the accumulation-buffer banks
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FiGure 5.1: Effect of FEOP step dimensions on kernel cycles and

crossbar stalls for a 64 x 64 x 512 FP8 GEMM with queue depth

(@ = 4. The 2 x 16 configuration consistently achieves lower execu-

tion time than 4 x 8, mainly due to fewer crossbar stalls and lower
flushing overhead.

cannot accept the generated partial products. The results are shown in Figure 5.1.

In the dense case, corresponding to 0%/0% sparsity, both configurations incur
no crossbar stalls, as the dense access pattern maps the generated outputs to distinct
banks. Nevertheless, the 4 x 8 configuration requires slightly more cycles than
2 x 16. This difference is mainly attributed to the higher flushing overhead, since
4 x 8 uses twice as many horizontal steps and therefore requires more turns to write
back each accumulator row.

As sparsity increases, the 2 x 16 configuration consistently outperforms 4 x 8.
The difference is primarily caused by crossbar stalls. At 20%/20% sparsity, the
4 x 8 configuration already exhibits a significantly higher stall percentage, while the
stalls increase even more at 50%/50%. This behavior agrees with the previous bank-
conflict analysis: sparse compaction makes output addresses irregular, and the 4 x 8
step shape produces more bank conflicts on average. At very high sparsity, such
as 90%/90%, the stall percentage decreases for both configurations because fewer
valid partial products are generated, allowing the queues to absorb most conflicts
before back-pressure reaches the FEOP datapath.

Based on these results, the 2 x 16 configuration is selected for the remainder



78 Chapter 5. Microarchitecture Optimizations and Right Sizing

of the evaluation. It provides lower execution time across all examined sparsity
scenarios, reduces crossbar pressure, and avoids the additional flushing overhead

of the 4 x 8 configuration.

5.4 Queue Depth Exploration
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F1cure 5.2: Effect of crossbar queue depth on stall percentage for a
64 x 64 x 512 FP8 GEMM.

The previous analysis showed that crossbar stalls have a significant impact on
the performance of the TCU-OP. For this reason, the queues placed before the cross-
bar are critical for absorbing short-term irregularities in the sparse access pattern.
Deeper queues can tolerate more bank conflicts before backpressure reaches the
FEOP datapath, but they also increase area and power consumption. Therefore, the
queue depth must be selected carefully.

To evaluate this trade-off, we measure the crossbar stall percentage for queue
depths from 1 to 8, considering both candidate step dimensions, 2 x 16 and 4 x 8.
The benchmark performs an M x N x K = 64 x 64 x 512 FP8 GEMM and evaluates
representative sparsity scenarios. The results are shown in Figure 5.2.

As expected, increasing the queue depth consistently reduces crossbar stalls.
The effect is more pronounced at smaller depths, where the queues have limited
ability to absorb bursts of conflicting accesses. As the depth increases, the marginal
benefit decreases, indicating that most short-term conflicts have already been hid-
den. Across all evaluated queue depths and sparsity scenarios, the 2 x 16 step con-
figuration exhibits lower stall percentages than the 4 x 8 configuration, confirming
the trend observed in the step-dimension analysis.

Based on these results, the remaining evaluation uses a queue depth of 4. This
value provides most of the stall reduction achieved by deeper queues, while avoiding

the additional storage, area, and power overhead of larger queue configurations.
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Chapter 6

Experimental Evaluation

6.1 Introduction

In this chapter, we evaluate the runtime performance of TCU-OP against the base-
line Vortex TCU implementations for both dense and sparse workloads. The pro-
posed design is implemented at the RTL level within the Vortex GPU, enabling cycle-
accurate performance measurements. This implementation-level evaluation also
exposes low-level microarchitectural effects, such as buffering behavior, pipeline
stalls, and memory-system interactions, which are often hidden in higher-level sim-
ulation models.

The evaluation covers a range of hardware and software parameters in order to
assess the effectiveness of the proposed HW/SW co-design. All experiments mea-
sure end-to-end kernel execution, including total cycles, instruction count, hard-
ware activity, and any initialization or finalization overheads. Unless otherwise
stated, experiments use a 32-thread warp configuration with two warps per sched-
uler, closely matching the execution model of modern GPU Tensor Core program-
ming. We evaluate a single GPU core, since each contains one Tensor Core, which
allows us to isolate the behavior of the unit under test.

Although TCU-OP supports asynchronous execution and allows warps to per-
form independent work while the Tensor Core is active, this potential overlap is not
included in the current measurements. The reported results therefore focus on the
direct impact of the proposed datapath, memory interface, sparse execution mech-
anism, and kernel organization. Quantifying the additional benefit of overlapping
independent warp execution with asynchronous TCU operations is left for future

work.

6.2 Benchmarks and Baselines

The evaluation uses GEMM as the main workload, since matrix multiplication is the

dominant computational kernel in many machine-learning and artificial-intelligence
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applications. We consider the operation
D=AxB+C,

where A has dimensions M x K, B has dimensions K x N, and C and D have
dimensions M x N. Throughout the evaluation, this workload is denoted as an
M x N x K matrix multiplication.

To evaluate performance and hardware overhead, we compare the proposed
implementation against two Vortex TCU baselines. The first baseline is SGEMM,
which corresponds to the dense Vortex Tensor Core implementation described in
the background chapter. This kernel does not support sparsity and follows the base-
line register-file-based dataflow: operands are loaded into the register file, the Ten-
sor Core consumes register-resident fragments, and the results are written back
through the register file before being stored to global memory.

The second baseline is SGEMM_ SP, the Vortex implementation of a 2:4 struc-
tured sparsity mechanism similar to the one used in NVIDIA Sparse Tensor Cores.
This kernel uses a dense A matrix and a sparse B matrix following the 2:4 pattern,
together with the required metadata. Since exactly half of the B operands are re-
moved in each group of four values, the theoretical maximum speedup over dense
SGEMM is 2 X, assuming all other overheads are hidden.

The proposed kernel, denoted as SGEMM_ OP, uses the TCU-OP unit introduced
in this thesis. It is evaluated with both dense and sparse inputs and compared
against the two baselines in terms of runtime performance, instruction behavior,
hardware activity, and implementation overhead. This allows us to isolate the bene-
fits of the outer-product datapath, direct memory access, accumulation-buffer reuse,

and dual-side sparse execution.

6.3 Useful Metrics

To evaluate the proposed design across different parameters and runtime condi-
tions, we collect several metrics that capture performance, memory behavior, hard-
ware activity, and implementation cost.

The primary performance metric is the total number of kernel cycles, measured
from the first instruction of the kernel to its completion. This provides an end-to-
end view of each approach, including initialization, synchronization, computation,
and finalization overheads. As a result, the reported cycle counts reflect the actual
cost of executing the complete kernel rather than only the isolated Tensor Core
operation.

We also measure the total number of executed kernel instructions. This metric

indicates how much pressure each approach places on the scheduler, scoreboard,
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and GPU pipeline. A lower instruction count generally suggests reduced frontend
activity, lower control overhead, and greater opportunity for warps to execute in-
dependent work while asynchronous mechanisms are active.

Memory traffic is another important metric, since global memory is shared across
cores and can become a major system bottleneck. Therefore, we measure the total
number of global-memory read and write requests. For SGEMM_OP, we also re-
port DMA transactions separately, since DMA is the primary mechanism used to
move operands from global memory to shared memory before they are consumed
by TCU-OP.

To quantify how effectively the Tensor Core hardware is used, we measure Ten-
sor Core multiplier utilization. This metric is defined as the percentage of total
kernel cycles during which the multipliers produce valid outputs. Higher utiliza-
tion indicates that a larger fraction of execution time is spent performing useful
arithmetic work, rather than waiting for memory, synchronization, or pipeline re-

sources.

6.4 Performance Comparison

le6

Total Kernel Cycles

16
Input Data Type

Kernel / OP Sparsity Mode
B SGEMM B SGEMM_OP dense B SGEMM_OP 50%
N SGEMM_SP M SGEMM_OP 20% B SGEMM_OP 90%

FIGURE 6.1: Kernel execution cycles for SGEMM, SGEMM_ SP, and
SGEMM_ OP across FP8, FP16, and FP32 input datatypes. The evalu-
ated GEMM size is M x N x K = 128 x 128 x 512.

We first evaluate the runtime performance of the proposed SGEMM_ OP kernel
against the dense SGEMM baseline and the structured-sparse SGEMM_ SP baseline.
For SGEMM_ OP, we consider four unstructured sparsity scenarios, denoted as A/ B
sparsity: 0%/0%, 20%/20%, 50%/50%, and 90%/90%. In contrast, SGEMM_SP
exploits structured 2:4 sparsity only on the B operand, corresponding to a fixed 50%
weight sparsity pattern. Therefore, while SGEMM_ SP can theoretically approach

a 2x speedup over dense execution, it relies on a constrained sparsity pattern that
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FIGURE 6.2: Kernel execution cycles of SGEMM_OP across input

datatypes and unstructured A/ B sparsity levels. The isolated view

highlights the performance gains obtained from sparse step skipping
in the proposed TCU-OP design.

may require accuracy-sensitive pruning. The sparsity evaluated for SGEMM_ OP is
unstructured and randomly distributed, without imposing such a pattern constraint
or accuracy loss.

The evaluated GEMM size is

M x N x K =128 x 128 x 512.

This workload size is large enough to capture the steady-state behavior of the ker-
nel, while keeping RTL simulation time manageable. Figure 6.1 reports the total
kernel cycles for FP8, FP16, and FP32 input datatypes across all evaluated kernels.
Figure 6.2 isolates the SGEMM_ OP results, making the effect of sparsity on the pro-
posed design clearer.

The results show that SGEMM_ OP outperforms both Vortex baselines across all
evaluated datatypes. The SGEMM_ SP baseline achieves speedups of 1.12x, 1.37x,
and 1.84x for FP32, FP16, and FP8, respectively, approaching the theoretical 2x
limit only for the smallest datatype. Even in the dense case, where no sparse steps
can be skipped, SGEMM_ OP achieves speedups of 4.46x, 5.72x, and 5.13Xx over
dense SGEMM for FP32, FP16, and FP8, respectively. Compared to SGEMM_ SP, the
dense SGEMM_ OP kernel is still faster by 3.98x, 4.18 x, and 2.79 X, respectively.

As sparsity increases, the performance of SGEMM_ OP improves further because
fewer outer-product steps are executed and less sparse data is transported through
the datapath. At 50%/50% sparsity, the speedup over dense SGEMM reaches 6.36 x
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for FP32, 9.85x for FP16, and 10.21x for FP8. At 90%/90% sparsity, the gains
increase to 13.72x, 19.67x, and 25.95X%, respectively. Relative to the structured-
sparse SGEMM_SP baseline, the 90%/90% SGEMM_OP case achieves speedups of
approximately 12.25x for FP32, 14.36x for FP16, and 14.10x for FP8.

The isolated SGEMM_ OP results further show the scaling effect of unstructured
sparsity. Compared to its own dense execution, SGEMM_OP improves by 1.14x,
1.99x%, and 5.06x for FP8 at 20%, 50%, and 90% sparsity, respectively. The corre-
sponding gains are 1.12x, 1.72x, and 3.44x for FP16, and 1.04x, 1.43x, and 3.08 x
for FP32.

The results also highlight the effect of datatype width. FP8 achieves the low-
est execution time, followed by FP16 and then FP32. This behavior is expected,
since narrower datatypes allow more values to be transferred per memory block
and reduce the effective memory traffic for the same matrix dimensions. Conse-
quently, the advantage of the proposed memory-oriented TCU-OP design is most
pronounced for low-precision GEMM workloads, which are common in modern

inference-oriented machine-learning applications.

6.5 Total Instruction Count and Front-End Pressure
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FIGURE 6.3: Total kernel instruction count for SGEMM, SGEMM_ SP,

and SGEMM_OP across input datatypes and sparsity modes.

SGEMM_ OP substantially reduces instruction count by replacing ex-

plicit register-file staging with asynchronous DMA and TCU execu-
tion.

The second metric we evaluate is the total number of kernel instructions exe-
cuted from invocation to completion. Figure 6.3 reports the instruction count across
all kernels, while Figure 6.4 isolates the behavior of SGEMM_OP across different

sparsity levels.



84 Chapter 6. Experimental Evaluation

8000 -

6000 -

4000 A

Total Kernel Instructions

2000 -

fpl6
Input Data Type

Average A/B Sparsity
N 0% [N 20% [ 50% [ 90%

FIGURE 6.4: Instruction count of SGEMM_ OP across input datatypes
and sparsity levels. Sparse execution introduces a small fixed over-
head due to bitmap address generation and additional DMA launches.

Across all benchmarks, the instruction count increases with datatype width.
This trend is expected, since wider datatypes require more memory operations to
move the same matrix dimensions, increasing the number of address-generation
and data-movement instructions.

The proposed SGEMM_ OP kernel executes significantly fewer instructions than
both Vortex baselines. In the baseline implementations, operands are explicitly
loaded through the register file, requiring pointer arithmetic, per-thread loads, and
register staging for matrix fragments. In addition, each Tensor Core instruction
is decomposed into multiple micro-operations, increasing pressure on the sched-
uler, scoreboard, and pipeline. In contrast, SGEMM_OP performs data movement
and Tensor Core execution asynchronously. Each TCU invocation receives com-
pact metadata through a single instruction, while the hardware internally performs
operand fetching, scheduling, and accumulation. As a result, across the evaluated
sparsity cases and datatypes, SGEMM_OP reduces the instruction count by more
than an order of magnitude compared to both baselines.

Figure 6.4 shows that sparse execution introduces a nearly constant instruc-
tion overhead compared to dense SGEMM_OP. This overhead is expected, since
the sparse kernel must compute bitmap source addresses in both global and shared
memory and issue additional DMA transfers for the A and B bitmap metadata. Im-
portantly, this overhead does not scale significantly with the sparsity level itself;
the 20%, 50%, and 90% sparse cases have identical instruction counts. Therefore,
the sparse performance gains observed earlier come primarily from hardware step
skipping and reduced useful work inside the TCU, rather than from changes in the

software instruction stream.
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6.6 Memory Accesses
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FIGURE 6.5: Total off-chip memory requests for SGEMM, SGEMM_ SP,
and SGEMM_OP across input datatypes and sparsity modes. Each
bar is split into read and write requests.
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FIGURE 6.6: Off-chip memory requests of SGEMM_OP across input

datatypes and unstructured sparsity levels. Higher sparsity reduces

the number of transferred nonzero operand values, despite the addi-
tional bitmap traffic.

This section evaluates the memory-access behavior of the proposed design. Fig-
ures 6.5 and 6.6 report the total number of requests issued to off-chip DRAM mem-
ory, where the input operands are initially stored. Each bar is divided into read and
write requests, allowing the contribution of operand loading and result write-back
to be examined separately.

As expected, wider input datatypes require more memory requests for the same
matrix dimensions, since fewer values fit in each memory line. For example, with a

64-byte memory line, a single access can transfer 64 FP8 values, but only 16 FP32
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values. Therefore, FP32 kernels generate more memory traffic than FP16 and FP8
kernels.

The proposed SGEMM _ OP kernel substantially reduces off-chip memory traffic
compared to both Vortex baselines. This reduction comes from two main sources.
First, the larger output tile enabled by the accumulation buffer increases reuse of the
A and B operands, reducing the number of times they must be fetched from mem-
ory. Second, the proposed kernel relies on contiguous DMA transfers to shared
memory, whereas the baseline implementations perform per-lane fragment loads
and stores through the register file. In the baseline dataflow, values must be loaded
in a layout that matches the exact register-level fragmentation required by the Ten-
sor Core instruction. As a result, many memory lines are fetched even when only
part of each line is useful. In contrast, SGEMM_OP transfers contiguous operand
blocks, maximizing the efficiency of memory-line utilization.

This reduction in DRAM traffic is important because off-chip memory is a shared
resource across GPU cores. Excessive memory traffic from one core can reduce
the bandwidth available to other cores, even if they execute different workloads.
Therefore, reducing memory requests improves not only the local efficiency of the
Tensor Core kernel, but also the potential system-level behavior of the GPU.

Figure 6.6 focuses only on SGEMM_ OP and shows how memory traffic changes
with sparsity. For a fixed datatype, memory requests generally decrease as sparsity
increases. Although the sparse kernel must also load bitmap metadata, the operand
values are stored and transferred in compressed form, so only nonzero values are
moved to shared memory. Consequently, higher sparsity reduces the total number
of transferred operand values and lowers off-chip traffic.

The previous figures capture requests to off-chip memory. However, the Vortex

memory hierarchy also includes several cache levels before external DRAM:

an L1 instruction cache and L1 data cache at the socket level,

« an optional L2 cache shared within a cluster,
« an optional L3 cache shared across clusters,
« external memory.

To further analyze the memory behavior, Figures 6.7 and 6.8 report L1 data-
cache activity. Each bar is divided into hits, read misses, and write misses.

The D-cache results show a different trend from the off-chip memory requests.
While SGEMM _ OP significantly reduces DRAM traffic, its D-cache accesses are pro-
portionally even smaller compared to the baselines. This is expected because the
proposed kernel elevates the role of the DMA mechanism, which transfers operands

directly to shared memory instead of relying on regular cacheable load instructions.
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FIGURE 6.8: L1 data-cache requests of SGEMM_OP across input

datatypes and sparsity levels. The requests remain constant across

sparsity levels, since operand movement is performed through DMA
rather than regular data-cache accesses.
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As a result, operand movement does not pollute the L1 data cache or evict poten-
tially useful data.

Figure 6.8 further shows that for SGEMM_ OP D-cache activity remains nearly
constant across sparsity levels. This is because all sparsity-dependent operand move-
ment is handled by DMA transactions. The remaining D-cache accesses mainly
correspond to kernel bookkeeping, metadata generation, stack accesses, and other
control-related operations, which do not change significantly with the sparsity ra-

tio.

6.7 Tensor Core Multiplier Utilization

The final metric used to compare the proposed design with the Vortex baselines is
Tensor Core multiplier utilization, as defined in Section 6.3. This metric measures
the fraction of kernel cycles in which the Tensor Core multipliers produce valid
outputs. It therefore provides insight into how often the arithmetic datapath is
active and how much execution time is lost to memory movement, synchronization,

pipeline stalls, or other overheads.
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FIGURE 6.9: Tensor Core multiplier utilization across input datatypes

and evaluated kernels. The baseline Vortex implementations exhibit

very low utilization, while SGEMM_ OP substantially improves mul-

tiplier activity by reducing operand-staging overhead and feeding the
Tensor Core more efficiently.

Figure 6.9 shows the utilization of all evaluated kernels. The first two groups
correspond to the Vortex dense and structured-sparse baselines, while the remain-
ing groups correspond to SGEMM_ OP under different sparsity levels.

The Vortex baselines are severely underutilized. Across the evaluated datatypes,
dense SGEMM reaches a maximum utilization of only 3.28%, while SGEMM_SP

reaches 3.68%. These values confirm that the baseline execution is dominated by
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data movement and instruction overhead rather than by Tensor Core arithmetic. In
contrast, SGEMM_ OP reaches up to 95.32% utilization in the dense FP8 case, indi-
cating that the proposed memory interface, accumulation-buffer reuse, and reduced
register-file dependence allow the Tensor Core to operate close to its peak activity.
A key contributor to this high utilization is the double-buffered kernel schedule de-
scribed in Section 4.5, which overlaps DMA transfers, metadata preparation, and
asynchronous TCU execution.

As sparsity increases, the utilization of SGEMM_OP decreases. This does not
indicate that sparse execution is ineffective; rather, it reflects the fact that the Ten-
sor Core finishes its useful arithmetic work faster. At high sparsity, many zero-only
outer-product steps are skipped, reducing the number of cycles in which multipli-
ers are active. Consequently, fixed kernel overheads, such as metadata generation
and synchronization, become more visible and are no longer fully hidden by asyn-
chronous TCU execution.

A second reason for the utilization decrease is that computation and data move-
ment scale differently with sparsity. On average, the amount of useful outer-product
computation scales with the product of the two input densities, while the amount
of operand data that must be transferred scales closer to the average density of the
two inputs. For example, if both A and B are 50% sparse, only 50% x 50% = 25%
of the dense outer-product work remains, corresponding to an ideal 4x reduction
in computation. In contrast, the values transferred for each operand are reduced
by roughly 2, and the actual data-movement reduction is smaller because bitmap
metadata must also be loaded. Therefore, at high sparsity, the Tensor Core arith-
metic may shrink faster than the operand-fetching cost, causing the execution to
become memory-bound again and reducing multiplier utilization.

Finally, utilization decreases for wider datatypes. FP32 requires more memory
transfers than FP16 or FP8 for the same number of matrix elements, because fewer
values fit in each memory block. This increases operand-fetching time and makes
the kernel more memory-bound. The utilization trend therefore reinforces the main
motivation of the proposed design: reducing data movement is essential for main-

taining high Tensor Core activity.

6.8 DMA Transactions

After comparing the proposed design against the Vortex baselines, we further ana-
lyze TCU-OP-specific behavior. One important metric is the number of DMA trans-
actions, since DMA is the mechanism used by SGEMM_OP to transfer operands

from global memory to shared memory. Figure 6.10 reports the total number of
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FIGURE 6.10: DMA transactions from global memory to shared mem-

ory for different sparsity modes. The dense case loads uncompressed

operands, the compressed—compressed mode loads compressed A

and B values together with bitmap metadata, and the uncompressed—

compressed mode loads uncompressed A values together with com-
pressed B values and bitmap metadata.

DXA transactions from global memory to shared memory across different sparsity
modes.

It is important to note that DMA is used only for loading the A, B, and C' matrix
tiles, together with bitmap metadata when required. The final result tile is not writ-
ten back through DMA. Instead, the TCU writes the contents of the accumulation
buffer directly to the destination memory address specified by the instruction.

The shaded bars represent the theoretical minimum number of transactions for
each configuration, taking into account the compressed operand values and the
additional bitmap traffic in sparse modes. The measured results closely follow these
theoretical values. This is mainly because the DMA transfers are contiguous and
aligned, allowing the memory system to utilize each transaction efficiently.

The dense case requires the largest number of DMA transactions, since both

operands are transferred in uncompressed form. As sparsity increases in the compressed-

compressed mode, both A and B contain fewer stored values, so the number of
DMA transactions decreases. At 90%/90% sparsity, the transaction count drops
from 2048 in the dense case to 512, which corresponds to only 25% of the dense
traffic, or a 75% reduction.

The last three bars correspond to the uncompressed—compressed mode intro-
duced in this work. In this mode, B is stored and transferred in compressed form
together with its bitmap, while A is transferred uncompressed. Therefore, the DMA
traffic is lower than in the fully dense case, because the sparse B operand benefits

from compression, but higher than in the compressed-compressed mode, because
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zero values of A are still transferred. This mode provides a middle point between
the fully uncompressed and fully compressed approaches: it captures part of the
memory-traffic benefit of sparsity without requiring software preprocessing for the
dynamic A operand.

Overall, the results confirm that the proposed memory interface can closely ap-
proach the minimum expected number of DMA transactions for each represen-
tation. They also illustrate the trade-off between preprocessing complexity and

memory-traffic reduction across the supported sparsity modes.

6.9 K-Dimension Size Sensitivity
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FIGURE 6.11: TCU multiplier utilization as a function of the K dimen-

sion for the 2 x 16 and 4 x 8 FEOP step configurations. The number

of output tiles is kept constant, so increasing K amortizes the fixed
per-output-tile overheads.

Many Tensor Core designs are sensitive to the size of the K" dimension, because
each output tile incurs fixed overheads for initialization, synchronization, and final
write-back. These costs are amortized more effectively when the K dimension is
sufficiently large, since more computation is performed for the same output tile.

Figure 6.11 shows the Tensor Core utilization in dense workloads as the K di-
mension varies. In this experiment, the number of output tiles is kept constant at
four, while only K is swept. Therefore, the amount of per-output-tile overhead
remains constant, while the computational work increases with K.

For the selected 2 x 16 step configuration, utilization is already 81.2% at K =
128. As K increases, utilization improves further and reaches a plateau of approx-
imately 93% for K > 512. This trend confirms that the fixed overheads of kernel
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code, accumulation-buffer initialization, synchronization, and flushing are increas-
ingly amortized as the inner dimension grows.

The utilization eventually saturates instead of reaching 100%. This is mainly
due to software-side synchronization and barrier handling, which introduce a fixed
overhead per Tensor Core invocation. Since this overhead is associated with each
invocation rather than each output tile, it limits the maximum attainable utilization
even for larger K values.

The 4 x 8 configuration follows the same increasing trend, but remains con-
sistently below the 2 x 16 configuration. This agrees with the previous analysis:
although both step shapes benefit from larger K, the 4 x 8 configuration suffers
from higher crossbar pressure and flushing overhead, leading to lower effective uti-
lization.

The 4 x 8 configuration follows the same increasing trend, but remains con-
sistently below the 2 x 16 configuration. This agrees with the previous analysis:
although both step shapes benefit from larger K and in the dense case there are
no crossbar stalls, the 4 x 8 configuration suffers from a higher flushing overhead,

leading to lower effective utilization.

6.10 Performance Gains Across Various Sparsities

The final and most important evaluation metric of the proposed sparsity design is

its end-to-end performance gain under sparse inputs relative to dense execution.

6.10.1 Compressed—-Compressed Mode

We first examine the performance of the fully compressed mode, in which both A
and B are stored in compressed form and are accompanied by their corresponding
bitmap metadata. Although this mode represents the most aggressive form of sparse
optimization, it typically requires software-side preprocessing of both operands.
The preprocessing cost is not included in the present evaluation and is left as future
work.

Figure 6.12 shows the total kernel cycles relative to dense execution, across a
two-dimensional sparsity sweep. The horizontal axis corresponds to increasing
sparsity in A, while each individual curve corresponds to a different sparsity level
in B. Together, these curves form a grid of sparsity combinations, extending up to
99%/99%.

The figure provides clear insight into the behavior of the proposed mechanism.
Performance improves substantially as the sparsity of both operands increases, es-
pecially up to approximately 70% — 80% sparsity. In this region, the workload

remains primarily compute-bound, so the reduction in useful outer-product steps
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FIGURE 6.12: End-to-end kernel cycles for the compressed—

compressed sparsity mode across different A and B sparsity levels.

Both operands are stored in compressed form and accompanied by
bitmap metadata.

translates directly into lower execution time. Beyond this point, however, the rate
of improvement diminishes. As the sparsity increases further, the kernel gradually
becomes memory-bound, because the reduction in computation scales faster than
the reduction in data movement. Even in this regime, performance continues to im-
prove, since compressed operands still reduce the number of memory transactions,
but the gains are less dramatic than in the compute-bound region.

For a high but realistic sparsity point of 90%/90%, the measured speedup is
4.58 . At the more extreme 99%/99% point, the speedup reaches 5.38x.

6.10.2 Uncompressed—-Compressed Mode

The proposed design also supports the more practical uncompressed-compressed
mode, in which only B is stored in compressed form, while A remains uncom-
pressed. This mode targets the common neural-network scenario where B corre-
sponds to static weights, while A corresponds to dynamic activations whose com-
pression in software may be costly or impractical.

Figure 6.13 evaluates this mode across the same sparsity sweep. The solid curves
correspond to the compressed-compressed results discussed previously, while the

dotted curves correspond to the uncompressed—compressed case.

As expected, the uncompressed—compressed mode closely follows the compressed-

compressed mode for A sparsities up to approximately 60% to 70%. In this re-
gion, the workload is still compute-bound, and therefore the benefit of compress-

ing A is relatively small. Once the sparsity of A exceeds this range, however, the
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Kernel Body Cycles
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and compressed B.

two modes begin to diverge. At that point, the workload becomes increasingly
memory-bound, and the compressed—compressed mode benefits from lower mem-
ory traffic because only the nonzero values of A are transferred. In contrast, the
uncompressed—compressed mode continues to fetch the full A tile, including zeros,
and therefore its performance tends to plateau.

Even so, this plateau still corresponds to a meaningful speedup over dense exe-
cution, reaching 3.20x at 90%/90% sparsity and 3.39x at 99%/99% sparsity. This
result shows that the uncompressed—compressed mode provides a promising mid-
dle ground: it captures a substantial fraction of the sparsity benefit while avoiding
the preprocessing overhead and software complexity associated with compressing

the dynamic A operand.
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Chapter 7

Related Work

7.1 Introduction

This chapter positions the proposed TCU-OP architecture with respect to prior work
on GPU Tensor Cores, sparse matrix multiplication, and hardware support for deep-
learning acceleration. The discussion focuses on the design choices most closely
related to this thesis: matrix-multiply datapaths, structured and unstructured spar-
sity, RTL implementation, operand delivery mechanisms, and sparse accumulation
support. Prior GPU Tensor Core work established the importance of specialized
matrix units for dense and mixed-precision GEMM [1, 2, 3], while later architec-
tures added structured sparsity and more advanced data-movement support [7, 14,
27]. The DSTC mechanism [8, 9] has already been analyzed throughout the thesis
as the main architectural inspiration for the proposed sparse execution model. At
the end of the chapter, a summary table compares TCU-OP with the most relevant
related designs and highlights the key differences of this work.

7.2 VEGETA

VEGETA proposes ISA and microarchitectural extensions for accelerating sparse-
dense GEMM tile operations on CPUs [21]. It extends a CPU matrix engine with
new tile instructions, metadata registers, and systolic-array modifications to sup-
port several (N:M) structured sparsity formats, including 1:4, 2:4, 4:4, and row-wise
N:4 sparsity. Therefore, VEGETA provides sparsity support, but for one sparse
operand and within predefined structured sparsity modes. Although it evaluates
transformed unstructured sparse layers, the computation is ultimately mapped to
structured formats rather than executed as native unstructured sparsity.

TCU-OP targets a different setting. VEGETA is designed for CPUs, while TCU-
OP is implemented as an RTL Tensor Core extension inside a GPU. Unlike VEGETA,
TCU-OP supports dual-side sparsity and natively exploits bitmap-encoded unstruc-
tured sparsity without converting the input to an N:M format. In addition, TCU-OP
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addresses GPU-specific bottlenecks through direct shared-memory access, register-
file bypass, asynchronous execution, and an on-TCU accumulation buffer. Thus,
while VEGETA provides structured sparse acceleration for CPU matrix engines,
TCU-OP targets synthesizable GPU Tensor Core execution with dual-side unstruc-

tured sparsity and reduced operand-delivery overhead.

7.3 Vortex Structured 2:4 Sparse Tensor Core

Another closely related baseline is the Vortex implementation of structured 2:4
sparse Tensor Core execution, following the sparsity model popularized by NVIDIA
Ampere Tensor Cores [7, 6]. Vortex itself provides an open RISC-V GPGPU substrate
for this kind of architectural experimentation [19]. In this format, exactly two out of
every four contiguous elements along the reduction dimension are nonzero. This
provides sparsity support with low hardware overhead, since the sparse operand
can be compressed by 2x and decoded using lightweight metadata-controlled se-
lection logic.

Compared with TCU-OP, this approach is efficient but more restrictive. It sup-
ports sparsity only in one operand, does not target arbitrary unstructured spar-
sity, and keeps the baseline register-file-based Tensor Core dataflow without direct
shared-memory operand access or register-file bypass. In contrast, TCU-OP sup-
ports dual-side bitmap-encoded unstructured sparsity, uses an on-TCU accumula-
tion buffer, and directly fetches operands from shared memory. Thus, while the Vor-
tex 2:4 Tensor Core is a synthesizable and low-overhead structured-sparse baseline,
TCU-OP targets a more general sparse GEMM setting with broader sparsity support

and reduced operand-delivery overhead.

7.4 Cooperative Warp Execution in Tensor Core for
RISC-V GPGPU

Cooperative Warp Execution also studies Tensor Core integration in the Vortex
RISC-V GPGPU [22]. It identifies register-file bandwidth, warp scheduling, depen-
dency stalls, and pipeline overheads as important limits to Tensor Core utilization.
To address them, it introduces a cooperative execution model where multiple warps
operate on the same GEMM tile, partition the K dimension, and share an internal
Tensor Core tile buffer. This provides a synthesizable Vortex-based design that im-
proves dense GEMM utilization by reducing redundant register-file accesses and

amortizing accumulation storage.
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TCU-OP addresses a complementary problem. Cooperative Warp Execution
does not target sparse GEMM and therefore does not support structured or unstruc-
tured sparsity, dual-side sparsity, bitmap decoding, nonzero compaction, or sparse
step skipping. It also remains focused on improving the existing dense Tensor Core
execution model, whereas TCU-OP introduces an outer-product datapath, an on-
TCU accumulation buffer, direct shared-memory operand access, and register-file
bypass. As a result, TCU-OP reduces both data movement and arithmetic work by

exploiting bitmap-encoded unstructured sparsity in one or both operands.

7.5 Virgo

Virgo is closely related to this thesis because it also identifies the tight coupling
between matrix units and SIMT cores as a major limitation [23]. It proposes a
cluster-level matrix unit that is physically disaggregated from the SIMT cores, al-
lowing operands and accumulators to bypass the register file and instead use shared
memory, DMA transfers, and a dedicated accumulator memory. Therefore, Virgo
provides direct shared-memory access, register-file bypass, and on-accelerator ac-
cumulation in a synthesizable GPU design, improving operation granularity, re-
ducing instruction-processing overhead, and increasing energy efficiency for dense
GEMM workloads.

TCU-OP shares the goal of reducing register-file pressure and decoupling ma-
trix execution from the standard warp datapath, but targets sparse GEMM rather
than dense GEMM scalability. While Virgo uses a systolic-array-based matrix unit
and does not provide sparsity support, TCU-OP introduces an outer-product FEOP
datapath and sparsity support to exploit dual-side unstructured sparsity. Therefore,
Virgo is complementary to this work: it demonstrates the benefits of matrix-unit
disaggregation, whereas TCU-OP addresses the additional challenges of sparse Ten-

sor Core execution in RTL.

Table 7.1 summarizes the key differences between TCU-OP and the related de-

signs discussed above.

TaBLE 7.1: Comparison of our work with related Tensor Core designs.

Design Sparsity Dual-Side Unstructured Direct SMEM On-TCU Register-File Synthesizable
Support  Sparsity Sparsity Access Accumulator Bypass Design
VEGETA [21] v X X X X X X
CWE in TC [22] X X X X v X v
Virgo [23] X X X v v v v
Vortex baseline TC [19, 7] v X X X X X v
DSTC [8, 9] v v v X v X X
TCU-OP (Ours) v v v v v v v
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Chapter 8

Conclusions and Future Work

8.1 Conclusions

This thesis presented TCU-OP, an outer-product Tensor Core architecture for dense
and sparse GEMM execution, implemented at the RTL level inside the Vortex RISC-
V GPGPU. The motivation behind this work was the observation that high Tensor
Core peak throughput alone is not sufficient for efficient matrix multiplication. In
the baseline Vortex Tensor Core, execution is largely limited by data movement,
register-file pressure, instruction overhead, and memory-system bottlenecks. These
limitations become even more important for sparse workloads, where computation
skipping is only useful if the hardware can also deliver operands and accumulate
results efficiently.

The proposed design replaces the baseline inner-product datapath with an outer-
product execution model. In this formulation, a column of A and a row of B gener-
ate partial products that update the output tile. This structure is well suited to un-
structured sparsity, because nonzero values from both operands can be compacted
into shorter dense vectors, while zero-only steps can be skipped. To support this
execution model, TCU-OP introduces a parameterized FEOP datapath, a banked ac-
cumulation buffer, bitmap-based metadata processing, Tile Index Aligners, sparse
step scheduling in hardware, and queues with a crossbar for sparse accumulation.

A central contribution of the work is the decoupling of Tensor Core execution
from the register-file-based baseline dataflow. Instead of requiring each warp to
load matrix fragments into registers before issuing a synchronous MMA instruc-
tion, TCU-OP reads operands directly from shared memory and executes asyn-
chronously. Operand tiles and bitmap metadata are transferred to shared memory
using DMA, while the kernel overlaps metadata generation, DMA transfers, and
Tensor Core computation through double buffering. This reduces register-file pres-
sure, lowers instruction overhead, and allows the accumulation buffer to retain the
output tile across the K dimension.

The architecture supports three execution modes. The uncompressed—uncompressed

mode provides dense execution, the compressed—compressed mode maximizes sparse
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acceleration by using compressed operands and bitmap metadata for both A and
B, and the uncompressed—compressed mode targets the practical case where B is
statically compressed while A remains uncompressed and is handled dynamically
inside the TCU. These modes expose a trade-off between preprocessing overhead,
memory-traffic reduction, and sparse computation skipping.

The microarchitectural exploration showed that careful right sizing is essential.
Since the baseline Tensor Core is heavily underutilized, TCU-OP reduces the parallel
step size to m x n = 32, lowering the cost of multipliers, adders, queues, banks, and
crossbar without significantly affecting performance. The explored configurations
showed that the 2 x 16 step shape and a queue depth of 4 provide a good balance
between sparsity granularity, crossbar stalls, flushing overhead, and hardware cost.

The experimental evaluation demonstrated that TCU-OP improves both dense
and sparse GEMM execution compared to the Vortex baselines. Even in dense
mode, the proposed memory interface and accumulation-buffer reuse reduce exe-
cution time by 5x compared to the baseline. Under sparse inputs, the compressed-
compressed mode reaches up to 27 x speedup, while the uncompressed—compressed
mode provides a lighter-weight alternative with 17 x maximum speedup without re-
quiring software compression of the dynamic A operand. The design also reduces
the total instruction count by 29.3 %, lowers memory traffic by 30.2 %, and increases
Tensor Core multiplier utilization from below 4% in the baseline to up to 95.3% in
the proposed design.

Overall, this work shows that effective sparse Tensor Core acceleration requires
more than simply skipping zero multiplications. The full dataflow must be re-
designed to reduce operand movement, avoid unnecessary register-file traffic, man-
age sparse accumulation, and expose enough parallelism to keep the hardware ac-
tive. TCU-OP combines these elements into a complete HW/SW co-designed sys-
tem, demonstrating that dual-side unstructured sparse GEMM can be supported in

an RTL GPU Tensor Core with significant performance and efficiency benefits.

8.2 Future Work

Although TCU-OP demonstrates significant benefits for dense and sparse GEMM
execution, several directions remain open for future work.

A first direction is the evaluation of preprocessing overheads for compressed
operands. In this thesis, compressed matrices are assumed to be already available
in memory, and the cost of generating the compacted values and bitmap metadata
is not included in the main performance results. This is a reasonable assumption

for static weights, which can be compressed offline, but not always for activations,
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whose values change dynamically at runtime. Future work could extend the soft-
ware stack with optimized compression kernels and evaluate the full end-to-end
cost of sparse execution, including compression, metadata generation, Tensor Core
execution, and decompression or write-back when required.

A second direction is the exploration of alternative sparse encodings. This work
uses bitmap encoding because it provides simple metadata access, low decoding
complexity, and good efficiency for the sparsity levels targeted by DNN workloads.
However, other formats such as COO, CSR, or hybrid bitmap—CSR encodings may
become more efficient at extremely high sparsity levels or for irregular HPC matri-
ces. Supporting multiple encodings could allow the hardware or compiler to select
the most appropriate representation depending on the sparsity distribution, matrix
size, and target workload.

Another important direction is the optimization of the sparse accumulation net-
work. The current design uses queues and a crossbar to route sparse partial products
to the correct accumulation-buffer banks. While this approach is flexible and sup-
ports arbitrary unstructured sparsity, the crossbar remains one of the most expen-
sive and timing-sensitive components of the datapath. Future designs could explore
lower-cost routing networks, hierarchical crossbars, conflict-aware scheduling, or
alternative bank mappings that reduce contention.

Another promising extension is to evaluate TCU-OP on larger and more real-
istic workloads beyond standalone GEMM. Many modern neural-network kernels,
such as attention, fused MLP layers, and convolution lowered to GEMM, combine
matrix multiplication with additional operations such as normalization, activation
functions, and softmax. Since TCU-OP executes asynchronously and leaves the is-
suing warp free to perform independent work, future kernels could overlap Tensor
Core execution with these surrounding operations. This would quantify the addi-
tional benefit of asynchronous execution that was not fully captured in the current
evaluation.

Finally, further physical-design exploration would help refine the area, power,
and timing trade-offs of the architecture. Although this thesis evaluates the RTL
implementation and identifies the main hardware costs, future work could explore
more aggressive clock targets, alternative SRAM implementations for the accumu-
lation buffer, clock gating, power gating, and layout-aware crossbar optimization.
Such analysis would provide a clearer view of the feasibility of scaling TCU-OP to

larger tile sizes, wider datapaths, or multiple Tensor Core instances per GPU.
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Appendix A

Source Code

A.1 Source code repository

The source code of Vortex TCU_OP can be found at:
https://github.com/GiorgosTriantafyllou324/vortex/tree/tcu-op-thesis.


https://github.com/GiorgosTriantafyllou324/vortex/tree/tcu-op-thesis
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