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GPUs, Accelerators and
Architectural Specialization

Matog 2023

EmitaxuvTteg Kal ApXLTEKTOVLKEC

* Taoelg mPog e€ELOIKEVEVEC APXLTEKTOVLKEG, TTAEOVEKTHUATA KOl
T(POKANOELG
* Napadeiypata — case studies
* GPUs
* Deep Learning
* Graphs

* AvdAuon Kal TACELG
* EEeLOIKEUEVEG OPXITEKTOVLKEC KOl OpLa; (VAL TIPAYHOTLKA omapaitnTeC?
* YroAoylopol Twv epxopevwy 5-10 xpovwv
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Tuelvaw n E€edikevon

* ADPXLTEKTOVIKEG TIOU OXESLALOVTOL PE OTOXO ML EEELOLKEVEVT KAQOT
UTTOAOYLO WV

* BEATLOTOTIOLNOELG TTOU £XOUV VONOL YLOL CUYKEKPLUEVEC EDOPUOYEG

* Mepikég dpopég eivar “fixed-function” — dnhadr) extedolv u6vo Tig O'UYKEK LUEveC
edpappoyeg — ouvnBwg Opwg Exouv kamola eAeuBepia yla configurabi ityf
programmability

* Tivetal oAo€va Kal Lo YKPL TO TOTO TToU Vo TPABAEEL KATIOLOG Lo SLOXWPLOTIKT
ypapun

Specialized

. 9sodind-jeiauan

ASICs Accelerators FPGAs GPUs Vector VLIW CPUs

MeTpla E€eldbikevon

[Cherupalli et al, ISCA’17]

Profile applications yla va avakaAugpBouv ot
TIUAEC TTIOU XpNOLUoTIoLoUVTaL

E§aAeun OAwv TwV UNGAOLMWYV Ao ToV

enefepyaotn ?-:-_,:Q.!:
*FRONTEND
* E€owkovounon: 62% area, 50% power o
* MARpw¢ avtopatomnolnuévn dtadikaoia C W
* Baoiletal otnv emaAnbeuon kat ta epyadeia "':u'..':...u..
oxeblaong evog baseline emefepyaotn *_unique

(b) binSearch
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YT(EpBO)\LKI’] EE€L6LKEUOI’] pEEBDDOOBGE
* “Race logic” [Madhavan et al, ISCA’14]
@ el 7 ]7]7]
, , , , , [e[ofofofofofofofa]2]3]a]s]e]7]
* YITOAOYLOHOG EAAXLOTOU LOVOTIATLOU E XPHON EVOG Seinge s
graph (el JAL € T 6 .Sc-;ﬁ.a7
Nodes mapped onto PEs o ererere>elrelrel>
* PEs connected via on-chip network 6 ¥ PP
* PEs signal each other, adding delay according to edge A }
weight between source and destination o 70 PR 06 0 0|8
* The delay from source to destination gives the shortest —_'é_” i 6o e Nt lo 6|y
path in the graph “or ¥
* PEs very simple = lots of PEs & fast R RS RSRN aNie SRa
5| 01010010 - o-e
© %% % e % .
* Baowko uMoAOYLOTIKO KUKAWLLOL TTOU UTTOPEL val f TR TR TR R TS
AUoel apketd poPAnuata, onwe DNA alignment:
Figure 1. (a, ¢) Two possible alignments between strings @ and Q
and (b, d) their corresponding alignment matrixes and (e) edit
graph.
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TuMpoodepeL n E¢elbikevon
MAeoveKTApaTa Melovektnpato — NpokANceLg

* Hard, £é\eyxo¢ He EAAXLOTN KATAVAAWGN
* Elpog edappoywy, méca SLapopeTikd

LOXV0G TpoypAapaTa UIOpPEL va TpEEeL To chip ?
* MPOCAPUOCHUEVEC LOVASEG UTIOAOYLOUWY * AVTIKpOUETAL YLO artoSoTIkOTNTA KAl sVeALEia
« MPOCOPHOCHEVES KaL ameuBeiac * Eilvau kaAUTepo va emtaxuvei 10 1% twv

$apuoywv 0€ TT0000TO 100% 1l OAeg oL

ETUKOWVWVIEG (dXL KaTaxwpnTEC Kat cache) QpHOYEC O TOCOOTO 1% ?

* NPOCAPUOCUEVO CUCTNUA UVAILNG
. , , . * OAokApwaon o€ eMIMESO CUOTALATOC
YT[?pBO)\LK’OQ T[apOL)\}\I’]}\LC)"[.lOC He Baon * MNwg pnopolv Ol;(pr]OTSC VOl XPNOLUOTOL)OOUV

yvwaon amno tnv ebopuoyn VO ETLTOYUVTA ?
, , , , e Emkowwvia HETOgY EMITAXUVTWY KOL TIUPAVWY ?
* H evépyela Kal o xwpog EodeveTal LoOvo yLa

xpr']oum Soulewa Kootog ehéyxou kal oxediaong...
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Matl Elval 2nuavtikn n E€eldikevon Znpepa’?

* Yrapyouv opla otov mapoAAnALopo kat otov Amdahl’s Law
* H amokouion kaAwv emibocewv amo multicore apxITEKTOVIKES elval SUOKOAO
* H e€elbikevon (specialization) divel 100X perf/energy for “free”

* JUEPA UTTAPXOUV VEQ onuavTtikd workloads
* EWdka oxetika pe deep learning!
* Epeuvec Snuooievovtal os deep learning ota ouveSpLa pe eKBETIKO pubuo

GPU og Movtépva Zuotnpata

* Atokpiteg GPUs
¢ PCle-based accelerator
* Separate GPU memory

* OAokAnpwpéveg GPUs
* CPU and GPU on same die
* Shared main memory and last-level cache

: T =& Apple A7, 28nm
Intel Ivy Bridge, 22nm 160mm:2 TSMC, 102mm2
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. Warp scheduler Scoreboard
St rea m I ng M P . Warp No. | Address | SIMD instructions | Operands? |
Instruction % 1 42 | Id.globalf64 Ready
cache 1 43 | mulfed No
3 95 shl.s32 Ready
, , 3 96 T add.s32 No
o 8 11 Id.global.f64 Ready
KaBe SM EXELWarps, pe 32 8 12| Idglobalf6 Ready
threads/warp : 1
. Instruction register
* Fetch 1 mstr/cycle S T T (RO e R A, M S SO TN Giow N S EIE
. ? | SIMD Lanes
* Issue 1 ready instr/cycle (Thvead
; [ ! | ! | 1 Processors)
* Instr broadcast to all lanes  |Z7 17 |7 L0107 L0 Lol evelone o ece e
Vl.C&l) ? Load | Load | Load | Load ‘ Loao I Loag l Loac “ Load Load | Load T Loag | Loag | Loac | Loag | Load |
. . i FTECEE R A I R TR C T L E A LA L E R [T
* Multithreading ivat o ‘ i > i ]
7 1 Address coalescing unit Interconnection network
O OLKO aVvVwouOoC vla va
Baowkbs pnxaviowde y % | L
kaAudBei n kaBuotEpnon ’ Covtl Hemory To Gobe
64KB
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Thread 0 —

[MoAA& E(O6N MvAuNnG o€ GPU e —

Thread 2 —

Per Thread Memory

Scratchpad Shared Memory

Global Memory

c C
2 Cache Tags/Data - . Global Memory Bank r
i I I
o o
v Cache Tags/Data ° . Global Memory Bank
N : : :
E Cache Tags/Data SD E Global Memory Bank Z
a N a a
a
r r € r r
e t
w
A c a
c Cache Tags/Data : r ! Bulfered Data :
= Y Cache Tags/Dat o k I
m + acle 1ags/bata s { Buffered Data
;’ Cache Tags/Data Z I Buffered Data :
a a /
r r

o

—>
N
EV lepapxia pvnung pe caches
o [ — Cache yLa e€okovounon
' — bandwidth pvApng

— Caches enutpénouv akopa
v (amo-)ouunieon twv
Sedopévwv
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Movteho CUDA GPU

Thread

per-Threa d Lo cal M emory

* MoVTEAO £€va POy PO LUA-TIOANQTTAG

Sebopéva (SPMD)
* Eva thread €xel kaToXwpPNTEG KaL TOTUKY)  Thread Sock
A T
. nlC)LpOI;LMI’]AOl threads opadomnolovvratoe  [SSESKS =¢ shared Memory
Blocks VIVHHIIITY

* Ta blocks €xouv kowvoxpnotn UvAun
* [lvetal ouyxpoviopog ota threads péow
barriers
* Ta Grid mepthappavouv aveédptnta
blocks
* MmnopoUvV va eKTEAOUVTAL TAUTOXPOVA
* MotpaZovtal tnv global pvrun
* 'EXOUV TIEPLOPLOEVO CUYXPOVLOUO

Seq uence

Globa | Me mory
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ExteAeon evoc GPU Kernel

1. Metadopa dedopévwv elcodou

Mem Mem arno tnv pviun tov CPU otnv pvAun

tou GPU
T (1) 2. Evepyornoinon tou kernel (grid)

3. Avapovn yla va oAokANpwOEL n

CP 3 u ektéleon tou kernel (synchronous)
4. Metadopd TWV AMOTEAECUATWY

(4] oTNV pvnun touv CPU

* O petadopeg dedopévwv €xouv Heyalo pOAO OTOV XPOVO EKTEAECNG
* Néeg GPU eival oAokANpWUEVEG e TOV eMefepyaoT KoL EKUETAAAEVOVTAL TOV EVOTIOLNEVO XWPO
SlevBuvoswy
* Aev yivovtal petadopg Sedopévwy, aAAd TwPA UTTAPXEL AVTOYWVLOUOG Yl TNV TPOofacn otn Uvnun

12
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Noapadeypa Kwowka, C vs CUDA

// Invoke DAXPY // Invoke DAXPY with 256 threads per block
daxpy(n.2.0,x,¥); .—hOSt— _
// DAXPY in C int nblocks = (n+ 255) / 256;

void daxpy(int n, double a, double *x, double *y) daxpy<<<nblocks, 256>>>(n, 2.0, %, y);

{ // DAXPY in CUDA
for (inti=0;1i<n; ++i) _.dewce_ . |
yli] = a*x[i] + y[il; void daxpy(int n, double a, double *x, double *y)
3 {

int i = blockIdx x*blockDim.x + threadldx.x;
if (i < n) y[i] = a*x[i] + y[il;
¥

* O kwdkag oe CUDA ekiva 256 threads ava block
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GPU ISA

* H apyttektovikn tng GPU kat to ot evtoAwv aAAalouv cuxva

* Mpaktika eivatl SUokoAo o kwdikag va eival portable, cuvnBwcg ival
TIPOCOPUOCHUEVOC OE HLOL CUYKEKPLUEVN OPXLTEKTOVLIKI) GPU

* Scheduling: kaBe kernel eivat non-preemptive

* H dlaxeiplon Twv mopwv cuvnOwg yivetal amo tov driver, Sev amokaAUTITETAL
oto A.Z.

* Mpoéodata mapExeTal UTTOOTAPLEN YL BACLKA XAPAKTNPLOTIKA ELKOVLKAG
HVAKNG

14
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GPU

* Mapadetypa: Nvidia Pascal
GP100 (2016)

* 60 streaming multiprocessors
(SMs)
* 4MB Shared L2 cache
* 8 memory controllers
* 720 GB/s (HBM2)

* Fixed-function logic for
graphics (texture units, raster
ops, ...)

* Scalability: change number of
cores and memory channels

* Scheduling kupiwg eAéyxetat
aro 1o hardware
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Mpwipot Emttayuvtec yio DNN

L=

I
i

Convolutional Pooling Convolutional  Classifiel
(Ni=1, Nn=4, (Ni=4, (Ni=4, Nn=8, (Ni=8,
sx=sy=1) Sx=sy=2) Sx=sy=2) Nn=2)

Figure 1. Neural network hierarchy containing convolutional,
pooling and classifier layers.

* DNNs g€eAiooovtal paydaia, yivovtal 1o onuovtikol Kal peyaiot

* OLmpwrtol accelerators e0TIA{0Ve OTNV EMITAXUVON TWV UTTOAOYLO LWV
* DianNao mikevipwOnKe oTIC TPOKANCELC TNG memory

16
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Nevpwvika Alktua

&

.9
Nala/

* Ta NA ekmatdevovral yla va mpoadloplotolv oL apAUETPOL Wi, b WaTe n cuvapTnon va £XEL TO

ULKkpSTEPO SuvaTto AABOC yLa €Va GUYKEKPLUEVO OET ELGOSWVY

fExw; +b)
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Erttayuvtec yia DNN

* ATIELKOVLON TWV KVEUPWVWV»
0€ UALKO

* Yriep: anmAotnta Kot EMOO0ELG

* Katad: peyalog xwpog
* H moAumAeéia oto xpovo yivetal
OAAQ HE PEYAAO KOOTOG
* Meyaha DNN kootilouv moAU...

output Pa %A
layer ¥
hidden %, ( N A

"IN

O input )

. neuron
\

synapse/

A
weight | neuron

output

Figure 9. Full hardware implementation of neural networks.
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Apxltektovikn tou DianNao

v

* ATTAGG UKPO-KWBELKAG YLaL EAEYXO HE TIOAU - ™ *{cotirol processor (O]
€EELOLKEVLEVEC ULKPO-EVTOAEG g et
* E€s181kevpévo datapath yia multiply + "W-"i:w L s g
add + sigmoid < 0 » :
170 e
, , 1 3 = :
* E€e1bkeLEVEC PV UEG scratchpads yia 3 ; W"i‘w e |
inputs (NBin), outputs (NBout), and ® &l
synapses (SB)

* No associative lookups, no conflicts
* Match line size to tile size for efficiency
* DMA issued as needed to rotate values in/out Figure 11. Accelerator:

19

DianNao Accelerator

* 110 X avg BeAtiwon emboocewv vs SIMD

» 21 X avg BeAtiwon og evépyela vs SIMD
* Much smaller improvement than other studies!
* Memory dominates energy

* DaDianNao added large on-chip memories Figure 15. Layout (65nm).
on multiple chips to improve energy by
150 x

20

10



26/5/2023

= weights cluster index

Sparse Neural Networks LIt B e

[Han et al, ISCA’16]

0 3 1 0
Napoatripnon: Ta weights eival cuykevipwuévo povo o 32|
UEPLKEG TLUEG
* Xprion uovo two bits yla avanapdctaon twv weight
after pruning

* T xprion peyaAltepng akpifelag (precision), tote:

= use codebook to store 22Pits = 4 higher-precision values
pruning
synapses

R

Mapatripnon: ta neplocotepa weights eival kovtd oto zero

* Prune near-zero weights
=>» amnateital onpavtikd Alyotepn memory & compute !

* avanopdotacn NNs wg urtoAoylopot sparse linear algebra
=> irregular control & memory references

pruning
neurons

10-49X peiwon otic anattioslg uvAung (memory footprint)

21

AToTeAEoATOL

» 41mm? @ 45nm (much bigger than DianNao)
* Significantly less energy spent on memory accesses

* Claims 24,000 X improvement vs CPU and 3,400 X improvement vs GPU w/out
compression

@ memory @ clock network
© register @ combinational

SpMat

A0 A

Ptr_Even Arithm Ptr_Odd

SpMat

22
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Xpelaletal n E¢elbikeuon ApyLTteEKTOVIKNC?

* Ta mévte ‘C’ tng e€e1bikevong

1. Concurrency

2. Compute

3. Communication

4. Caching

5. Coordination / control

To ueyadvutepo mooooto BeAtiwong = 100 X mou mpokumntel amo tnv eéstbikevon Sev LOYUEL av
xpnotwuomnownVel w¢ Baon ouykplong pia BEATIOTOTONUEV OPXLTEKTOVLKI, TTPOYPOUUXTI{OUEVN, TTOU

XPNOUUOTIOLEL KATTOLEG QTTO TIG TTAPATIAVW BEATIOTOMOLOELG.
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[Moon Eéewdikevon Elvol Apketn ?
* ...MOVO TO ~5% NG evépyeLag KatavalwveTal ano ta FUs akopa kat o€ amAoug nuphveg!

[Horowitz, ISSCC’14 Keynote]
* Case study: evepyelakn anodotikotnta evog H.264 encoder @ 720p [Hameed et al,ISCA’12]

* General-purpose core — 1 X

* “Magic” super-instructions — 180 X
e ASIC-500 x

Suunépaopa: truly efficient designs will require application-specialized hardware.”

24
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APXLTEKTOVIKEC AVAOLATOOOOEVEC

* MeMovtikég Taoelg: “Agile” hardware kat “Productive” HDLs
* OLTIEPLOPLOUOL OE OPXLTEKTOVLKEC TIOAU-TIUPNVEG SEV ONUALVEL amapaltnTa
AUeon avaykn yla e€elbikevon
* Ta onuepva SoCs eivat nén etepoyevn: CPUs + GPUs + DSPs

* Juotnuata o€ chip pe FPGA enaveudavilovtat...

* Mia katevBuvon mepthapBavel CGRAs — coarse-grain reconfigurable arrays

* Npoypappatilopeva 6mwe ta FPGAs, aAlda pe hardened FUs / control / memories
yla arnodotikotnTa

* Mapadeiypata: Plasticine [Prabhakar et al, ISCA’17] kot Stream-dataflow acceleration
[Nowatzki, ISCA’17]
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