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Abstract With the development of process technology and the improvement of architecture, the
parallel computing performance of GPGPU (general purpose graphics processing units) is updated a
lot, which makes GPGPU applied more and more widely in the fields of high performance and high
throughput. GPGPU can obtain high parallel computing performance, as it can hide the long latency
incurred by the memory accesses via supporting thousands of concurrent threads. Due to the existance
of irregular computation and memory access in some applications, the performance of the memory
subsystem is affected a lot, especially the contention of the on-chip cache can become serious, and the
performance of GPGPU can not be up to the maximum. Alleviating the contention and optimizing the
performance of the on-chip cache have become one of the main solutions to the optimization of
GPGPU. At present, the studies of the performance optimization of the on-chip cache focus on five
aspects, including TLP (thread level parallelism) throttling, memory access reordering, data flux
enhancement, LILC(last level cache) optimization, and new architecture design based on NVM (non-
volatile memory). This paper mainly discusses the performance optimization research methods of the

on-chip cache from these aspects. In the end, some interesting research fields of the on-chip cache
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optimization in future are discussed. The contents of this paper have important significance on the

research of the cache subsystem in GPGPU.,

Key words general purpose graphics processing units (GPGPU); cache subsystem; performance

optimization; latency hiding; cache contention
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Fig. 2 The basic logical structure of GPGPUs
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Fig. 3 Changes in average IPC with CTA number
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Xof 33K ot 248 7Y 1) A5 4 U [0) A R H cache Z84T4HL
A.Choi % A" 48 T — Fh &1 X T 5 BUER AR
cache ZEATJ7 1, ik He I A HIRFAE 19 I =X 3l 2
A LLC. Tian % A" 4 9 H 1& 1 cache L8173
W, A T I 3k e U R A — R AE

eAh S B B A B R
MEE THATHOR.

F2XEH T 6 F FEZME cache ZE1THIAR W
DAk 5 I B R o5 R 2 el DL & R, A e 1)
FHAFFIE #5518 1Y 5847 cache X 2 2 i cache %
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TR p 2 )y L s, MRPB A1 TLP modulation
and cache bypassing 7 % A B F %5 1AE 42 BUHL il , H
P B Wi 25 AR X — . APCM RS 41 R T T 454> load
T84 0 R PR RRAE AR AR T A By PE B UK 4% . Liang

F1 Xie 85 N FH 4 126 B F000 132 47 B Ja 20 7 6 FH 4
fiF 2 ML 52 ¥ A9 Coordinated static and dynamic
cache bypassing 2% 17 Z8 17 K W 4R 45 T A 45 1) P B
e

Table 2 Features Comparison of the Main Strategies with Cache Bypassing
F2 fEHM cache ZITHEERMAIFFSXTLEL

Reordering Extracting Reuse Realizing Performance
Strategy . . . ‘.
Requests Features Complexity Gains
MRPB37 Needed No Need Low General
CBWTH No Need Run-time Forecast Higher High
Dynamic GPU Cache Bypassing [**] No Need Run-time forecast General Low
Coordinated Static and Dynami C ile-time F st and
oor 1r‘n e atic 1}n »ynqmlc No Need ompile . ime Forecast an High Higher
Cache Bypassing*® Run-time Awareness
APCMI38) No Need Run-time Awareness Higher Higher
TLP Modulation and Cache Bypassingt*3! No Need No Need High General

2.1.3  TLP B il 55 mg

B SM L TLP % T , 28 17 98 U5t 3% 7
AR B, e RE O W IR B BR Y R P 4k St 4 T
TLP, G474 FIPKE i, 5 28 s B g2 47 i 1m) “ %} 30
HERRIFRZE L 27 T RGBT &
e T TLP 1 T 1 R 1) B U 47 28 38 11 5 4b AN
JEDABRFMNX —$1 %%, GPGPU M kMg &2 5 F
IeE T 52 TR 81 IR 2 8 A7 6 05 5 4 O ) 17 100 3 Y
B TLP, iT LA %565 1k GPGPU By fE T %,

3 3F T 6 B3 0 A A AT LU AT S AT 55 is
FTIsE PR R 2 9 6 LAl A 9% R R R AR A BR Y
TLP, TLP Bpffiik 2] 9 88 b BR . oA 2 DUl 22 17 7
A bl A AT 55 BT 4k S TLP, H il T H b
MR BRI £, gk 42T+ TLP, R F 3 R 45
P BE T B Bakhoda 48 AW UL 5% 3] — 64T 55 3 10 [#
i TLP Wb 722470 F IR & T RS PERE.

Kayiran 58 A& T —F 2 5981 &4~ SM
It % CTA B i)y e A 73R 0 [ 22 47 BH 98 25
PR B, 3 i B 1 —48 CTA ' warp A7l 2> X 2% 77
(4 L 5 AT TAS TR B9 2 . Rogers %8 A% L warp 4l
7 EE B R 42 CCWS TLP 845 77 8. 38 1 % warp
Jry EB M A LI S A A B, S BRI IE & warp
MR, LD X L1 S AEAT U5 Il 4 LA [\ F
CCW'S 3 it 46 W 28 17 2k % w8l 8 15 TLP 1 5 i,
Rogers % Nl g & 501 i b G2 47 i 2 5 i
BALGVRAS i LR 2GR TR TLP My ik
DAWS"™ Rk 90 2% 47 17 n) 19 1 3. 5 CCWS Y
JEARZE), Oh 25 AT FT Wang 25 A0 i FR ) - 1

IFEMATH CTA Bt i 17 i 192 4£ 4 1. Chen
A N DU 32 AT ARG A RO A B SRR L 2
H T —FP & R %l TLP Fl cache £817H AR AY GPGPU
DA B RGBS M AR S BR Y warp B

53 4h  Narasiman 26 ANV 42 A9 P 9% warp 14
FE WK SM BT A 5 BR 1Y warp 7328 2 4. [/ — I
ZRAH —H warp AT, M iE BK warp AT A
warp #% BHZEWF L 55 — 2 warp A 8 V8 B T4 T. 0 A
JE SR W A5 BR Y JF A R BB > T 2 B A
A AP AT BA R BEAR. S AT RS A AR Y
S, Jog B NS B R SR OWL DL CTA
SRR E AT 4R B

AT ZAE 55 I K AT E W GPGPU #EREL
B S B A 24T 55 0T e $0AT 0 B 25 R R 1% &
FEXT R b 2R A7 BE R A 4 L 3l 2 4 B AN AT 55 B 4
AT RF R SB35 A (R 45 5% AN ) % 305 1) FH R, T
DA SE AN R FHAT AT 55 X8 45 ol B 47 5 50 A7 T A
it . JE R X R U o R 5 AT A 55, g 3
A PR HIE K BAT 0 2 B B ==, T A BRI
TLP #7 £ AR A &0 A B b 58 I U5 1) 4 H 1%
J&.Dublish %8 N &3 24T 515 T MZE 75 H
P T LR K g Poise, Al T HLAS % 2T 7
25 B O RV RRAEAT: 55 35 47 i 1Y B i TLP, U
TR TR RERUR

Tyhh, SR LE A ) G A B RO R AR
RSB AE ML AT TLP BRHI SR . % 3 1348
T4 Bl TLP BRI A9 2 AR, Hoh, CCWS Al
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Poise #BI2 753z 17 I 0F £CHE (9 5 7 45 AE 28 17 9 8l %
W ARAT B R E B T BN A BR.DAWS Rl CBWT U

JeAE 18 AT I 32 Sl T R, LA M T TR
ARATF T A B Y PERE B T

Table 3 Features Comparison of the Main TLP Limitation Strategies
R3 JLH TLP R H 5K M B 45 X b

Strategy Performance Gains Difficulty Hotspot Data Protection Extracting Reuse Features

CCWSL33] Low Low Adopted Run-time Awareness

DAWSL) High General Adopted Run-time Forecast

CBWTH! High High Adopted Run-time Forecast

Poisel?9] Low Higher Adopted Compile-time Classification and Run-time Awareness

22 BHERFATHEAR

X GPGPU A7 ¥ & 5o K U, 19 98 Ui A7 SE IR 11
W 7 B 7 2 I35 U A ORI — i O LR T
FHTLP 5 5 AR, of v] LU 3o D7 77 W00 8 55 35 A 4
SER TR U A S8 3R 14 RE T TR 5 A7 1 R HE R
T2 2 EZ AU AR IR T BR.
2.2.1  THHEL

T A ) 24 R/ warp B9 V5 AE PR AR — 0
% warp 8 HAlh warp J5 2205 17 B9 50 8E 2 A 15 B 3]
R BB AR AR T b RO TR 2 U A B AR I
JF 38 1 W, — 5 18 AT LA SRR AR cache (38 i 2%
ROt 2 0 TSRS Sy — O L, T KU
AEARAE TT LA A 24 1T A S 22 WO A7 3 R 19 7 2
FR AR BEAR T X R AT AE Y TT RS R, TR R
FESEANREEE W] LU SR FHE B R G VT R 808,

T HC T I o R R K 3 R ) A X
R[] ST LA 368 sk o 0 AR T il A 2 B 3 1 T
R B f D

T SR T ik A AR L e R TR A
R AT IR A FH I R AT S8 0L FH 14 U A7 38 R A4
UL T WY S A AR L 5 A K A FH 2R 1D 54
Hi Bk 2 AT A TR AR A5 i 4R AR LA A L U AE R
FIELOT A5 3 S A 0 X U A T B K HE AT 4y
BT 5 DT AT LA A 5 TEOESCHE 1 b

X F T L A R ) e N R R B TERCSR & 1T LA
ST AR H S B HE AR . Lee 28 AN IR T 2R TR K
SRV YT EL A1) SR e, R FH L FH R v R FH 262 1D 7
[7) P 77 btk 1 R s A H At 4 R TR % Bl L 9 B
T N i R o] FER DA 3k G T B AT R 3 K ) G A R .
Oh 2 NSUR T WASP B WU BCHLE , 768 7 f# T 4
K warp Z (8] (4 U5 £ 25 5 )5 o 2% BT AH R U7 77 48
A H Y BT warp $0AT 3 B2 19 warp #E 4T 48 150
I Koo & NP2 4R By CAPS SR s, il 4di j T

B CTA M2 b bk >k 55 22 warp 1Y 30 HUDw 72
PO B R AT T 97 %0, e W & s
FEER A7 20 BRI T BB 28 IR Ui s R i L2 . 7]
R R I3AT: 550 KV 35 8 00 iy Pk RE B T

SR s 003 22 47 b (8 Bl A — 7€ B8 S B # 1%
RPN FAANS Hi 8T E AR5 AT B
N7 1) 4 A B A BE B U [0] 3R UL A5 AT BB 4 S 2L 1 U
A7 EC R At 2 DR L TR B AL 2 BOAR R
YB3 B 508 5 SR AT 55 348 oK Bl BE AT L TT AR 2L
oI 5] £ 50 3 A ol P e A . TR e
155 K U3 SR I B8 oK Bl S i U = G2 A7 v
TN ATE 55 U7 1R] cache AL

RS warp $UAT FLHCRT . BT R A U5 A B SE
Ik A X A A TR I ML A L L Jog S 000 i
T BRI AY warp B R WS, E PTG warp 1 EEHY)
Beal b AR IESER warp B £ G 35 0 B BL, Al
BRI S T 7%.Caragea S A $2 T Y
s BUBRCHL S RAP, AT AR 55 I 11 00 2l 285 4 4
o HIE B A U B SRS TR Y TR A KL S A
IR TR B /&, Oh 48 AW 2 /) warp 18 JE HE 42
APRES $ Vi - F AR AH LAY warp BCZH 8 B, A 4 P
25 1 4> warp Vi) cache %0, W H1i% warp 4
2H =AY warp FE4T ECHE T

BEAk . Jog S NS B A B0 11 BUAIL ) S
g fr $g E A B =R % A /Y a3, Sethia 5F
SR IS N TR R D A R T A0 T £
% GPGPU Y RESL.

A X F B GAF TR U HEAT X e H
CAPS, WASP F1 MT-prefetching 9 B B B 4% i
R AR AR T 8 aF i M R IR 25 . RAP BOAR SBT3
O 2% R AR UL AH 25 8T U KR ER U
TREA B2 B0AIC o Pl O AR AT 9 P BB AL 25 AH R ALK



o FEE M EIR LB S A T RS RE UL T A SRR

1199

Table 4 Features Comparison of the Main Strategies with Prefetching

F 4 EER A EE TR BE B AR AEXT B

Strategy Difficulty Performance Gains Data Target Accuracy Dependence
MT-prefetching!?’ High High Other Threads High Stride, Prefetch Degree and Hardware Status
PALS3] Lower Low Other Threads Low Strideand Prefetch Degree
APRESI6] Low Low Self General Stride and Prefetch Degree
WASPL61) General High Self High Base Address, Stride and Warp Status
CAPSL62] General High Other Threads High Base Address and Stride
RAPMYJ General Lower Self Low Stride

2.2.2 VifFIEREHET
MR BB S A e b cache BB
PR R ANUTAE I KL T R A U A R SE I OR K i
G2 A7 PR AL B M 55 19 F 1), DR 0k 7 O T R a2 B Ah
VIR AL X I, GPGPU 52 3L T W 9% Ui £ & JF L
il Bl warp P UIFEE FFF warp [8] 1 U5 F7 & JF.
M BB AF VIR R Z 0] warp B9 AT VEBE
W R 32 BN S () B B A0 U5 A7 K 23 AR N 3G . AR
I B e AU AE B R L 3 Y R R R e A U A Y
TP o R B i 2 e SR DR 1 U A7 34 SR BR8Pk 4 1Y)
ViIAFir oK 1] LA S0 T S i iR 95 5 2211 54T 55 1 BE
T3 s Ui A SE IR AL TT DA S AT R0 B /e T3 F =z .
BEENT.CTA FHIE K warp 81785 K )5,
A BEZS SM O BE S BCRT Y CTA $iAT.{H &, CTA
AL warp RUPRAT BUE LR . 254 R A CTA 1Y
PAT, AT LB BTN CTA il & 8 warp. B I,
MAESEIR % CTA ¥4 warp BITFFETE K. Lee 55
NP R LR R R CAWS, il S SE R 95 CTA
H ) SC B warp o (A 22 A7 09 BIL 23 R R i, An
BT R warp BYHAT AT WL AN T # A CTA 1
PAT. 0 T EEF CAWS 1938 W P, Lee 58 A XBEA
Arunkumar ™ #EH T CAWA 28 T2 I8 B 5 0, 1 28
PRV BE 5 AR T IR e AT T 45 5.
T X 7 A T SR EHE R R RLRS N U A SR Y
B IFHLE IR XS T — G A A% B DT ) AT B AR
GPGPU G/ T R GWIVIAFIE ). Jia S NPT
— M N AEIE R AL e 9 92 vh (MRPB) 1Y B 11 25 1, %
FHEAS BB %15 4738 K 50T HE T 8k A [ — warp
MV AEIE R 0 A AR I ML & T warp I 1 508 )=
#PE. Kloosterman 2 A # ) WarpPool & J3f 3k
H 24 warp A K IFE T warp [6] () 5085 )5
PR A R T 2R R Y TR — U5 A7 3 SR R
E b i1 SEARAS [A] 19 J2 L Sethia % AR T T
A BN Y 2 2 R B SR W% Mascar, X4 i LU f£HEBA

BEURAL T4 AR S I i o T A A% 4 1R A B
PEFT VAR 55 B BR A, 1E 2 Mk 95 2 A7 T LA 2 s
Vi35 3K B warp, $& T4 17 22 47 £ 408 1) o AE

T35 B — R R IR 7 SRR A © R R BR A
A It T BA warp [8] 5382 A9 T AF f 28,
OV BB U R A P E L AR Y warp A A O
L7 NI, Lee 45 AT 4R T iPAWS, AR 4 warp
4 2 K P RETE 2 el B2 4% 2 i) AT S AR S I
SEIR E AR X warp [8] 0935 720 347 3h 75 R 8% i
Hb X5 &S SM A B JrBE CTA 1938 B J7 125 1 34 1 i
F B 33 [R] B T BE IR T 3 42 block 2 [A] £ 1E
(R TR PR R L, Lee 55 AU 4R MY I 26 B2 9 B2 O W
BCS, R4t 2 MELEW CTA /R4 R — A SM,
7% 2k warp B9 U747 K0Hs v LU AP s L T & T
CTA [a] 1 B3 Jey B 1.

5 XL T B U5 oK HE T SR 0
fiE b, BC AP AR JE & 2 R B 2 14, AR A% U5 77 1
R IFHIHL i D I PR BE W 45 A X e AR IPAWS
i 1 X5 A7 48 4 Load BE A9 70 41, S B8 1IE warp
A BE SR L ARAS T B B M RE N 4R . MRPB i i % 15
I REAT A TR T warp N HY B =) B0 1
45 G AP GAT AL W ARAT T 8 i i PR RE A £

Table 5 Features Comparison of the Main Strategies with

Memory Accesses Reordering

RS5 EEWTHFBEREHF KRB L

Strategy Difficulty Perf(‘)r.mance Latency Hiding  Grain
Gains
MRPB7 General Higher Reorder Requests Warp
Mascar!59) Lower General Reorder Requests Warp
CAWSL66] General General Reorder Requests  Warp
CAWALST] High High Reorder Requests  Warp
iPAWSL70] Low Higher Reorder Requests Warp
WarpPooll8]  Lower General Merge Requests ~ Warp
BCLt Lower Low Merge Requests  Block
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23 HEEESEERA

Wi # GPGPU 13153 P fig 12 i 19 3 . SM 1] )
HFHE R TLP, 48 550 0 55 19 8508 & K K3, X
SR GEAF+ F 5 fie 06 Ak 48 0 w5y 9 B8040 38 . 4K T X
GPGPU A ¥ RGN & , i B3 i A i, 25l il
PRS2 R T Rt AT A T4 T T AR
S EEA R AL 5 S5 M MG R A T RS0
T VAR

NoC TEZi 7+ F Gt v 0 11 36 12 36 A5 4l i A E: 55
S8 Jin B AN B[] P O A% i 1) 3 e A BT LR B % AR
Vi FE 18 K.

EAF OO B 1Y SR 0 A AR TE R — R 2%
B Kim 28 A DA2mesh W48 284 8 5
AT R b P e IR A e N i o T S W T
ARG REARYERERETE T 36 %0 . IR B A 1 4% 1) g RE %
T 15 % . FESLBRAg A b R4 L D773 R A B0
B AT U7 A7 O RS 9 B8 i Jang 5 NOR
AXFRR Mg It B iR A T i AT
RGEE VT 080 S RGTERESR & T 25 %0. 05
4b, Cheng %5 AU 3 B FEAS 38 i HUASE (4195 0 F d5e K
FEARXFR NoC i1 1 H: . Ziabari % A1) % JL

ARXFFRA NoC B iT#E4T T AR,

kB 24> SM U5 A7 15 K o, 1T fe AE AE Vi 1] [R)
—A47 LLC i 7T LA it — 2 & 90 9 U5 7715 °K. Zhao
S NI B N A IR U AR SR I SR B AIK T NoC
(3B A5 R T 32 T T A7 F R g R 8 m Bl il it 1
e 1. Zhao % NiR$E T 2 Fp g i b B30T,
408 T NoC 1y B AR HLAE,

FO6XTEL T 7 P EZH NoC b ir M HE .
Horpr, Zhao % ANV Ok W B LLC Ak, —
B Shy I — 25 B AR NoC B AS 1 J7 2207 3k I e % U
Sy L HE D (45 BT e /N BE E KL T Zhao S
UG R /N T RE B 1R L PR e

MF 6 W] LLE B U5 A7 3 K TG AF LB TEAS
[ R b 4 A% i, 5t 42 T+ NoC myHERE 8 b A
F 3 R R AT AR S 2 A I 45 B 1% B0 04 A [R) 4
W74 . DA2mesh NoC #1 Packet Pump NoC
0 DAL AR AR TR G A v ) R A AR L i SR FH i
B9 NoC & 1+ 77 28 Fl Tl 2k 4% 4F 1Y g 20U £
Adaptive LLC 1 CD-Xbar #8 H I 52 25. % b,
Adaptive LLC A] LA A HZE47 5500 LLC /Y i 45
F, AT LL3RAS H CD-Xbar B 55 %50 ) 5 1R 3 22

Table 6 Features of Seven NoC Optimization Strategies

= 6 7 Fh NoC L1k K E& HO4S1E

Strategy Major Improvement Performance Gains Energy Efficiency Gains
DA2meshl72] Performance and Energy Efficiency High Low
VC Monopolizing and Partitioning!7? Performance General Normal
cfNoCL7) Energy Efficiency Normal General
Packet Pump NoC7*) Performance High General
1CCrel Performance and Energy Efficiency Low Lower
Adaptive LLC [77] Performance and Energy Efficiency General High
CD-Xbarl78) Performance and Energy Efficiency Low Higher

2.4 $3 LLC B9tk

H5H/ ER M CPU KRR W&, B ERD
GPGPU i % Rl & — % A %47 W It. GPGPU
i L2 2 e B LLC.

T e 7 LLC H RAFAEmE— i — 1y, LLC
— R ANBE AR 55 15 ) ) [R] — #5019 2 A 2Kk L Pk 31X
SE A R AR E AT BT . Zhao 25 AT B H Y O R
AL A AR LLC BARES , SRR 5 v U 1) i 50808
5220y, RCAE A ) A A7 B[] B R A7 5 A7, DA 5K
TR X e B R AT U ) ) IR AT AR B R T LLC
A U [] 335056

PRy LLC gl i) Jmy 38 1 ) FE T DL = U5 A7

AF . Choi % AR I T —Fh e BUSEAT 1Y SR, 1]
DA 0k B Jm v 22 R B AL LLC. Mu %8 AH
P& B A7 BT Al % JE AR = LLC B BRI
BE B L 2x. Dublish™ $2 HUK B 2 /9 LLC 4 98 5 it
MR BB AF P A AL SML 2l 1 i/ LLC
)74 96 [ /7 Dublish 45 A" SCHE K — S A7 il i
% a IR W 46 3% 3 DA SRR RO 2L 5 0 b T 296
1) LLC Jii &, 3X 2647 5 AT L] T iz 95 HoAth 09 U7 A7 35
sR.Candel % N4 AE LLC o A 2K 28 17 1) 2%
45 #) (FRC, Fetch and Replacement Cache-like
structure) , #EZE LLC 4 & 40 5008 i 4 o 42 55 1
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X AT B B 5 ) iy L IR A L T T A B
Jea ¥ 1 A 7 ik 0 2 R BR S Vijaykumar 2 AW
A NUMA 5 CTA W B . ¥ Ui In] 7] — 3t B8 1)
CTA P AEF—4 SM iz17.

53 Ah , — BB 5T H AT I ROR K D B e SR
JLTE FAR 2 K A7 G 2 F Cln 2470500 o sl 5 % 2
T35 R B 4 08 T SM X LLC 1 U5 77 4K
1. 2K M, Pattnaik 2 AU 2 H G NDP fig g )7 %
B A B TR UZE LLC L, i SM 5 LLC
Z A BB % . 5 R e GPU M EE i 5 s s 0 1

44% 0 R EEAER s, SR 48 T P2 31 %0 M e #E T
16 %6 [ BERL k.

F TR T 5 R LLC M AR it 5w i) 45 L 3L
o, Mu S N Tk E A BOHE B PR B8R e LLC
B T LLC rp i) B30 5 FH R A0F 23 52 20 800 4 %
e 1) 5, PR O AR A5 04 1 BE B T AR A BRI FRC
FFHAS N2 T 22 A7 10 25 4 L W/ T B0 A0 285 #e
(Y R . B AR B T B R A L (12 FRC #e it T R
I 1) AR AE B HCRE 7 5 RO AR A T AH X A 1
e Tt.

Table 7 Five Features of LLC Performance Improvement Strategies

®7 5 LLC MR R EER

Strategy Key Technologies

Hotspot Data Protection Complexity Performance Gains

Adaptive LLCI7) Access Parallelization

Selective Cache Management Scheme! % Read Bypassing

Priority-based Cache Management 8" Reuse Data Protection

Slack-aware DRAM Scheduling!8! Bandwidth Throttle

FRCLS Fetch and Replacement

Cache-like Structure

No High General
Yes General High
Yes General Lower
No Low Low
Yes General Higher

2.5 NVM 7 GPGPU ZHFF R G H IR A

K LSS SRAM Bt B S 47 T R G AL AT TN
FEMMR AR, H A # /N B % NVM(non-volatile memory)
e G RAEAEE SR AF ) Z B L 8 GPGPU B 22
RGBT EA TG J1.NVM B 3 S 17
it 2 B2 R B4 0 32 B M RE L B2 oA e S Th A
RV TG | T i AH XA PR A Bk

W& BIF5E N 51 AN W7 %% 1, NVM 9 PE BE - [
MEar ik A TR KucE ., R A SO E NVM
At A B GPGPU LW EAET RGE TR R, IEE
WE i T NVM IR & 15 52 5 A7 6k 52 el
NVM b B8 R A7 T 2 G5 0 W6 K & 2y 1. 36 8 41
26 TR JLAE 5 A B A RERM N H T GPGPU & 4F
) NVM MR RE 5T 5 1% GEAE b RBE T X5 L.

Table 8 Five Features of NVM Material Used on GPGPU Cache
*8 5H{ERAE GPGPU £7F L NVM # #4514

Characteristics SRAM DRAM STT-RAM RRAM MRAM
Cell Size/F? 120-200 6 6-50 4-10 45
Endurance(read/write times) 1016 101 101 108 101
Read Latency Very Fast Fast Fast Fast Fast
Write Latency Very Fast Fast Low Fast Fast
Leakage Power High High Low Low Low
Dynamic Power(read/write) Low High Low/High Low/High Low
Non-Volatile No No Yes Yes Yes
Applicable Cache Main Memory Cache Main Memory Cache/Main Memory

ZHNVM MEHE S AR Jr T35 A B 4% 5844
B Y- AR A 1 3 B2 5 T+ 23 430 AR SRR R X
B BTN % B AR AL L e A7 P IR NVML A
JI NV M A7 it 135 O3 U T i 14 8000 » e 4 i3 O
JEE R OE S [RS8 FH A% GEph BV G AT B AR B %

R SR G A7 F- i NVM 5 A 54 F S A B3
(R BR B T IX FE R S A 5 B 5000 75 Al 1Y)
NVM 26  \NVM G2 £7 (4 25 12 L 55 &, 6 2 22
FEAESE AR | 77 Ay 25 o RV ) 6 55y T 11 223K
Goswami 48 AB 482 10l STT-MRAM 1E b B2
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FERt Rl A B SRAM G2 A7 R e, sE o0 R T STT-
MRAM 1= RE , W& 3 T shared memory
i FBE R U5 10 . Zhang 25 A2 H ) SRAM
5 STT-MRAM R & WY A7 4544, 38 i 7 12 47 i 3R
SVESCHE AE 52 5 YRR T ) R A S T A W R S
A7 WS L 2 A IR A bAoAk 1 22 £F.

K HI NVM 5 1% 58 bORHE G 10 il T 7 58 847 Hh
AT NVM L3 BB AR 58 2k T NVM
Al 7 A AT LA - b, ) ] G v %8 R 0 A 34, L —
AT R G A7 25 (B4 R A HUR T 0 B8 s £ -5 it
B FEE /N G2 A4 3, B A R T S T ) TLP.

Satyamoorthy 5 N # T — Fh 7€ [ €
PR T H MRAM 8% SRAM shared memory
Tt Jf kS 22 oh BRI S A & IR . Zhang
S NEO B T R e BEL B ML A RO A 2% (RRAMD B
RET SRAM 1 LLC Z2 47, ¥ B AF = |37 K
T 30 5 AR MR T LLC () 3h A) 8L, Samavatian
SN T —Fh T STT-RAM 9 LLC, th i
KT RG 16 %0 0T PERE 1S .

fe5e SRAM & AIr £ 21, DWM J2 il /b %
TEEE PERE T 157 T1% G A7 M4 ORH HL - B e
AP AR . Venkatesan 25 A2 1 T —Fop i F

LB STAG , 1 IR %1 L DWM 41 41 GPGPU
9 F A7 A% DWM A i U n] f 1A 4 3 =2 e i S B
TR AT 0 = R AR L ) T A 2%
RLRS Bl gt 217 Sk (1 B4 L 23717 Sk — 2 B9 1 ] 43R

5346 NVM $ A s w4 57 78 0 5 2 0 %
. 28T STT-RAM B 2472580 TR & 27 17
R B PR Mittal 8 AP BB T — P Ik
T SOT-RAM W2 fe e i it I 52 . BT 5 SRAM
AT 4% H TE PR AR Y R B L SRAM fil STT-RAM
AT AR AL T B A BE AL L. Gebhart %5 AU
M GE— Fr T A7 fith 4 45 ALK A7 it 2 o5 245 b K] 0 oKy 2 A7
A L1 BH 2247 Jing 58 AU 4 MK A A 2 R AL
W A BB AE — L AT 0] A1 % M ik s e S 0 2%
75 FL2F A7 4 D g, B 50— -k RS SR e L K
KL T Ui A7 U RAT: 55 1 M e

9 X T N T GPGPU 25 17 40 41 42 4 1)
6 Ff EZ NVM £ AR B ERAE. AR 9 7T LIE I, 8 i
LG BHR A NVM 1Y 2 77 207 SRR RS B i
PEREHRETE.7E STAG H . DWM 0 T &S 11 cache,
A DWM MRt % B A A T30 i %217
1y 75 Sk, FL L 0] B 7 2 B8 s il A Sk, DRI e LA
o 1)V RE 4 T A X AR

Table 9 Features Comparison of Several NVM Technologies Used on GPGPU Cache
&9 JL# GPGPU &% L{ER K NVM £ AR B AE X tb

Strategy

Applied Memory Technology

Energy Efficiency Gains Performance Gains

STT-MRAM Read-only Cachel#"]
FUSE[®
MRAM Shared Memory[#
3D Resistive Cachel*]
Efficient STT-RAM LLC™

STAG!?!

Shared Memory: SRAM+STT-RAM
L1D Cache: SRAM-+STT-RAM
Shared Memory: MRAM
LLC: RRAM
LLC: STT-RAM

Cache: DWM

Lower High
General Higher
Normal High

High General
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