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RRFEIE). WARTHEAPIMIE, — Pt BB IE DA sy 58 RO NE B EF o (— B
Z NI EHE TR, near data computing, NDC) (] 5 — b B 3R P A7 il et 5 (*ﬂﬁﬁﬂ\Zﬁﬁ
Wit%, compute in memory, CIM) 123X P Ff JE2 0 ARAR KRR FE i/ 17 v o b 28 0 47 2 18] RO 2080
¥ l, A BIFETH KRG PEREH FRCRERERT H (1. iR, A RIE I N AETH R SR AE L T 4t
RS EMAELT, BE, EE BT ERERT 672 SRR R REAE TR AR, H
T I AETH SRR S T AT T I o o 22 Pk k.

FEIRBE TR DT, BT N A TR A B 0B S TR RE 1SS, AR TR A AT A
PR R P & S B A AE RO SR 2, LR T A S b AR AR B 181 R, AR T I e
BEXF b 2 B R L, 0] I B B R R S AT R O BT DA R IR PR AR SR S ). A dn itk
IRV BRSO B ) R SCRE. AR RE T [ 4 B AT B IR RO TH R A R 2 e A
T EEBAAEE O, BT R R EXNKE RS T A e I B i R g . AT AE IR
T TR B RER N AR R G O, ABARRIE RRE E R N A T B A, SR e A A (161,

FEAAWNIHRE DT, BT HOR BB R W AF BT RS SO I ST IR AL TR, A7 A TSRO v AL
TG R 2R D21 PR, B AT X SR 2R D LT S A s R B N R
THRAR REFIA RS 12 BRI A, 17 T B i B I R G454 8 2 A Bt 612 B
SRATE N T SRS RE AT DA E ARt At AT AR i S, (B Ay AR — BB 0 FIEAT A6k RS
77 RAE R T, 350, AR N TSRS ERAE A A Sy A7 AE PE R AT AT SEVE IR 1] 3, 9] a0 T 9F 5 R AFA IR AF
P SRERL TG Rl ) AR () T S A ] 07

HHUE AT I, WA TR BORE IR, BR HAMER, 5 EENHRRE®, MHBIIAE R4+
AT A 1 22 PRk DRLE, FRATTX DA I P A7 T SO FUEAT SR IR, 1 3R A A7 T B3 ARE A 2 ) B R R
G FF VM B AR T A FE ke . A SCESETVEM T AN 4 T NWAFTHRISEE R R, SRS TN
AP ERIE AL B i OA BN B R 251, B o i AL g5 AV SR I (R PR, B Js A
RN AETHE L DUAETRAT I B 5 R A LA,

2 AFETERREAIE

2.1 AFETERNRES

20 {22 70 AR, SN P AR 2 B AR MEREAVEE 18 T R N A B AR £ 1)
PRI 2 BRI VA AT R AU B AT, BRI, AR UE AR AT EEOR, A BB AE AR il v 0
AR T, R FTIAT I AR S DL Bdk AR

Bl 12 20 R AT SR RESH. 285 Ml AEAARERE S5 n T — St ST (1
U1 ALU), HIFSCHRAFAHRE S A B0 A il A B XA ik EDVMEFANSE . — 7T, 4 I HOR RE ik
TEVE TSR T i T R R A A, BTN A RECE SRR S A TR LT AR, AN REIE E) 5
HAVEREC ) TS BT 2R 55— 5T, 4 (2 BT A B ) B8 B AN K, AN BE AR BN ) - B F. e i 0
FE I BRI, X0 ELEEAEAT fifk 3 A I S 58 50 i 7 AN SOHE BAERAGH 8 mn ) B R 2, i L
ANBEIRE o FH AN BLREFEMR I B 1. i, WAFTHETE 20 TR Dt

2.2 HNEFEITERME

AT TSR DSGERAE 2010 4F )5, e IR A0 a1 . 120y BOEGE sl (1 52 1 % R 38V, 5 n
ITEERIAT RN R RN, 75 BN R A B AT BT I, B e 75 Ak RO A i (9-201 LA
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[
11-bit row address PIM command(25); T TConvemional
— data(4)
. AR
2 Kbits L
[
Pt 'm: Column
Z 5 5. |5 address(4)
S| g 2ge |2 fe————
| 3 a2
Ele
Vo
Vo
Vo
Vo
v L [
— s

1 1995 FRHIAGETEMERER 18

Figure 1 Micro-architecture of PIM proposed in 1995 (18]

PAREPE 9, IR A B AN WTEAC, H BT — 2 W RS T L E A P22 A
SN R At 1A IR, T RS A B AR PR G 3R, g A L5 g 01 5 3 39 3 A7 BIOCHGH e S AL B
T BB A7 B A R R, AR ANV SR BEFE L L — R RIS R AN B 67 PiAE 4
BREEVR LR, BRARRERER Bt BTSN — R % A5 [5~10.23~25] Rt F S8 & ATV 8 % ST P A7 —
JEMITHERLRE ST, AT BdE A2 30, TR R Gz T RERE.

L ulRIS, R A f a A T R R, 04 3D HES A7k 2R, W HMC (hybrid memory cube) /HBM
(high bandwidth memory) 1 3D XPoint, PLM&AE XM= (crossbar) 2544 1) 5 A7 i 2 A, a0
ReRAM Fl PCM. K| 2 26 Jg/R 7 —Fh 3D MEZMAAAELH. Jrdh, BIRENEHZE, 8 2
HAt AL PR TT. AR ETHES A DRAM 17662, A TE i md it % 1 fek ) 193838 (through silicon
via, TSV) AHEHE. Kl 2 Hi—/NLI7fE (cube) 5T 16 ML (vault), FEMER—Z G5 THA
FeF (bank). SESEH S MAFRRZ, 1% 3D G RE= K@ HE T LU E 58 oc, BT bl
R R TSV 5 _EJR R 6# e T B S B, WAEAS v AR SE S5 . K 3 R
T ReRAM M&s#y. Ho, B 3(a) £ ReRAM cell [IWFEEIE, UL =¥ R0k 4 8 S
JERAEFHA AL E. B 3(b) JE/R T SET #1EM RESET #RAERI A B ERRE. K 3(c) EBR
7 ReRAM [ crossbar FIZ5H): B4 cell JHUE T 1T &M ELFFE A X Ab. IXFER] NVM (non-volatile
memory) ZiFAESEN) DRAM S5HAILL, FA A4 B m MBS TR R I =, R FRe ik 1 4 22
SEMPNAERE AT SO S B 3R 1 S0

gi bR, Aol SR sl 1 N R R DL B iR R R G sl T AR R AR, IF B R
fili e I B D R o A TH SRR L 1 BORfRIR. PRIIE, AT SR 2010 4R 5 %,

3 AEHERMBSERAK

WAFTFERORZ — DN E RIS, ¥ ERE VR N A P I BOR SRR, SRR T WAF T
AR BN R G AL AE AL AT PAT I THE, IERESCRHME S L, CPU A% 0 BB R 134
i1 12.15.36] - X F N AF B, AR — O8RS ARG S, & — R ASIC (application-specific
integrated circuit) 7, RN & A, B0 —ZRE 2 N R BTE, ASRE AL o Ath 3 AR P 1271,
WA B AFE PR, AR T E AR N THE. I G R W E 4 Fos, BATEE AR, HRE ey
SE M5 SR LA S vt I TR N THER I S OR DX B T SR T BB T AR i BT
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HMC 1.1(Gen2):4 GB size

Bank @

Partition

1 Voltage LRSCT) | o Wordline
SET

HRS(‘0”)
4
lﬁ
Bottom electrode]

L Voltage

TSV

Current

Top electrode

Metal oxide

Vault

a b c
[JLogic layer [] Vault controller [l DRAM layer ® ®) ©
2 3D HBMEHLEH 20 3 EHKIMEEE 7
(26] Figure 3 Non-volatile memory (12, (a) ReRAM cell
structure; (b) the relationship of current and voltage in

SET and RESET operation; (c) the crossbar structure of
ReRAM

CIM NDC
(compute in memory) (near data computing)

B 4 EHEITEMERTERXR

Figure 4 Relationship between CIM and NDC

Figure 2 3D-stacked memory

WIRGY S, AR N TS B AR B oot 55, THE AR AR &, R TR BB S5 R R BT SCREIR T
SRR T7 TR BAR A T 8 v SRR N T SR DGR R
3.1 IEHIEHE

NGRS - VIR 2 3k v S 4 b B AR 1) R, B v AR A R B T R T, X
AR S E O AT I . R, AT RS T 3D MR NS, Tkl 2 PR, I dE T
HAG A — AN EZA NDC cube, EA1E CPU 8l GPU M (WK 5 Fiws 19, £4 NDC
cube Z [ A Ge B AFAEIES:. HATHET 3D HES R HR H B0 5 £ EAEHTE: (1) NDC cube 5L
5 244873 (2) NDC cube Il CPU/GPU 2 [i], NDC cube 2 [8] 1877 30, @45 77 AL
F—BEEY; (3) NDC cube HZH 2 1931t (4) NDC Edamsf 753K (5) NDC fchifb42 0 & b
ERGA SRR BT EET 3D B NN NDC, 66T 2D NVM ) NDC g5, R 2B L
XFNVM A A FE S R AT B0, PASCRERE & R T 5
3.1.1 BANERIETEZRY

8 FH I B v SRR A AR R M TAES: AMD Research ) TOP-PIM 3] Carnegie Mellon
Univeristy ] TOM 16/ University of Wisconsin-Madison ) DRAMA 28] F1 NDA [7!| Seoul National
University ff] PEI 3], IBM Research ff] AMC (active memory cube) 29 FlF:F £ CPU Wik ¥k it
H &4 139 Stanford University fJ HRL "4, Brown University i B 1505 1) 9+ & Bds 4544 B,
Georgia Institute of Technology i) AxRAM 32l PL K Chinese Academy of Sciences ] proPRAM [33] H
(ZSIIN

TOP-PIM 5] St 7 —Fhile Bt v S0 484, W&l 5 FroR, Ao AN B S e b e b 3L 88 |
MR YE S NAFALEESS ) e e b B SR 3EI T A2 B, TOP-PIM 7EiE$E N AP AL BE RSN, 5 F8 T REFEAI I
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Abstract M/emory dies
Load/store inter\face Re
\ Timing-specific
\ _--~ DRAM
\ interface
Host AN
N
PIM &
4 | , / DRAM controllers
B 5 —A NDC RgHf5IF 1o
Figure 5 An example of NDC system [17]
Off-chip GPU-to-memory link Main GPU SMs
/ / DRAM layers
-1 .
Logic layer
””’ K Logic layer|
77277 SM
™ Viain GPU
— N —/ Vault| _ [Vault
3D-stacked memory  Off_chip cross-stack link  ~~ M et ctrl

(memory stack)

El 6 TOM Hyzt#y (1]
Figure 6 The architecture of TOM [16]

PR, 789353 B K B S 76 PR BE AN BEFE 7 THIAREAE. TOP-PIM YN A & & 1) GPU A% 53
T AR AT R, SEIER W, 7E 22 nm L ZF, TOP-PIM /] LUE/D 76% HIRERE, HALH
ok 27% WITEREHRIK. TOP-PIM MR A& S RE e R B B R, Jeidond e e 28 Y B s 534, &
F4 B B AR P AF T S AR PAT 10 P AE TSR T B B R S IS T R A 2 A U A, A DA
THEE ML RS, B, TOP-PIM 7EMERE EAUME SIS - Bk 8 R4

TOM D61 ARAD 73 1 22 AN B, 38 G 124 TS 20 AT, 7 HA & A T30 N A7 B R T R AR,
WEG T IEEEAM L FR R N AF T R B R AT, TOM 45/ 6 Fros, HoKEgs 5 TOP-PIM A
L, AFIFE TOM ZHE%N NDC cube 2 [BFIEAE. TOM FIHEH 2N T ok KEFER AL GPU 5
F A (B BN TR, BT g PR RS ERAS T ARS HI T e B A S A PO R WA TR R BT 2
Ab, TOM 3853 BT T 7 AR 4040 2 5 750 28] P4 A7 1 B3 R R AR R 1), x4 75 7 A A R A
HUATHI NDC cube H1, LLHSRIB/D &4 NDC cube 2 [A]I3EAE. TOM H AR 43 B FHHCHE ke 555 %
FIEEW, R G TR 7 @ A AL RIS R, TOM “FHIRESR R GPU I RN 30%
PERE.

DRAMA 281 F1 NDA 7 5 At i Bedfi v S 28 ], e AT S AE R ) DRAM %46 b, JusRuT I
A 3D HEZ [ DRAM ff{F (HMC A1 HBM) tshf D, 3 BT IR At R g et cssh i /. B 7
JE/R T DRAMA 1 NDA (5, 38 BEARGERIIE /& S Ab 3 85 8 i 5 26/l DRAM DIMM . A
[, HH—#45 DRAM DIMM i 7 #Z7E DRAM L[ CGRA (coarse-grained reconfigurable
array) HIEES, BEENEBOHE 5 4L Y N4 A O3 L 2R 0 4 4 R EAT Ab . SIS R, XA I R
MEFREEFIRERS TR 3 52 60 REIMERESE T, WD T 63%~96% IR SHE

PEI U3 {21 T — BN EMIA R4 6 MR 0. W 8 fvr, PEL B AAATHETR S
THH BTG (PCU) BUERA EACFEZZ LA R BA WA T HAZ b, 4348 & T 78 b B 28 v s A7 1T
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Processor Accelerator stacked atop a DRAM
Core [ | Core Aceelerator
L1I[LiD| [LiI[LiD Jhatat,

111
TSVs \AMBMA

A 2R AR

DRAM device

______________________

L2/L3 cache
Memory controller

Conventional DRAM interface
j /

" T

Lt

o) | R0 000 0H

7 DRAMA #1 NDA [gs#y [7-28]

Figure 7 The architecture of DRAMA and NDA [7,28]

Host processor | HMC
Out-of-order @ = ] : _
core o ) ! < » DRAM
E T "g > . ! ‘&5 «lﬁk—» controller
5| 3 =|
= RN »[ DRAM
t ‘é || = [«»[PCUJe»| controller
PMU S| 2
PIM % \ @
directo ! g
= l,ry e | ]| O | » DRAM
ocality I <> PCU|<-> controller
monitor N
—

8 XEIEBETEMNRBEHEO RS 10

Figure 8 The architecture of NDC-enabled instructions !

Out-of-order
core
r'

(O Send the input (D Read the

13]

operands and output operands 2 2 'q:J
issue the PEI S S 52
v (3) Load the block | © 3] O
= N < O

— — =

(5 Store the block
if modified

@ Execute

PMU PIM

(6 Notify completion directory

@ Check for atomicity

Locality
monitor

and data locality

9 EHImIFLBIETERES T 10

Figure 9 Host-side PEI execution [13]

HMC controller

U AT FIRSEAN T AAATF R ER T (PMU), 5 LLC (last level cache) PA K EAE4E T 8340 B A 1E.
BN E BB T E AT 2 R 2SSO R N AR TR AR S, it B E A, A
(R 2 A A BE i |, PET 0N RS A 5 7 >R Mo 0 500 1) JRa s 1, R0 i 1 Jm0 B 1k B 3 v R e 48
VEAE AT R BT, AL, WA RGEREFIUA g FEAs Y | SEA7 ph oA BRHLA, LA S R 0L Y
fEE TR G B E. B 9 A1 10 20 ilgh T 32 AR PR 28 i FOAE i o 9 A7 H B4R 2 B PAT P 3R, AT B
F i, PEL Ge LA 1) RG4S MR i b A
AMC P9 & — AN ) HAZIR BB T AL (— R AT 1018 B5) Wi HNAITHE RS, B 1




HE R AR )

BRE #51 4% %2

HE S, KRG RS

Out-of-order

core
-~
(D Send the input Read the % .
operands and output = §
issue the PEI operands 8 °
v .
(D Send back the
output operands
PMU PIM
(2 Check for atomicity directory ||
and data locality Locality
@ Send the input operands |LImonitor

(3 Flush or clean

the block if necessary

(® Issue the

PIM operation

HMC controller

©® Retrieve the

output operands

10 FEhimTHEREtEmESHhT 18
Figure 10 Memory-side PEI execution 13
Partition with A
2 banks ﬁ Vault
- A” 1 / - 32 4-slice lanes
DRAM 41 Z
o Az 27 T e
; ,—*"IIDDDDD.DD FEREEEE 32 vault controllers
% 7 /’,f Base DDDDDDDD‘I OO0 Per AMC
7 logic
N AMC r layer DDDDDDDD DDDDDDD[ 1.25 GHz
N / 320 GFlop/s per AMC
AN < ,l Coherent main memory (128 GB, 5 Ttlop/s)
8 GB AMCs
320 GB/s internal
nt AR B B B B B Bigsy  bondwidh
EEQiEEE ﬂﬂﬂiﬂﬂﬂ EEEiEEE EﬂﬂiEEE ﬂﬂﬂiﬂﬂﬂ EEEiEEE ===$E=E ===§:B!
099 b XLy BILL (LI EILL (XEd BILL b XLy BILL (L3 EILL (XEd BILL b XLy BILL (L L \ 32 GB/s read,
32 GB/s write
::H;T;::: ssssnssss i 2sssnesss I S858°08SS JSSSStesss 358 :::f/:m 7 links
v T T N 256 GB/s read,
256 GB/s write
DOOOOOOOOOEE | wos GBls
ODOODOOOEOEEEEE | processor

il_/_:

SIIPEETTITILLT

Links to system network

11 AMC HIZR % 29
Figure 11 The architecture of AMC [29]

WO

S RG A LL R VEANSHIT B . AMC 7Ei% 1T NDC cube (B4, 207 IE T # FREE S FH
TR SRR EACIR G N R SR IIRE T 3R, J1 R AT R IET AR R 26 FIRE R LE. RIS, AMC
T R A TV AR R A R BR A L Z IR, SOV M B R SR B 240, SCRFRARYE
R RGURs MG EARE AMC H5EIE. AMC {/H OpenMP 4.0 29 1E 9 A7 THE T mUbE 1 4
FEBE 1, AH R S PR 2 S R AR T AMC 7. SEE8 7R, AMC 1N 30 55
7 55 R — MRS thAh, AMC WAL G B 28 T SRR m— N R, 78 LUR AT FE BT 3k
AMC B030F 7 P AE TS Lok 70 7 2 28] r o Ak B 25 o F 5

FiAL Gy JeAb 7 2 3 A7
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Example virtual memory region

T
E i ech. spec.|i ch.
S i‘i Mem. Ctrl. Ji i Mem. Ctrl. )i ! [ Memory ]
5L ~opP ) i NDP | | [Tech.spec. i
ZE NDP manager i i NDP manager §; i |Mem. Ctrl.) i
~ T

' High-speed link

Generic
Mem. Ctrl.

r Npp —| [ Generic ] [ Generic ]

|_Interfz£e J  Mem. Cul Mem. Ctrl
| |
System bus 1 1 1
ystem us[ Core ][ Core ][ Core ][ Core ]
CPU

12 BEF&4#% CPU MiLHIEITHE B0

Figure 12 Multi-core CPU based near data computing (30]

Vermij 55 B0 $2H 7 —AMNEET 24% CPU MR Edi i 8 R4, USCRRE SR A RAEM4E 4,
HAmE 12 s, MATERH R 7 N B S8 ) B, WnEE R . BE A L EAE | ket
SR AR Y A IRSEIL T — AN T A A (AL B SIS B, A ATT T ER B R R AE Graph500
MRS CPU RGEHIEL, £ 1.5 fEHMEREIR T,

HRL ' £5%F NDC cube 5 ZE 1T, F b DhFERHAR PR 5 o o8 e R T E R o0 JE, $2
H T AT E A RS, fe RIS E A TR E AR FE LR N . HRL K, ASIC K@i PERELFH
B RE M, TSR KEMN . FPGA 1 CGRA Gl Al g fE M4 17 78 i RIEJE. {H)2 FPGA /&
DA EC AR RLFE I T S5 B e A B IRG B T T A B R, BTHIARTT 84K, CGRA 8 SCHF B A B4 1) 5
KEBE, REFELL FPGA B, fERFIR T E AR s F RS AR, YEReANEE. BRItk HRL $2H TIRA
Al E A AR EEY, FAE NDC cube HIZHRE, B T FPGA HUR1 CGRA Ht. ¥ 13 23 7 HRL [
g5k, Jorp, FU (function unit) 228 CGRA HSEILM, FRUETHARIBERLLL, RE68 CFFE- I FE
HEE, BN WL, TRk, FItLEHEME; CLB (configurable logic block) #& 28 FPGA HSZILHY,
FH SR S B S AN R DU (10 4 k1) 32 R B 0 (Eb G 28 X 24 v (1) 3 R 20); OMIB (output multiplexer
block) /& H 2% TR, HCE R SRt A B, FIRSCRFVEES: 3, Blani e . Am Ay, fdf
TRV B, R —PhREIRIN 52 B TARAIREFEF A 0 2 s e 7 2. 534k, HRL A I E KL FPGA
(1) BRAM 2247, DRA A TF 550N 38 3 B0 JR i e 22, RERAE 2B H, ARt m RARIRE. W
LHTiR, HRL 454 7 FPGA REFE(RAN CGRA THFUFIFHZ &R s, T FPGA 1 NDC %1% RE
B 2.2 i, HWIEF CGRA B NDC RGiMERER 1.7 5.

Liu Z5 BU 38 H 7 3& N T Ba i S0 3 R B R 45 0. AR, BUERIR S AR P Ew a L
BHAMZ, HRBHR SETE R Ay R 7 AR TR S 7 B 4500, BRI, IR BT 5 R guin e 52
ROt R B S50, UURTT R ERE a5/ an R IR Bl H SO0y, ONBEFTE AL Liu SR, K3
P AR REAL T 30 I B v SRR B 454 54, R R an s Rl Bl B TK B SEHOR T R)
B E AR R BAR S, R T4 CPU AR RIFE R BIREE M. B 14 JE/R T b ATBET Bk
R, Uh %GR BE T 5 R b s R AN, BB i 3 i A Rl 3 A
oo BEANER O H LAY £ STk, HW RS AE CPU ST — 408 L. BRIbZ Ah, A ATIE Sesl 1 &1 ek
WP E R EER, et AT AE 1E, fEERE DL T IUE I &4 CPU RGMIAH SR 4514

180



HERBYERRE Bl 6 B2 8

Control input Data input

=,.|=| 1-bit i i

control [ CPU ][ CPU ][ CPU ] CPU cache |

routing
16-bit ]‘%

dat v_¥ = N~ :
rojtiil]g [ PIM core | {f[ PIM core |

tracks Vault 1 Vault 2 Vault 3
I [0 20
1 4 7 10 20
e —————— 1 14 78] |LO 20
| TG 2-E{7{8] [ B
Control output Data output
13 SR EMTERZEERS) 14 14 —MNAETESPHH R BY
Figure 13 The reconfigurable logic for NDC (4] Figure 14 An NDC-managed skip-list (31]

Streaming On-chip| | Memory
multiprocessor cache | |controller| AXRAM
ing=a+b;

Normal execution > -
I

tin, (Yerg)t {in; (%r )} Wox (|
Wolw, S lws DRAM banks ff DRAM banks +W,x ([ing,

Invalidat L
Bypass  mud LA VA VA AVAV AV a4 sigmoid (

translate 4[> 4[> 4 4 SR SR AR
DRAM banks H DRAM banks

¥
In-DRAM
neural acceleration
|

W, x  ([ing.
+Wyx o (|

S 5SS

B 15 GPU KREBAEEHEFETEMRREPRITHRIE B2
Figure 15 Execution flow of the GPU code on the NDC accelerator [32]

Normal execution

Yazdanbakhsh %5 2] YK I EREE i E] NDC cube R EBbAR, 75 2Nl s AeRE, & FTHAR
N, RSB RI . AATHRH AXRAM, R GPU R AT e, KA R XA o o
FFEALEIR N (multiply-accumulate operation, MAC) SIS F. AxRAM FH B — 51U Rl A
HIHAE, MIMAE NDC cube "2 4R EBiHfai B . BEFEAR. 5 THIAR/D. 15 JB7R T AxRAM AT
&, A TIR¥E GPU IR 2 28R M PATREE, T8t 5w H 24~ MAC 1B 0% GPU #
FEIEPAT A2, R T E S DRAM NS5 HA A GIMN WA, SiiRss RE7R, 5%
4t GPU RS, AxRAM “F3HAS 1 2.6 5 MEREIRTE DL AL 13.3 REMIBEFETTZY, T Ak T 2.1%
I THI AR T4 .

proPRAM B3l E/DECARELT 3D HEB S5 MM SR THE 280, BRI T NVM 5Ll
AR OSE I B T BT, B s LU ARS  (data-comparison write, DCW) G, $l#4 S (Flip-n-Write)
BN SET/RESET #/EEH SN0 (WKl 16 Fiow, L& proPRAM A IEERE50, 4510
& DCW H.7T). proPRAM WM 2539 2 s sy, Hekahxt b2 RN AT L, Be AR Hh S RF 3o 255 4
AR, 5 CPU RGuAHLL, fEXR %R RN H eI 15 5 I REFETTZ.

3.1.2 AR FE IR IR R R
EEXTHLAS 2 S i B v 2 AR M T/EA:  Georgia Institute of Technology [ BSSync
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CMD
| CMD, DATA etc.
Y o FSM
£ Address controller
A generator —
| Row buffer I Inst
Inputl
Row S T = DCW unit
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Figure 29 The inference and training process of reinforcement learning (43]
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Figure 31 The example of training a fully-connected NN on PCM+CMOS-based PIM [45]. (a) A neural network; (b) a
PIM structure
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Figure 32 The architecture of SC [46]
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U1 4x4 B 8x8 (Z HTHI TAE T8 3 ] 64x64 B 128x128), KA 4L 5| #E (graph-processing engine,
GE), AH A S AT E. 2R, LT CPU, GraphR AEEAS 16 f5HPMEREIRTHAN 34 £ 1A
FENTL; AHEL T GPU, 7 1.69 2 2.19 f5HIPERESETHAN 4.11 B 8.91 FEHIREFETT2Y; M LLTUrHl 152,
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CPU ~
pus\  \eichesidle)
s\ oo e =1 | =1 eeeee—
___All data via the ‘/ x Only CMD & i OR/AND |
- i - D 1
narrow DDR bus : 2 Row-ADR REF : ——
| Operand row 1 Modified SA I | : :
Operand row 1 | I !
oo o 2 L3 : N
: Operand row 2 ] % < h_-: Fo }-Cé FZ,
- RIS 1 1 2 1 1 <C:
[Operand ow 1 B sy = B
I
- 1 XOR/NV
NVM -based main memory EN -||1
(a) (b) X
34 Pinatubo MG . BB RGEHLLE; (48] 35 Pinatubo EJiEHHARE 148!
Figure 34 The comparison between Pinatubo and von Figure 35 The sense amplifier of Pinatubo [48]
Neumann architecture 48], (a) Conventional approach;

(b) Pinatubo

A 1.16 3| 4.12 FHTERERTHA 3.67 B 10.96 {HHIREFETTZ).

3.2.2 ETEZEZFNEATE

T RAEBAEAANIHEACER TIER: University of California, Santa Barbara [ Pinatubo 48,
Delft University of Technology F Scouting Logic 9 F1 XOR/XNOR 47 15 # 4t P, University of
California, San Diego ff) MPIM 51 F1 MAPIM (52 BAKAN .

Pinatubo 8 JE —ANEEXT KSR LR HAE IAE A TH R R AEH. B 34 X T R4 - B IKE R %5
5K Pinatubo [ RGEEMFEPATHEE LU IRIE IR, K 34(a) 1, CPU SEiliid A BRI S A
B FFEAR R cache H1, FEH] CPU W (1) ALU Hoonf Hi ot 5, 15 245 R 5 Ko m i a 2647
AEINAFES. K 34(b) IR Pinatubo KIAFNTHELERAE, CPU HUKIATR S AT HUMESS A7, WAFHE.
PR BRI 2 5 R R AT S ICEME B T BIRBOR AR b, BRBOR A% 7T LB B 5 AT B E 2
158G, PLACR BURME, SRS AR AT i RISV E A a2 AT ik S 4G A% 4,
W ARG R E B E R . B 35 o T SUE B SCRRER B, 55 B, DA SR et
B AS. NVM A8 S UK A BT 2 Lk 45 1 L Zoid B UV re bR S, Aok 28 i i 2
FRIBEAEAE LL BRI E 2 0 162 1. BT UEJE B Pinatubo [FIRS2HU 1T BLE 2 ATHAESL, 7EELBOK
e O B B SRS R I ] S B S R AL RIS . BN S IR T
K, BIRERIERAL S, MK Z IR BB A TBORE T, SRIG R AR SR, RIS REoR, M1 K&
(1 ELRF AL B2 5, Pinatubo REHXAS 500 F5 I PERESETHAN 28000 F5 I REFETTL; 725 @ S , REHUR
L12 fER P RESR AN 111 RERREFETT 2.

Scouting Logic 9 48 tHAF W ITFHZFRT NVM F R, BrA FTEESEH#E NVM 1, sz
G FEHL P A IR I B B AR B 5 NVM (15 4:4E. [FE, Scouting Logic #& i Hi@id
BARMEHATIX LT T, A S NVM A7 8 8. A0 B8 Pinatubo —3, T2 43)
TR HBOR AR ek, AT & AR S, PEREEE E. MPIM PU R [EJIN SCRpZ s SRS RigEi
(R 3.2.3 /N A) AF A TR, Hoh i i is AR R B S Pinatubo I SEER RN, HH
tT GPU, MPIM felUfS 19 5 RITERESETIAN 5.5 (5 AIREFETTZ). Lebdeh 55 PO $2H T —AMEF%F XOR
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Computer device Computer unit The nearest distance CAM
Thread dispatcher ]} Af P SEFEE| APplicativon inputs GPU activation
1 1vat
—Z P> E %| % g % N | Buffe | — __| Bitline driver |
~E — ::: 3} | || et — 1 1 I I
5|15 £ E AR, [camll . [Jeamll |5 |= [cam] . |[cam
o) 11 11 h=h IR 11 11
Global memory §‘ Sc — .g cﬁ. ce; é_g . ce: cel
B dIEE Bl (|5 Heam .. Heaml |5| 3] |E|HcaM] ... Hcam
\‘\ 2 E E g 2| | Leel cell % g = cell cell
B . 175} .E B
\ A 214 [z [Z] T T =i T T
|| Aeeuracy Heamtt  Heamp & = M Hcam L[caM
' Oca’ memor Clk | cell cell THR cell cell
‘\\ Sense amplifier

Bl 36 A NVALT 3# GPU hR4#H B3]
Figure 36 The architecture of GPU with NVALT block [53]

HI XNOR $1F i HH042 W T R %, % F 405 T F M NI & ReRAM FESIUAT XNOR 11803, 7
TEGIMG ReRAM BEFIRILEGE, HEOSERAD 54% MOIIA 2081 56% KOREFETIL. MAPIM 52 i
2 BRI R BES B T S AR % JRAT, A O TR B AE (0 B P . TR,
MAPIM $ H1 56 T 13047 0 B P REAE 4 150 3 G0, AEO5 S0 2 LOAS AR AR, JF FLI6 3 30
BLHLE S IOUEHOR 3, 16 TTBUC IO WO SR P %, TTHRTHIE R RS L RE. 52 70
7 LSRG L, MAPTM AEOSIRAT 16 P REARTHA 1.8 el RERE 1920,

3.2.3 ETHEHRBFMENEAITE

HFHERBEENANTEARE LIEA: University of California, San Diego M) NVALT 53] Al
NVQuery 54 University of California, Irvine i) MAP 15, Tsinghua University ) SQL-PIM 56 H.
S/

NVALT B3 g —/MNET AN TF T A SR, € 1TH T I0® GPU. GPU MR EILH T
e S B ARAUE A /1%, 40 FFT (fast fourier transform) F1EMG AR, i & R &1 23N
BAERI PR . NVALT 385 58 53X 46 37 FH F 508k Jm 5 1, oo X e R il b7 P 4 57 e 50 I ABA ) E R0,
KniE GPU mihE. Kl 36 &R NVALT 1) GPU 444, NVALT Sy EAER— 1484 2 5k
it (single instruction multiple data, SIMD) AbHIEE 15514, MR HTE GPU LHATHE, B L&t E
WA, FEIZ RRVFRIACIE R, I 88 205 A 8] NVALT Bt BT, NVALT Beffi 2k N 7L 2R 77 =X,
WU AP B AN P i FH P et o AR CMx E F ca a tH B X, 384T, NVATL 8 R AFMEAE CAM
LR N EHE R 5 2k ] AN NS ARBA R 2% H IR B 00 4 H 5 . R G T AR F P IS [RAS 2 R
SRR FEILAAR) NVALT AZFASHA 1) GPU #. S8 IR, FERS FE R RIEHIE 10% < WSS T, NVALT
FRIREIAS 4.5 RERIREFETT LM 5.7 RERIVERES T

MAP B3l 2 —ANETAE A TR IR B E AR BEES. B 37 & MAP [ RA LM, Bo & A 5 T80
AN A FHEAF A (vesistive content addressable memory, RCAM). 5| 2% . 8222785 f1— L& H 7F
fEay (IS E 77748 . MR AR b B A fEa). 182 @ R EHR &3 £ RCAM 1. RCAM
FPAMZIERS cell KAFAE — LURFALI IR 5>, RGBT, 184 A fE 83 e dld & Kk Bl 95, 45
1) 85 2B SR L PR A TG T 3 B A7 v BT A A FH ORAE O 5 s 4 B A BB, T A 2 A7 2%
SR 7R 6 LUARE (7 CE A 5 B EU IR0 . AT EU R AR I, BB F B 4 AN & H R B DA S A A

193



BT WAETHHEBT U

KEY - K| [T
CONTROLLER

ROFF

{ RCAM

37 MAP HfhFgE 1°°)
Figure 37 The architecture of MAP 5]

B 38 —REEEIEAE SQL-PIM HLIAHIF 56

Figure 38 An example of restriction operation in SQL-PIM [56]

W& BIAT, SRIG ARSI BRI, BT REIHMT, B 512 TR A ® KA 2 ns. LR
R, FRGLRI - K2 AR AE L, MAP RRELAS 80 R HIREHE T LA 20 A5V RRER T

Sun 5§ PO R H T — MR G R B EEAE N TR R G 45 M (TR SQL-PIM). 7E54E e S H
B, 2SS B o BESCRE AR BT IR, ORI DASCHF BRSO R4, IR T ARGt B
BUH Fr B G2 A7 AN i by R IK IR TR BERE I T 48, SQL-PIM SEBL 1 BRI A #IiEA), URIA #iE A AR &
AUIEG). RS TE A R R TP AT G a8 I E 1) — RAVEUE, X EE v] DU BB el 2 F
W6 AHER), 8% WHERE TE2REAE; IRIE W TE A 24k R B AR E S 800 2% H 8iE R
SEMF, JEH A SELECT 1BV THAE; & B WIS — 28 @ 4P 2% B MO AE, @ s H 2k
B SUM 87k 3K — R HIME AL

K 38 7R 17—~ SQL-PIM SEHLA PR H1 A 118 A) IS4 select * from Table where (a3 x b) — (c+
2xd) > 10. K, {a,b,c,d} R DUBIEL, F7447E ReRAM FEFIH. {a,b,c,d} BITHIIIREL {1,3, 1,4}
PAHBR T OB e Rr 2k b, i, 45 R a8 A 10 M ERECHRES, il o/1. 25508 1 1, B
P IR S E A 2% H

Kl 39 & SQL-PIM HIZEH, 73 )9 TAFTBGER kS 2% H K PIM #5750 A0 ] T 35 EE BS54 B 41 il e
FEES Sy 4R AW R, KA L S B IE BIX A B RS PR I 3L R A AT
e S5 R . B )5, 85 RS 3] ReRAM . BRILZ b, SQL-PIM i BELEAS 2538 45 K 40 A7 it 1) AT
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PIM module

(DRestrictin o
Instruction R/W_ [ Attribute | ®Projection
Controller > <

selector [~

B- . Il—
by —&J ADCs
SRR e

g
% 3] vz"'\b g
P e % . analog
7|01 & & comps
e e P
comp ®

ADC and SA
@ Aggregation ¢y @ v
| Result buffer |

Bl 30 ET ReRAM K SQL FRIZE L (5]
Figure 39 The structure of ReRAM-based PIM for SQL query [5¢]

PR SRR ML o, EERAE. AR RAIEIEER, SQL-PIM $2H T — AR SCB A B 1%, ¥k k
TEAETE Z AN TS RES R [R>S SRR A1 2 (R A RS SRI0 BoR, 565000 A7 £
FEM L, SQL-PIM BETT4) 4~6 MR FK KR

NVQuery P4 2R H RCAM SCRF 2 P s A) 1047 N THEIE S, H RS 45 1 MAP 55 4
B. NVQuery RE#SSCRPEEE . TN 0084, LRI R BE RS 40, A 7 SOl BE B B 4K,
NVQuery $2&H T FORFLR RS0 (1 S0, KB DN 2AH R ELARRA b sRib R, 5AESML - k2 R
Gues ML, NVQuery 773K 49.3 £ TERESE AN 32.9 REIIRERETT£Y.

3.2.4 TFAHENE

AF NIRRT RUD, Bt R A WA T S AW =, B2 NI EN TR e 5
T (HATEER R ERIEFER 1) MVEREIR M HLREARAR. A7 N TS 1A% o JB I R B R Ak 1) ) 22
SERRVRAVE SR SRR AR P S R IR 55 TR, A7 A TH SRR SR AT 0 SR A7 A THERORE R B IR
AR BT A s S, S L AN R I SEA A R SRS

3.3 ANBFEHERISHEARNG

PAETHSEC T R N W R R (1) AR S, EEEN - WK 2 A KRR WA,
(2) Bl R L2, i EgeAFar b R AL (3) tHE R B R AR 8, 5 TIHT. WETHEA S
MEHE TR N SRR SIE R A 3D HEB RIS, NP RO R, IR
o S TE AR T SR TR N AF BT, AF SRR . AR TSR R A A SO 5, R R
Wi M FBH SR B R 1A A S0 R AR FERUT L IR BT AN L A A T SRS R R, RESCERE
B2 HT AN BARRESRF A T BON B —, HETRESCRF MR IR T, A2 s, siE
IR, ER RO PR H AR, B AT SO, it /5 EERAE B T 757 O /55K (R
BTSSR FNREAE I PR &) BEAT 4%, 0 BEIN t m] 25 5 A FH I e o S ANAE Y THS I R BOR,
TR AP AL

4 AFETEREIERHE
WAFTT S BT I f 25 TSR 2 ARG, B 40 P, WARTF AR S A4 — S, 53
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Application [Neural network ][ Graph computing ]

o]
§ Framework [PyTorch, TensorFlow, ] [ GraphLab, GraphX, ]
%
i Compiler
Memory controller
L . - -
s Circuit [ Computing ][ Networkmg][ Configuration ]
Z
i
£ Device [ HMC, HBM... | ReRAM, PCM... |

40 AFEHERITHEERTEE

Figure 40 The description of various levels in the PIM design

R GUAR 45 G 2 s SRR ) 1), S LA ) U K 1 40 R I RE S SR 4. i R 48 [ L Y A 1
ST UMAETH LR G P R IEE I, 3RT R GEVE M AR BEFE RO SR B, AR o M O 3 it v S
FF A THEAR B RS AT RGER R R PR

4.1 AR EEIREIPEE
4.1.1 SEEFEERE

FEE AR SR GE b, SR AR Y 73 B A 2 B 1o B A A a0 v SR A B S e T2 19 o
SRAEFE. %I AR B AR I BT R A A B R SR I B TR G, Kim &5 BT i TR £ R
AEFERFN NDC cube B RS REFERFIE, &I LLC MPKI (misses per kilo instructions) #& N B
2 15 B AE I BE R 48 b e RRAT B S B AE: 38 W s MPKI 2o o] T o8l 1 5 R 48 h 345 = i
REAETTZ0. PRIk, A ATV SR i MPKI B35S E] NDC cube Wi, B AR E > BAEAL 5 R G

4.1.2 FEHELE O

R EHE TH S E NDC cube F1Z 46 i@ H i H FPGA, CGRA, Fl ASIC Ab# 25 %5 HE8 H A4k
PR BT CLREPEIC B 5 8 75 R UG HE o — ANkl 1% e R % 5 e B T A 2R E R RS 9%, Gao
S U4 SR T —Fh e ool A2 RE S, FIRRIH FGPA A1 CGRA. @it o #mid & Hois i 5 Ak
PRI RE N, 855 E KA, %11 FPGA il CGRA VL JZIB 4R 212 BE ik B 28 AN 5, DA i B3R
THELN A S M RE IR RERE R 75 oK. BTk e N 3 55 0 R s I, T e 0 5000 v A b 8 A
Fr A SRR & A 5K

4.1.3 HEREFAZER[CR

IEHE TSR T S BRI 2) S AR AT R, B AL SR A7 it 7 A& T B0 R
PR BEAIY 2], VA% 5 LB AR A Bz 55 r) AL, 170 S S A7 TSI TSR BRI AT RAR. 0 it
7 AR 30 5 e AR VTR AR ) SR BT EAE R, A A B R A i 5 2 R B T SRR R
REMPrATHERIRRE S 7> R, Bl ST, B0 S R H S BRI 8 AR 2 — B T 1 5 BRI 1] 11
W5t

X TR E IRAF T SR, T S RIS T B 3 1A K P S SR SRS i T S BRI A P R ) S
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T 5 S SR L U T AN R N A T R R G AR A AT AR B R B8 Rk, et BE RS,
i A I 2% B8 A R BT 3 R B AN T S R A

4.1.4 BORFBHRGIIF

IBATTEI O VT 5 2R G0 b (¥ 8 R 75 A v oAb AR O v Sk IRl )4, (R, A R R
JS2SZHF T ARG D). AT B T SRR BT R A B A 5 A R E N R SR A R S
i 181 REVEA.

TR RS B R SR, 6 7 25 A B v 5 P I A 55 R SR B T AR S5 AR 4t
VIAFAESS A . B e, B v ST B A e A AR AR, — NI 2 AR 55 R
W BE A T SRR A, R R e P R SRR R . LR, AE AN A A TSR S5, R T
SREG At FT DU A R, BRI, 75 2 AN AF TSR 55 ML G AT 55 O 1A B Sms, SRAEAE A A7
THENE SRR A 1 RGP RE.

I, IR R 2 R, B RO (T R I, B I U B 34T
M OB R ERAE . PRI, SRR T R 2 A s R R R 5 5, AORIE L8 (0 — Sk

DA_E i) AR e T T R S, 8RS RGBSR OG, 5 g R A AT A AR
HZR.

4.2 HFAITE@EIGHBE
4.2.1 HWEHHEMO)ER

NVM 74 R, #1i1 PCM [ SLC (single level cell, —A™ cell HAEAE 0 8% 1, RI—ANELERAL) 1)
Ffn R 107 ~ 10%, ReRAM [ SLC K7 dr R4 107 ~ 109 175859 MLC (multi-level cell, —4* cell
R /NELRRAL) 75 1ol JBUE ™ B, A 101 ~ 10° IS, BEEER. JFAE4 NVM 1724, 5%
TR 7 S KT A B AKOTVE . BE A A A SRR D8 0 e B — BRI T eSO 3 A 381 B e ) LSS A
R EEAEERA NVM 4. SRIMIX A AT NVM N TR IEAE A, BONEHET NVM
RO G B VR T B G SR B A P A G 1 BE A I i SRR A 3 B P A A B, THEL 2 RS 2
BRI, Z ) AR AE DG R AL, B T IR BEANEC B A& AR RSN, e T LUl S bR R R,
N FH HR B R U TR PN 742 1 25 ) T4

ISAAC O JEIE7E A B eDRAM J/5%F NVM HI5. IBM HIRF 5L 51 #9) @it CMOS+PCM
l—A cell 72, (4 H) CMOS HITHRSZHE K HHAE. Long-live-time (601 $& H 7 —Ff X 4
2L ZRIT CIM R 75 Ay (A 732, d i e AR i 8 I 28 MBS BT 7 v (R 40 R 22 J R AT SE 0T
AN A TR, P25 A7 0L ) B FR 35 B02:, JE KT NVM AN TH AR 1 A5 . RATIELE
HATH) AR P M ZE A NVM R 2R G508, WMEKEET NVM KIAF N v B dr. S0 H
RN B NVM A7 N TR A3 K TR R
4.2.2 TAIEEM @R

NVM 5 i i 8 DL K% 41 ] HE i Tt ASA0M I R AL s LA 5 7= AR R 22 1 [l U 2 T NVML [ 4%
WITE RS NVM [ cell 2285 I s 877 dr SR = 2E stuck-at fault (FEAE (T B £
MEEAEA TR, G A, v LR R AR E R cell AEAF RN BN B, 85 B SR 2 AR i i
FY) Bk S SR A XA ES . XN AESE T NVM BAF R AN IE Y, AR A T 5
(1) NVM i 2 BB R TE S, 0 2 (R ARDG A BEA, B AR o3, BT 45 R s, 5
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75 i DB AL, AT S i) R dr S AF A G R SRS R, R T IE A IE SRR A, e T LUE E R B
THREEME.

Xia &5 61 i b2 i 2 i RUE ARG (— oL B BUE Y 0) RAEFATHE NVM L stuck-at-0
(R PR 2. Xia 45 (621 5838 B R A7 IE SUE B — XA TR NVM BEFISR TLAR 2848, Liu 55 (631 4
I MT IR A 2 X 2% T EE LK R 03, FEBE AR S AR W] SR = A T S b 2o BATT AR REAT I
AR R I I R G 77, ZRE R HAME LR NVM A S (R FORE B2 KA stuck-at Hik.
F A1 LB 11 3R 22 110 3 ol 1) T e o AU T AT A5 e

4.2.3 FIEKEE IR

BAS NVM 1) MLC BEAF ISR A IR (H ATl 47 7 BRpfn) 20 S B s L AE A 22 Y
gl S AEH]. R, ARZET NVM BN THRI 2> MLC 83 SLC kA7 —M s 1649 (8
KRR 2 A BRI SR T a1 8 T SRR S B LB T4, AN, 2T NVM A2 5 H RS SCRR
P RBOHE, T TSR A S R UE R BT L RS R G RS R R R AR A
TETF R T, i — e PR, A5 B DR RIS P o 22 X 2% )1 2, 5 2 1 G 2 ) 500 SR DR AIE D 2% F) v T FEZ.
Uk, AT DO I SRR R P R T, SRS R R R IE S

4.2.4 SEEFEO)RR

BT NVM 15 REFELL DRAM &, 15T NVM [RI47 P9 T 50 K& 1 S5 ST, 763 A7 1
B R &2 KRR NVM SH4E, XEERT NVM FENHE RS Rk s, [Fr, T R
¥4 (ADC, DAC) (R4 LS REFEIE K, AN THE R ReFEm. 1% @S 85 Z50AH G, 7T
DL £ 5 e BRI A, 1o ] Lot b2 0 derHsb 2340 1 5 e R T 4.

Mao &5 41 BRZ A 20 W 256 vh B dfs i S5 M AL AR 1, 7E SRV AN G B 88 J2 T, 38 S A i B iy
G R ER, WD NVM 5 Geke. 75 FH SR AR 21, Ni 45 04 @id —(F
I ReRAM f7 A T BEREF1 80/ OS5 A0 L e R REAE. Wang 55 (651 fd F Jik i 42 M 2% (spiking
neural network, SNN), 7£ 8 F 5Ly FHL 2% Z 10T, 82D BRSSP AR IR e RERE, 182028 T SNN JIIZRIT)
SRR HURE (1 BEFE. Narayanan 45 (06 7 FH SNN FRARREFERI[RINT, 75 N A7 450 88 2 11, RZE AP
LM 2% P B AT SRR M AT SNN AN TH B, Ankit 45 67) 7E R it 2 T, R KRR
FER SNN SEHL 7 — /NPT E AL, Jy SNN it SRR IR S, ATTFEISEE T NVM 2N THE
(RIREFRE. Xia 55 168 @3 0 B B4 16 20 A1, 76 B R SRR TH, B2 BB B S0 0702, v (e o 4k
1 EERRAL IS TG DAC, 3ok £ ZE 5 N5 5 /bt i 2, AT ADC i Rg

4.2.5 SMEIEEE S ERIE K[

BT NVM [AFN TR, SME K  ADC Il DAC AMYAEFE S HLR, I6 5 TR K A il
AL 10441 Ak T i s A B A SR R LB o T AR TSRO — B AR, R NVM AR
IR L, 4 FARA A TE S TH SRR I, 30 7 BRI AR (4 A1 Bl P 8 S35, X (A5 B A 45 4 o5 P T AR
K. A2 ) 25 s ) BT K.

Mao %5 199 33t 3D HEZHT7 3, K oh BRI o 1 2 80— AN S LR BRI 550t i HE S
FEF B/ NVM AF W THE SIS S0k, sl i 20 = 05 2K, AR b/ 1 AR R O A, AN
M8/ 12+ NVM A7 N THSEZER 1 .
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4.2.6 FEHOE IR

A7 TR P 0 A T T SOR R IO T, ORI TH SRR 2O R B IR ST 4. IR AR e
BRI BT OR TARCKI 0 WORBE SRR IIZ 2, At iy R A E R B T AR I O, )P AN v 4 )
R AESC RIS S ML AR IZAF TSR Fr G IV /. gt X 22 X 2% ) 47 N T 5288 PRIME,
A1 L A SR Sigmoid W0 BR L 12, T EEILAD B0 R B P 22 R 4 A2 SR R AT . X ARORRE
PR T A7 A THERE RO . 200t 5 R R AR BT A 5K

Ji G5 UOL 4R I 7 — Ml AT ReRAM HIAE N THEFES FPSA. AhATIFR (It 1 ik ah 22 511 A1
R EL A RIE R, A AP N % T SR BIAE A T SRR (W A2 A5 R, I AR R A EROR RS
SCRPUH S AR T A A A7 P SR 1 P L T e T 7

4.2.7 HEREFRAZXR]CM

AHESCR L, 12 PV ST SRR A A S 7 o R M 77 5 S5 S
(KLY 26, 24556 2 P 4300 28 B2, 6 BRI A5 Py R 6 b B AT 23 L,
RS R W g 44

4.2.8 BORFENRGTIF

17 WA HUE N — E THE RS A7 AR E, TEEE IR B VR & 171 RGN, 75 B AN A
MR T2, T 5 e A7 it ) 9 A7 SRR il DARIE B 1) DRAM FEAIE: B 28 |, thaT LA
g NVM {7 L& DRAM AR5 ERBLE 2R b, 518 A m 8ok & 5. B S5~E0R 17
fEAASE A AN, WAETH MU TTIE )y CPU ML IR 88, X T IX S by, 17 P T B ik 55 — AR B
AR RE A 10 St e, DAARAIE JEL v R L R 3 A o (12440,

Rtz sb, AL R R, AT RIZH B RGN, B EEE AT S AN
AT 55 R LA 25 (1 R 55 v B[] B S CRAIE A7 P9 S5 B 1 — B0k kAR 3 B R R G B
P AEAE 2 Tt
4.2.9 BROS5UEFHAREREE

PAF SRR AN VR, 38 FE VB (2, £76% T P AR50 rb B 8808 75 B DR okl AT ok
Pl £ 0 P G B G B R, AT B v M RE T B0 B 0 144 AR LD 1] P9 A 1D R A0k k2 [ 7 2 2 il
IR AF TS b R e BRI A, AN E P I AE T B, DRIk, PN A7 T e 55 AH R P e 400tttk 2 )
(SRR, [R5 ZERE GiA7 A ML & VAR SR, DAORAIE B2 B P A F A7 T BB I e 2. %
Pk 3= B R G I R P A7 4 1) 88 R B AR O

5 RETERRERTE

WA EEORE A A % A2 MR R 22 . Bt BB —. 5 TIHMTIR A B %
WIR. FRTRATHD 3 8N MLEsa2 o], ISR TR, fEM S R Gerh R 4t 8 A FRAIA B T
BARR s AR M PERE IR HLRERE . AT SEBORIG U R Ah 1AL ot SENLAR R A AEIX 3 FhimAT L
P BB, A B ZARAAF TR LTIX 3 PR R L.

51 H2FES]

HLER 27 ST HIARZ LA 2R P 2% (7L A2 2% SRR 2| A04: R e 2 (72)) 2 ] T B AR 3

TEF AR P 2% (731 3BT ORTE 5 AL B VR LA 22 X 2% 2 A5 AR 265 B0 A1 A 4 40 000 245 1) iR A Ri (74,
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AEZRIRLE S A O i 2 (751 T B 2 21 vh B B 52 RV R I 28 S 2, S TR T sk 2 2] 176,
R ML 3107 3, TR ORI A B B AT O, X2 % B L, ORI 4% 2 X A fif i
JRAR K 0, JERE 2 (N 28 2 45 TH SR S AR K R 7. AT 3R R G AE T R 2 1 i
BEERAE, BT TR 90% DAL B BRIBEEE T NVM A7 A THEIE & F T SCRF I 25 115

5.2 BEitE

it 5 1 FEK O s A R R DA S AT T e B T8 2 TR SR AR I 5, PRV B 2R I P v o A e
DRHAL T7T~81 PSR A LA 2% 22 4 1821 b e i 19310 W GTpR AR A S| I HER B, BARIE S
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Abstract With the explosive increase of processed data, data transmission through the bus between CPU
and the main memory has become a bottleneck in the traditional von Neumann architecture. On top of this,
popular data-intensive workloads, such as neural networks and graph computing applications, have poor data
locality, which results in a substantial increase of the cache miss rate. Processing such popular data-intensive
workloads hinders the entire system since the data transmission causes long latency and high energy consumption.
Processing-in-memory greatly reduces this data transmission by equipping the main memory with computation
ability, alleviating the problems of poor performance and high energy consumption caused by a large amount of
data and a poor data locality. Processing-in-memory consists of two different approaches. One method involves
integrating computation resources into the main memory with high-bandwidth interconnects (i.e., near data
computing). The other method consists of employing memory arrays to compute directly (i.e., computing-in-
memory). These two approaches have their own advantages and disadvantages, as well as suitable scenarios. In
this survey, the birth and development of processing-in-memory is firstly introduced and discussed. Its techniques,
ranging from hardware to microarchitecture, are then presented. Furthermore, the challenges faced by processing-
in-memory are analyzed. Finally, the opportunities that processing-in-memory offers for popular applications are

discussed.

Keywords processing-in-memory, near-data computing, computing-in-memory, neural network, graph comput-
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