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Simulator design for memristor-based processing-in-memory architecture:

Survey and prospect

ZHU Zhenhua,ZHU Yu, WANG Yu, YANG Huazhong
(Department of Electronic Engineering, Tsinghua University, Beijing 100084 , China)

Abstract:In the big data era, the data movements between memory and processor become the main bottleneck to improve the perfor-
mance and energy efficiency of traditional von Neumann architecture. Emerging memristor-based processing-in-memory (PIM) ar-
chitectures can perform in-situ matrix-vector-multiplications (MVM) in memory, which eliminates the matrix data movements, im-
proving the performance and energy efficiency of neural network (NN) algorithms. Because of the complex NN models and large-
scale PIM architectures, using conventional SPICE tools to perform circuits-level simulation for PIM architectures will cause unac-
ceptable long time, seriously affecting the design efficiency of PIM chips. In order to improve the simulation efficiency and shorten
the PIM chip development cycle, researchers have proposed multiple PIM simulators. In this paper, we present a review of existing
representative PIM simulator designs, and put forward the prospects for the future of PIM simulators.

Keywords:memristor; processing-in-memory; simulator; neural network

network , NN 76 A B LB 4 {6 0 E1 4 48 & A
P USRI T A RIRE ) 1), (LR 5 W
BN T RE S5 R RO I X, o 22 B0 48 Cneural g a1y A 00 I ) S22, W28 D048 1 2 R 5 01

0 3i

Jlll

FREGTUH - A AARR AL G (61832007) | [ 5 A 114 (2017YFA0207600) 55 H 5% 1y
RMRAE, A, FEREE JT n)  BE TAZ B8 0 A7 N S IR A6 1155 E-mail : zhuzhenh 1 8@mails.tsinghua.edu.cn
TR GEFIER) , 2087, B2 7 8 RE O B LS = RE AL %5 & 48 o E-mail : yu-wang@tsinghua.edu.cn



43 o w5 % B fl & B3k

B EMHEEARNEKES, PL2012 /) AlexNet™
52021 4£ 11 Switch Transformers!s 4y 5] | 8 £ [ 4% 19
ZH R H 6.0x10° P BUEE K 2 1.6x10° 4>, HH IV HY
VU8 BB 7.2 108 X N 2R 9%10" IR, HY
TRIUENZHESIHHERE FHESRE  EIKRS
BRI R E SN TR RS LA H 7
7 5 AL A Z R AT K R EBUE RIS 10X 8 o £
iz S4E T E RS E T 80% HY B AL BERE FE
It ey B I A7 il 88 5 A0 B 28 2 TR] A9 250 iz A o
2 I BE R IS AR v B A T L BB RO 7R 22 (B Y SR
B R R

W LR ICBE 8% 17 O o BE /R AR SR B - TR AR 2
ZERERAL T AT /T 32, B2 RH 28 B4 RH AR XL 7
7] 77 fifs #3161 (resistive random access memory, RRAM) |
HHZE 77 i #3 (phase change memory, PCM ) | # 4
ML 7 7] 17 £ 288 (magnetic random access memory,
MRAM) % Z KA, [ZFHS A& HEMER A SIS
FHVRE M, 2 NI R 28 41 Rl Y 22 SRR B — 4t 25 4 ]
DLSCER & B R HAR e S F N R, 22 R
R T2 RE 2% FBL 5 17 il FE B 200 | R A\ [A) = 3 By
ML R AS 5 D08 A2 X REI B 7 2k |, BIVAT 78 51 AL
2 i v 159 B DU RO R R A SR T RS R, 1%
Kt B B REEE 7 (8 7E 1CBH 38 22 X BEFITN
RN & A AE 28 R H Hh O TG 75 3 AT R £
B, KM T R M, OF TERE, BT
FH 2% B9 17 55— AR 284 MH HL T B T CMOS 1Y &I UE il
% FSS Al UK & 2~3 DR I T B MR RE 5 RE
AL,

H T8 >4 B I FE 28 1 5 12 FH 2% 28 S RE Ak /D 45t
—HIBRIE B TT PR A7 B — R 505 i TR T
SPICE L& 5 H AT EREPEAL . {H /2 SPICE /i & [
15 {75 L BN ] < 19 77 2 [ @, DABR DS 512 % 512 RRAM
R X EFN I BB, H SPICE HL & {7 . I (] 5
2 he AN, AWK EZ 7 0E— 70 B0
ZMBH AR —AREEMEER, BHEUSKE L
TR ES 22 X EF A B /NN 5 2 A L 7
HINAER BRI E TELERTHEE KRN
AR B, 7R — R GUS B 55 iR 7% L F & 2307
HeEx,

R i DR AT B — PR ZR A R 77 L RE I 19 ) R
W N B4 T 2 Tl I ) 4 B8 — PR A B9 7 il 4E 75
FLavo IXUE( A TE 35 R AL 2R MERE TR A
MBS EREMT B EZ HHIAE, B &R &S T EHE K
ZER TG 5 IR TR, A SO Bl Eim 7 H
— R E AT NG HN S N EE — R
HaslAR R L BIE R,
1 ZHEFBEFE KN
1.1 ZPEER X BES

12 FA 22— FhREAE AT I8 B B A JE 5 2 0 3
B, 2 I BH 28 42 HR — 4 [ 571 45 ) HE 271 3% 1% 4 1
RN RGN, — R B ()2 B 28 22 X REFI AN 1
Ffi7R o

2 %%5

—

" S
=27 =
%5
A T

1 IZPEBRZ X FES

Fig.1 Memristor crossbar array
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Table 1 Representative PIM architectures
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Fig.2 Simulation flow for PIM architectures
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Table 2 Comparison of typical PIM architecture simulators
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