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Abstract Nowadays, due to the rapid development of artificial intelligence, the memristor-based
processing in memory (PIM) architecture for neural network (NN) attracts a lot of researchers’
interests since it performs much better than traditional von Neumann architecture. Equipped with the
peripheral circuit to support function units, memristor arrays can process a forward propagation with
higher parallelism and much less data movement than that in CPU and GPU. However, the hardware
of the memristor-based PIM suffers from the large area overhead of peripheral circuit outside the
memristor array and non-trivial under-utilization of function units. This paper proposes a 3D
memristor array based PIM architecture for NNs (FMC) by gathering the peripheral circuit of
function units into a function pool for sharing among memristor arrays that pile up on the pool. We
also propose a data mapping scheme for the 3D memristor array based PIM architecture to further
increase the utilization of function units and reduce the data transmission among different cubes. The
software-hardware co-design for the 3D memristor array based PIM not only makes the most of
function units but also shortens the wire interconnections for better high-performance and energy-
efficient data transmission. Experiments show that when training a single neural network, our
proposed FMC can achieve up to 43.33 times utilization of the function units and can achieve up to
58.51 times utilization of the function units when training multiple neural networks. At the same
time, compared with the 2D-PIM which has the same amount of compute array and storage array,
FMC only occupies 42.89% area of 2D-PIM. What’s more, FMC has 1.5 times speedup and 1.7 times
energy saving compared with 2D-PIM.
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Fig. 1 Structure of memristor-based PIM array
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Fig. 2 Outline of the function-pool based memristor cube
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Fig. 3 Intra-connections of 2D memristors
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S+A Shift and Add
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A
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p
Connection <«— ADC
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Fig. 4 Intra-connection of sub-pools in function unit pool
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Table 2 Configurations of Function Units
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Function Unit Area/mm? Number Configuration
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ADC A anc N apc y-bit, f GSps
S+H Asn Nsn
S+A Asa Nsa
MP Awp N wp
Sigmoid As Ns
N storage n-bit/cell
Memristor Array Awma
N compute m Xm cell/array

Hyper Tr b GBps

R 2 A ICHIA K E 2 BN, FMC /Y
TR H.I6 U B T AL A eoe 1T R8N
Avur =ApacNoac T A ape N ave TAsu N+
AsaNsaAwNuw +AsNs.



1154

HEHR S AR 2019, 56(6)

1R s TRl U D SNTTR A S S ) i - T
A, 2% A 73 3t 14 T AR SCHRBR T LA D BiE LG B T AR
PLR AN R T 54 FMC Bk S A 2s ), Hooh fig

BT A T AR A pup T 9 A
O<A FUP 7A MA (Nslorage + Nmmpute) <0 ,
AFUP

Horr,0=<0=<0.1. B} Ty fig B2 50 1tb 149 1T AR BE AN g/ F
H EHEZ M ReRAM [ 51 11 T AL, 45 W) G 1 78 43 Fl
FHYIHE PR ICH 1) 25 18] 5 R B3 20 K T ReRAM Bf
F B TR L 75 00 £ S 5L 3D HE B I R E LR R K
AN TR B TR B S A T A AR L R B Sl 380 50 R B S Y
JIF 4% 7 4, ADC F DAC B 7T (9 2 5050 16 2
x X Nprace=nXm (1)
m X

771 >< IOg <f ><y >< N])A(j<8b ’
latem‘y PIM

NSuhCUmX
(2)
Horp s latency i J2 B A AL B AR B 51— YRR 4D 358 ) 2t
e B 3z B AE IR L B S nss N sucom A2 7E— 38
LM L0 A TS TR A2 B2 [ 5 Y B
H.x0() FZAEFF DAC T e (4 {5 B0f— 4> 451
— 47 0 57 KUOAH 55 L Bk o T ZE R 2 (2) R E AR AR
ADC B4 (0 0 BOR B /N T 155 38 B k315 ok
B B ZE 78 ADC Z Riis H ADC #% #e i R A B
R 1% i o B 45 W05 O 0B 2w BEL 2E 7 ADC
ZJ5.
AT X8 2R BRI AT AR AR B 5L PR R S
15 0 18 R A A R AT 55 1) 75 oK AR 4 b o) o Hh R ATT T
T 1Y T RE BT b v B A T RE BT R B E L DT
1R R4 T RE A TT

3 FDM KB&iZit

AR FATN 4 FDM 5K g, fid &5 FMC R 74
¥, AR A7 5 3 0 0 TR A0 T A5 B B0 £ R T
A RS R i DR R SRR AT RE L B T
FMC 45 £ )2 PIM [ )2, 8 )2 R A A R4 PIM

ey

FEZ, BT LATE P 22 ) 28 i N o R b T e R 2 A
PIM EH Z A FES . 5— 2 PIM B9 19 5008 1% i
B LG R I TR] ) B A% i RE AR /)N, I L 28 W 4% 1)
MEZHN BARZEC SIS N AR B B S
B A3 PRt FDM 4 4200 JEVAELJ2 B A7 55040 40 8 1Y
BRI R AEAE—A PIM FE51 2 b B % A BUE
W BRCE TN [E PIM 2 UL F e i3t 2%
P b A B IR 5 g3 th T AE PIM il 2R — A ph
IR 2% 1) 50 H0 A7 s R0 U TR OF T B 3R BOHE AE A
7E Compute Array "1, FL 42 H R M+ 5; B M 56 E
FORBAEAAEALE Storage Array 1, IR A7 5 4t
4y Compute Array 18 E 5 HH) W RR Weight,
E R Error,O R Output. Yl 2k B 59 /i 17 15 7% 1
B A% 5 S ER AT Y T R I A R A B 2 B4 iR 25 AR
RERMABUE I, —F IR T 0. W, > HA — A4
AR 55 B G R — > 5, AT 1 2 H3 47 19 3 43
YIHEIHEAR 2] 5] — A4 FMC L S ERES R  &
FHAL T 5 5 #0857 47 09 38 43 HE A B A 8] (1 FMC
r s AT IR Y g ] 3 R R

W] Wz .
S A I Forward __
Backward
Ey £, E, Weight

Calculation

;I
E
Wy | e W, Tra:;);er

Fig. 5 Data graph of training a neural network
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Calculate the number of FMCs that training tasks
need, then distribute them into FMCs equably.

!

Reshape the weights based on the size of PIM array: M
arrays for forward propogation, N arrays for error
transferring, and K arrays for weight calculation.

|

Queue K weight calculation arrays, M forward propogation
arrays, and N error transferring arrays, then divide these
arrays based on the number of FMCs equably.

'

Divide the arrays on FMC based on the number of
PIM layers, then distribute them into each layer.

End

Fig. 7 Flow chart of FMC
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Table 3 Hardware Configurations

*3 BEHRE

Hardware Configurations

Host Processor Intel Xeon CPU E5520, 2.27 GHz. 4 cores

L1 I/D Cache 32 KB/32 KB, 4-way, 2 cycles access

L2 Cache 256 KB, 8-way, 10 cycles access

TaO,/TiOs-based ReRAM,
128 GB, 64 MB per FMC

Overview

32.8ns/41.4 ns read/write latency,
ReRAM-based Bank

Main Memory

413 p]/665 pJ] read/write energy

H-Tree 29.9 ns latency, 386 p] energy

Til 2.9ns/11.5 ns read/write latency.,
e 3.3 pJ/34.8 pJ read/write energy

1/O Frequency 1.6 GHz

FAEH CACTI 6.5 X% i A7 FMC Hp i 3% %
HEATEEAE i F CACTI-IO™ Sk % FMC 22 [d] 1Y i
VAT B, 6 T ReRAM 19 2 ¥ Bc &, 3 A1
DESTINY ™" #1745 481 3 B 7 2 1 W %) 2 L FRATT Y
B RGPl R TSN EFAE 2 4
chip; B chip 8 16 4 tile, il i H-tree 77 X %
A tile 55 16 4~ FMC.

2.4 5ETR , FMC By % 5 B A& 56 U5 A9 250
HAZEARTR Y 2 G RN 2343 AS 18] 04 B 5 [ B, 75 [)
—NRGEEE T FMC B 5 M Bl &l e &
ZFP AT RE X SL R AR T R 3 Y R G A
T A G R RE L ST BRI T FMC B U S Y 9E IR
TR FH 238 d e 118 — T R AP BRI RE G 1 HH G S 56

FAHET FMC B IR E S50 s A
FEAI S S H0E —ZMEE . &1 FMC f 4 212
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Table 4 Parameters of Units in FMC
®4 FMCHETMIKERESH

Unit Area/mm? Number Configuration
DAC 0.00017 1024 1-bit
ADC 0.009 60 16 8-bit, 1.2 GBps
S+H 0.000 04 2048
S+ A 0.000 06 4
MP 0.000 24 1
Sigmoid 0.000 60 1
Storage Array 0.000 20 1920 4-bit/cell, 128X 128
Computer Array  0.000 20 128 4-bit/cell, 128X 128

Hyper Tr 6.4 GBps

AR EL & 2 4 PR i FMC 4589 1 2D 1)
PIM #4752 55l 45 . i) PipeLayer™ #9245 #5. Bl — 4~
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ConvNet™? fl Caffe Model Zoo™ " H1{1 6 4~ 47 1)
) £ SHe A SRy S8 8 3 R 4% L f0 75 . AlexNet, NiN,
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Fig. 8 Utilization of function units in FMC compared with 2D-PIM when training a single network
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Fig. 9 Utilization of function units in FMC compared with 2D-PIM when training multiple networks
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Fig. 10 Area breakdown of FMC(one layer of memristor)
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Fig. 11 Performance of FMC compared with 2D-PIM
K 11 FMC 5 2D-PIM Ay ¥ B 4
3.0
L [Jop-PiM
2 25+ — CIrmc
3 F —
2]
> 20
) L
d!.')'. l 5 -
5 L
- L
Q
S 10+
<
g L
ZO 0.5 r
0.0
AlexNet ConvNet GoogLeNet LeNet NiN VGG_19 VGG M VGG_S

Test Network

Fig. 12 Energy consumption of FMC compared with 2D-PIM
K 12 FMC 5 2D-PIM M HEFE L3

e B O UM U T 2D-PIM B fE $o0h s BB
4% i 19 28 3R Bl AR 1 B SR BRORE. SRSk L FMC
LT 2D-PIM A 1.5 5 PEREHE .

K12 R T H FMC Fil 2D-PIM Il 25 B4~ i 42
I 4% B BE A EL 4. FMC £ Y1 25 bl 28 I 2% 1) B Lt 2D-
PIM 4 Bl W REFE T 4 . B2 K FMC 9 3D #i&
(1) 25 44 . 2D-PIM (1) - T 45 #4 K K s 20 B4l 1%
(R 25 < B2 DR T I 5 19 b 8 I 2% K, FMC
FH LT 2D-PIM (A #E 15 48 5 57 m 01 . >4 91 2k
GoogLeNet Hf , BE#E 15 44 ik 15 2] 2.47 5. 7 4 Il &
LeNet [ ,FMC 3 [t 2D-PIM A& 1.2 {50 BEFETT 4.
MR CFMC 1 2D-PIM 154 1.7 f%5 10 fg

5 B &

BLAN4 , BT BH A 1 A2 T (PIVD ok 4n
AR EAETE A BRAC BE 28 BE 51 22 A0 1 Ha B% B T T
Rt R H R R A A 1)L AR SCHR T — AR 26 F 3D
12 BELA5% B 91 1) B 22 I 28 N A7 1T S48 4, s D B FRL T
B SR T i — 1> % U Ttk 42 it 25 A2 BEL 7R R A1) =

Jfad st 3D HEZ 1Y 77 UG8 5 A% A 10 BLA B 9] 10 3 4
LK A2 BEL i B 51 A 2I RE 5 T8 1tb 22 (8] B9 34 4. [ i), 38
AR T — Rl T 3D 12 BH % K 51 1 3+ 53 B30 i
A SR L& b 3D A2 BHLA% B 51 1 25 48, 4 75 1 2R
25 I 45 I 1) KA 7% Sl R TT RE /I SR 25 2R o L AT
P& 0 A3 T 3D A2 BH & B 51 o 5 B U A 2R A g
i 2 B . TT 1Y A1 JH 8 AE B YINZRAT 55 B9 18 B0 T 42 T
43.33 ff . AE Z AT 55 WY 1H L T e 42 71 58.51 1.
[ IF FRATTHE 3D 224 B o = 1] 2 A7 AH 5] £ H /Y
Compute Array M Storage Array [ 2D-PIM fF 5
A 42.89 00, 8040, AT i 3D A HL T 2D-
PIM A ¥ 5 1.5 A5 L RE4R T, HAF2 1.7 1
REAE T 2.

2 % x M

[1] Chi Ping, Li Shuangchen, Xu Cong, et al. Prime: A novel
processing-in-memory  architecture for neural network
computation in reram-based main memory [ C] //Proc of 2016
ACM/IEEE the 43rd Annual Int Symp on Computer
Architecture (ISCA). Piscataway, NJ: IEEE, 2016 27-39



BT T 3D ICBEAS FEF i B 28 R 25 A A7 1155 484

1159

(2]

[3]

[4]

[5]

(6]

[7]

(8]

[9]

L1o]

[11]

(12]

[13]

Shafiee A, Nag A, Muralimanohar N, et al. ISAAC: A
convolutional neural network accelerator with in-situ analog
arithmetic in crossbars [J]. ACM SIGARCH Computer
Architecture News, 2016, 44(3): 14-26

Song Linghao, Qian Xuehai, Li Hai, et al. PipelLayer: A
pipelined ReRAM-based accelerator for deep learning [C] //
Proc of 2017 IEEE Int Symp on High Performance Computer
Architecture (HPCA). Piscataway, NJ: IEEE, 2017 541—
552

Stefano A, Pritish N, Hsinyu T, et al. Equivalent-accuracy
accelerated neural-network training using analogue memory
[I]. Nature, 2018, 558(7708): 60-67

Keckler S W, Dally W J, Khailany B, et al. Gpus and the
future of parallel computing [J]. IEEE Micro, 2011, 31(5):
7-17

Li Shuangchen, Xu Cong, Zou Qiaosha, et al. Pinatubo: A
processing-in-memory  architecture for  bulk  bitwise
operations in emerging non-volatile memories [C] //Proc of
Design Automation Conf. Piscataway, NJ. IEEE, 2016:
173-179

Mao Haiyu, Song Mingcong, Li Tao, et al. Lergan: A zero-
free, low data movement and pim-based gan architecture [ C]
[[Proc of the 51st IEEE/ACM Int Symp on
Microarchitecture ( MICRO). Los Alamitos, CA: IEEE

Computer Society, 2018: 669-681

Annual

Wengin Huangfu, Li Shuangchen, Hu Xing, et al. Radar: A
3D-ReRAM based DNA alignment accelerator architecture
[C] /[Proc of 2018 the 55th ACM/ESDA/IEEE Design
Automation Conf (DAC). Piscataway, NJ: IEEE, 2018. 1-6
Cheng Ming, Xia Lixue, Zhu Zhenhua, et al. Time: A
training-in-memory architecture for memristor-based deep
neural networks [C] //Proc of 2017 the 54th IEEE Design
Automation Conf (DAC). New York: ACM, 2017: 26-31

Bojnordi M N. Memristive Boltzmann machine: A hardware
accelerator for combinatorial optimization and deep learning
[C] //Proc of the 22nd IEEE Int Symp on High Performance
Computer Architecture. Los Alamitos, CA: IEEE Computer
Society, 2016: 1-13

Kim D, Kung J, Chai S, et al. Neurocube: A programmable

digital neuromorphic architecture with high-density 3D
memory [C] //Proc of the 43rd Int Symp on Computer

Architecture. Piscataway, NJ: IEEE, 2016: 380-392

Gao Mingyu, Kozyrakis C. Hrl: Efficient and flexible
reconfigurable logic for near-data processing [ C] //Proc of the
22nd IEEE Int Symp on High Performance Computer
Architecture. Los Alamitos, CA: IEEE Computer Society,

2016 126-137

Kim H, Kim H, Yalamanchili S, et al. Understanding
energy HPC
workloads [C] //Proc of the 2015 Int Symp on Memory

Systems. New York: ACM. 276-282

aspects of processing-near-memory for

[14]

[15]

[16]

[17]

[18]

(191

[20]

[21]

[22]

[23]

[24]

[26]

Farmahini-Farahani A, Ahn J H, Morrow K, et al. Drama:
An architecture for accelerated processing near memory [J].
IEEE Computer Architecture Letters, 2017, 14(1): 26-29
Ahn J, Yoo S, Mutlu O, et al. Pim-enabled instructions: A
low-overhead, locality-aware processing-in-memory architecture
[J]. ACM SIGARCH Computer Architecture News, 2015,
43(3): 336-348

Chen Yunji, Luo Tao, Liu Shaoli, et al. Dadiannao: A
machine-learning supercomputer [C] [/Proc of the 47th
IEEE/ACM Int Symp on
(MICRO). Los Alamitos, CA:
2014 609-622

Liu TY., Yan T H, Scheuerlein R, et al. A 130.7 mm?, 2-

Annual Microarchitecture

IEEE Computer Society,

layer 32-GB ReRAM memory device in 24-nm technology
[C] //Proc of IEEE Int Solid-State Circuits Conf (Digest of
Technical Papers). Piscataway, NJ: IEEE, 2013. 140-153
Akinaga H, Shima H. Resistive random access memory
(ReRAM) based on metal oxides [J]. Proceedings of the
IEEE, 2010, 98(12). 2237-2251

Wei Z, Kanzawa Y, Arita K, et al. Highly reliable taox
ReRAM and direct evidence of redox reaction mechanism [ C]
[|Proc of 1IEEE Int Electron Devices Meeting. Piscataway.,
NJ: IEEE, 2008: 1-4

Liu Qi, Sun Jun, Lii Hangbing, et al. Real-time observation
on dynamic growth/dissolution of conductive filaments in
oxide-electrolyte-based ReRAM [J]. Advanced Materials,
2012, 24(14) . 1844-1849

Burr G W, Shelby R M, Sidler S, et al. Experimental
demonstration and tolerancing of a large-scale neural network
(165000synapses ) using phase-change memory as the
synaptic weight element [ J]. IEEE Transactions on Electron
Devices, 62(11): 3498-3507

Burgt Y, Lubberman E, Fuller E, et al. A non-volatile
organic electrochemical device as a low-voltage artificial
synapse for neuromorphic computing [ J]. Nature Materials,
2017, 16(4): 414-418

Agarwal S, Gedrim R B J, Hsia A H, et al. Achieving ideal
accuracies in analog neuromorphic computing using periodic
carry [C] //Proc of Symp on VLSI Technology. Piscataway,
NJ: IEEE, 2017. 174-175

Narayanan P, Fumarola A, Sanches L. L, et al. Toward on-
chip acceleration of the backpropagation algorithm using

nonvolatile memory [J]. IBM Journal

Development, 2017, 61(4): 1-11

of Research and

Muralimanohar N, Balasubramonian R, Jouppi N.
Optimizing NUCA organizations and wiring alternatives for
large caches with CACTI 6.0 [C] //Proc of the 38th Annual
IEEE/ACM Int Symp on Microarchitecture (MICRO). Los
Alamitos, CA: IEEE Computer Society, 2007 3-14

Jouppi N P, Kahng A B, Muralimanohar N, et al. CACTI-
10: CACTI with off-chip power-area-timing models []].
IEEE Transactions on Very Large Scale Integration (VLSD)

Systems, 2015, 23(7): 1254-1267



1160 RIS KE 2019, 56(6)
[27] Poremba M, Mittal S, Li D, et al. DESTINY: A tool for Mao Haiyu. born in 1993. PhD candidate.

modeling emerging 3D NVM and eDRAM caches [C] //Proc

Her main research interests include NVM

of Design Automation and Test in Europe ( DATE).
Piscataway, NJ: IEEE, 2015: 1543-1546
[28] Lecun Y. LeNet [OL]. [2019-01-04]. http://yann. lecun.

based main memory., processing in

memory and machine learning.

com/exdb/lenet/

[297] Liu Liu. ConvNet [OL]. [2019-01-04]. http://libcev.org/doc/ Shu Jiwu. born in 1968. Professor and PhD
doc-convnet/

[30] Subramanian A S. Caffe Model Zoo [OL]. [2019-01-04 1.
https://github.com/BVLC/caffe/wiki/ Model-Zoo

[31] Lecun Y. MNIST [OL]. [2019-01-04]. http://yann. lecun.

supervisor. Fellow of CCF. His main
research interests include non-volatile
memory systems and  technologies,

network (cloud/big data) storage system,

com/exdb/mnist/

sto s it d liabilit d
[32] Stanford University, Princeton University. ImageNet [ OL]. storage  security  an relabiity, - an

[2019-01-047. http://www.image net.org/ parallel and distributed computing.

(HTENARSEZBEMETTRSE

CHBHLFFE 5 & B ) (Journal of Computer Research and Development) J& WP B B} 2 B 118 3 R BF 55 B
Frp EF AL S BG FIn BE 0 NCRE S R 2 R T AL s s L R LR A
AR T8 15 K P 1 27 AR S SC L R BRI R AN R TR 3 R G S R TSR AL AR S T R B SN B
TARFAR NG A KL B SR 5 %Ml i 0 A= DL K & 4ol B & N B 4%

CHFREALFSE S KR ) T 1958 4R 7], 2 TR 48 — 1AL R, BLE R 3% T H 3 HIL TSl A M 1) =
AR Z — FF D3 Rl o7y 3 B 355U S %0 81 1) 22 Ul B Sy = o [ AN B 2 R )L A L ik Bl [
AR TS ) RS SCR ) ERR ] OB P b E R IR SO T IR A T e TR R
SHEDK R RS H A2 HOR SCHER R ) AR 3 SCH A4 350D L 9% [ CRF7 308 ) (SAD 45 [5 N Ah R R L
T k.

[ N R &2 A5 2 2-654 5 B AN 2 4TS . M603

[ N 58— LE R 7 . CN11-1777/ TP

Il b #E 34 28 R 5 - ISSN1000-1239

BREANX.

100190 Jbat v A BE# Bi i 6 5 S HLIE ST 5 & JE ) 4 4

HLE . +86(10)62620696 (HefL ) ; +86(10)62600350

Email: crad@ict.ac.cn

http://crad.ict.ac.cn



