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Memristive neuromorphic computing approach combining

calibration method and in-memory training

DU Xiangyu, PENG Jie, LIU Haijjun
(College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China)

Abstract; Memristor based neuromorphic computing architecture has achieved good results in image classification, speech recognition and

other fields, but when the memristor array has the problem of low yield, the performance declines significantly. A method combining memristive

neuromorphic computing based calibration method with in-situ training was proposed, which increased the accuracy of multiplicative accumulation

calculation by using the calibration method and reduced the training error by using the in-situ training method. In order to verify the performance of

the proposed method, a multi-layer perceptron architecture was used for simulation. From the simulation results, the accuracy of the neural network

is improved obviously (nearly 40% ). Experimental results show that compared with the single calibration method, the precision of the network

trained by the proposed method is improved by about 30% , and the precision of the network trained by the proposed method is improved by 0.29%

when compared with other mainstream methods.
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Fig.1 Flow chart of the calibration method
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Fig.2 Diagram of resistances updated by

in-situ training
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Fig.6 Performance of the algorithms
on the MNIST dataset
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Tab.1 Recognition rate comparison of the proposed algorithm
and the mainstream methods
%
Fi o MLP(W,)  MLP(W,) MLP(W,& W,)
SCHRk[24] 94.88 97.43 92.93
VN iR 94.93 97.66 93.22
3 i

ARSI T —Fh I FAZBLAR M 2B SR
T KR UE R S RN Sh A4 45 o i@ ad MLP
G B BB UE Tz At . DL B s
HAERRF , Ph 2 W 4 B RS B2 A U] i 42 v (O
40% ) . SEEREE R, 5 AT R HE R J5 15 A
o, ik MR R T2 30% . SELA T
DAL, T A ke T
0.29%

2 % 3k ( References)

[1]  KRIZHEVSKY A, SUTSKEVER I, HINTON G E. ImageNet
classification with deep convolutional neural networks [ J].
Communications of the ACM, 2017, 60(6) : 84 —90.

[2] DANG D, DASS J, MAHAPATRA R. ConvLight: a
convolutional accelerator with memristor integrated photonic
computing[ C]//Proceedings of 2017 IEEE 24th International
Conference on High Performance Computing ( HiPC) , 2017.

[3] ANKIT A, SENGUPTA A, ROY K. TraNNsformer: neural
network  transformation for memristive crossbar  based
neuromorphic system design[ C]//Proceedings of 2017 IEEE/
ACM International Conference on Computer-Aided Design
(ICCAD), 2017.

[4] ANKIT A, SENGUPTA A, PANDA P, et al. RESPARC: a
reconfigurable  and  energy-efficient  architecture  with
menmristive crosshars for deep spiking neural networks[ C]//
Proceedings of the 54th Annual Design Automation Conference
(DAC), 2017.

[5]  BRKak, S5iafn, XUZR, % AZFHAR2EMTH 58 1 0F 7 B
RERT]. ERRHR R, 2023, 45(1) - 1 - 14
CHEN C L, LUO C H, LIU S, et al. Review on the
memristor based neuromorphic chips[ J]. Journal of National

University of Defense Technology, 2023, 45(1): 1 —14. (in



- 206 -

(FE TR SR S AN S

5545 &

[11]

[12]

[15]

Chinese)

PARK S, NOH J, CHOO M L, et al. Nanoscale RRAM-
based synaptic electronics: toward a neuromorphic computing
device[ J]. Nanotechnology, 2013, 24(38) : 384009.

JANG B C, NAM Y Y, KOO B ], et al. Memristive logic-in-
flexible
2018,

memory integrated circuits for energy-efficient

electronics [ J ]. Advanced Functional Materials,
28(2): 1704725.

JO S, SUN W, KIM B, et al. Memristor neural network
training with clock synchronous neuromorphic system [ J].
Micromachines, 2019, 10(6) : 384.
CHEN C, LI L X, PENG H P,
synchronization of inertial memristor-based neural networks
with discrete delay [ J ]. Neural Networks, 2019, 109.
81 -89.

PARASTESH F, JAFARI S, AZARNOUSH H,
Chimera in a network of memristor-based Hopfield neural
network [ J].
2019, 228 2023 -2033.

WEN S P, WEI H Q, YAN Z, et al. Memristor-based design

of sparse compact convolutional neural network [ J]. IEEE

et al. Fixed-time

et al.

The European Physical Journal Special Topics,

Transactions on Network Science and Engineering, 2020,
7(3): 1431 - 1440.
SUNS Y, LI Z W, LI J W, et al

convolutional

A memristor-based
network  with  full
IEICE Electronics

neural parallelization

architecture [ J ]. 2019,
16(3): 20181034.

SUNSY, XUH, LI J W, et al. Cascaded architecture for
memristor crosshar array based larger-scale neuromorphic
computing[ J]. IEEE Access, 2019, 7 61679 - 61688.
YAKOPCIC C, ALOM M Z, TAHA T M, et al. Extremely

parallel memristor crossbar architecture for convolutional

Express,

neural network implementation [ C ]//Proceedings of

Joint  Conference on Neural Networks

(IJCNN) , 2017.
SUN Y, XU H, WANG C, et al. A Ti/AlO,/TaO, /Pt analog

International

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

synapse for memristive neural network [ J]. IEEE Electron
Device Letters, 2018, 39(9) : 1298 - 1301.

SUNSY, XU H, LIJ W, et al. Cases study of inputs split
based calibration method for RRAM crossbar [ J ]. IEEE
Access, 2019, 7: 141792 - 141800.

LI C, BELKIN D, LI Y N, et al. Efficient and self-adaptive
in-situ learning in multilayer memristor neural networks[J].
Nature Communications, 2018, 9(1) ; 2385.

ABADI M, BARHAM P, CHEN J, et al. Tensorflow: a
system for large-scale machine learning[ C]// Proceedings of
the 12th USENIX Conference on Operating Systems Design
and Implementation( OSDI) , 2016 ; 265 —283.

WANG J, PEREZ L. The effectiveness of data augmentation
in image classification using deep leaming [ C/OL ]//
Proceedings ~ of  Computer ~ Vision  and Pattern
Recognition, 2017.

TAKAHASHI R, MATSUBARA T, UEHARA K. Data
augmentation using random image cropping and patching for
deep CNNs[ J]. IEEE Transactions on Circuits and Systems
for Video Technology, 2020, 30(9) : 2917 —2931.

WONG S C, GATT A, STAMATESCU V, et al
Understanding data augmentation for classification: when to
Warp? [ C]//Proceedings of International Conference on
Digital Image Computing: Techniques
(DICTA) , 2016.

LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based
learning applied to document recognition[ J]. Proceedings of
the IEEE, 1998, 86(11) : 2278 -2324.

YAKOPCIC C, TAHA M T.

implementation of a multilayer perceptron[ C]// Proceedings

and Applications

Memristor crossbar based

of 2017 TIEEE National Aerospace and Electronics Conference
(NAECON) , 2017.

LIU C C, HU M, STRACHAN ] P,
memristor-based neuromorphic design with high defects[ C]//
Proceedings of the 2017 54th ACM/EDAC/IEEE Design
Automation Conference( DAC) , 2017.

et al. Rescuing



