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Abstract — Implementation of the neuromorphic computing 

requires a hardware network system to mimic the functionality 

of biological neural systems. The development of digital non-

volatile resistive memory in a large and dense array is maturing 

and it provides a tremendous commercial opportunity to enable 

the hardware accelerator development. In this work, we have 

designed the RRAM device structures and developed the back-

end-of-line (BEOL) CMOS integration processes to fabricate the 

memory chips of 64Kb array, and achieved a high fabrication 

yield > 99.79% with programmable characteristics to meet the 

requirements of different application algorisms. The chips as the 

building block of artificial neuromorphic network have low 

writing energy, fast writing speed, high endurance and retention. 

Most importantly, we demonstrated the remarkable capabilities 

chips to facilitate neuromorphic computing.  

Keywords—neuromorphic computing, RRAM, hardware 

accelerator 

I. INTRODUCTION  

Neuromorphic computing system, a promising network to 
break through the ‘memory-wall’ challenges faced by the 
traditional von Neumann architecture, requires large scale 
hardware accelerators to achieve the neuromorphic 
interconnectivity and plasticity to fulfil the artificial 
intelligence (AI) device requirements. Among many emerging 
non-volatile memory (NVM) devices, the resistive random 
access memory (RRAM) of either digital or analog devices has 
advanced performance characteristics for the on-chip 
computing application [1-4]. Compared to the analog devices 
which have the fundamental challenges for large scale network 
application at system level due to the non-linearity, non-
symmetry, and variability issues, the matured development of 
digital RRAM chips with nearly-ideal characteristics of low 
operation power, stable resistive states and cost effective 
CMOS compatible fabrication process, has provided 
tremendous opportunities for the commercialization of the on-
chip computing AI devices [5-6]. 

  RRAM devices have simple metal-insulator-metal (MIM) 
structure, using dielectric materials as the resistive switching 
insulator layer, in which nano-filaments are formed under 
electrical field as conductive paths for electron movement. The 
devices switch between high and low resistance states (LRS 
and HRS) during set and reset processed under the bipolar 
voltage writing pluses. The filament switching mechanisms are 
due to the oxygen migration processes under electrical field 
activation, and enable a very stable switching performance [7]. 
The BEOL integration of 1-transistor 1-RRAM (1T1R) array, 
or 2T1R to facilitate bipolar switching, is CMOS compatible 

and cost effective. Digital RRAM devices have the promising 
performance metrics that are highly suitable for neuromorphic 
computing, such as the low writing voltage, fast switching 
speed, high endurance and retention. Moreover, these 
characteristics can be modified by material engineering and 
switching parameter programing, which provides a flexible 
window for various functionalities [8].     

In the neural network architecture, the different RRAM 
resistance values can be used to represent different weight 
values. The variability of resistance states due to the fabrication 
yield, and the switching parameter spread is critically 
important and there are always trade-off between the lower 
power operation and stability control. The system level 
algorithm can take into account of the non-ideal RRAM 
characteristics at some level, such as the write variability, and 
RTN noise [9-10].  

In this work, we fabricated the 64Kbits array RRAM chips 
by using the developed RRAM material stacks with pillar 
structure, and integrating the RRAM devices with the CMOS 
front-end-of line (FEOL). The fabricated RRAM chips 
demonstrate the high yield and advanced chip performances 
with controllable and stable characteristics required for high 
accuracy on-chip neuromorphic computing. 

II. CMOS INTEGRATION  

The RRAM device structure and material stacks have been 
developed and integrated with 0.18 um CMOS baseline to 
fabricate 64Kb array RRAM chips. The RRAM devices have 
the pillar cell structure with diameter (CD size) of 250 nm, the 
switching materials are based on the Ir/Ta2O5/Ta/TiW stacks as 
shown in Fig. 1. The top electrode Ir, the scavenge layer Ta 
and the bottom  electrode TiW were deposited using the 
physical vapor deposition (PVD), the sandwiched switching 
material Ta2O5 with a typical film thickness at 3.8 nm, were 
deposited using the atomic layer deposition (ALD), as the SEM 
image shown in Fig 1. The Ta2O5 thickness and the interface 
between the Ta2O5/Ta are critically important to define the 
device performance. The conductive nano-filaments are formed 
under electrical field which requires a relatively high applied 
voltage normally. The RRAM devices with filamentary 
switching mechanism have good scalability which benefits low 
voltage and high speed switching. Furthermore, the material 
engineering can modulate the device switching characteristic 
and improve endurance and retention. The filamentary RRAM 
devices have very good scalability for high density device 
array and low power operation. The cross sectional SEM image 
of the CMOS integrated RRAM device is as shown in Fig. 1b, 
and the RRAM chips are packaged as shown in Fig. 1 c for 
chip performance characterization.   The manuscript is supported by the Agency for Science, Technology and 

Research (A*STAR) SERC grant A1687b0033.                                    .                                                                                           



 

 

 

 

 

 

Fig. 1: Device structure and BEOL integrated chip: a) schematic 
stacks of TE (Ir)/Ta2O5/Ta/BE(TiW); b) SEM cross section image of 
BEOL integrated RRAM device with pillar structure as circled;  c) 
photo image of packaged 64Kb 2T1R chip with four banks.  
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Fig. 2 The home-built RRAM chip testing platform by using the 
FPGA-DAQ control: a) 64Kbits array formed with 4 banks and 
decoders, b) 2T1R device for bipolar switching; c) schematic diagram 
for chip testing platform with interface controls. 

 The chip testing platform with FPGA-DAQ control has 
been developed as shown in Fig. 2, for 2T1R chip bipolar 
switching characteristic evaluation. The tester has various 
functions: the single device writing function allow us to access 
any device by selecting device address; the block writing 
function allow us to select any number of devices to build and 
program a functional unit; the whole chip writing to write/read 
all 64Kb devices with the same program. The statistical 
analyses of the testing results show that the chips were 
successfully fabricated with high yield at 97.79%. The 
filamentary formation pulse voltage is - 2.4V and pulse width 
1000 ns, while the writing pulse width is 40 ns, and the bipolar 
switching pulse voltage for set and reset is -1.8V and 2.4 V 
respectively. The high and low resistant states have narrow 
spread for digital performance as shown in Fig. 3.  

 

 

Fig. 3: The fabrication yield achieved in the CMOS integrated 64Kbits 
RRAM chip is ~ 97.79% under the switching conditions: writing pulse 
40 ns, writing voltage for set & reset at -1.8V & 2.4V respectively. 
The chip switching performance has narrow resistance distribution. 
The average of low resistance Rset = 1.36 KΩ with standard deviation 
of 0.37 KΩ, and high resistance Rreset = 39.94 KΩ with standard 
deviation of 15.95 KΩ.  

 

III. PROGRAMABLE PERFORMANCE  

 In the accumulative distribution function (CDF) analysis 
plots as shown in Fig. 3, the fabricated chip has a high 
fabrication yield ~ 97.79% when devices switching at 40 ns 
pulses with set and reset voltage of -1.8V and 2.4V 
respectively. The digital performance yield at ~ 96.78% is 
slightly lower due to the 1.01 % tail bits if we defined the 
resistance operation window with the clear spacing of 6KΩ 
between Ron < 3 KΩ and Roff > 9 KΩ in our design. Although 
the system level algorithms in deep learning system can 
accommodate some inaccuracy caused by the individual 
devices, the hardware network with higher fabrication yield 
and with high intrinsic performance accuracy are significantly 
important for efficient computation especially for the very 
large scale network system. 

Faster switching performance is required for the devices 
used for neuromorphic network, which can enable low power 
consumption and high frequency computing clock. However, 
there are always trade-offs between the writing performances, 
resistance state variability and tail bit rate in large scale 
network. The filamentary type RRAM devices we developed 
earlier have the intrinsic capability to switch at ultrafast speed 
in sub-1 ns [9]. The fast writing speed with 10 ns pulse writing 
in the CMOS integrated chip has been demonstrated and 
compared with 40 ns pulse writing as shown in Fig.4. 
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Fig. 4: Accumulative distribution functions of the same chip with 
different working condition: 1) for the writing pulses with 40 ns pulse 
width, the pulse voltage for set and reset is -1.8V and 2.4V 
respectively, the average resistance state LRS 1.39 KΩ, HRS 39.94 
KΩ; 2) for the 10 ns pulse, the set and reset voltage is -1.5V and 2.2V 
respectively, with LRS 1.38 KΩ, HRS 18.79 KΩ. 

 
 The well designed devices not only enable fast writing, but 
also reduce the writing voltage. The writing pulses have the set 
and reset voltage of -1.5 V and 2.2 V, with the corresponding 
writing energy of 34.94 pJ and 0.56 pJ respectively. The 
performance yield is ~ 96.78% which is a little bit lower than 
40 ns writing as shown in Fig.3. The fabrication yield and the 
device variability are comparable with the 40 ns pulse 
switching as shown in Fig. 3.  

The specification and performances of the chip under 10 ns 
pulse writing are listed in the Table 1. The chip integration 
process have been developed to achieve a high fabrication 
yield ~ 96.78 %, and the expected chip performance of low 
writing energy in ~ pJ, narrow resistance spread, endurance > 

10
6
 cycles, good retention at - 40 to 85 C for 10 years. 

Higher Roff/Ron ratio is preferred for weight update during 
accumulative learning process [11]. The Roff /Ron ratio can be 
adjusted effectively and accurately through the resistive 
switching material engineering, and switching parameter 
optimization. 

We demonstrated the random access and stable writing by 
the block writing program. A training unit is formed by 
randomly selecting 120 devices from different physical 
locations across the 4 banks of 64Kb array. The 120 cells, as an 
array of 15 rows and 8 columns, were programed to the LRS, 
with average resistance of 1.21 KΩ, and spread from 1.0 ~ 2.1 
KΩ. We defined the device with resistance < 2 KΩ as the 
digital state ‘0’ and marked in white color, as shown in Fig. 5a. 
It is noticed that there is one grid in light grey color at row 3 
and column 7, presenting the non-uniform resistance at 2.1KΩ. 
We programed 116 devices in the array to the HRS using reset 
writing pulse of 1.5V and 10ns, except the 4 devices in row 6, 
as show in Fig. 5b. The digital state ‘1’ is defined as the 
resistance level above 6KΩ, as shown in dark grey color. There 
are some light grey grids showing the non-uniformity, and 
there is one error bit at the grid of row 13 column 1. The array 
was written by the same program again in Fig. 5c, the results 
show that there was no digital state change comparing with 
Fig. 5b. The devices present a very stable digital performance, 
which enables direct writing without additional periphery 
circuits required to perform pre-reading before writing.  

 

 

 

 

 

 

Fig. 5 Demonstration of random access writing for the 120 selected 
bits, and resistance reading at 0.2V: a) the block pattern formed with 
120 devices of 15 rows and 8 columns randomly selected from 64Kb 
array, all devices are programed to their LRS with average resistance 
1.4 KΩ, we define the resistance level < 2 KΩ as the logic state ‘0’, 
represented with white color area for LRS; b) the 116 devices of the 
array are programed by applying one reset pulse, to the HRS with 
average resistance level 10 KΩ,  the HRS with resistance level > 6KΩ 
is defined as the logic state ‘1’, represented with dark grey color, 
lighter grey showing the resistance variation; c) the same program 
repeat, with the result showing no state changes.    

 

 

logic states 
R-Ave for 2 

states (KΩ) 

R-Ave for 3 

states (KΩ) 

Writing voltage 

10 ns pulse (V) 

‘0’ LRS 1.38 1.38 - 1.8 V 

 ‘1’ HRS-1 18.68 18.74 2.0 V 

‘2’ HRS-2 39.19 33.84 2.4 V 

Fig. 6 Demonstration of multiple states writing by different writing 
schemes. As the writing pulses listed in the table, the set pulse 10 ns 
and -1.8 V, the reset pulse voltage 2.0 V is for HRS-1, and 2.4V for 
HRS-2. a) 2-state writing from LRS to different reset state HRS-1 & 
HRS-2 with various sequence to demonstrate the stability of random 
direct writing; b) 3-state writing from LRS through HRS-1 to HRS-2, 
showing weight-dependent-weight-update writing.  
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In neuromorphic computing, multiple states are preferred 
for the weight update which can have more efficient footprint 
area usage. The multiple states can be achieved by adjusting 
the writing energy dose during the reset process in digital 
RRAM chips since the resistance change in reset process is 
gradual, whereas the set is an abrupt change process. The 
digital RRAM devices can be configured to multiple states 
easily by the control of reset voltage. The importance of 
multiple states in digital RRAM devices is that the repeatability 
and variability of the multiple states is very good for system 
level applications. 

 We demonstrated the weight-dependent-weight-update 
writing and with good repeatability in our developed 64Kb 
chip. The chip resistance levels are programed by controlling 
the reset voltage to achieve multiple digital logic states as 
shown in Fig. 6. The 3 resistance levels are obtained by the 
writing parameters listed in the parameter table. The average 
resistance reading value of the whole 64 Kbit devices are 
written to three different resistance states, which are defined as 
logic state ‘0’ corresponding to the LRS obtained by the set 
writing,  the logic state ‘1’ and ‘2’ corresponding two higher 
resistance levels HRS-1 and HRS-2, obtained by reset 
processes with two different reset voltage. We demonstrate the 
2-state writing as shown in Fig. 6a, the chip is written by the 
alternate set and reset writing pulses in the sequence: 0102, 
0102, 0201, 0201. The repeated writing results show the stable 
resistance levels for all three states. For different writing 
schemes to achieve state ‘2’, as shown in Fig. 6b, with the 
writing sequence of 01, 02, 012, and 012, the resistance levels 
for the writing from state ‘0’ to state ‘1’ using pulse 2.0 V, and 
from state ‘0’ to ‘2’ using pulse 2.4 V are the same as in Fig. 
6a. The resistance levels for the writing from ‘0’ to ‘2’ is ~ 
39.2 KΩ, whereas the resistance level for the writing from ‘0’ 
going through ‘1’ to ‘2’ using the same pulse 2.4V is ~ 33.8 
KΩ, which is lower than the resistance obtained by the direct 
writing program 02. The results show that the resistance update 
values depend on the existing resistance, which follow the 
principle of the weight-dependent-weight-updates shown in the 
biological brain memory [12-13]. The nature of multiple states 
wright will need different writing schemes in system level 
application. In addition, the resistant spread of the high 
resistance for the state ‘2’ is higher than the state ‘1’. The 
variability issue required a more complex system level design 
in neuromorphic algorithm implementation.   

  

IV. SUMMARY  

 The development of RRAM memory with large, dense and 
CMOS compatible array has matured a great deal, which 
provides tremendous commercial opportunity to enable the AI 
hardware accelerator development. We present the BEOL 
CMOS integration of 64Kb RRAM chip, with high fabrication 
yield at ~ 98%, low writing energy, fast switching speed, 
narrow resistance distribution, good endurance and retention. 
Multiple state performances by different writing schemes 
present the weight-dependent-weight-update nature of our 
chips. The demonstrated programmable and stable 
characteristics are critically important for the implementation 
of network hardware for neuromorphic computing. 
 

Table.1 List of chip specification  
 

Process    

# of total cell/chip 65024 

Cell size pillar CD (nm) 250 

fabrication yield 99.89% 

Forming  

Forming yield 99.23% 

Average R (kohm) 1.42 

Standard deviation 0.22 

Working 

Working yield 96.78% 

Dara retention 10yrs 

Operating temp. (C) -40 ~ 85 

Performance 

at low write 

energy 

 
Reset Set 

R average (KΩ) 18.79 1.38 

Standard deviation 15.95 0.37 

Coef. of variance  0.40 0.27 

Write voltage (V) 2.2 -1.5 

Write pulse width (ns) 10 10 

Write ave energy (pJ) 34.93 0.56 

Read voltage (V) 0.20 0.20 

Endurance (# of cycles) 1,000,000 

 
 
 

ACKNOWLEDGMENT  

The authors are thankful to the great support from 
colleagues in the IC design team for the help of IC design for 
the CMOS wafers tap out for BEOL integration, and 
colleagues from tester development team to build the testing 
platform.  

REFERENCES 

 
[1] W. Haensch, T. Gokmen, and R. Puri, “The next generation of deep 

learning hardware: analog computing”, Proceedings of the IEEE, Vol. 
107, No. 1, January.  2019, pp.108-122. 

[2] G. W. Burr, R.M. Shelby, C.di Nolfo, J.W. Jang, R.S. Shenoy, P. 
Narayanan, K. Virwani, E.U. Giacometti, B. Kurdi, and H. Hwang, 
“Experimental demonstration and tolerancing of a large-scale neural 
network (165,000 synapses), using phase-change memory as the 
synaptic weight element,” in Proc. IEDM, 2014. 

[3] M. Suri, O. Bichler, D. Querlioz, O. Cueto, L. Perniola, V. Sousa, D. 
Vuillaume, C. Gamrat, B. DeSalvo, “Phase change memory as synapse 
for ultra-dense neuromorphic systems: application to complex visual 
pattern extraction”,  

[4] A. F. Vincent, N. Locatelli,  J. Larroque, W. Zhao, J. Klein, S. Galdin-
Retailleau, D. Querlioz, “Stochastic memristive synapses from spin-
transfer torque magnetict tunnel junctions,” 2015 IEEE International 
Magnetics Conference (INTERMAG). 

[5] S. Yu, Z. Li, Pai-Yu Chen, H. Wu, B. Gao, D. Wang, W. Wu, and H. 
Qian, “Binary neural network with 16 Mb RRAM macro chip for 
classification and online training”, 2016 IEEE International Electron 
Devices Meeting (IEDM 2016), DOI:  10.1109/IEDM.2016.7838429. 

[6] P. Chi, S. Li, C. Xu, T. Zhang, J. Zhao, Y. Liu, Y. Wang  and Y.  Xie, 
“PRIME: A novel processing-in-memory architecture for neural network 
computation in ReRAM-based main memory”, 2016 ACM/IEEE 43rd 
Annual International Symposium on Computer Architecture (ACM 
2016),  DOI 10.1109/ISCA.2016.13. 



[7] H.-S. Philip Wong, H.-Y. Lee, H. Yu, Y.-S. Chen, Y. Wu, P.-S. Chen, 
B. Lee, F. T. chen, and M-J. Tsai, “Metal–Oxide RRAM”, Proc. IEEE. 
100, 2012, pp.1951-1970. 

[8] VYQ Zhuo,  M Li, Y Guo, W Wang, Y Yang, Y Jiang, J Robertson, 
“CMOS compatible electrode materials selection in oxide-based 
memory devices”, JAP 120(2), 024504. 2016. 

[9] M. Adnan, S. Sayyaparaju, G. S. Rose, C.D. Schuman, B. W. Ku, and S. 
K. Lim, “ A twin memristor synapse for spike timing dependent learning 
in neuromorphic systems”, 2018 31st IEEE International System-on-
Chip Conference (SOCC 2018), DOI:  10.1109/SOCC.2018.8618553. 

[10] Lee, F. T. Chen, and M.-J. Tsai, Proc. IEEE. 100, 1951 (2012).Pai-Yu 
Chen, Xiaochen Peng, and Shimeng Yu, “NeuroSim+: An integrated 
device-to-algorithm framework for bendchmarking synaptic devices and 
array architechtures,” 2017 IEEE International Electron Devices 
Meeting (IEDM 2017), DOI:  10.1109/IEDM.2017.8268337 

[11] Weijie Wang, Hongxin Yang, Victor Yiqian Zhuo, Minghua Li, Eng 
Keong Chua, and Yu Jiang, ‘Transient Control of Resistive Random 
Access Memory for High Endurance Performance’, 2016 International 
Symposium on VLSI Technology, Systems and Application (VLSI-TSA 
2016), DOI:  10.1109/VLSI-TSA.2016.7480502. 

[12] S. Fusi & L. F. Abbott, “Limits on the memory storage capacity of 
bounded synapses”, Nature Neuroscience, Vol. 10, No.  4, 2007, pp.485-
493. 

[13] J. Frascaroli , S. Brivio , E. Covi and S. Spiga, “Evidence of soft bound 
behaviour in analogue memristive devices for neuromorphic 
computing’, Scientific Reports, 2018, DOI:10.1038/s41598-018-25376-
x. 


