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1.0 SUMMARY 
 
This project aims to accelerate artificial neural networks by virtue of programmable, low-
power, and high-density memristor technology. Matrix-vector computation is the core 
operation that has been heavily exploited in neural network applications. Its computing 
speed and power consumption dominants the performance of neuromorphic hardware. In 
the project, we implemented a programmable neural network computing engine based on 
the memristor crossbar technique. The peripheral circuitry was designed and fabricated in 
TSMC 65nm process. The system integration of the CMOS chip and resistive arrays was 
realized and evaluated at the PCB board level, with typical neural network applications. 
FPGA board works as the holistic system controller, performing chip configuration, data 
pre-processing, and necessary data routings for multi-chip coordination.   



Approved for Public Release; Distribution Unlimited. 
2 
 

 
 

2.0 INTRODUCTION 
 
In the development history of microprocessors, the continuation of Moore’s law was first 
guaranteed by the increase of transistor integration density and then by multi-core 
technology [1]. Although the computing efficiency of solid-state circuits keeps improving 
by following technology scaling, the data transportation (communication) efficiency 
between CPU cores and storage systems continues drifting down and dominating the entire 
system’s energy consumption. This phenomenon is referred to as the “memory wall” [2]. 
Information is generally stored in solid-state circuits as the electrical charge on capacitors, 
e.g., in SRAM and registers. Data transportation is realized by moving the charge from one 
location to another. Thus, the communication cost is determined by two factors––the 
amount of the charge relocated and the distance between the source and the destination. 
Reducing the communication cost can be realized by lowering the power supply voltage in 
dynamic voltage scaling and sub-threshold designs and shortening the distance between 
the computing cores and memories in distributed systems. 
 
The neuromorphic computing inspired by the working mechanism of human brains 
effectively reduces the data communication cost and, consequently, achieves very high 
computation efficiency. As both the frequency of the spikes and their relative timing are 
carrying on the transmitted information, the spikes can be very short and sparse to minimize 
the amount of the relocated electrical charge. Moreover, neuromorphic computing 
minimizes the data communication distance by distributing the data into the memories (i.e., 
synapses) close to the associated computing units (i.e., neurons) throughout the entire 
system. For example, TrueNorth – the spike-timing-based neuromorphic hardware proto-
typed by IBM achieved an extremely low energy consumption of 45pJ per spike in data 
communication [3]. However, such conventional CMOS implementation of neuromorphic 
designs suffers from a large area, high power consumption, and low-level parallelism. In 
TrueNorth, each neurosynaptic core contains an array of 1024×256 synapses built on 
SRAM cells. The majority of system energy was consumed on retaining synaptic weights, 
programming synapses in the learning process, and reading out the stored weights in the 
recall function. Moreover, since the SRAM array cannot support truly parallel execution, 
TrueNorth runs at only 1 kHz even though the operating frequency within each 
neurosynaptic core is 1 MHz [4]. 
 
Since the first actual device demonstration, memristor technology has gained significant 
attention in neuromorphic system society [5]. Many important features of biological 
synapses, such as long-term potentiation (LTP), long-term depression (LTD), and spike-
timing-dependent plasticity (STDP), have been realized on memristor devices [6]-[9]. 
More importantly, the two-terminal structure of memristors enables the cross-point array 
implementation with high storage density and sub-pJ access energy [10].  
 
Previously, we studied the input-output feature of the memristor crossbar that employs a 
memristor at each intersection of horizontal and vertical metal wires. We found that this 
typical array structure not only offers a massive number of connections but also naturally 
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provides the capability of connection matrix storage and matrix-vector multiplication 
[11][12]. To evaluate the potential of memristor crossbars in complex and large-scale 
pattern association and classification applications, we exploited the possibility of applying 
memristor crossbars in neuromorphic hardware design and used the Brain-State-in-a-Box 
(BSB) model, an auto-associative neural network, as a testing vehicle. In the previous 
project, we successfully implemented the spiking-based and level-based controller designs 
by using GlobalFoundries 130nm technology. The circuit modules, including input 
decoder/driver, current amplifier, integrate-and-fire (IFC), counter, and comparator, as 
well as the entire controller design, has passed the functionality test.  
 
In this three-year project, the team at Duke University (Duke) continued the effort of 
implementing the programmable neural network computing engine based on memristor 
crossbar technique and peripheral circuitry in the TSMC 65nm process. The system 
integration of the CMOS chip and memristor crossbar was realized at the PCB board level. 
Typical neural network applications, such as multi-layer perceptron and convolutional 
neural networks, were adapted against hardware constraints and deployed on our chip. 
FPGA board works as the holistic system controller, performing chip configuration, data 
pre-processing, and necessary data routings for multi-chip co-ordinations. During the 
performance period of the project, we worked closely with Dr. Qiangfei Xia at the 
University of Massachusetts Amherst (UMass), Dr. Jianhua Yang at the University of 
Southern California, and Dr. Hao Jiang at San Francisco State University (SFSU) on 
memristor device development and analog circuit components. With support from the 
device and circuit levels, the Duke team made the following accomplishments during the 
performance period: 
 
• We designed and fabricated a controller chip specified for one 32×32 1T1R (one 

transistor one memristor) crossbar array developed by the UMass team. The use of 
transistors in the crossbar array provides better control on cell resistance level and, 
therefore, computation accuracy. We integrated the controller design with a resistor 
array on a PCB board to realize a one-layer neural network and demonstrate its 
functionality. 

  
• Based on the testing results from the first stage, we further optimized the PCB board 

design to support multiple crossbar arrays. At the system level, a multi-layer perceptron 
network was realized. An FPGA board was integrated with the PCB board as a system 
controller, performing chip configuration, data pre-processing, and necessary data 
routing for multi-chip co-ordination. 
 

• We experimented with simulating efficient in-situ training techniques for high-density 
1S1R (one-selector-one memristor) crossbar arrays. We proposed a single-spike 
scheme for extremely high energy efficiency and split the STDP process into separate 
LTP and LTD phases to ensure functionality.  
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3.0 METHODS, ASSUMPTIONS, AND PROCEDURES 
 

3.1. The Design Concept 
 
Nearly forty years ago, Professor Leon Chua predicted the existence of the memristor––
the fourth fundamental circuit element, to complete the set of passive devices that 
previously includes only resistor, capacitor, and inductor [13]. Memristor uniquely defines 
the relationship between the magnetic flux (ϕ ) and the electric charge (q) passing through 
the device, or dqMd ⋅=ϕ . Considering that magnetic flux and electric charge are the 
integrals of voltage (V) and current (I) over time, respectively, the definition of memristor 
can be generalized as 
 

 




=
⋅=

),(/
),(

Ifdtd
IIMV

ωω
ω . (1) 

 
Here, ω  is a state variable; ),( IM ω  represents the instantaneous memristance, which 
varies over time. For a “pure” memristor, neither ),( IM ω  nor ),( If ω  cannot be expressed 
as an explicit function of I. These devices were primarily intellectual curiosities until HP 
Lab demonstrated the first physical realization of memristor, in which the memristive effect 
was achieved by moving the doping front along TiO2 thin-film device [5]. Soon, more 
materials with memristive properties have been reported or rediscovered including 
spintronic devices [14][15], polymeric thin film [16][17], magnetic tunnel junctions (MTJ) 
[18][19], AlAs/ GaAs/AlAs quantum-well diodes [20], etc.  
 
Crossbar array is a typical structure in memristor-based memories. As illustrated in Figure 
1, it employs a memristor device at each intersection of horizontal and vertical metal wires 
without utilizing any extra selection device. Such a simple 1R structure with only one 
memristor per cell offers the smallest data storage unit size, i.e., 4F2, where F represents 
the technology feature size. Our previous research demonstrated that memristor crossbar 
array can provide a large number of signal connections within a small footprint and conduct 
the weighted combination of input signals, making it naturally attractive for 
implementation of connection matrix in neural networks [11][12]. To improve the array 
controllability and device reliability, 1T1R (one transistor one memristor) and 1S1R (one 
selector one memristor) cell structures have also been widely explored in crossbar array 
development.  
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(a) 

 
(b) 

 
(c) 

 
Figure 1: (a) Memristor in crossbar array (HP Labs); (b) diagram; (c) different cell 

structures. 
 
Matrix computations widely exist in the applications like data signal processing, pattern 
recognition, weather prediction, machine learning, etc. Because of the structural similarity, 
reconfigurable resistive array is conceptually efficient for matrix-based operations. For 
instance, flash transistor array has been used to implement matrix computations. However, 
as a four-terminal device, such transistor-based designs generally have a large cell size. 
Memristor crossbar arrays have also been proved to efficiently perform common 
operations, e.g., matrix-vector multiplication, in neuromorphic algorithms. For example, 
we can realize the matrix-vector multiplication by using the crossbar array shown in Figure 
1 as follows: (1) represent the input vector as a set of input voltage signals to wordlines 
(WLs) of the memristor crossbar; (2) transfer the mathematical matrix to the resistance 
state (or more precisely, the conductance levels) of the memristors in the array; and (3) 
collect the currents at the bitlines (BLs) as the output vector of the matrix-vector 
multiplication operation.   
 
In previous collaborations with Air Force Research Lab (AFRL), we have successfully 
demonstrated the application of memristor crossbar arrays in pattern recognition through 
Brain-State-in-a-Box (BSB) model [11][12]. The mathematical model of a BSB recall 
function can be represented as: 
 
 ( ))()()1( ttSt xAxx ⋅+⋅=+ βα . (2) 

 
For a given input pattern x(0), the recall function computes Equation (3) iteratively until 
convergence, that is, when all entries of x(t+1) are either ‘1’ or ‘−1’. Accordingly, a 
feedback loop is also needed to conduct the assignment of the output based on x(t) to 
x(t+1). Besides the matrix-vector multiplication )(tAx , the operations of BSB model also 
include the scalar scaling of vectors, sum, and a “squash” function.  
 
The conceptual diagram of such a system is illustrated in Figure 2. Since all of the terms 
in a memristance-determined matrix must be positive, the design splits the positive and 
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negative terms of the BSB weight matrix into two matrices A+ and A– and map them to 
two memristor crossbar arrays M+ and M−, respectively. Here, the normalized input vector 
x(t) is converted to a set of input voltage signals V(t). Then the BSB recall algorithm can 
be realized by a voltage feedback system represented as:  
 
 ( ))()()(')1( 211 tGtGtGSt VVVV ⋅+⋅−⋅=+ −+ . (3) 

 
Here, )(' vS  is the modified “squash” function defined as 
 

 


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≥
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≤
=
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−
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opop

opop

opop-

VVV
VVVV

VVV
S'(v . (4) 

 
The design is an analog system consisting of three major components. (1) Memristor 
arrays, the key components of the overall design, are used to realize the matrix-vector 
multiplication function. (2) The input signals V(t) along with the corresponding voltage 
outputs of two memristor arrays, V+(t) and V−(t) are fed into summing amplifiers to realize 
Eq. (3). 1G  stands for the Gain of amplifiers for output signals from the memristor 
crossbars, and 2G  stands for the Gain of amplifiers for input signals. They reflect the 
learning rate in the recall function. The modified ‘squash’ function )S'(v  in Eq. (4) is 
naturally realized with the amplifiers since the output signal of an amplifier is bounded by 
the positive/negative power voltage signals, Vop+ and Vop−. (3) Comparators are used to 
check for convergence of the BSB recall operation and give the decision signal Vconv.  
 

 
 

Figure 2: The conceptual diagram of the BSB recall circuit 
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3.2. The Controller Design 
 
The controller chip design consists of three separate logic blocks: the word-line (WL) logic 
controls the gate-lines of transistors in a 1T1R array; the bit-line (BL) logic implements 
the converting of digital data and select signals into analog pulses to the top elements of 
memristors in the array; finally, the source-line (SL) logic processes the output current 
signals from the bottom elements of the memristor array and converts the current into a 
spiking voltage signal of proportional rate that is counted by a digital output circuit. These 
circuits can operate in memory-mode, in which the selected WL is turned on and the 
selected array cell is activated where the selected BL and selected SL intersect. Conversely, 
the circuits can operate in compute-mode, where all WLs are turned on, the BLs produce 
voltage pulses X clock-cycles long (where X is the value of the latched digital value for 
each BL), and the SLs count the number of spikes produced by the resulting current during 
the compute phase. Each BL has a latch that can be written before the compute phase, and 
each SL has a latch that can be read after the compute phase. 
 
In the BL logic block, the digital compute-mode flag (CM) is the selection signal for a 
multiplexor. Each BL is attached to the voltage source BL_EXT0 when the output of its 
multiplexor is 0 and BL_EXT1 when the output of its multiplexor is 1. When in memory-
mode, CM = 0 and the output of the multiplexor is the decoded select signal for each BL, 
which is a logical 1 for the selected BL only and a logical 0 otherwise. When in compute-
mode, CM = 1, and the output of the multiplexor is the PWM (pulse-width modulation) 
signal from the BL’s compute block. This block can be seen in Figure 3 below. 
 
 

 
 

Figure 3: Digital-to-PWM compute block for BL logic. The value stored in the latch 
is compared to the counter. The output is filtered by the CNTR_RSTB_BL signal 

 
 

A digital value can be latched to a selected BL by passing in the 8-bit value to be stored, 
the 5-bit select signal for the desired BL, and enabling LC_WR (latch write enable) and 
LC_RSTB (latch reset bar). When initiating the compute phase, the CNTR_EN_BL 
(counter enable for BL) and CNTR_RSTB_BL (counter reset bar for BL) signals are 
enabled, and the counter begins counting clock cycles. The PWM signal of a BL is high 
until the digital counter reaches the value stored in that BL’s latch, at which point the PWM 
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swings low again. To ensure that the BL is only high starting at the beginning of the 
compute phase and ending when the counter reaches the value of the latch, the output for 
the BL is ANDed with CNTR_RSTB_BL. 
 
For memory-mode in the SL logic block, the decoded select signal is ANDed with ~CM, 
which results in only the selected SL having an output of logical 1 and all other SL’s having 
an output of logical 0. In compute-mode, CM = 1 activates a pass-gate that connects each 
SL to the current amplifier of the SL compute block. The current amplifier receives the 
output current from the memristor array while holding the voltage of the SL at CA_VREF. 
The next block of the logic, the integrate-and-fire circuit (IFC), is shown in Figure 4.  
 

 

 
 

Figure 4: IFC converts current from amplifier into digital spikes. A capacitor is 
compared to a threshold by a comparator, and the resulting oscillatory signal is 

amplified by inverters to generate a spiking waveform 
 

 
The current amplifier can multiply the current by a shrinkage coefficient (x1, x10, x20, or 
x40) based on digital flags and charges the capacitor of the IFC block. The comparator in 
the IFC compares the voltage on the capacitor to IFC_VTH, swinging high when the 
capacitor reaches this point. The output of the comparator is attached to the gate of a 
transistor that discharges the capacitor and causes the voltage on the capacitor to dip below 
the threshold again. When the transistor is shut off again, the current from the amplifier 
once again begins to charge the capacitor. These dynamics create an oscillating voltage 
signal that is buffered by inverters into a digital, spiking voltage signal. An example of 
these signals is shown in Figure 5. The spikes are counted by a digital counter identical to 
the counter block used in the BL logic. After the compute phase, the IFC_RST signal 
should be enabled to prevent subsequent spikes from being counted. Each counter can then 
be read by cycling the select signal through each SL. 
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Figure 5: Wave forms converting analog current to digital spikes. The voltage 

across the capacitor (brown) increases linearly until the comparator spikes (red) 
and discharges the capacitor 

 
Through simulation, we predicted the expected spiking frequency of the combined current-
amplifier and IFC blocks (CA+IFC) given a range of input current magnitudes, which is 
shown in Figure 6. This data can be used to constrain the resistance ranges of memristor 
arrays in a given application. Finally, the WL logic behaves identically to the SL logic 
while in memory-mode, but all WLs are activated during compute mode. This is 
implemented by ORing the CM signal with the decoded WL select signal. When CM = 0, 
only the selected WL swings high, but when CM = 1, all WLs swing high. The schemes 
for multiplexing signals to the crossbar is illustrated in Figure 7. 
 

 
 

Figure 6: CA+IFC characteristics 
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Figure 7: Multiplexer designs for SL/BL/WL 
 
The design layout and the fabricated chip under microscope are both shown in Figure 8 
below. The final area of the chip, including the pad-frame, is 1.712 mm×1.770 mm, 
implemented in TSMC 65nm technology. It has 162 I/O including power and testkey, 96 
of which connect to a 32 by 32 memristor crossbar. The chip was manufactured by MOSIS 
and placed in a 181-pin ceramic PGA package. 
 
 

        
 

Figure 8: Chip layout (left) and the corresponding die photo (right) of the fabricated 
controller chip  
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3.3. 1S1R-Enabled Single-Spike-Encoded STDP 
 
During the course of this project, we also experimented with simulating efficient in-situ 
training techniques for high-density 1S1R arrays. Dr. Yang’s group at the University of 
Massachusetts has previously demonstrated that diffusive memristors (selector) and drift 
memristors that comprise 1S1R arrays can implement STDP dynamics. Rate-encoded 
STDP can be implemented in a 1S1R synapse by pre-synaptic and post-synaptic spikes that 
are a short, high-magnitude negative spike followed by a long, low-magnitude positive 
pulse. When a synapse with an inactive selector receives a spike from either direction, the 
resistance of the selector is too high for the short, high-magnitude spike to affect the 
memristor; i.e. the voltage drop across the memristor is below its threshold. The long, low-
magnitude pulse then activates the selector in the synapse to its lowest resistive state (LRS). 
Between the time of this spike and the next spike that the synapse experiences, the 
selector’s resistance begins to increase back to highest resistive state (HRS). When the 
second spike arrives at the synapse, if the selector’s resistance is still sufficiently small, the 
short, high-magnitude spike changes the resistance of the memristor to a value dependent 
on the voltage across the memristor at that time and the memristor’s current resistance. The 
direction of the change in resistance depends on the polarity of the spike across the synapse; 
i.e. which direction the second spike came from. An example of long-term potentiation 
(pre-synaptic before post-synaptic, LTP) and long-term depression (pre-synaptic after post-
synaptic, LTD) are seen in Figure 9(a)(b) below. 
 
 

 
 

Figure 9: (a) A pre-synaptic spike followed by a post-synaptic spike induces LTP. 
(b) A post-synaptic spike followed by a pre-synaptic spike induces LTD. (c) A 

neuron with a high spike-rate causes unintentional potentiation. (d) Highly 
uncorrelated spikes do not induce depression 

 
 
However, while attempting to implement this technique for a simple supervised learning 
architecture, an issue became clear that can severely limit the spike-rate of a neuron. If, for 
example, a pre-synaptic neuron spikes and is followed by a post-synaptic spike, the 
connecting synapse is potentiated as expected. However, because of how the spike 
waveforms are designed, the post-synaptic spike also activates the synapse’s selector back 
to LRS. Therefore, if the post-synaptic neuron spikes again before the selector’s resistance 
increases sufficiently, the synapse will potentiate again based on the timing between post-
synaptic spikes. This unintentional potentiation can cause all synapses connected to 
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neurons with high spiking rates to turn completely on and disrupt learning. An example of 
this scenario can be seen in Figure 9(c). The neurons are therefore rate-limited and cannot 
represent data with large precision. 
 
Encoding data as the timing of a spike within a window is a much more efficient option 
with the potential for large amount of data precision. A single-spike representation of input 
data will obviously require less voltage spikes, and if we represent output data as a spike-
time within a window as well, this would have higher precision than rate-encoded systems 
that simply count output spikes within a window. In this single-spike system, we can 
represent input data with pre-synaptic spikes and training data as post-synaptic spikes with 
waveforms similar to those in the rate-encoded system previously mentioned. However, 
we must address the case in which a pre-synaptic spike and post-synaptic spike occur on 
opposite ends of the time window. In this case, the neurons are uncorrelated, and we would 
expect the connecting synapse to be depressed in an STDP synapse. This is not the case, 
as the selector’s resistance increases too much in the time between spikes, and the second 
spike has no affect on the memristor resistance. An example of this situation is shown in 
Figure 9(d). While this situation would be fine in a rate-encoded system where the first 
neuron would spike again just after the second spike, depressing the synapse, we need to 
address this issue explicitly in the single-spike system. 
 
We therefore proposed a system in which the STDP process was split into separate LTP 
and LTD phases. The LTP phase uses a very similar waveform and methodology. An input 
spike involves a long, low-magnitude pulse to the word-line, which activates each selector 
in the bit-line. A training spike involves a short, high-magnitude negative pulse to the bit-
line, which decreases the resistance of synapses with previously activated selectors. The 
time between an input spike and a training spike controls how much the memristor 
resistance is decremented. Furthermore, if the training spike occurs before the input spike 
at a synpase, the synapse experiences no change. An example of an input spike followed 
by a training spike and a training spike followed by an input spike can be seen in the first 
and second column of Figure 10(c), respectively. 
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Figure 10: (a) Synapse circuit. (b) 1S1R crossbar topology. (c) LTP and LTD phases 
for 2 different synapses 

 
 

The LTD phase involves passive weight decay (PWD). In PWD, each word-line receives 
a long, low-magnitude pulse simultaneously to activate each selector in the array. The 
selectors’ resistances increase over time, and after about 5ms, we apply a short, high-
magnitude positive pulse at each bit-line, increasing each memristor’s resistance by an 
amount independent of the temporal relationship of that synapse’s input and training 
spikes. Over the course of training, highly-correlated synapses will have a net potentiation, 
while highly-uncorrelated synapses will have a net depression. An example of two 
synapses being depressed, one with a much lower starting resistance, can be seen in the 
third and fourth column of Figure 10(c),. Note in the third column of Figure 10(c), this 
synapse experiences no change in resistance during the LTD phase. To put it simply, during 
LTD, strong synapses stay strong and weak synapses stay weak. This can be attributed to 
the fact that the synapse is a voltage divider, as seen in Figure 10(a),. If the memristor in 
the synapse has a low resistance, less voltage drops across the memristor during the high-
magnitude spike, and if the voltage drop is less than the memristor’s threshold, it 
experiences no change in resistance. Conversely, if a memristor has a high resistance, more 
voltage drops across the memristor and increases the resistance significantly. This is 
actually a benefit of 1S1R synapses and is referred to as weight-dependent LTP/LTD. 
Highly-correlated synapse weights will remain high, and highly-uncorrelated synapse 
weights will be quickly pulled downward. 
 
In order to test our training algorithm, we created two sample patterns, each with a set of 
input spikes and a set of training spikes. We trained a 1S1R array with the described 
algorithm and compared the results to that of a classic STDP algorithm, which doesn’t have 
the weight-dependence described in the previous paragraph. Both patterns were used to 
train models, one trained directly in 1S1R, and one trained off-line with the classic STDP 
and then mapped to a resistive array. The outputs spikes when each input pattern is 
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presented to the trained arrays are shown in Figure 11(a). As expected, both models are 
capable of associating the input patterns with the training patterns. The trained synapse 
distributions can also be seen in Figure 11(b). Notably, the 1S1R-trained array has a much 
sparser distribution of synapses as a result of the weight-dependence. This sparse 
distribution of synapse weights means that average cell resistance is higher and will 
correspond to lower power consumption. The average cell resistance is 4.75x higher than 
the classic STDP-trained array and should correspond to 4.75x lower power consumption. 
The sparse distribution is also beneficial for higher noise resilience. As only the most 
correlated synapses have large weights, the 1S1R-array is able to retain the spatio-temporal 
relationship of the output pattern, even when a Gaussian noise vector is multiplied by an 
increasing parameter p and added to the vector of input spikes. The RMSE vs. p is shown 
in Figure 11(c), demonstrating that the 1S1R-trained array is approximately twice as 
resilient to noise. 
 
 

 
 

Figure 11: (a) Input and training spikes for two different patterns, as well as the 
output spikes for both 1S1R and baseline classic STDP-trained models. (b) Synapse 

distributions for both trained models. (c) RMSE vs. noise parameter p for both 
models 

  



Approved for Public Release; Distribution Unlimited. 
15 
 

 
4.0 RESULTS AND DISCUSSION 

 
4.1.1 Testing Fabricated Controller 

After designing our first PCB for chip testing, our first test involved powering up our 1T1R 
controller chip and passing an input into the test inverter. Subsequent tests involved testing 
the three different logical blocks (BL, SL, and WL) in the two different modes (memory-
mode and compute-mode). To complete the first test, we provided the analog and pad-
frame power rails with 2.5V and the digital power rails with 1V. After powering up the 
chip, we provided the test inverter with a clock signal from an off-board FGPA and 
measured the test inverter output. The test inverter was functioning properly, and can be 
seen in Figure 12 below. 
 
 

 
 

Figure 12: Test inverter input (yellow) and output (green) signals 
 
 

We then moved on to memory-mode tests of all three logic blocks, as this mode is easier 
to test for functionality. In memory-mode, the BL, WL, and SL blocks should take the 5-
bit select signal and two analog voltage sources, xL_EXT1 and xL_EXT0 (x, here, 
representing B, W, or S). Whichever BL, WL, or SL is selected by the select signal should 
be connected through the multiplex circuit to their respective xL_EXT1, and all other lines 
should be connected through the multiplex circuit to their respective xL_EXT0 (as 
described previously). We provided the WL block with the inputs SEL_WL = 5b00000, 
WL_EXT1 = 0.36V, and WL_EXT0 = 0.1V. Only the 0th word-line received WL_EXT1 
as expected. When SEL_WL was changed to 5b00010, the 0th word-line then received 
WL_EXT0 and only the 8th word-line received WL_EXT1 as expected. These results are 
communicated in Figure 13 below. 
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SEL_WL 5b00000 5b00010 

WL0 0.36 0.1 

WL4 0.1 0.1 

WL8 0.1 0.36 

WL12 0.1 0.1 

WL16 0.1 0.1 

WL20 0.1 0.1 

WL24 0.1 0.1 

WL28 0.1 0.1 
 

Figure 13: Analog outputs of WL blocks in memory-mode 
 

The next test was the SL memory-mode test. This test was identical to the previous test. 
We set SEL_SL = 5b00000, SL_EXT1 = 0.36V, and SL_EXT0 = 0.1V, and found that the 
0th source-line was the only source-line measured at 0.36V as expected. Changing SEL_SL 
to 5b00010, only the 8th source-line measured at 0.36V as expected. This output mirrors 
exactly the outputs shown in Figure 13. The operation of the BL logic in memory-mode is 
identical to the operation of the SL and WL logic in memory-mode, with the exception that 
several of the digital signals for the BL logic are inverted by the network of buffers in the 
chip. The buffers in the chip are inverting, so any digital signal using an odd number of 
buffers inverts the input signal. The inverted signals include: SEL_BL, D_OUT, 
CS_BLORSL, IFC_RST, CA_MR, CNTR_EN_BL, CNTR_RSTB_BL, LC_WR, 
LC_RSTB, and SW_FUNC_SPIKE. A few of these signals have not yet been explained. 
CS_BLORSL is a digital signal that indicates whether the data port is in input-mode or 
output-mode. Due to the inversion, the port is an output port (D_OUT, not D_IN) when 
CS_BLORSL is low, and an input port when CS_BLORSL is high. CA_MR is a two-bit 
signal that indicates which shrinkage coefficient the current amplifier will use, with 2b00 
meaning x1, 2b01 meaning x10, 2b10 meaning x20, and 2b11 meaning x40 after inversion. 
SW_FUNC_SPIKE is the input for the test inverter, as well as indicates whether to AND 
the output of the comparator with CNTR_RSTB_BL.  
 
Furthermore, due to inversion SEL_BL and D_OUT are inverted, IFC_RST resets the IFC 
when low, CNTR_EN_BL enables the counter when low, CNTR_RSTB_BL resets the 
counter when high, LC_WR enables the latch when low, and LC_RSTB resets the latch 
when high. Therefore, when testing the BL logic in memory mode, SEL_BL = 5b11111 
when BL_EXT0 = 0.1V and BL_EXT1 = 0.36V made the 0th BL equal to 0.36V and all 
other BLs equal to 0.1V. Changing to SEL_BL = 5b11101 flipped the 0th BL to 0.1V and 
the 8th BL to 0.36V, as in Figure 13. 
 
In compute-mode, the simplest block to test is the WL block. When in compute-mode, all 
WLs should be attached to WL_EXT1. This is to turn on all transistors in a 1T1R array. 
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Indeed, in compute-mode, the chip sets all WLs to WL_EXT1, regardless of the SEL_WL 
input. In order to test the compute-mode of the SL logic, we set CA_MR = 2b00, 
SL_EXT0/CA_VREF = 200mV, and SL_EXT1/IFC_VTH = 600mV. Using a discrete 
resistor, we connected one end to a SL and the other end to a power source. The SL was 
held at 200mV by the current amplifier, and as we increased the voltage supplied by the 
power source, we controlled the amount of current that the CA+IFC block received. We 
varied the input current from 133uA to 533uA and measured the 7th-bit of the counter for 
that SL. When given a constant current source, the counter would count the spikes from 
the IFC, and the period of the 7th-bit waveform would tell us how long it would take for 
the IFC to generate 256 spikes given the input current. From this information, we could 
calculate the spiking frequency of the IFC, which is shown plotted against the input current 
in Figure 14. 
 

 
 

Figure 14: Measured output frequency vs. input current for a single SL 
 
 

The curve has a similar shape to the curve expected in Figure 6. To test the BL 
logic in compute-mode, we could latch data into certain BLs and let the input counter 
continuously overflow and repeat the compute phase. If, for example, we latched the value 
64 into BL0, we would expect BL0 to generate a waveform that looks like a square wave 
with 25% duty cycle. If we latched the value 16 into BL7, we would expect BL7 to generate 
a waveform that looks like a square wave with a 6.25% duty cycle. We attempted these 
examples, as shown in Figure 15 (left), where the top waveform (green) shows a BL whose 
latch was written with 64, and the bottom waveform (yellow) shows a BL whose latch was 
written with 16. These waveforms were generated with a clock signal of 50MHz, which 
contributed to the noisy nature of the waveforms. We rewrote the latches for these BLs 
before each compute-phase by changing SEL_BL and D_IN to the desired BL and input 
data and then flipping LC_WR low for a cycle. The LC_WR waveform is shown in Figure 
15 (right) to show that the BLs were being rewritten each time. 
 



Approved for Public Release; Distribution Unlimited. 
18 
 

 
 

Figure 15: Left: Two BLs shown repeatedly in compute-phase with input data of 64 
(top, green) and 16 (bottom, yellow). Right: LC_WR for a single BL, showing that 

the BL’s latch is being written before each compute phase 
 
 

To ensure that the signals for the BL logic and SL logic are lining up properly during 
compute-mode, we measured the output of a BL and the signals that initiate a compute 
phase for both blocks simultaneously. The CA+IFC blocks in the SL logic can only 
generate spikes and a digital output if the IFC_RST signal is high (and therefore, not 
discharging the IFC capacitor). To show that the SL and BL logic are in synch, we 
measured the IFC_RST signal and the output of two BLs with input values of 32 and 128, 
both in Figure 16. For both the BL with input of 128 and BL with input of 32, the beginning 
of the waveform coincides with the IFC_RST going high and enabling the IFC. With these 
tests completed, we developed a simple testbench using discrete resistors to implement a 
small perceptron. 
 

 
 

Figure 16: Two BL outputs measured against the IFC_RST signal for the SL logic 
 
 

We utilized four discrete resistors for the perceptron, using 2 BLs and 2 SLs of the chip 
that operated as expected. The first BL was connected to the first SL by a 1K resistor and 
to the second SL by a 2K resistor. The second BL was connected to the first SL by a 2K 
resistor and to the second SL by a 1K resistor. The input clock was running at 50MHz, so 
we did a compute phase of 16 cycles, or 320ns. Based on our previous measurements, we 
expected an output of [~113, ~79] for an input of [16, 0] and an output of [~79, ~113] for 
an input of [0, 16]. We ran our testbench with these resistors and input vectors two times 
each. For an input vector of [16, 0] the measured outputs were [72, 62] and [65, 43]. For 
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an input vector of [0, 16], the measured outputs were [61, 78] and [55, 69]. While these 
outputs did not generate the exact output values expected, the outputs did follow the 
expected trends, with SLs that receive larger currents generating larger digital output 
values. It is also worth noting that the digital values measured seemed to get smaller the 
longer that the chip was on. We decided to next attempt a simple perceptron with multiple 
layers by integrating the chips on a PCB. 

 
4.1.2 Multilayer Perceptron Integration 

 
We designed a PCB on which multiple controller chips and memristor arrays can be used 
to implement larger layers or multiple layers of a neural network. This PCB can be seen in 
Figure 17 below. An off-board FPGA (the Narvi Spartan 7 FPGA module) can be attached 
to the board to manage the flow of data. Data is received by the FPGA via UART (from 
Matlab, for instance) and then is written to BL latches of the controller chip (or chips) for 
the first layer. These chips interact with the memristor arrays and generate digital outputs 
that the FPGA then reads and processes before writing the latches for the next layer. After 
the digital outputs of the last layer are processed by the FPGA, the module can then send 
the results back to the main system via UART. 
 
 

 
 

Figure 17: PCB for integrating controller chips with memristor arrays and FPGA 
module 

 
 

Due to the pandemic, the University of Massachusetts lab was unable to get us a packaged 
array in time for our experiments. Therefore, we demonstrated the flow of data in a 
multilayer perceptron using discrete resistors to represent weights. The flow for this simple 
demonstration is: Matlab  UART  FPGA  controller chip 1  resistors  controller 
chip 1  FPGA  controller chip 2  resistors  controller chip 2  FPGA  UART 
 Matlab. Matlab has built-in commands for accessing COM ports on the host computer 
as well as for sending and receiving data via UART. We wrote Verilog modules for 
implementing UART on FPGA that are called by our main control module, and the Narvi 
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Spartan 7 module has an on-board FT2232H chip that can configure the USB port for 
UART communication. For the sake of the demonstration, the activations will be binary; 
each BL latch will be written with a value of 8 or 0. We wrote the main control module to 
first receive 8 bytes of data from Matlab, where each bit represents a single BL of a chip, 
and the bit is written to its corresponding latch. The compute-phase is 8 clock cycles long 
(assuming a clock of 10MHz), and BLs with a latched 1 are on for all 8 cycles while BLs 
with a latched 0 are on for a single cycle of the compute-phase. 
 
To represent a single weight in this demonstration, we use two resistors from a single BL 
to two separate SLs; in our case, an 820-Ohm and a 2.2K resistor. The resistance values 
were selected to match the memristance range of the devices developed by the UMass team. 
The digital output of the second SL is subtracted from the digital output of the first SL to 
represent a single weight. When the first resistor is smaller, the first SL will experience a 
larger current and will produce a larger number of spikes than the second SL, resulting in 
a positive weight. When the second resistor is smaller, the first SL will experience a smaller 
current and will produce a smaller number of spikes than the second SL, resulting in a 
negative weight. When the outputs of these two SLs from the first layer are read by the 
FPGA, the FPGA writes an 8 to the corresponding BL latch of the second layer if the first 
SL output is larger than the second SL output and a 0 if the first SL output is smaller than 
the second SL output. This effectively implements a unit-step activation function on the 
output of the first layer and passes the results to the input of the second layer. 
 
The BL waveforms for a logical 1 and a logical 0 in the compute phase are shown in Figure 
18 below. The ringing of the signal is due to the large clock frequency of 10MHz. For the 
first layer of the demonstration, we used BL31 and SL4/SL5 of the center chip of our PCB. 
For the first scenario, SL4 has a smaller 820-Ohm resistor and SL5 has a larger 2.2K 
resistor. The SLs are read by the FPGA sequentially, and we can view the output of the 
first layer by probing the data pins while the FPGA reads them. In Figure 19 below, the 
7th-bit (yellow) and 6th-bit (green) of the data pins for the first layer chip are probed. 
Keeping in mind that the output is inverted by the buffer network, we can see that SL4 and 
SL5 have the only nonzero outputs (the low points in the waveforms), with SL4 having a 
larger value than SL5. This resulted in the corresponding BL of the layer 2 chip producing 
a logical 1 waveform as expected. 
 
 

 
 

Figure 18: The BL waveform for a logical 1 (left) and a logical 0 (right). 
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Figure 19: The 7th (top, yellow) and 6th (bottom, green) bits of SL outputs for the 
first layer, which are read sequentially. In this scenario, SL4 has a smaller resistor 

than SL5 
 
 

For the second scenario, SL4 has a larger 2.2K resistor and SL5 has a smaller 820-Ohm 
resistor. Again, we probe the 7th and 6th bits of the data pins for the first layer chip and see 
that SL4 has a smaller value than SL5 this time. As a result, the corresponding BL of the 
layer 2 chip produced a logical 0 waveform as expected. This is seen in Figure 20 below. 
 
 

 
 

Figure 20: The 7th (top, yellow) and 6th (bottom, green) bits of SL outputs for the 
first layer, read sequentially. In this scenario, SL4 has a larger resistor than SL5 

 
 

With resistors connected from the second layer BL to its SLs, we can read the digital output 
of the second layer chip and send them back to Matlab via UART. This demonstration 
therefore shows that we can transmit data from our host computer system to a router 
(modelled by the FPGA in this case) that can integrate multiple controller chip/memristor 
array pairs into a flexible neural network. 
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4.2. Progress Towards Multilayer Integration of Controller and 1S1R Array 
 
Our current controller circuit was designed with the intention of controlling both 1T1R and 
1S1R arrays without major modifications. To show the 1S1R driving capabilities of our 
current design, we ran simulations for both compute and memory-modes. Due to the size 
of the controller circuit and slow speed of its simulations, we separated these simulations 
from 1S1R simulations; i.e. we simulated the controller on a timescale of a few hundred 
nanoseconds and used the output voltage waveforms as inputs to our 1S1R simulations on 
a timescale of a few milliseconds. This gives us a general idea of how a 1S1R array will 
react to controller outputs. 
 
The first simulation involved memory-mode operations; specifically, setting and resetting 
1S1R cells within an array. The digital select signals (SEL_BL and SEL_SL) were set to 
5b00000 for 55ns of the simulation, followed by 5b00100 for another 55ns of the 
simulation. This allowed cell (0, 0) to be set and reset first, followed by cell (4, 4). The 
analog signals BL_EXT1/SL_EXT1 were 2V/0V for the first 25ns, 0V/2.5V for the next 
25ns, 0V/0V for 5ns as the select signals changed, and then repeated 2V/0V for 25ns 
followed again by 0V/2.5V for 25ns. BL_EXT0/SL_EXT0 were kept at 0V for the entire 
simulation. These signals were chosen to set and reset cell (0, 0), and then set and reset cell 
(4, 4). Notice that all analog signals were briefly 0V while the digital signals changed to 
prevent any unintentional voltage glitches from appearing across a 1S1R cell. Furthermore, 
actual pulse durations will depend on the selector technology implemented. The models 
used for 1S1R-based simulations were created by the lab at the University of 
Massachusetts. The output of the circuit given these digital and analog inputs can be seen 
in Figure 21 below. 
 
 

 
 

Figure 21: Controller output during memory-mode for 1S1R array 
 
 

The selected cell experiences 2V when being set and -2.5V when being reset. Note that 
unselected cells in the same row and column as the selected cell experience 1V when being 
set and -1.25V when being reset. These voltage magnitudes are not large enough to disturb 
the state of unselected cells. For compute-mode with a 1S1R array, all selectors must first 
be activated and kept activated. We first activate the selectors by pulsing each BL with a 
long, low-magnitude voltage pulse (above the selector threshold, but below the memristor 
threshold; usually about 0.75V). In order to keep the selectors activated, BL_EXT0 during 
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compute-mode must be slightly above the selector threshold (about 0.2V).  As can be seen 
in Figure 22 below, keeping the “resting” voltage slightly above the selector threshold 
prevents the selector conductance from decaying over time. 
 
 

 

 
 

Figure 22: When BL_EXT0 is left as 0V, the selector state (pink) decays over time 
(top image). However, when BL_EXT0 is kept slightly over threshold (0.21V) the 

selector state remains high, and consequently, the conductance does not decay 
(bottom image) 

 
 

Activating all selectors can occur by first switching into memory-mode and selecting each 
bit-line for a sufficient amount of time for the selectors to switch (while SL_EXT1/ 
SL_EXT0 are both set to 0V). Then, we can switch back to compute-mode, and continue 
as normal. The simulated output of the circuit throughout this process is seen in Figure 23. 
Each bit-line is pulsed for a short period of time, the latches are set with the appropriate 
data, and then the computation begins and each bit-line pulses a voltage for a period of 
time proportional to their digital input. Notice each bit-line never drops below 0.2V. 
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Figure 23: Simulation of compute-mode for a 1S1R array 
 
 

Finally, we ran a simulation of 32 1S1R cells (representing one column of an array) feeding 
into our neuron circuit, which consists of a current-amplifier and integrate-and-fire circuit 
(IFC). After first activating all 32 selectors in the column with a long pulse (not shown), 
each cell received one of four pulse lengths (5ns, 12ns, 25ns, or 35ns). The current 
amplifier held the column’s source-line at 0V, and the IFC responded with 75 spikes in a 
50ns time-period. The results can be seen in Figure 24 below. These spike rate is slightly 
higher than what we would expect in our compute-mode matrix-vector operations, but the 
results can be tuned with careful choice of input voltage magnitude, IFC threshold, and 
current-amplification setting. 
 

 
 

Figure 24: Simulation of CA-IFC output given an operations of a column of 32 1S1R 
cells 

 
 

These simulations demonstrate that controlling a 1S1R array with our current circuit design 
should be possible with little or no hardware modifications required, and a simple change 
in protocol for programming the array and computing matrix-vector operations. 
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4.3. Complications and Potential Future Work 
 
We encountered several complications in the project that should be addressed in future 
work. A major issue with the design is the relatively large variation in behavior experienced 
by the system. One source of this variation is the differences in responses to a given input 
current by each CA+IFC block. When SLs on the same chip receive the same input current, 
not all SLs spike at the same frequency. It is likely that the difference comes down to device 
variation in implementing the capacitor in the IFC or scaling the current between the CA 
and IFC. Differences in the capacitance of the circuit or the modulation of the current can 
cause the capacitors to reach IFC_VTH at different rates and produce different spike rates 
for given input currents. The IFCs were also designed for memristors with higher resistance 
ranges, meaning the operation ranges of the IFCs might be small and would not overlap 
very well with small-valued resistors. 
 
The variation between SLs of the same chip seems to be related in part to the integration 
of the IFC and the counter. While the MSBs of the output data (bits 7, 6, 5, and 4) seem to 
switch at an almost constant rate, the LSBs of the output data (bits 3, 2, 1, and 0) seem to 
switch randomly, as if the IFC is either not spiking at a steady rate or if the counter is not 
picking up every spike. We hypothesize that the spikes are not activating the counter 
reliably. One potential solution for this issue is increasing the amplification of the spikes 
between the IFC and the counter to ensure that the spikes consistently have the driving 
power needed to switch the 0th bit of the counter. Another solution would be to somehow 
increase the duration of each spike to ensure the spikes are sufficiently long enough to 
reliably switch the 0th bit of the counter. 
 
The demonstration of our chip was also further complicated by the high frequency of the 
signals used. The intended clock rate of our chip is 100MHz, which requires careful PCB 
design to reduce crosstalk between signals and prevent signal degradation due to trace 
capacitance and resistance. For example, the high-density routing of signals to the array 
pads on our demonstration PCB made it difficult to reduce crosstalk, and it was therefore 
very difficult to produce the correct waveform at each BL. We transmitted an alternating 
bit signal (“01010101…” repeated 4 times) to all 32 BLs of one chip, but when measured 
at the array pins at the top of the PCB, we found that we only measured the correct results 
consistently when the clock rate was reduced to 100kHz or below, and at that speed, only 
the first and last byte of data were completely correct. The center BL pins were more 
susceptible to crosstalk and less likely to have the correct waveform. Furthermore, 
integrating the controller chip and array at the PCB level can mean different SLs have 
different length traces connecting them to the chip. Traces of different lengths can have 
different resistances that modulate their current more or less than other traces. By 
integrating the controller chip and array on a single die or package, future designs could 
potentially mitigate the degradation of signals caused by the PCB.  
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5.0 CONCLUSIONS 
 
In this project, the team at Duke University (Duke) worked closely with Dr. Qiangfei Xia 
at the University of Massachusetts Amherst (UMass), Dr. Jianhua Yang at the University 
of Southern California, and Dr. Hao Jiang at San Francisco State University (SFSU) on 
memristor device development and analog circuit components. More specifically, the Duke 
team implemented a programmable neural network computing engine based on memristor 
crossbar techniques and peripheral circuitry in the TSMC 65nm process. System 
integration of the CMOS chip and memristor crossbar was realized at the PCB board level. 
Typical neural network applications, such as multi-layer perceptron and convolutional 
neural networks, were adapted against hardware constraints and deployed on our chip. An 
FPGA module works as the holistic system controller, performing chip configuration, data 
pre-processing, and necessary data routing for multi-chip co-ordination. Furthermore, we 
experimented with simulating efficient in-situ training techniques for high-density 1S1R 
crossbar arrays and proposed a single-spike scheme for extremely high energy efficiency 
and split the STDP process into separate LTP and LTD phases to ensure functionality.  
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APPENDIX C – ABSTRACT  
 
In this project, we designed and fabricated a neuromorphic system controller in TSMC 65 
nm technology for integration with memristive crossbar arrays. The design is capable of 
driving 1T1R or 1S1R arrays for implementation of spiking neuromorphic systems, using 
a digital pulse-width modulation-based input scheme as well as an integrate-and-fire circuit 
connected to a digital counter for the output scheme. Furthermore, the controller design 
can be tiled to drive arbitrarily large arrays and flexibly assigned to different layers in a 
multilayer neural network design. The chips can be integrated on a PCB or in-package and 
utilized by an off-chip processor or FPGA. 
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LIST OF SYMBOLS, ABBREVIATIONS, AND ACRONYMS 
 

1S1R  One Selector One Resistor 
 
1T1R  One Transistor One Resistor 
 
AFRL  Air Force Research Lab 
 
BL  Bitline 
 
BSB  Brain-State-in-a-Box 
 
CA  Current Amplifier 
 
CMOS  Complementary Metal Oxide Semiconductor 
 
CPU  Central Processing Unit 
 
FPGA  Field Programmable Gate Array 
 
HSR  Highest Resistive State 
 
IFC  Integrate-and-Fire Circuit 
 
LSB  Least Significant Bits 
 
LSR  Lowest Resistive State 
 
LTD  Long Term Depression  
 
LTP  Long Term Potentiation  
 
MSB  Most Significant Bits 
 
MTJ  Magnetic Tunnel Junctions 
 
PCB  Printed Circuit Board 
 
PGA  Pin Grid Array 
 
PWD  Passive Weight Decay 
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PWM  Pulse Width Modulation 
 
ReRAM Resistive Random Access Memory 
 
RMSE  Root Mean Square Error 
 
SL  Source-line 
 
SRAM  Static Random Access Memory 
 
STDP  Spike Timing Dependent Plasticity  
 
UART  Universal Asynchronous Receiver-Transmitter 
 
USB  Universal Serial Bus 
 
WL  Wordline 
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