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Abstract—Processing-in-memory engines have successfully
been applied to accelerate deep neural networks. For improving
computing efficiency, spiking-based designs are widely explored.
However, spiking-based designs quantize inter-layer signals natu-
rally, leading to performance loss. In addition, the spike mismatch
effect makes digital processing necessary, impeding direct signal
transfer between layers and thus resulting in longer latency. In
this paper, we propose a novel neuron design based on pulse
width modulation, avoiding the quantization step and bypassing
spike mismatch via the continuous activation. The computation
latency and circuit complexity can significantly be reduced due
to the absence of quantization and digital processing steps,
while keeping a competitive performance. Simulation results
show that the proposed neuron design can achieve > 100X
speedup compared with spiking-based designs. The area and
power consumption can be reduced up to 74.87% and 25.63%.

I. INTRODUCTION

In recent years, deep neural networks (DNNs) have achieved
substantial breakthroughs in many applications, such as pattern
recognition and natural language processing. To improve the
execution speed and computing efficiency, neural network ac-
celerators have extensively been studied [1]-[3]. Among these
designs, processing-in-memory (PIM) that leverages memory
structures for computation naturally bridges the performance
gap between data processing and memory accesses, and thus,
has attracted much interest. Various PIM designs based on tra-
ditional memories such as DRAM [4] and SRAM [5] as well as
emerging technologies like resistive memory (RRAM) [6] have
been proposed. Particularly, RRAM-based PIM designs stand
out due to their dense data storage, natural support of matrix-
vector multiplication (MVM), high computing efficiency and
scalability [7]-[9].

Today’s exploration on RRAM-based PIM designs spans
from device to circuit and architecture. For circuit implemen-
tation, RRAM crossbar array where MVM is executed is the
most important. At present, one-transistor-one-RRAM (1T1R)
structure [10] is widely adopted to minimize the impact of
sneak paths and improve the programming efficiency. Neuron
circuit is another critical component that determines the area
and efficiency of PIM designs. As depicted in Fig. 1, there
are two types of neuron circuits: level-based [3] and spiking-
based [11] designs. The former type uses voltage or current
amplitude for data representation. This type of design usually
requires complex components with large area and high power
consumption, such as trans-impedance amplifier (TTA) and
analog digital converter (ADC). The spiking-based designs
encode data into spike trains. Such a digital format is naturally
compatible with the surrounding designs. Simple circuitry
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Fig. I. RRAM array and various types of neuron formats.
like integrate-and-fire circuit (IFC) and counter are sufficient,
achieving remarkable area and energy efficiency.

However, there are two major challenges in spiking-based
designs: inter-layer signal quantization and spike mismatch.
First, the spikes passing through layers indeed are digitized
signals due to data quantization, which inevitably induces
information loss. Increasing the quantization precision, e.g.,
prolonging the computing time and thus increasing the number
of spikes, helps alleviate the situation but also leads to longer
latency [12]. Second, it is difficult to maintain the same
spike width for various designs and under different operating
conditions. For example, rate-coding based design uses the
spike frequency to denote the activation strength. A strong
activation can be translated into a train of narrow spikes while
a weak signal induces a few wide spikes [6]. Such spike trains
cannot be passed to the following layer directly, because the
spike width also affects activation strength received by the
following layer, but require an additional regulation circuitry.

To improve the inter-layer precision and avoid the spike mis-
match, in this work, we propose a novel neuron design based
on pulse width modulation. Unlike the previous work [13]
that adopts the pulse width modulation to generate only the
input signals to RRAM crossbars and uses IFCs to process the
output currents, we aim at a neuron design that can provide
a natural signal transfer across layers: the output currents will
be encoded into pulse widths, which will then be fed into the
subsequent layer. The simplified design also reduces the area
and power consumption.

Moreover, when deploying DNNs on RRAM crossbars, data
and weights need to be mapped to physical parameters, e.g.,
spike frequency and RRAM conductance. As these physical
parameters can only provide positive values, a differential
implementation using four crossbars [14] is usually adopted.
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Such an approach increases the hardware cost to 4x without
including the additional circuitry to integrate the computation
results from these crossbars. As an alternative solution, shift
operations are often conducted which first shifts the entire data
range to the positive domain. As the shift operations cause the
output results to deviate from their original values, we need to
adjust the difference once the computation is completed. For
example, Chen and Li [15] include a digital circuity to cut off
a fixed number from the output spikes. Our proposed pulse-
width modulation neuron design integrates a shift elimination
circuit to reduce the complexity of the digital interface.

We implemented and simulated the proposed neuron design
at UMC 130nm technology node and applied the design to
typical classification tasks using three different neural net-
works. Compared with traditional spiking-based designs [6],
[11], [13], our proposed neuron circuit can achieve more than
100x speedup as well as 74.87% and 25.63% reductions on
area and power consumption, respectively.

The rest of this paper is organized as follows. In Section II,
we explain the background of RRAM-based spiking PIM
designs. The motivation of the proposed methods is presented
in Section III. In Section IV, we elaborate the concept and
circuit of the proposed pulse-width neuron. Simulation results
and discussion are presented in Section V. At last, we conclude
this work in Section VI.

II. BACKGROUND
Many PIM engine designs have been explored based on
various memory technologies. Among these solutions, RRAM
is taken as one of the most promising candidates for its high
computing efficiency and scalability. Therefore, we design and
verify the neuron circuits based on RRAM-based computing
platforms. This section introduces the background knowledge.

A. RRAM-based PIM Design

RRAM denotes a large group of nonvolatile memory tech-
nologies that use resistance states to store and represent data
information. Commonly used devices include TiO-, TaOy-
and HfO,-based thin-film structures. An RRAM device can be
programmed between its low resistance state (LRS) and high
resistance state (HRS). The resistive property of RRAM can
also be leveraged to process MVM operation that is widely
used in DNNs. The highly parallel computation in analog for-
mat remarkably improves the computing efficiency. Especially
as DNN models become lager and more complicated, the data
transfer between the computing cores and memory emerges as
a performance bottleneck while the data processing in RRAM
crossbar bridges the gap.

Deploying MVM on RRAM-based PIM requires mapping
signed input data and weights to positive physical values.
Previously Liu et al. [14] use four crossbars connected by
routers to deal with the four combinations of the multiplica-
tions of signed input data and signed weights. To scale down
the hardware cost, signed values are required to be shifted
to positive values. Two methods are commonly adopted. The
differential [13] applies shift operations on input data only and
uses two crossbars to represent signed weights. This design
offers more optimization space for tolerating potential defects
or faults in crossbars after manufacturing. Shift operations can
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be applied on both data and weights, which requires only one
crossbar [3].

Aiming to reduce hardware cost, we adopt the latter ap-
proach with a single crossbar. As shown in Fig. 1, an input
data x can be mapped to a vector of voltage signals V as

V =aax+pu, ey
where v is the scaling factor and 3, is the shifting bias. These
voltage signals are applied to drive the rows of the crossbar.
We also utilize shift operations to a weight matrix W and
map its weight parameters to RRAM conductance. Here, the
maximum weight (wy,q,) Will be mapped to the LRS (gnq2)
and the minimum weight (w,,;,) will be mapped to the HRS
(Ggmin)- As such, W is represented by a crossbar with the
following conductance array

G = a2(W - Wmin) +ﬂ2; (2)

where ag = 5:22:3:;’ Wmin = Wmin + J, ﬂ2 = Gmin - J
and J is an all-ones matrix.

The voltages applied on the rows will generate currents
flowing through RRAM cells. According to Kirchoff’s current

law, the output current can be expressed as follows

I=VG. 3)
At the end of the columns, neuron circuits encode the set of
summed currents into voltage signals and then transfer them
into the digital domain for further processing, such as shifting
or scaling. The processed results will then be used to generate
the inputs to the next layer.

B. Shift Degradation

Due to the existence of shift operations, the output results
contain additional components which need to be removed.
More specifically, when realizing an MVM computation y =
xW, the output I contains four components as follows:

I=a10oxW + a1xB2 + 281 W + B1S2. “4)

The first term o aexW represents the scaled original result.
The latter three represent the degradation induced by the shift
operations. Existing PIM architectures [3], [13] usually first
transfer output currents into the digital domain and then use
digital signal processing to remove the shift degradation. This
is not an ideal solution as the digital processing breaks the
signal coherence between layers, not even mentioning the
reduced computing efficiency due to additional hardware cost
and time.

III. MOTIVATION
Although spiking-based design requires simple neuron cir-
cuit and achieves great power efficiency, there are two un-
solved issues when deploying network models with multiple
layers: inter-layer signal quantization and spike mismatch.

A. Inter-layer Signal Quantization

In spiking-based systems, the inter-layer signal is encoded
into a number of spikes via specific circuits, e.g., IFC. This
is indeed a quantization operation for inter-layer signals. The
reduced activation precision potentially degrades the neural
network performance [12]. Our preliminary simulation results
in Fig. 2 present the scenario. Especially, the impact is more
substantial to more complex neural networks. To mitigate the
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Fig. 2. Accuracy loss caused by neuron quantization. (MLP1, MLP2
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CLK mm wambwmﬂﬁ ﬂmﬁMl

. Computing mode is enabled

CME
Configure spike collecting time
€ to change activation precision 7

~ cyclell | [ cycle[i+1] _
lSNA—EyM with input [i] L. with input [i+1] L.

¢ ISNA computig results (before counter)

Buffered 7777117 CPEIH] g W T e
spikes,__JULUUNUWULUUQLLY Qi awid o balishaat e

Fig. 3. Spikes generated by a spiking neuron under different input values [6].

quantization-caused performance loss, sufficient precision is
required for activation, which usually indicates more output
spikes and longer computing latency [6].

B. Spike Mismatch

An ideal spiking neuron should generate spike trains with
the following features: (1) the frequency of spikes has a
linear relationship to input activation; and (2) the spike width
keeps constant under different activation. Unfortunately, a real
spiking neuron cannot meet these requirements. For example,
Fig. 3 presents the measured output spikes of a spiking neuron
in [6]. It contains two computing cycles with different activa-
tion values. The activation value in the first cycle is larger, thus
a higher frequency spike train is generated. Very importantly,
the spike widths of the two cycles differ significantly. In the
second computing cycle when a smaller activation value is
applied, fewer spikes are produced while the widths of these
spikes are much longer compared to those in the first cycle.
If these spike trains are fed directly into the next layer, the
current generated in a specific time period does not reflect
the original input values correctly. Therefore, in spiking-based
PIMs, counters are mandatory to transform these output spikes
into the digital domain.

IV. PULSE-WIDTH MODULATION NEURON DESIGN

In this work, we propose a pulse-width modulation based
neuron design to overcome the drawbacks of spiking-based
neurons and get rid of the complex digital interface design.
Our objective is to accelerate the computing speed and reduce
power consumption and design area. In addition, this neuron
can implement non-linear activation functions between layers
and eliminate the shift degradation.

A. Design Concept

In traditional designs, the output current signal is usually
encoded into the spike frequency. Our design first converts
the current to the charge amount, which then determines the
output pulse width.
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Fig. 4. (a) Concept of the proposed neuron. (b) Partial circuit of the proposed
neuron.

The operation of the proposed neuron can be separated into
two steps, as depicted in Fig. 4(a). In the first step, the input
data is encoded to pulses of different widths and they are
applied at rows of the crossbar, so the capacitor under each
column will be charged by a variable current. This variable
column current is represented by the current source I, in
this figure. The total accumulated charge during the charging
time . in the first step can be represented as

to+te
to

Icol (t)dt (5)
In the second step, the variable current source is cut off and
the total charge accumulated during the first step will be
discharged linearly via a constant current source I.,,s:. The
discharging time ¢, represents the encoded pulse width that
can be approximated as
Q
Iconst (6)
The pulse-width modulation neuron overcomes the most
critical problems of spiking-based neurons. The output current
is converted to the total charge amount and the pulse width
is linear with the total charge amount, which is a continuous
value, avoiding the quantization problem. Additionally, gener-
ated pulses’ widths can represent original values, bypassing
the spike mismatch problem. So these pulses can be fed
directly into the next layer. Also, in this neuron design, only
partial circuit is activated in each step, charging or discharging
part of the whole neuron circuit. This design avoids frequent
switching behaviors so that this circuit can achieve better
power efficiency than spiking-based designs.

tg =

B. Pulse-wdith Modulation Neuron Circuit

In Fig. 4(b), a partial circuit of the proposed neuron is pre-
sented. In the first charging step, the current from one column
in the crossbar /., will be connected to a current mirror and
charge the capacitor. The current mirror under the crossbar will
divide the current by setting different transistor sizes, so that
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a smaller current will be generated in the following circuits,
leading to the reduction of power consumption and total circuit
area. The discharging current mirror and operational amplifier
do not function by controlling the biasing voltages. In the
discharging step, pulses are not applied on the rows of the
crossbar, so that no current will flow from the crossbar, which
automatically turns off these current mirrors used to charge the
capacitor. Meanwhile, the current mirror used for discharging
is turned on and a constant current is mirrored to discharge
the capacitor.

In Fig. 5(a), the waveform of a capacitor with different
charging currents is drawn. We observe that the voltage
across the capacitor is similar to a triangle wave instead of
a rectangular pulse, so we need a comparator and a buffer
to transform this signal to a pulse signal shown in the same
figure. Due to the existence of the comparator, the discharging
time in Eq. (6) has to be modified to

=T @)

Iconst Iconst
The second term caused by the threshold voltage can be used

as an in-situ ReLU function. In Eq. (7), we see that the
threshold discharging time is determined by capacitor size C'
and comparator threshold voltage V. So we can modify these
two design parameters to adjust the threshold discharging time.

In Fig. 5(b), the pulse width of the proposed neuron circuit
under different capacitor sizes is shown. With the increased
charging current, the discharging time increases to a specific
value and becomes saturated because of the limitation of the
transistor size in current mirrors. In addition, a large capacitor
can store more charge and become saturated later. In Fig. 5(c),
the pulse width of the proposed neuron circuit under different
threshold voltages is shown. With a higher threshold voltage,
the neuron will generate valid pulses later. In this case, the
pulse width will also be saturated because of the limitation of
the capacitor size.

The capacitor size and threshold voltage affect the dis-
charging time threshold, which can be also used to reduce
the shift error caused by data/weight shift operations. The
capacitor size cannot be modified easily in a manufactured
chip, but the threshold voltage can be selected to achieve the
best performance.

C. Shift Degradation Elimination

In spiking-based designs, the shift degradation is eliminated
via digital processing, but digital processing breaks the coher-
ence of different layers in neural networks. In pulse-width
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Fig. 6. Concept of shift degradation elimination.

modulation neuron design, we aim to find a way to deal with
the shift degradation without digital processing.

As shown in Eq. (4), the shift degradation can be separated
into two groups, data-related and data-unrelated. The second
shift term in Eq. (4) is related to the input data, and the last two
terms are not related to the input data. Therefore, the threshold
voltage should also be composed of two parts as shown in
Eq. (9), where F(-) is used to reduce the degradation caused
by input data, and G(-) can be used to reduce the constant
shift degradation.

Vvth = V;fh,data + ‘/th,const (8)
= F(xB2) + G(a2prW + B1B2). ©)

For the data-related shift degradation, it requires an addi-
tional column to resolve, because this shift is different for
each input data. The RRAM conductance of this column is
set to one value, so the charge accumulated in the capacitor
represents scaled data-related shift degradation. The voltage
across the redundant capacitor can be used to reduce the data-
caused shift degradation.

For constant shift errors, the third term as8; W in Eq. (4) is
related to the weight matrix and will cause different Vt,h const
for different columns, which requires multiple summing ainpli-
fiers, causing unaffordable circuit effort. To reduce the circuit
effort, in this work, we use redundant rows to reduce the
weight matrix caused degradation by

y;upp = ajaox W+ alx/ﬂg + agﬂIW' + B1B2. (10)

In Eq. (10), x is the input of redundant rows and W' is the
weight matrix of redundant rows, which make the column sum
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of W and W' equal to zero. Therefore, the item a8 W and
21 W' will be eliminated. In addition, if we set x equal to
zero, we only include a constant 3182 to our final result.
This degradation can also be reduced in the algorithm
training step. After normal quantization training [16], the
absolute value of the column sum in a weight matrix could
be large and will require large number of redundant rows. To
reduce the number of redundant rows, the bias retraining step
can be modified by changing the cost function in Eq. (11)

Cost = CrossEntropy + A Z ColumnSum. an

After the modified bias retraining step, the column sum is
reduced, which not only reduces the shift degradation, but also
reduces the number of redundant rows required in this design.

The detailed implementation is shown in Fig. 6. The current
mirror and capacitor circuit are similar to the circuit in the
pulse width neuron. Afterwards, the data-caused threshold
voltage Vt,h date and a constant threshold voltage Vt/h.comt are
then summed as the threshold voltage Vj, used in the pulse
width neuron. The resistors used in the summing amplifier
should be selected to recover the scaled voltage, so the Vi,
can be expressed as

Ry ’ Rs /
Vin = R75 : V;Sh,data + E : ‘/th,const’

12)
V. SIMULATION RESULTS AND DISCUSSION
A. Simulation Setup

We implement the proposed neuron using UMC 130nm
PDK. The RRAM cell in the crossbar adopts the 1TIR
structure. The LRS and HRS of RRAM are set to 50k(2 and
1M S, respectively [11]. The IR-drop in crossbar is set based
on [17]. The capacitor size of the proposed neuron is set to
17fF, which is the minimum MIM capacitor provided by
this PDK. The charging and discharging time is set to 1ns,
providing enough encoding space for the pulse generators used
for the first layer [18].

To evaluate the efficiency of the proposed neuron circuit,
we deploy three networks (MLP1, MLP2 and CNNI1) on
MNIST [19] and Cifarl0 [20]. CNNI1 is developed based
on [16], which has fewer kernels in convolutional layers and
achieves similar classification accuracy. The network training
is conducted in PyTorch on a workstation with an Intel 3.6
GHz CPU and an NVIDA GeForce GTX 1080Ti graphics card.

B. Accuracy and Latency Comparison

In Table I, the accuracy in software (“Original”) and hard-
ware level implementations, and computing latency in dif-
ferent scenarios are presented. Applying weight quantization
(“Weight-quantized”) makes the accuracy decrease slightly
compared to the original accuracy. The accuracy decreases
0.07%, 1.06% and 2.91% on these three networks, respec-
tively. The following two columns show the accuracy of the
ideal spiking-based neural network that applies both weight
and activation quantization. A high activation precision (‘8-
bits”) can maintain accuracy, but a low activation precision
(“2-bits”) can degrade the accuracy dramatically. Our work
applies the pulse-width modulation neuron design and consid-
ers the weight quantization and physical limitations, such as
IR drop, and non-linearity between the neuron input current
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and output pulse width. It shows only marginal accuracy
degradation.

Table I also summarizes the computing latency of one layer.
Our design requires only 2ns to finish one layer computation.
The latency data of spiking-based neural network is from [6].
We observe that 8-bit activation precision needs 200ns for
one layer, although the computing time for digital signal
processing is not included into the consideration. Therefore,
this work can achieve more than 100 x latency reduction. If the
spiking-based neural networks operate at a similar speed, the
activation precision should be downgraded to 2-bits and the
latency needs to be at approximately 3.1ns, but the accuracy
is much lower than what is demonstrated in this work.

C. Computing Latency Analysis

The nominal charging and discharging time for our neuron
design is set to 1ns. In this section, we also test different
charging and discharging time to evaluate the sensitivity of the
current working point. In Fig. 7, five different periods are used.
Under different working points, the accuracy loss of these
three neural networks are different. For the simple MLP1, the
accuracy is almost identical to the original accuracy, but for
more complex neural networks, MLP2 and CNN1 show higher
accuracy loss due to the error accumulation through layers.
To deal with the accuracy loss caused by deviation from the
nominal working point, we need to calibrate these neurons
by controlling the threshold voltage V;;. With calibration, the
accuracy can be rescued to the original accuracy, which is
shown in the same figure. Besides, the power under different
charging and discharging time is almost the same at approxi-
mately 119uWW, because the power is only determined by the
current flowing from the crossbar and the computation period
will not affect the power.

D. Process Variations

Neuron performance under process variations is discussed
in this section. We apply Monte-Carlo simulations to the pro-
posed neuron circuit and take 1000 samples. In this simulation,
we mainly consider the effect of transistor threshold voltage
Vih tran, €lectron mobility wug, and transistor channel length
L. In Fig. 8, the accuracy of hardware implemented neural
networks decreases with increasing of process variations. In
addition, we notice that a more complex neural network expe-
riences more accuracy degradation, because the error caused
by process variations will be accumulated and transferred to
the following layers. Therefore, to cope with the degraded
accuracy, we need to calibrate the neuron circuit by controlling
the threshold voltage. In the same figure, we see that the
rescued accuracy is almost the same with the original accuracy.
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TABLE I
ACCURACY AND LATENCY COMPARISON

Accuracy Comparison Latency Comparison
NN | Dataset Size Original | Weight-quantized | 8-bits 2-bits | This Work | 8-bits | 2-bits | This Work
MLP-1 | MNIST 1 FC (400, 10) 90.55% 87.36% 87.36% | 66.74% | 87.29%
MLP-2 | MNIST 2 FC (400, 512,10) 96.26% 95.20% 95.18% | 37.85% | 94.14% |200ns |3.1ns 2ns
CNN-1 | Cifarl0 | 2 Conv (32, 64 filters) + 2 FC (1600, 512, 10) | 83.96% 81.36% 81.20% | 33.26% | 78.45%
TABLE II
POWER AND AREA COMPARISON
[61* [ [13] [ [11]* [21] This Work
Mode Spiking-based Level-based Pulse-width-based
Tech node 150nm 130nm 130nm 65nm 130nm
Results Measurement Simulation Simulation Measurement Simulation
LRS/HRS - 50k/1MS2 50k/1MS2 - 50k/1M Q2
Area 37.96k > - 10.37kF? 1.66M F? 9.54kF2
Power - 146uW 160uWV 2.3mW 119uW
" The area and power of counters are not considered.
[ 100 gy = iy = owi dramatically. This design also achieves great area and power
; == MLPLwo == MLP2wo = M= CNNIwio reduction compared with some state-of-the-art designs.
3 R
>, 90 eI ACKNOWLEDGMENT
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Fig. 8. Accuracy under different process variations.

E. Area and Power Comparison

In Table II, we compare the area and power of this work
with some of the state-of-the-art designs. For spiking-based
designs, our design replaces the spiking neuron and counter.
This work can achieve up to 74.87% and 25.63% area and
power reduction. If the area and power of the counter is
included, our design can achieve more reduction. Among
selected spiking-based designs, we focus on [11] and [13],
which also adopt 130nm PDK and use the same RRAM
parameters for schematic simulations. When compared with
[11] and [13], our design still can achieve 8% and 25.63%
area and power reduction. For level-based design, we mainly
consider the power and area of ADCs, which dominates in
level-based designs. Compared with this 8-bit ADC, our design
can achieve 99.43% and 94.83% area and power reduction.

As mentioned in Section IV, to implement shift degradation
elimination, several redundant rows and one redundant column
are required for one RRAM crossbar, resulting in extra RRAM
cells. In our work, we also examine the RRAM cells overhead,
and only 18.38% more cells are required on average, which
achieves great area efficiency over two or four crossbars
implementations.

VI. CONCLUSIONS

In this work, a novel neuron based on pulse width mod-
ulation is presented. This neuron design avoids the prob-
lems of traditional spiking-based designs by encoding the
current into continuous pulse width, excluding the complex
digital interface designs. Therefore, the computing latency
can significantly be reduced. The simulation results show the
proposed design can achieve similar accuracy compared with
high precision spiking-based designs, and latency is reduced
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