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Abstract—The size of crossbar-like resistive multiplication
accumulation (MAC) accelerators is restricted by parasitic
interconnect resistances limiting the computation efficiency. In
order to understand the impact of the interconnect (wire)
resistance on the computation accuracy, this work proposes a
modelling methodology for adapting the neural network weights
regarding the weight error caused by wire resistance. Even
more, this work investigates the maximal achievable crossbar
size based on the proposed design variable “the minimal allowed
weight error ratio Ron/Reqv” instead of using an iterative
numerical method. Using the proposed method this work
investigate the computation accuracy improvement through
splitting the layer computation into multiple small crossbars.
The result indicates that simply separating the computation into
multiple small crossbar does not improve the accuracy always.
Considering the minimal Ron/Reqv can more easily result in a
proper crossbar size.
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I. INTRODUCTION

Analog neuromorphic computing systems with advanced
memory devices, such as memristors, are attracting
widespread research interests due to the rapidly increasing
demand for the local neural network computing capability on
edge devices. Resistive crossbars with resistance-switching
memories (ReRAM/Memiristor), as shown in Fig.1, became
one of the most potential candidates for high-efficiency neural
network accelerators, thanks to its simple array structure and
strong parallel computing capability for MAC operations,
which can be performed by giving the input voltage and
summing all resistance-weighted output currents [1]. The way
to compute the MAC operations with crossbars indicates that
the larger crossbar, the more MAC operations can be
performed simultaneously. However, further increasing the
crossbars' size must suffer from numerous non-idealities [2]
like interconnection parasitic, device non-ideality, etc.

To understand and further overcome the interconnection
parasitic, some impressive results are shown in recent
research. [3] investigated the impact of interconnection wire
resistance on read-out voltage and proposed a reference
scheme for precisely reading out memristors' value in the
crosshar. [4] suggested three reading schemes and gave the
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Fig. 1. A typical resistive crossbar circuit with a one-transistor-one-selector
(1T1R) structure is shown. MAC operations can be performed by summing
all synapse currents, which flow in one vertical branch.

formal solution to estimate the output voltage by considering
the junction resistance of selecting transistors. According to
different reading schemes, [5-7] point out the important role
of Off-/On-resistance to compensate for the IR Drop caused
by interconnection wire resistance and to keep enough output
signal difference, called read margin. Unlike most existing
literature, [8] gave an analytical model to investigate the
impact Off-/On ratio on the read-margin issue instead of using
simulation-based results. However, all of such literature
focuses on modeling the wire resistance to investigate the
best-fitted read-margin. To the authors’ knowledge no work
has been reported that models how crossbhar computation
accuracy can be influenced, how the crossbar size could be
limited by computation accuracy loss, and how neural
networks could be segmented into small parts to fit the
crosshar size and compensate for the accuracy loss caused by
wire resistance, especially for inference-only accelerators.
This paper will address those issues. In order to limit this
work's scope, the sneak-path problem, the capacitive parasitic,
and the specific read-out circuit interface are not considered.
Only the reading scheme “all signals are read out at once” is
used in the entire work.

This paper is organized as follows: In section Il, the
resistive crosshar's modeling method with consideration for
wire resistance will be introduced. The corresponding
simulation results are shown and analyzed in section Ill. The
layer segmentation using multiple small crosshars will be
discussed in section IV. A summary will be given in section
V.
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Fig. 2. Acrossbar with parasitic wire resistance and resistor as load is shown.

Il. MODEL OF RESISTIVE CROSSBAR

A. Basic Resistive Crossbar Model

Fig. 1 illustrates a basic resistive crossbar circuit with
digital-analog converters (DAC) and analog-digital
converters (ADC), at the input and output of the resistive
crosshar, respectively. The fundamental element of crossbar
circuits is the electrical synapse cell, which is built by a
resistive memory device and a transistor as the selector.
Synapses are connected through bit-lines (yellow) and word-
lines (red) as same as dendrites and axons in the biological
sense. The result of MAC operations can be calculated by the
crosshar as in Eq. (1).

lour = G (Vin — Vour)s (D

where Vin, Vour and lour stand for input voltage, output
voltage and output current vectors, respectively. The weight
matrix G is the conductance matrix of this resistive crosshar
that can be written as

Ry1 Ryl
G=|: : 2)
lR1,1 Ryl

where Ry represents the resistance of the synapse in the
row k and the column |. For preventing confusion, k and |
represent the total number of rows and columns, and the row
and column are indexed using m and n, respectively. By
assuming a worst-case, the input value is maximized to
Vinmax @nd the resistance of every cell is minimized to Ry,
the maximal output current can be reached as in

IOUT,n,max = (Rion) ' (VIN,max - VOUT,n) (3)

However, the ideal minimal resistance R, cannot always
be exactly reached due to parasitic effects, which are modeled

and discussed later.

B. Parasitic wire resistance

A resistive crosshar with the parasitic wire resistance is
illustrated in Fig. 2, where Ry, and Ry, , represent the
wire resistance of horizontal connections and vertical
connections, respectively. For the purpose of signal read-out,
load resistors are placed at the output of the crosshar. All
weights are assumed equal to minimal resistance Ron, and all
input voltage are assumed to maximal value, so that wire
resistance causes maximal voltage drop. All output currents
lout,n are assumed to be equal. The current through single can
be written as

(Vin,m_ VOUT,n) (4)
Ron+ RLoap+ Q(km)-Ry +Q(1,n)-Ry

ISYN,m,n =

where Rioap represents the load resistor for read-out, Q is
the scaling function, which is defined as

Q(a,b)=(a-b—05-b(b—1)) (5)
The equivalent synapse resistance can be estimated as
Reqv,m,n = R + Q(k: m) ) RV + Q(L 1’1) ‘Ry (6)

where Riix is the fixed term of resistance, and it is equal to
the sum of the on-resistance R,, and load resistor R;gap-

The output voltage can be calculated by using Eq. (4) as

o Rroap "k
Vourn = Zm=1Rm,.~.+RmAD+ Qkm Ry raimRy )

Another type of read-out circuit is using operational
amplifiers so that the resistive crossbar and the amplifier
build together an inverted summing amplifier. In order to
model it, the only effort that should be done is removing the
term Ry gap in every equation. It exhibits high similarity to
using load resistors, and therefore, it will not be discussed in
this work.

C.Mapping Equivalent Resistance to Neural Network

In order to estimate the impact of parasitic wire resistance
on the neural network, the original weight matrix of the
neural network can be modified to include equivalent synapse
resistance. To this end, the relative resistance error matrix AR
can be obtained by assuming all resistors are equal to Ron in
the worst-case, so that Ron is minimized IR-drop caused by
wire resistance is maximized. The relative resistance error
can be calculated as

Reqv,k,l . R(-3qv,k,l
R Ron Ron
AR = % = : : (8)
on Reqv,1,1 Reqv,i,l
- Ron |

A modified weight matrix can be created with the
consideration of resistance error by applying the element-
wise product as
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By applying the adjusted weight matrix in the neural
network, a basic model of network with consideration of
parasitic wire resistance can be built to evaluate its impact on
the computation accuracy.

I1l. SIMULATION RESULT AND DISCUSSION

In order to verify the purposed model, a 5x5 resistive
crossbar is simulated by using Virtuoso Cadence ADE and its
result will be compared with the result of the proposed model.
The wire resistance plays the most significant role, only if the
synapse resistances are as small as Rony and the input voltages
are as large as Vin = Vpp = 1V, therefore, Rsyn = Ron i
assumed. Because a small resistive crossbar is utilized and
the parasitic wire resistance has only limited impact on
equivalent resistance, a small enough on-resistance Ron =
10009, the parasitic wire resistance Ry = Ry =5 Q and
Rioap =200 Q. are used.

A. Estimation of synapse currents & equivalent resistances

Fig. 3(a) shows the simulated synapse cell current by using
Virtuoso Cadence ADE. It can be seen here that synapse cell
currents differ from the ideal value, and the error increases in
the right-top direction under the effect of wire resistance,
where in ideal case the current should be exactly 500uA. As
shown in Fig.3(b), the estimated current value using the
proposed model is close to the simulation result. However, an
estimation error does exist because all column output currents
are assumed equal, so that the synapse current is either under-
or over-estimated depending on the distance to the central
synapse R,z according to Eq. (4).

Compared to the estimated current, the model illustrates a
good estimation for the equivalent synapse resistance, as
shown in Fig. 3(c), because the estimated resistance is the
resistance required to keep output currents equal. Since the
wire resistance is fixed in the circuit. The synapse can be
calibrated to the expected value, as illustrated in Fig. 3(d) by
tuning resistive memory devices' resistance so that the
equivalent resistance is equal to the desired value, e.g.,
1000Q. Nevertheless, increasing minimal resistance of
memristors reduces the available resistance range. Also, more
iterative calibration steps are needed in real use-case to cover
most use scenarios of weights.

B. Mapping to neural networks

By using the proposed model in section I, the impact of
the parasitic wire resistance on computation accuracy was
investigated in association with a trained neural network for
the handwritten digit recognition database (MNIST) [9]. Fig.
4 shows the tested neural network, which is trained for
classifying handwritten digits and it achieves 97.59%
classification accuracy after training. In this investigation, the
crosshar size is as large as the layer’s size (784x128) of the
tested neural network. Resistive memory device is assumed
to have the following properties: Ron = 30kQ with area Aron
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Fig. 3. (a) and (b) show the simulated and estimated cell currents by using
Cadence and the proposed model, respectively. The estimated equivalent cell
resistances are illustrated in (d). According to result of subfigure (d), the cell
currents are calibrated to same level after adjusting the synapse resistance to
the desired value.
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Fig. 4. The tested neural network is shown that it consists of one flatten layer
and two fully-connected layers, which have 128 and 10 neurons,
respectively. It could achieve 97.59% classification accuracy for MNIST
dataset.
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Fig. 5. By increasing minimal resistance (Ron) 500Q2, the accuracy of neural
networks increases from about 26% up to around 94%. First two lines shows
that the resistor with area-related mismatch does not make huge difference.
Even if the mismatch is much larger and will not get improved with large
area (like memristor), the accuracy can still reach 94%.
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Fig. 6. The MAC operation of the vector IN and matrix A can be split into
multiple sub-vectors and sub-matrixes, as shown. To model the weight error
caused by crosshar segmentation, the weight error is included in every sub-
matrix and the identity matrix, which sums the result of all sub-operations.

= 7um?, wire resistance Ry = Ry = 10 Q. a matching constant
App/r = 2.6%. The mismatch of wire resistance is not
considered in this modelling.

1) Dependence of accuracy on minimal resistance Ron

Three assumptions: 1) the resistive memory has no
mismatch, 2) the resistive memory has a mismatch property
like a real resistor and increasing resistance changes the area
of devices, 3) like memristor, the resistive memory is
assumed ten times large mismatch than the regular resistor
and changing resistance does not change device area because
of lack of resistive memory devices in our PDK. The
computation accuracy for those three assumptions is shown
in Fig. 5 according to minimal device resistance. The result
indicates that insufficient minimal resistance is the main
cause of accuracy loss. By properly tuning the minimal
resistance of the resistive memory, the computation accuracy
can be much improved.

2) Method to estimate the crossbar size

So far, the result shows that the accuracy with certain size
of crossbars is limited by the minimal resistance Ron. A
possible method for size estimation is calculating the minimal
allowed weight error (Ron/Reqyv) for the certain application.

According to Eq. (4) and Eq. (6), the most upper-right
weight Reqv = Reguk1 IS most affected by the wire resistance.
The maximal allowed size of the crosshar can be derived from
Eg. (4) and Eq. (6) as in Eq. (11) by calculating the maximal
resistance changing at the upper-right corner of crosshars, if
the minimal allowed weight error Ron/Reqv is 65%, Ron is
16k (TiN/HFAI,Ox/TaOx/TiN memristor [10]), Rv= Ru =
50 and the number of column and rows are the same m=n.

m=n= [RendReqv/Ron) (10)
Ry - Rqu/Ron

The maximal allowed size of the crossbar with this
memristor is 40x40 (total 1600 synapses), which indicates a
similar fact as mentioned in [11]. However, the attention has
to be paid that the size of real implementations also depends
on many other effects and mapping algorithms. This number
can be used as a reference to give first idea about memristor
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Fig. 7. It is shown that how the accuracy gets improved and its corresponding
maximal weights error if the weight matrix of the neural network is
segmented in to multiple small crossbars. The x-axis represents the number
of the used segmented for first layer. The pink number represents the number
of inputs, which the segmented crosshar has.

technology, if it is going to be used for crossbhar-like MAC
accelerators. Also, determining maximal crossbar size as Eq.
(10) needs the pre-defined minimal allowed ratio weight
error, which is highly dependent on the real use-case and
applications.

IV. SEGMENTATION USING CROSSBAR

Because the minimal resistance Ron confines the size of
the resistive crossbar, a large neural network may not directly
fit in the crosshar. The common method to make the
computation of a large matrix possible is splitting the weight
matrix into smaller segments, computing them separately in
some small crossbars and summing their results using an
identity weight matrix.

However, the parasitic wire resistance still deteriorates the
accuracy of every intermediate computation. Fig. 6 illustrates
the segmentation of a large MAC operation in small parts
considering the weight error caused by wire resistance. First,
the matrix and vector are split into small parts to meet the
crossbar size constraint. Using the method mentioned in
section I1-C, in every intermediate computation, the accuracy
loss is included. Finally, all intermediate results are summed
by using the identity matrix. It should be noted that more than
one identity matrix computation is needed if the number of
the crossbar outputs is more than two times the input number.

Under the same assumption mentioned in section I11-B2,
the amount of crossbar columns is fixed as 128, and the
amount of crossbar rows is set as a design variable. Fig. 7
shows the classification accuracy of the tested network using
the segmentation. It is shown that the neural network achieves
over 94% accuracy if the segmented crossbar has a size of
64x128. Interestingly, reducing crossbar size further down to
32x128 and 28x128 does not improve the accuracy. The
Ron/Reqv Of the crossbar size 28x128 is approximately 21,7%,
which is even lower than the crossbar size 32x128 with
Ron/Reqv = 22,2% because the crossbar, which used for
summing all intermediate results, contributes the accuracy
loss, too. Therefore, the total accuracy loss will be maximized
if summing intermediate result uses all inputs of crossbars.



V. CONCLUSIONS AND OUTLOOKS

Most works that have been done to model and analyze
parasitic wire resistance in resistive crosshars focus on the
read/write margin, selecting and driving devices. The
literature, which analyzes the direct impact of wire resistance
on the computation accuracy and further size limitation of
crosshars using analytical methods, lacks. This work goes
from the basic model of parasitic wire resistance, builds the
equivalent resistance model, and explores the computation
accuracy and size limitation of crossbars by considering the
wire resistance. Finally, this work shows how segmented
computation can increase the total computation accuracy and
analyze it using the pre-defined design variable “minimal
allowed weight error Ron/Reqv.” However, the appropriate
value of Ron/Reqv depends on lots of factors that cannot be
easily derived. Exploring how to select the proper value
Ron/Reqv and further decide the crosshar size needs more
investigations to be done.
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