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Abstract—Memristor-based crossbars are considered to be
promising candidates to accelerate vector-matrix computation in
deep neural networks. Before being applied for inference, mem-
ristors in the crossbars should be programmed to conductances
corresponding to the network weights after software training.
Existing programming methods, however, adjust conductances of
memristors individually with many programming-reading cycles.
In this paper, we propose an efficient programming framework
for memristor crossbars, where the programming process is
partitioned into the predictive phase and the fine-tuning phase.
In the predictive phase, multiple memristors are programmed
simultaneously with a memristor programming model and IR-
drop estimation. To deal with the programming inaccuracy re-
sulting from process variations, noise and IR-drop and move con-
ductances to target values, memristors are fine-tuned afterwards
to reach a specified programming accuracy. Simulation results
demonstrate that the proposed method can reduce the number
of programming-reading cycles by up to 94.77% and 90.61%
compared to existing one-by-one and row-by-row programming
methods, respectively.

Index Terms—memristor, neuromorphic computing, program-
ming, IR-drop, process variations, noise

I. INTRODUCTION

To accelerate computations in deep neural networks, various
hardware platforms with emerging devices, e.g, memristor [1]–
[6], Mach Zehnder Interferometer [7]–[10], spintronics device
[11], [12] and Ferroelectric Field-Effect Transistor [13]–[16]
have been introduced. Among these platforms, memristor-based
crossbar has the advantages of high computing efficiency and
low power consumption. The structure of such a memristor
crossbar is shown in Fig. 1, where memristors sit at the
crossing points of horizontal wordlines and vertical bitlines.
In this crossbar, transistors are used as current limiters to avoid
permanent dielectric breakdown and sneak paths as well as for
selecting memristors during programming [17].

To deploy memristor crossbars for neuromorphic computing,
the conductances of memristors should be programmed to the
values corresponding to weights in a neural network after soft-
ware training to perform vector-matrix computation. The vector
can be represented by input voltages applied onto the horizontal
wordlines. When a voltage is applied onto a memristor, the
resulting current is the multiplication of the voltage and the
conductance of the memristor. The currents through memristors
in a column are summed up naturally following Kirchoff’s Law.
Consequently, the result of the vector-matrix multiplication is
represented by the currents on the vertical bitlines [2]. With this
analog computing style, memristor-based crossbars are highly

efficient in terms of computation and power consumption [18].

To apply memristor-based crossbars in practice, the challenge
is that a huge number of memristors need to be programmed to
represent the corresponding weights in a neural network, e.g.,
60 million weights in ResNet-152, leading to a time-consuming
initialization of the crossbars before they are ready for com-
puting tasks. To overcome the challenge, several methods have
been proposed. In [19], a fully parallel programming scheme
is demonstrated with a 2× 2 crossbar to accelerate the weight
update of neural networks, whose training is implemented on
memristor crossbars. In [20], a feedback algorithm is intro-
duced to tune the conductances of memristors with iterative
programming and reading pulses, while device variations are
determined by reading operations. In [21], the algorithm in [20]
is improved with respect to initial voltages, voltage steps and
pulse widths.

Most implementations of methods described above program
and read memristors on crossbars individually, leading to a
large number of programming-reading cycles. To accelerate the
application of memristor crossbars in neuromorphic computing,
we propose an efficient programming framework. The contribu-
tions of this paper are summarized as follows. 1) The program-
ming process is partitioned into a predictive phase and a fine-
tuning phase to program memristors from coarse to fine. 2) In
the predictive phase, with a memristor programming model, an
offline IR-drop-aware grouping algorithm is proposed to select
memristors in multiple rows for programming. 3) In the fine-
tuning phase, the memristor programming model is calibrated
and memristors are fine-tuned further based on the calibrated
model. In addition, the sensitivities of weights to the accuracy
of neural networks are exploited to assign different tolerance
accuracy ranges for target conductances of memristors.

The remainder of this paper is organized as follows. The
background of programming memristors in crossbars is ex-
plained in Section II. In Section III, we explain the details of the
proposed method. Simulation results are shown in Section IV
and conclusions are drawn in Section V.

II. BACKGROUND

A. Programming Characteristics of Memristors

Memristors are a type of resistive memory cells made out
of solid-state materials. Inside the oxide layer of a memristor,
oxygen vacancies generated during manufacturing can form
a conductive filament. The length of this filament can be
modulated by a voltage, and the conductance of the memristor
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can thus be changed accordingly. The process to modulate
the conductance of a memristor is called programming, as
illustrated in Fig. 2. To simulate the behavior of memristors,
memristor programming models have been proposed in [22],
[23].

In programming memristors, the relation between the applied
voltage and the change of conductance is non-linear, as shown
in Fig. 3, where potentiation sets the conductance from low to
high and depression resets the conductance from high to low
[24]. When a positive voltage is applied onto the memristor,
as shown in Fig. 3(a), the conductance is gradually increased
with the number of voltage pulses. Although a larger positive
voltage increases the conductance by a larger amount, the
conductance change and programming voltage do not have a
linear relationship. Similarly, a negative voltage decreases the
conductance of the memristor, but not linearly either, as shown
in Fig. 3(b).

Another programming characteristic shown in Fig. 3 is that
the set process where conductances change from low to high
and the reset process where conductances change from high to
low are not symmetrical. If a positive voltage is used to set a
conductance to a certain value, then applying a negative voltage
of the same magnitude does not reset the conductance to its
previous value. For example, the reset process with the voltage
-3V in Fig. 3(b) changes the conductance of the memristor
more abruptly compared with the set process with the voltage
3V in Fig. 3(a).

B. Programming Memristor Crossbars

Due to the complex programming characteristics of mem-
ristors described above, programming-reading on individual
memristors has been widely applied to program memristors on
crossbars. In this method, memristors are activated individually
for programming, by enabling the transistor connected to the
memristor shown in Fig. 1. Afterwards, the voltages on the
corresponding wordline and bitline create a relative voltage
upon the memristor to change its conductance. For example,
to program the memristor in the second row and the second
column in Fig. 1, S2 can be set to a high voltage to enable
the transistor and V y

2 can be set to the programming pulse
with an appropriate voltage while the second horizontal bitline
V x
2 can be connected to ground. In addition, other wordlines

and bitlines should be connected to ground to guarantee only
the selected memristor is programmed. The application of such

(a) (b)

Fig. 3: Non-linear programming characteristics of memristors
in [24]. (a) The conductance is set from low to high. (b) The
conductance is reset from high to low.

a programming voltage pulse on a memristor modulates its
conductance and is called a programming cycle.

After each programming cycle, the current conductance of
the memristor is read and a new voltage is determined accord-
ingly to program the memristor further, until the conductance
falls within the given range around the target value. This
programming-reading mechanism can deal with process vari-
ations, noise and IR-drop effectively, since the consequences
of these factors are already reflected in the conductance that is
read out. This one-by-one programming scheme, however, leads
to a huge number programming-reading cycles to update all the
memristors in a crossbar, especially for large neural networks.

To improve the programming efficiency, a row-by-row pro-
gramming scheme can be adopted [17]. This method selects the
ith row by setting the control signal Si to high. Afterwards, the
memristors in this row are programmed together by setting the
required programming voltages in the corresponding columns.
In the reading cycle, the conductances of these memristors can
be read out within one cycle simultaneously.

C. Challenges in Programming Memristors in Crossbars

Process variations are deviations of process parameters from
their nominal specifications after manufacturing. These devi-
ations cause variability in electrical properties of memristors.
Consequently, when a voltage is applied to a memristor, the
corresponding conductance change under process variations de-
viates from its nominal conductance change. Noise, also called
temporal variations of memristors, is caused by the stochastic
formation and rupture of filaments within programming cycles.
It affects the programming process of memristors unexpectedly
and can only be verified with reading operations.

Besides process variations and noise, IR-drop, resulting from
current flowing through wire resistances of memristor cross-
bars, also affects the effectiveness of parallel programming.
IR-drop leads to a voltage drop applied on a memristor.
For example, in Fig. 1, the actual voltage Vij applied on a
memristor on the ith row and jth column degrades from the
voltage difference V x

i -V y
j between the two terminals due to

the current flowing through wire resistances. When the size
of a memristor crossbar becomes large, the effect of IR-drop
becomes considerable.

III. PROPOSED PROGRAMMING FRAMEWORK

To improve the programming efficiency of memristor cross-
bars, we propose an efficient programming framework, where
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the programming process is partitioned into a predictive phase
and a fine-tuning phase.

A. Predictive Programming Phase

In the predictive programming phase, multiple rows of
memristors in the crossbar are selected to be programmed
simultaneously. The work flow of the predictive phase is
illustrated in Fig. 4.

1) Prediction with the Largest Voltage Amplitude V max

Before programming, the initial conductances Gcurrent of
memristors might be far from their target conductances. To
move the conductances of memristors to their target values
quickly, in the predictive phase, we only use the available
voltage with the largest amplitude, denoted as V max, to
program memristors, since a finer granularity of program-
ming voltages does not program memristors accurately due
to process variations and noise. The polarity of this voltage
for a memristor is determined according to its programming
direction. For example, if the initial conductance of a memristor
Rij at the ith row and the jth column on the crossbar is
much smaller than its target conductance, the programming
voltage is required to be +V max. We also call this voltage the
required voltage for the memristor Rij , denoted as V required

ij ,

so that V required
ij = +V max in this case. On the contrary,

if the initial conductance of a memristor Rij is much larger
than its target conductance, its required voltage is −V max,
also V required

ij = −V max. If the initial conductance of the
memristor is close to its target conductance, its required voltage
is 0.

In each programming cycle, a memristor is programmed with
its required voltage, so that its initial conductance approximates
its target conductance gradually. This programming process
continues until the resulting conductance cannot approximate
the target conductance any more. The number of programming
cycles is thus called the predicted programming cycle count,
denoted as Cij for the memristor Rij . After each programming
cycle, Cij may change, so that it should be reevaluated.

Fig. 5 illustrates an example, where memristors on a row
of a crossbar are programmed with ±1.5V . For example,

R11 R12 R13R11 R12 R13

gc12 gt13gc11

gt11

gt12 gc13

C11= 4 C12= 3 C13= 2

V required
11 V required

12 V required
13

= 1.5V = 1.5V = −1.5V

: initial conductance
: target conductance

: resulting conductance
: programming step

Fig. 5: The predicted programming cycle counts with the largest
voltage amplitude for memristors on a row of a crossbar.

3 predicted programming cycles with 1.5V are required to
program R12 roughly from the initial conductance gc12 to
the target conductance gt12. Similarly, predicted programming
cycle counts of 4 and 2 are required for memristors R11 and
R13, respectively. After being applied with a series of voltages,
the resulting conductances shown as stars are close to the target
conductances shown as dots. But usually they are not identical
to the target values, due to the coarse granularity of conductance
changes generated by high voltages.

2) Grouping Multiple Rows According to Required Voltages of

Memristors

When selecting multiple rows to be programmed simul-
taneously, the memristors on the selected rows should be
programmed to their target conductances as much as possible.
To achieve this goal, we consider the memristors that require
the largest predicted programming cycle count on a row as
dominant memristors of the row, whose number might be
more than 1. In a row-wise programming scheme, the predicted
programming cycle counts of dominant memristors determine
the overall predicted programming cycle count of the whole
row. Therefore, we reduce the predicted programming cycle
counts of the dominant memristors in a programming cycle to
improve the programming efficiency. To guarantee the reduc-
tion of the overall predicted programming cycle count of the
whole row, the reevaluated predicted programming cycle counts
of nondominant memristors should not exceed the previous
programming cycle counts of the dominant memristors, after
a programming cycle is finished.

To reduce the predicted programming cycle count of a
row, we first search the dominant memristors on this row.
Afterwards, we assign the required voltage to be the pro-
gramming voltage of the dominant memristor to guarantee that
its predicted programming cycle count can be reduced by 1.
Since the voltages on the horizontal wordlines are connected to
ground, the voltage Vij imposed on Rij is equal to the negative
of the voltage imposed on the bitline, written as −V y

j . The
constraint described above can be written as follows

Vij = −V y
j = V required

ij , for dominant memristor Rij (1)

where Vij and V y
j are variables we need to determine.

V required
ij is a constant computed previously.

To avoid that the reevaluated predicted programming cy-
cle counts of nondominant memristors exceed those of the
dominant memristors on the same row after a programming
cycle, we reevaluate the predicted programming cycle counts
of nondonimant memristors with +V max and −V max in
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this programming cycle, separately. If +V max applied on a
nondominant memristor Rij makes its reevaluated predicted
programming cycle count C+

ij exceed the programming cycle

count Cd
i of the dominant memristors on the same row, we con-

strain the voltage applied on this memristor to exclude +V max.
Similarly, if −V max applied on a nondominant memristor Rij

makes its reevaluated predicted programming cycle count C−ij
exceed Cd

i , we constrain the voltage Vij to exclude −V max.
The constraints described above can be written as follows

Vij = −V y
j < +V max, C+

ij > Cd
i (2)

Vij = −V y
j > −V max, C−ij > Cd

i . (3)

To determine which rows in a large crossbar can be grouped
for programming in parallel, a variable Si is assigned for the ith
row to indicate whether this row is enabled to be programmed
or not, with Si = 1 representing that this row is enabled and
vice versa. If Si = 1, the dominant memristors on this row
should be programmed with required voltages. If Si = 0, the
voltages applied on vertical bitlines do not affect the memristors
on this row.

According to the analysis above, we can formulate the multi-
row programming problem as follows

Maximize

m∑

i=1

Si (4)

subject to (1)–(3), if Si = 1 (5)

where m is the total number of rows. The conditional constraint
(5) can be converted into linear constraints as described in [25].
After solving the formulation above, the enabled rows and the
corresponding voltages on the vertical lines can be obtained.

3) Reevaluation of Applied Voltages with IR-drop Estimation

In the formulation (4)–(5), the voltage Vij applied on a
memristor Rij is assumed to be the difference between the
voltage on the horizontal wordline and the voltage on the
vertical bitline. However, due to wire resistance on the crossbar,
the real voltage applied on this memristor deviates from this
value. To consider the effects of IR-drop on the selected rows,
we adopt the Modified Nodal Analysis (MNA) [26] with the
wire resistances set according to [27] to establish the relation
between the real applied voltages on memristors and voltage
sources on vertical bitlines. This relation can be expressed as
follows

Vij =

n∑

j=1

βj × V y
j (6)

where n is the total number of columns of a crossbar and βj

is the parameter to indicate the contribution by the voltage V y
j

on the jth column. Consequently, the voltage on a memristor
is actually affected by all the voltages on vertical bitlines.

Considering IR-drop, the formulation (4)–(5) should be re-
vised by replacing the Vij = −V y

j in (1)–(3) with (6). For
example, (2)–(3) becomes

Vij =

n∑

j=1

βj × V y
j < +V max, C+

ij > Cd
i (7)

Vij =

n∑

j=1

βj × V y
j > −V max, C−ij > Cd

i . (8)

However, this replacement makes the formulation very com-
plicated and time-consuming to be solved. To simplify the
formulation considering IR-drop, in the modified formulation
described as follows, we only enable the rows obtained from
the formulation (4)–(5) in Section III-A2, while other rows are
forced to be disabled.

Another problem is that providing dominant memristors with
exact required voltages becomes difficult, since the real voltages
applied on memristors are determined by all voltage sources
according to (6). Therefore, we relax the condition in (1) by
allowing the programming voltage of a dominant memristor
to be smaller than the required voltage and we minimize the
difference between the actually applied voltage and the required
voltage. The constraint described above can be written as

Vij =

n∑

j=1

βj × V y
j < V required

ij , for dominant memristor Rij

(9)
and the formulation to determine the voltages on vertical lines
considering IR-drop becomes

Minimize
∑

Rij∈Rd

|V required
ij − Vij | (10)

subject to (7)–(9), for Si = 1 obtained from (4)–(5) (11)

where Rd is the set of dominant memristors.

The multi-row programming with IR-drop estimation de-
scribed above is deployed in each programming cycle re-
peatedly. The predictive phase is finished when the predicted
programming cycle count of each memristor is reduced to
0. Due to the unknown process variations and noise, the
predictive phase only programs memristor crossbars with a
coarse granularity. Therefore, memristors should be fine-tuned
further to approximate the target conductances.

B. The Fine-tuning Phase

At the beginning of the fine-tuning phase, the current con-
ductances of the memristors are read once and used as the
new initial values for programming. Thereafter, to gather the
information of variations, a certain number of memristors,
80% set in the experiments, spread across the crossbar are
selected and programmed with a given voltage. The resulting
conductances of these memristors are read again and the real
changes of these conductances are compared with the changes
estimated with the memristor programming model. The average
of the ratios of real and estimated conductance changes is
used to calibrate the memristor programming model, so that it
reflects the real properties of the memristors more accurately.

Since the memristor programming model is calibrated after
reading operations, the fine-tuning is performed online. To
avoid much computation in this phase, we deploy the row-by-
row programming scheme and the one-by-one programming
scheme instead of selecting multiple rows.

The row-by-row fine-tuning above terminates when the con-
ductances of all memristors predicted with the calibrated model
fall into their corresponding tolerance accuracy ranges of the
target conductances. Since the importance of weights to the
accuracy of neural networks is not the same, memristors can be
programmed into different tolerance ranges. To determine such
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ranges, we search the boundaries of the weight tolerance range
by maintaining a given inference accuracy. We first sample a
given number search directions N for the weights after software
training and search continuously in the sampled directions to
find the set of weights that form the boundary of the accuracy
tolerance. The search magnitudes of weights are set to be the
reverse of their sensitivities to the cost function of the neural
network. Afterwards, the boundary distributions of weights can
be obtained. Fig. 6 illustrates the boundary distribution of one
weight in N search samples, where the x-axis represents the
values of the weight and the y-axis represents the number of
samples for each value of the weight. The two distributions
are the results of changing the weights in the positive and the
negative directions, respectively. To maximize the possibility of
achieving an acceptable accuracy, we set the tolerance boundary
of wi to the 90% and 10% probabilities of the two distributions.

After the row-by-row fine-tuning terminates, reading oper-
ations are performed individually to verify the programming
accuracy of memristors. If a given number of memristors,
set to 80% in the experiments, are programmed within the
corresponding tolerance ranges, inference is tested on mem-
ristor crossbars. If the inference accuracy satisfies a specified
threshold, set to 90% of the accuracy after software training,
the memristor crossbar is considered to be programmed suc-
cessfully. If either the programming accuracy or the inference
accuracy cannot satisfy the requirements, memristors whose
conductances are not within the corresponding tolerance ranges
after reading are further programmed with one-by-one fine-
tuning until the inference accuracy achieves the specified value.

IV. SIMULATION RESULTS

To evaluate the efficiency of the proposed programming
method, 128 × 128 memristor crossbars [28] were used to
implement three neural networks, a single-layer fully-connected
neural network (FCNN), LeNet5 and ResNet20 and tested with
MNIST and Cifar10. The proposed programming framework
and the neural networks were implemented using Gurobi [25]
and Tensorflow [29] respectively, and tested with an Intel
2.67 GHz CPU and a GTX1080Ti GPU. The memristor pro-
gramming model in [30] was used. However, the proposed
method can work with any other memristor programming
models. In the predictive programming phase in Section III-A1,
V max was set to 1.5V [30]. In addition, ±1V to ±3V in a step of
0.05V were provided for programming to achieve ±1.5V under
IR-drop and for fine-tuning and the width of the voltage pulses
was set to 10ns [30]. To avoid significant IR-drop, we restrict
the number of rows for parallel programming to be smaller than
a given number, 20. The number of sampled search directions

in Section III-B is set to 100000.

To verify the efficiency of the proposed programming
method, the initial conductances of memristors on crossbars
were randomly generated. The target conductances were de-
rived according to weights after software training with linear
mapping. We emulated the programming process of 100 types
of memristor crossbars by sampling process variations and
noise for each test combination, e.g., FCNN+MNIST. We
assumed that global variations cause that the conductance
changes deviate from the nominal conductance changes by up
to 30% and local variations cause the deviation of conductance
changes by up to 6%, leading to a total of 36% deviations,
when a voltage is applied on a memristor. The noise causes
the deviation of the conductance changes by 3% of the nominal
conductance changes for memristors [31].

For comparison, we implemented the one-by-one program-
ming mechanism which programs memristors individually. In
addition, we implemented a row-by-row mechanism, which
processes all the memristors in a row simultaneously. The
voltage selection method in [20] was used in the one-by-
one and row-by-row mechanisms. The programming tolerance
of memristors in the two mechanisms was set to 0.5% of
the target conductances. The inference accuracy with the two
mechanisms is almost the same with the accuracy with weights
after software training.

The comparison of the two methods above and the proposed
method is shown in Table I. The inference accuracy after
software training Acct is shown in the third column. The
numbers of 128 × 128 crossbars required to implement the
three neural networks are shown in the fourth column.

The proposed method consists of the predictive programming
phase and the fine-tuning phase. Cpre in Table I is the average
number of the programming cycles of 100 types of emulated
memristor crossbars in the predictive phase. Since only fixed
high voltages generating large conductance changes were used
for programming, the number of programming cycles in the
predictive phase is not very large. Cfr and Cfo represent the
average number of programming-reading cycles of the row-by-
row fine-tuning and one-by-one fine-tuning.

The total number of programming-reading cycles in the
proposed programming method is presented in Ctotal, with
Ctotal = Cpre + Cfr + Cfo. The inference accuracy with the
memristor crossbars programmed with the proposed method is
shown as AccI . This accuracy is slightly lower than that at the
software level, since the programming process terminates when
the inference accuracy with memristor crossbars achieves 90%
of the original value.

The average numbers of programming-reading cycles with
the existing one-by-one [20] and row-by-row [17] methods
are shown as the column Cone and Crow, respectively. The
reduction of the programming-reading cycles with the pro-
posed method from the results of one-by-one and row-by-row
programming methods are shown in the columns rone and
rrow, respectively. These results demonstrate that our method
can reduce the programming-reading cycles by up to 94.77%
and 90.61%, respectively, and thus improve the programming
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TABLE I: Comparisons in Programming Efficiency

Testcases Our Method Comparison W/O Pre Runtime

Network Dataset Acct #Cro Cpre Cfr Cfo Ctotal AccI Cone Crow rone rrow Coft T (s)

FCNN MNIST 92.44% 7 148 17927 0 18075 90.39% 324724 193406 94.43% 90.61% 21378 17

LeNet5 Cifar10 76.82% 9 444 133829 51402 185675 72.93% 2534413 1344836 92.67% 86.19% 211114 1846

ResNet20 Cifar10 91.29% 59 2675 578210 0 580885 87.79% 11117100 5940846 94.77% 90.22% 745623 3106
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Fig. 7: Comparison between the total number of programming-
reading cycles of the implementations of LeNet5 with and
without calibration of the memristor model.

efficiency significantly.
To demonstrate the effectiveness of the fine-tuning program-

ming phase, we implemented the proposed method without the
predictive phase. The total numbers of programming-reading
cycles with the pure fine tuning of the proposed method is
shown as the column Coft. Coft is still significantly smaller
than those of row-by-row and one-by-one methods, thanks
to the calibration of the memristor programming model and
assignments of the different tolerance accuracy ranges for
memristors.

The last column in Table I shows the runtime to calculate
the voltage series in programming cycles in the predictive
phase. This step is executed off-line so that the execution is
not significantly relevant.

To demonstrate the effectiveness of the calibration of mem-
ristor models, we implemented the proposed programming
method without the calibration when global variations con-
tribute to the deviations of the conductance changes with
different ratios. The comparisons between the total number of
programming-reading cycles of the proposed method with and
without the calibration of the predictive model are shown in
Fig. 7. It can be seen clearly that the calibration of the predictive
model improves the programming efficiency significantly. In
addition, the larger the global process variations are, the more
effective the calibration technique becomes.

In the proposed method, we assign different tolerance accu-
racy ranges to the target conductances of memristors according
to the importance of the corresponding weights, as described
in Section III-B. Our experimental results show that a huge
number of memristors can be programmed within 2%–4% of
their target conductances instead of the strict 0.5% range, while
still maintaining a specified inference accuracy.

V. CONCLUSIONS

In this paper, we have proposed an efficient programming
framework for memristor crossbars. Instead of programming
memristors individually, programming parallelism is maximally
explored by deploying multi-row and row-by-row programming
considering the effects of IR-drop. Consequently, the number
of programming-reading cycles can be reduced significantly.
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