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Abstract—Memristive accelerators (MAs) facilitate efficient
matrix-vector multiplication (MVM) by performing in situ com-
putation within memory crossbar arrays, thereby ensuring a
fast and energy-efficient application acceleration. A significant
challenge associated with the MA lies in the limited computing
accuracy caused by the IR drop effect. However, existing IR
drop mitigation works provide an approximate compensation,
resulting in less accurate results. In this paper, we propose
an IR drop-robust mapping method for reliable memristive
accelerators. Firstly, the IR drop-robust mapping (IRM) method
exploits the residuals between the equivalent matrix after the IR
drop effect and the original matrix, and iteratively maps them
to the crossbars for IR drop compensation. Based on the IRM
method, a novel mechanism of the matrix-vector multiplication
(MVM) operation is derived, ensuring that MVM is computed
correctly. Secondly, the Calibrate-Shift-Reflect (CSR) strategy is
developed to significantly reduce the number of arrays required
by the IRM method to map the residuals. Thirdly, the hardware
support for the IRM method is designed, and the overhead is
reduced by sharing drivers/selectors between neighboring arrays.
The experimental results indicate that the IRM-CSR method
can effectively mitigate the IR drop effect, restoring inference
accuracy by at most 80% (for neural network applications), and
achieving a reduction in the relative root-mean-squared error
by 103× ∼ 1010× (for scientific computing), compared with the
state-of-the-art methods.

Index Terms—In-memory computing, Memristive accelerator,
IR drop compensation

I. INTRODUCTION

The recently emerged memristive accelerator (MA) offers

a promising solution to the “memory wall” problem inherent

in conventional von-Neumann architectures by computing in

memory (CIM). Its ability to perform highly paralleled analog

in-situ matrix-vector multiplication (MVM) within memory

crossbar arrays (CIM arrays) minimizes data movement. This

benefit is key to achieving application acceleration with supe-

rior energy efficiency, particularly for applications that utilize

MVMs as the primary computing operations.

Unfortunately, a key challenge for CIM arrays is that the

analog in-situ MVM, while offering performance benefits,
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suffers a significant degradation in computational accuracy

from the parasitic wire resistance, which is also known as

the IR drop effect. The impact of the IR drop effect has been

observed and analyzed in many simulations and experiments

[1]. However, existing works for IR drop mitigation are not

sufficiently precise, resulting in less accurate compensation

results. Lepri et al [2] observe the correlation between the

IR drop effect and array cell position. And they aim to

mitigate the IR drop effect by averaging the output of the

original array and the mirrored arrays. However, the IR drop

effect is also related to the conductance pattern of the array,

which is not taken into account. [3]–[6] attempt to calibrate

the cell conductance using the heuristic algorithm before

computation, so that the equivalent array conductance after IR

drop approximates the ideal array conductance. However, these

methods cannot always guarantee finding the correct target

cell conductance, and can thus only return approximate values.

[7], [8] try to retrain the neural network (NN) to be IR drop-

robust. Nevertheless, the complex correlation between the IR

drop and array conductance pattern often hinders retraining

effectiveness.

In this paper, we propose an IR drop-robust mapping

method for reliable memristive accelerators. We first recog-

nize that the residual between the equivalent matrix after

the IR drop effect and the original matrix is the cause of

the inaccurate results. As these residuals are not involved

in the MVM, the output inevitably differs from the ideal

result. Instead of compensating for the output, our method

iteratively maps the residuals to arrays, thereby incorporat-

ing them into the computation to achieve the correct result.

Furthermore, the residual intrinsically encodes the influences

of the IR drop effect, cell positions, and array conductance

patterns. Consequently, our proposed IR drop-robust mapping

method achieves application-irrelevant, high-accuracy compu-

tation. We make the following contributions to mitigate the IR

drop effect.

• We propose the IR drop-robust mapping (IRM) method,

which iteratively maps the residual matrices to arrays.

Furthermore, we derive a novel computational mechanism

for MVM with the proposed IRM method.

• We develop the Calibrate-Shift-Reflect (CSR) strategy to



enhance our IRM method with a decreased number of

arrays needed. And we design the hardware support for

our mapping method.

• We demonstrate the effectiveness of our method using

various applications, including neural network inference

and scientific computing. Experiments show that our

method has the highest computing accuracy compared

with the state-of-the-art (SOTA) compensation methods,

with acceptable power/area overhead.

II. BACKGROUND

A. Memristive accelerator & Analog in-memory computing

Memristive accelerators offer a promising solution to mit-

igate the memory bottleneck of conventional von Neumann

architectures by analog in-memory computing. Fig. 1a presents

a typical MA architecture, consisting of a hierarchical structure

with multiple levels: CIM array, processing element (PE),

tile, bank, and chip. As shown in Fig. 1b, CIM arrays can

be built in a crossbar structure, which achieves both storage

and analog computing of MVM (GTv) between the input

voltage vector v and the array conductance G within O(1)
time complexity. Thus, efficient MVM between the weight

matrix W and the input vector x can be achieved by mapping

W to the conductance matrix and x to the input voltage vector.
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Fig. 1. Analog in-memory com-
puting. (a) Memristive accelera-
tor architecture. (b) CIM array
structure.

Specifically, W is linearly

mapped to the conductance range

of the array cells [Gmin, Gmax]
by G = K·W+B1, an approach

commonly referred to as true

analog computing [9]. Another

approach is to map W using

a limited set of predetermined

states (typically binary) and

perform the computation through

a bit-slicing scheme across

multiple arrays [10]. The true

analog approach has a higher

computational efficiency. In

this paper, we adopt the true

analog computing, but our solution is also applicable to the

bit-slicing approach.

B. IR drop effect

Ideally, for MVM in CIM arrays, the input voltage applied

to the rows (word lines) is fully transferred to the cells within

the array without attenuation, and the aggregated cell currents

within each column (bit line) produce the correct output

current. However, the parasitic wire resistances inevitably

cause a voltage drop (IR drop), which distorts cell currents

as well as the final output current in a highly complex manner

[1], [6], leading to a degradation in computing accuracy.

1The scaling factors K and B can be calculated by Kij =
Gmax−Gmin

Wjmax−Wjmin
and Bij = −Kij · Wjmin + Gmin for each matrix

element. Unless explicitly specified, the “·” and “/” operations in this paper
are element-wise operations between matrices or vectors with the same shape,
while WTx is the matrix-vector multiplication operation.
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Fig. 2. Cell voltage distribution
under IR drop effect.

Fig. 2 illustrates the effective volt-

age of the cells under the influ-

ence of IR drop during MVM op-

erations. The test parameters are

provided in TABLE I, and we

set all cells to Gmax (the worst

IR drop case). The experimental

results reveal a significant voltage

drop in both the row and column

directions, with the worst attenuation reaching 70% of the

input voltage. This substantial voltage drop can lead to sig-

nificant computational errors, underscoring the importance of

addressing the IR drop issue.

C. Related Work

Recently, many works have been proposed to handle the

IR drop problem. [2] conducts experiments on arrays with

uniform conductance patterns and observes that the correlation

between IR drop and array cell position can be eliminated by

averaging the output of the original array and the mirrored

arrays. And the IR drop problem can be mitigated by mul-

tiplying the same scaling factor to the output result of each

column because cells on different columns suffer the same

amount of voltage distortion. However, the IR drop effect also

has a relationship with the array conductance pattern, which

is not considered in Mirrored. [3], [5], [6] try to calibrate the

cell conductance using the gradient descent algorithms prior

to computing, so that the equivalent conductance after the IR

drop effect is close to the ideal cell conductance. However,

the gradient descent approach adopted by these methods is

sometimes not able to find the proper cell conductance for

larger arrays or cases where IR drop has a significant impact.

[7], [8] try to retrain the neural network to be IR drop-robust.

However, it is often impossible to compute the gradient of

the accurate IR drop simulation algorithms. The approximate

simulation methods used in their works, and the difficulty

of predicting the complex IR drop effect, result in poor

effectiveness even after retraining the neural network. What

is more, the applicable cases of these methods are limited

to neural network applications. [4] examines the role of the

batchnorm (BN) layers of the NN in IR drop mitigation,

and finds out that calibrating parameters of the BN layers

without retraining the entire NN can resolve the IR drop

effect. However, the BN layers are often integrated into the

convolution layers in the NN inference process, and calibrating

the parameters of the BN is the same as calibrating the cell

conductance.

In summary, existing works have limitations in accurately

compensating for the IR drop effect, due to ignoring the

data pattern, the uncertainty of gradient descent, or ineffective

learning algorithms. Therefore, there is an urgent need for

accurate methods to compensate for the IR drop effect.

III. MAPPING METHOD DESIGN

The key insight of the proposed mapping method is as

follows. After the IR drop effect, according to [11], the



equivalent matrix (We) of the original matrix (W) can be

easily acquired, and the residual matrix (R) between We and

W can be computed (R = W−We). To compensate for the

IR drop effect, the residual matrix must be incorporated into

the computation, apart from the original matrix. Unfortunately,

mapping the residual matrix to the crossbar array also suffers

from the IR drop effect, and its residual should be taken into

consideration. The same applies to the subsequent residuals.

Therefore, an iterative mapping of the residual matrices is

required. After the iterative mapping and computation, the IR

drop effect is compensated by accumulating the output results

of the original matrix and the residual matrices.

In this section, the IR drop-robust mapping method (section

III-A) following the key insight is proposed. And the new

MVM mechanism for the proposed mapping method is derived

in section III-B. Since each iteration requires mapping a

residual matrix to a new crossbar array, section III-C provides

a strategy to reduce the number of iterations and minimize the

number of crossbars required.

A. IR drop-robust mapping (IRM) method

Algorithm 1: IR drop-robust mapping method.
Input : Weight matrix (W), maximum array number (N ), user defined

tolerance (tol).
Output: List of conductance arrays to be programmed to the crossbars (Gs),

list of scaling factors (Ks, Bs).

1 R(0) = W
2 for s ← 0 to N − 1 do
3 if ||R(s)||F < tol then
4 Break
5 end
6 G(s),K(s),B(s) = toCondArray(R(s))

7 Gs.append(G(s));Ks.append(K(s));Bs.append(B(s))

8 G(s)
e = equiArray(G(s))

9 R(s)
e = toMatrix(G(s)

e ,K(s),B(s))

10 R(s+1) = R(s) − R(s)
e

11 end
12 return Gs, Ks, Bs

The IR drop-robust mapping (IRM) method is demonstrated

in Alg. 1. First in Line #1, the original matrix (W) is regarded

as the initial residual matrix (R(0)). Then, Line #2-Line #11

are the iterative mapping process of the residual matrices. The

iteration terminates if the number of residual matrices exceeds

the maximum, or the residual matrix is close to zero2.

When mapping the weight matrix (W) or the residual

matrix (R) to the crossbar array, it should first be converted

into the conductance array as G = K·R+B (Line #6), where

K and B are the scaling factors.

After the IR drop effect, according to [11], the equivalent

conductance array is Ge = equiArray(G) (Line #8), and

the real output current of the array is ireal = Ge
Tv. To

compensate for the IR drop effect, it is obvious that a compen-

sation current, which can be derived as Δi = iideal − ireal =
(GT − Ge

T )v, should be added to the real output current,

and an array whose equivalent conductance is G − Ge is

needed. However, programming these residuals directly to the

crossbar may not be possible. For example, if there exists

2Its Frobenius norm (FN) is smaller than the user-defined tolerance. The

Frobenius norm is defined as ||W||F = (
∑

i

∑
j W

2
ij)

1
2

a Gij = Gmin, whose equivalent conductance can become

0 < Geij
< Gmin, then Gij −Geij

< Gmin, which is not a

legal cell conductance.

Therefore, our method adopts another approach. We convert

the equivalent conductance array back into the matrix with

Re = (Ge−B)/K (Line #9), and define Re as the equivalent

matrix of R3. We define R′ = R − Re as the residual

of R (Line #10). Thus, our method needs to map R′ to

a new crossbar. Unfortunately, due to the IR drop effect

again, mapping R to the crossbar array directly is unable

to accomplish this task; therefore, we iteratively map the

following residual matrices to new crossbar arrays.

B. MVM with IRM

As mentioned in section III-A, the original matrix W
is mapped as Gs (whose equivalent conductance arrays

are Ges), with scaling factors Ks, Bs, and the relation-

ship between W and Ges is derived as W = R(0) ≈
∑N−1

s=0 [R
(s)
e ] =

∑N−1
s=0 [

G(s)
e −B(s)

K(s) ]. After matrix mapping

with the IRM method, the MVM is processed equivalently as

WTx ≈ ∑N−1
s=0 [

G(s)
e −B(s)

K(s) ]T v
c =

∑N−1
s=0 y(s)

c
4. As mentioned

in section II-A, elements on the j-th column of B(s) are the

same, and their values can be represented as B
(s)
0j . Similarly,

elements on the j-th column of K(s) can be represented as

K
(s)
0j . Therefore, y

(s)
j = {[G(s)

e −B(s)

K(s) ]Tv}j =
i
(s)
j −B

(s)
0j ·vsum

K
(s)
0j

holds for the output of crossbar s, where i
(s)
j is the output

current of the j-th column of the crossbar, and vsum is the sum

of all input voltages. The computation of y(s) is performed by

our designed analog arithmetic unit in section ??.

C. Calibrate-Shift-Reflect (CSR) strategy

As demonstrated in Fig. 3a, when using the IRM method

mentioned in section III-A, we observe that the Frobenius

norm (FN) of the residual matrix (||R(s)||F ) decreases slowly,

which inevitably increases the number of crossbar arrays used

for mapping. The reasons for the slow decline are as follows.

(1) The equivalent matrix infected by the IR drop effect is

very different from the original matrix, leading to a large

residual. (2) Elements with larger values in the residual matrix

are mapped to the crossbar positions where the IR drop effect

is severe, and these elements hardly ever become small. There-

fore, we propose the Calibrate-Shift-Reflect (CSR) strategy as

an enhancement for the IRM method to quickly converge the

FN to the user-defined tolerance (e.g., 1e-4), using as few

crossbar arrays as possible.

The “Calibrate” strategy is proposed to solve problem

(1) mentioned above. To make the equivalent matrix (We)

approximately the same as the original matrix (W), we choose

to calibrate the value of the conductance array (G) in the

“toCondArray” process in Alg. 1, Line #6. The calibrated

conductance array is denoted as Gc. Intuitively, it is optimal

3G − Ge can be calculated by G − Ge = K · (G−B
K

− Ge−B
K

) =
K · (W −We)

4c is the DAC conversion constant.



Calibrate-Shif t-Ref lect
Original

Back�to�iteration�#4

Back�to�iteration�#6

Calibrate-Shif t-Ref lect
Original

Back�to�iteration�#4

Back�to�iteration�#6

(a)

Residual�Matrix
@�Iteration�#1

DAC

DAC

DAC

DAC

S&
H

S&
H

S&
H

S&
H

Residual�Matrix
@�Iteration�#1

DAC

DAC

DAC

DAC

S&
H

S&
H

S&
H

S&
H

(b)
DAC

DAC

DAC

DAC

S&
H

S&
H

S&
H

S&
HResidual�Matrix

@�Iteration�#4

DAC

DAC

DAC

DAC

S&
H

S&
H

S&
H

S&
HResidual�Matrix

@�Iteration�#4

(c)
Fig. 3. The IRM-CSR method. (a) Comparison between the original IRM
method and the enhanced IRM-CSR method. The matrix in the figure
represents the residual matrix for each iteration, with colors ranging from
red to green indicating values that increase from low to high. (b) Adopting
the “Shift” strategy for quick residual reduction. (c) Adopting the “Reflect”
strategy when the residual converges to a value larger than the given tolerance.

that Gce ≈ G, so that the equivalent matrix (Wce =
(Gce−B)/K ≈ W), and the residual matrix will be close to

zero. Unfortunately, this may not be possible for two reasons.

First, if there exists a Gij = Gmax, the Gcij needs to be

scaled up to exceed Gmax so that Gceij ≈ Gmax after

the IR drop effect, which is not possible. Second, crossbar

cells suffer from the IR drop effect differently; cells that are

more severely affected by the IR drop can exhibit conductance

that exceeds Gmax after calibration, even when less affected

cells do not. Therefore, our strategy adopts other approaches.

First, regarding the “Scaling beyond boundary” issue, we

attempt to narrow the range of conductance values mapped

from the matrix. We set a scaling factor (μ < 1.0) and

[Gmin + δG,Gmax − δG]5 as the new conductance range6.

In that case, the calibrated cell conductance can be less than

Gmax even if the original conductance is Gmax− δG. Should

the calibrated cell conductance does exceed Gmax, it will be

set to Gmax, and the residual will not be zero. That is when the

IRM method takes place and further reduces the residuals. Sec-

ond, taking into account the differences in the effect of IR drop

between cells, we set an IR drop-aware constant matrix (C) for

the crossbar as follows. We compute the ratio of the equivalent

conductance matrix to the original, and select the value in

the middle of each column of the ratio as the constant for

the corresponding crossbar column (e.g., Cij = [Ge/G]m
2 j ,

m is the number of rows of the crossbar). And our goal

becomes that for every cell Gceij
≈ Cij ·Gij (or in another

way, min(FN(Gce − C · G))). In that case, cells that are

more severely affected by the IR drop can exhibit conductance

scaled to the same multiple after calibration as less affected

cells. To achieve this goal and calibrate the conductance

array, we adopt the Newton-Raphson method with Gc(t+1) =

Gc(t) − Gc(t)

Gc
(t)
e

· [Gc
(t)
e − C · G] as the iterative formula.

With these designs, the “toCondArray” process now becomes

G = K′ ·R+B′,Gij ∈ [Gmin + δG,Gmax − δG], and cali-

brates the conductance array to Gc,Gcij ∈ [Gmin, Gmax].
Then the equivalent conductance array becomes Gce after

5δG = 1−μ
2

(Gmax −Gmin)
6Please note that we only change to map the original matrix elements to

[Gmin + δG,Gmax − δG], and the range of the memristor conductance is
still [Gmin, Gmax]
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Fig. 4. Architectural design overview. (a) Memristive accelerator architecture
at the PE level. (b) Analog arithmetic unit (AAU) circuit. (c) Word line selector
and driver (WS&D) circuit.

the IR drop effect. And the “toMatrix” process now becomes

Rc = (Gce/C−B′)/K′. The computation for y(s) in section

III-B becomes y
(s)
j =

i
(s)
j −B′(s)0j ·C(s)

0j ·vsum

K′(s)0j ·C(s)
0j

.

The “Shift” strategy tries to solve problem (2). As demon-

strated in Fig. 3a, after the first iteration, the upper part of

the residual matrix has larger values. It will be wise to map

this part to the crossbar position where the IR drop effect is

mild. Therefore, as demonstrated in Fig. 3b, in the second

iteration, we shift the upper part of the residual matrix7 to the

bottom part of the crossbar array, compute the new residual

matrix, and concatenate the new residual with the lower part

of the residual matrix from the previous iteration. And the

concatenated residual matrix will be left for the next iteration.

As can be noticed in Fig. 3a, the residual converges to

a value larger than the given tolerance from iteration #4 to

iteration #6. This is because through continuous iteration and

shifting, the portion of the residual matrix mapped to the

crossbar becomes progressively smaller, and these mapped

portions exhibit relatively small residuals. Conversely, the

residuals in the portions not yet mapped to the array become

relatively large. Therefore, we go back to the previous iteration

and find out the right part of the residual matrix is larger. Then,

we reflect the DAC from adding input voltage from the left

to adding input voltage from the right, and map the entire

residual matrix to the new crossbar array. We then repeat the

Calibrate-Shift strategy until reaching the next convergence,

and reflect the DAC back.

IV. HARDWARE ARCHITECTURE DESIGN

As illustrated in Fig. 4a, our architectural design focuses

on the PE level. We group and define crossbars that share the

same input as the super-array, and add analog arithmetic units

(AAU), word line selectors and drivers (WS&D), word line

decoders (WD), as the hardware support for our IRM-CSR

method. The AAU is designed to support the new mechanism

for matrix-vector multiplication (mentioned in section III-B).

The WS&D is shared by adjacent crossbars to reduce hardware

7For simplicity, we set a fixed proportion (λ) as the size of the portion
shifted based on the previous iteration. For example, the size of the shift in
iteration #2 is λ · m rows, and it will be λ2 · m in iteration #3, and the
subsequent iterations follow the same pattern.



overhead and provides support for the proposed Shift-Reflect

strategy.

As demonstrated in Fig. 4c, sharing by the neighboring

crossbars, the WS&D reuses the DACs from the original

PE to generate the same input voltages for both crossbars.

Meanwhile, we add two sets of transmission gates and two

signals generated from the word line decoder to enable input

voltages added to the right side of the crossbar to the left

(signal ENr), and the left side of the crossbar to the right

(signal ENl) at the same time. Recalling that in the Shift

strategy, the upper part of the residual matrix is shifted to the

bottom of the crossbar array at a ratio λ, and the input voltages

also need to be shifted to the bottom of the array. Therefore,

we add two sets of multiplexers and two signals (SELr and

SELl) to support input voltage shifting. For example, if half

of the rows at the upper part of the residual matrix are shifted

to the bottom part of the crossbar array, V in1-V inm
2

will be

selected in the green box in Fig. 4c.

V. EVALUATION

In this section, we first demonstrate how we build up the

evaluation, followed by the validation of the effectiveness of

the IRM-CSR method through a comparison with the Baseline

and the SOTA compensation methods. Then we conduct

sensitivity studies with multiple crossbar/cell configurations.

Subsequently, the overhead of the proposed hardware is pre-

sented.

A. Evaluation Setup

TABLE I
PARAMETERS USED IN THE EVALUATIONS.

Symbol Description Value
Gmax(S) Maximum conductance 1.8e-4 [12], 5.9e-5 [13], 2.9e-4 [14]
Gmin(S) Minimum conductance 2.5e-5, 1.3e-5, 1.2e-4

σ Device variation 1.5% [15], 5% [13]
Rw(Ω) Wire resistance 1.0, 3.0, 5.0, 10.0
Vop(V) Operation voltage 0.1
Sxbr Crossbar array size 64, 128, 256

1) Compensation methods: A comparative analysis will

be conducted with the following methods. (a) the Baseline,

which lacks any compensation; (b) the Mirrored method,

which adopts the “R8” strategy mentioned in [2], and the

scaling factor multiplied to the output current is computed as

avg(Gj/Gej
) for each crossbar column; (c) the Deembedding

method, which is an enhanced version of the original method

in [6]; Since the gradient descent algorithm in the original

method is hard to converge, the wire resistance is set to 0.1Ω at

the beginning, and a 0.5Ω is added to the wire resistance each

iteration, until the wire resistance is the same as Rw in TA-

BLE I. Meanwhile, the calibration in the original method faces

the “Scaling beyond boundary” issue. Therefore, we narrow

the range of the conductance value to [Gmin, Gmin+μ·ΔG]8.

(d) the Retraining method, which uses the SCN mentioned in

[16] for approximate IR drop simulation to enable retraining;

(e) our IRM-CSR method.

8ΔG = Gmax −Gmin.

TABLE II
COMPARISON OF DIFFERENT COMPENSATION METHODS.

Network &
Dataset

LeNet-5 &
MNIST

VGG-11 &
Cifar-10

GoogleNet &
Cifar-10

Sxbr 64 128 64 128 64 128

Baseline Accuracy(%)� 12.40 10.57 10.00 10.00 9.78 10.08

IRM-CSR
(Ours)

Accuracy(%)
Recovery(%)

Array#�

98.35
+84.07

1

94.64
+86.58

2

90.85
+80.85

1

90.02
+80.02

3

89.72
+79.94

2

88.96
+78.88

3

Mirrored Accuracy(%) 14.14 10.11 18.54 10.00 10.00 10.00
Deembedding Accuracy(%) 98.58 10.24 91.00 10.04 89.79 10.02

Retraining Accuracy(%) 98.67 93.98 -� - - -
GPU Accuracy(%) 99.02 91.33 89.98

� The evaluations are conducted with the following configuration. Gmax=1.8e-4S, Gmin=2.5e
-5S, Rw=3.0Ω, μ=0.2, λ=0.5.
� “Array#” is the number of arrays needed for mapping when using the IRM-CSR method.
� “-” means that we are not able to reproduce the result of the previous work.

2) Benchmarks & evaluation criteria: The evaluation of

the methods is conducted using a variety of real-world bench-

marks. For the NN benchmarks with MNIST as the dataset,

we use LeNet-5. For the NN benchmarks with Cifar-10 as the

dataset, we use VGG-11 and GoogleNet. We first train these

NNs on high-performance GPUs with 16-bit floating point

precision, and the inference accuracies are 99.02%, 91.33%,

and 89.98%, respectively. Subsequent deployment of these

models to the ideal memristive accelerator yields inference

accuracies of 98.51%, 91.40%, and 89.95%, respectively. The

input features are quantized to 8-bit, and the weight matrices

are mapped to the crossbar array using the approach mentioned

in section II-A. For the non-NN benchmarks, we use scientific

computing. The scientific computing solves for x = A−1b, and

is implemented using the conjugate gradient (CG) approach

as in [17] with bcsstk22 (a 138 × 138 symmetric matrix

with 696 nonzeros) and blckhole (a 2132 × 2132 symmetric

matrix with 14872 nonzeros) from the SuiteSparse matrix

collection [18] as the dataset. As for the data representation,

we use the IEEE-754 double-precision floating-point number

with the mantissa mapped to the array after alignment. We run

the scientific computing applications on the ideal memristive

accelerator, and the RRMSE9 of the result x, computed using

the CG approach, from the theoretical result y is beneath 10−5

after 409 iterations (for bcsstk22) and 6684 iterations (for

blckhole). For the NN benchmarks, the compensation method

is more effective with a higher inference accuracy after IR drop

mitigation. In the context of scientific computing, a suitable

compensation method can rapidly reduce the RRMSE to an

acceptable level.
3) Evaluation environment: In this work, all of the above

mentioned applications and compensation methods are imple-

mented by extending Fadesim [1]. And the evaluations are

running on a 4× Tesla V100 server. And the parameters,

derived from real laboratory-fabricated memristor cells and

crossbar arrays, are tabulated in TABLE I.

B. Effectiveness of the IRM-CSR method

As illustrated in TABLE. II, for neural network applica-

tions, compared to Baseline, the IRM-CSR method restores

the inference accuracy of LeNet-5, VGG-11, GoogleNet by

84.07%, 80.85%, 79.94% for 64 × 64 crossbar array, and

86.58%, 80.02%, 78.88% for 128×128, respectively. For sci-

entific computing applications, as shown in Fig. 5, experiment

9The RRMSE is defined as [
∑

i(xi − yi)
2]

1
2 /[

∑
i y

2
i ]

1
2 .



(a) bcsstk22. (b) blckhole.
Fig. 5. Compensation results of the IRM-CSR method for scientific computing
compared with SOTA compensation methods.

results demonstrate a consistent decline in RRMSE for the

IRM-CSR method, ultimately converging to 1.4 × 10−4 and

7.3 × 10−3 for bcsstk22 and blckhole at 300 iterations and

3600 iterations, respectively. When compared with the SOTA

methods, the IRM-CSR method restores inference accuracy by

at most 80% for neural network applications. And the IRM-

CSR method achieves a substantial reduction in mean-squared

error by 103× ∼ 1010× for scientific computing compared

with the SOTA methods. These are because the IRM-CSR

method brings accurate inference (of the NN) and convergence

(of the scientific computing), while the less accurate SOTA

methods do not. The IRM-CSR method triumphs over the

SOTA methods for the following reasons. (1) The IRM-CSR

method utilizes the residual matrices that imply differences in

the IR drop among cell positions in the crossbar array and the

matrix data pattern, which the Mirrored method failed to take

into consideration. (2) Our mapping method is determined,

with the Frobenius norm (FN) of the residuals constantly

converging to zero, rather than the approximation approach

adopted by the previous conductance calibration methods. (3)

Our method relies only on the residuals of the matrix and is

application-irrelevant, compared with the retraining methods.

The reason for the low accuracy of the baseline and SOTA

methods is that true analog computing is extremely sensitive

to the IR drop effect. The output current deviation caused by

the IR drop effect is amplified by the scaling factors K and

B. Our experiment on a single crossbar array illustrates that

the actual output results deviate from the theoretical results by

834% without compensation. And the SOTA methods are not

suitable for true analog computing.

C. Sensitivity study

In this section, an investigation is conducted into the

functionality of the IRM-CSR method in various hardware

TABLE III
COMPENSATION RESULTS OF THE IRM-CSR METHOD WITH DIFFERENT

DEVICE CONFIGURATIONS.

Sxbr Gmax/Gmin(S) Rw(Ω) σ Cellbit SOU
Baseline IRM-CSR
GoogleNet Accuracy(%) Array#

64 1.8e-4/2.5e-5 3.0 -� - - 9.78 89.72 2
128 1.8e-4/2.5e-5 3.0 - - - 10.08 88.96 3
256 1.8e-4/2.5e-5 3.0 - - 32 10.00 90.05 1
128 1.8e-4/2.5e-5 1.0 - - - 10.01 89.66 1
128 1.8e-4/2.5e-5 5.0 - - 64 10.00 89.92 2
128 1.8e-4/2.5e-5 10.0 - - 32 10.02 89.87 2
128 5.9e-5/1.3e-5 3.0 - - - 10.01 88.39 2
128 2.9e-4/1.2e-4 3.0 - - 32 10.00 89.85 1
128 1.8e-4/2.5e-5 3.0 1.5% - 64 10.01 89.82 4
128 1.8e-4/2.5e-5 3.0 5% - 32 10.00 89.95 6
128 1.8e-4/2.5e-5 3.0 - 2 64 32.47 87.83 7
128 1.8e-4/2.5e-5 3.0 - 4 64 34.86 88.69 5

� “-” means that the device variation is not taken into consideration, or the true analog computing
is adopted, or the computing granularity is the entire crossbar array instead of the operation unit.

configurations. To this end, laboratory-fabricated devices with

distinct cell conductance, wire resistance, and other character-

istics are utilized. Additionally, the applicability of the IRM-

CSR method with device variation and bit-slicing is explored.

The results in TABLE III demonstrate that our approach can

effectively mitigate the impact of the IR drop at varying

severity levels on the computational results. Furthermore, our

method can be applied to configurations where the device itself

exhibits variability, as well as to bit-slicing configurations.

To minimize the number of crossbar arrays used as much

as possible, we performed calculations at the operation unit

(OU) granularity in some evaluations (e.g., SOU = 32). The

OU is a logical subblock of the entire crossbar array, which

has been studied and adopted by several previous works [19]

for nonideality mitigation.

D. Hardware overhead
TABLE IV

HARDWARE OVERHEAD COMPARED WITH THE ORIGINAL PE.

Component Power (mW ) Area (μm2)
Original 613.977 10088

AAU 92.5 172.65
WS&D 14.017 189.03

WD 30.64 188.088
Total 751.134 10637.768

In this section, we evaluate the overhead of our designed

hardware at the PE-level. The structure of the PE is illustrated

in Fig. 4 with eight CIM arrays, eight S&Hs, eight ADCs,

and one S&A circuit. And a WS&D, a WD, and an AAU

are incorporated per crossbar array. The overhead of the IRM-

CSR method is evaluated using Design Compiler at a 130nm

technology node and scaled down to 32nm. The overhead

for all other circuits is based on metrics from FORMS [19].

The area and power overhead are shown in TABLE IV. The

WS&Ds, WDs, and AAUs take up 5.17% and 18.26% of

the total area and power overhead of the entire PE. And

as demonstrated in the evaluations, the IRM-CSR method

takes up only 1 to 2 times more crossbar array numbers in

most cases. Due to the high memory capacity and energy

efficiency (2 to 4 orders of magnitude higher than conventional

architectures [19]) of in-memory computing, we consider our

hardware energy consumption to be acceptable.

VI. CONCLUSION

Memristive accelerators hold great promise for high energy-

efficient in-memory computing, while suffering from IR drop

effect. In this paper, we propose an IR drop-robust mapping

method for reliable memristive accelerators, which exploits

the residuals and maps them iteratively to the crossbars. The

corresponding mechanism of MVM and hardware support are

designed for the IRM method. Last, the effectiveness of the

IRM method is validated, ensuring high computation accuracy

of the memristive accelerators.
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