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Abstract
Approximate computing is a promising method for reducing energy dissipation and
design complexity in various applications, where high accuracy is not a significant
need. This study proposes an efficient approximate multiplier using a full adder as an
approximate 4:2 compressor. This simplification reduces power and hardware over-
heads. While this technique reduces the accuracy to some extent, the multiplier is
still more accurate than necessary in real applications like neural networks and image
processing. Meanwhile, an efficient error compensation module is presented to pro-
mote the accuracy of the proposed approximate multiplier. Accordingly, our design
provides an effective compromise between accuracy and hardware metrics. The hard-
ware simulations are conducted using HSPICE with the 7 nm tri-gate FinFET model.
Furthermore, the accuracy and quality of the proposed approximate multiplier are
evaluated using MATLAB. According to the results, the proposed design provides
far better trade-offs between the performance characteristics and preciseness than its
counterparts. The proposed design improves the power-delay product, energy-delay
product, and figure of merit considering both energy and quality metrics, on average,
by 33%, 44%, and 34%. At the same time, it offers comparable accuracy metrics in
error-resilient applications when compared to the other high-accuracy approximate
multipliers with error recovery modules.
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1 Introduction

Energy dissipation has turned into a critical issue in integrated circuits due to the
wide application of computing blocks, especially in neural networks. To achieve a
revolution in deep learning and artificial intelligence, limiting the design and imple-
mentation costs and energy dissipation is necessary. Deep learning generally consists
of the training and inference phases. In the training phase, a neural network learns
to develop classification abilities through gradient-based backpropagation algorithms.
These algorithms include critical floating-point calculations and require much more
accuracy than the inference phase [9, 18]. It has been demonstrated that it would be
reasonable to perform the calculations of the inference step approximately after the
exact calculations of the training step in a neural network. All of the layers in a con-
volutional neural network (CNN) retain their essential characteristics despite having
a certain amount of error in their multiplications. They are resilient to relatively small
arithmetic errors [19]. Although the training phase has more calculations, they can be
performed offline in advance, and the inference can be performed using approximate
computing on the trained network data [30].

The error-resilient applications like image processing, data mining, computer
vision, pattern recognition, and mobile multimedia do not necessarily require pre-
cise results [15, 16, 24]. As a result, approximate computing can be used effectively
in these applications due to the significant reduction in the design and implementation
costs and energy dissipation. In contrast, the quality of the results is still acceptable
[33]. Accordingly, accurate complex calculations are not reasonable in many applica-
tions, considering the increased complexity of integrated circuits and the importance
of reducing power dissipation, especially in battery-operated electronic devices [25].

The scaling of the planar CMOS has faced severe problems such as reduced gate
control, higher power density, and drain-induced barrier lowering (DIBL) [31]. The
FinFET technology has replaced the planar CMOS because of its 3D multi-gate
structure that provides higher gate control, lower short channel effects, and a higher
Ion/Ioff ratio. Moreover, its intrinsic body eliminates random dopant fluctuations [13].
Although self-heating in FinFET can increase power density, it can be compensated
by saving power consumption using approximate computing [26].

One of the most widely used arithmetic blocks is multiplication. As multipliers are
often located on the critical path of digital systems, an efficient approximate multiplier
design can improve digital systems’ performance and energy efficiency [26]. Multi-
plication usually has three steps: partial products (PPs) generation using an array of
AND gates, partial products reduction, and calculating the final output using a ripple
carry adder [8]. Considering these three stages, the second one is the most critical
and power-hungry stage. Thus, reducing the complexity of this step can significantly
enhance the performance and energy efficiency of a multiplier [2, 7]. Usually, a com-
puting module, known as a compressor, is used in the reduction phase [8]. Two full
adders form the structure of a conventional 4:2 exact compressor, as shown in Fig. 1.
In [2, 14, 24, 26, 32, 37, 42], various simplified structures for a 4:2 compressor were
proposed.

In this paper, we present an efficient approximate multiplier. In our design, a full
adder is used as an approximate 4:2 compressor, reducing circuit complexity, saving



Circuits, Systems, and Signal Processing (2022) 41:7057–7076 7059

Fig. 1 Structure of the exact 4:2
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energy and area, and speeding up the circuit. Moreover, the proposed approximate
multiplier uses an error recovery module to enhance accuracy. Accordingly, the pro-
posed approximate multiplier effectively balances hardware efficiency and accuracy
for neural networks and image processing applications.

The article is continued as follows: Sect. 2 provides a brief review of the background
of the research. In Sect. 3, the proposed approach is described in detail. Section 4
presents the comprehensive simulation results and discussions, and finally, Sect. 5
concludes the paper.

2 Backgrounds

2.1 PreviousWork

In a multiplication operation, partial products are generated using AND gates. Assum-
ing the inputs of a multiplier are distributed uniformly in general [14, 42], the
probability that a partial product (an input bit to a compressor), generated by a two-
input AND gate, equals ‘0’ (‘1’) is ¾ (¼). Using 4:2 compressors is one of the most
efficient methods for compressing partial products. The conventional design of an
exact 4:2 compressor is shown in Fig. 1 [8].

This compressor is a 5:3 counter with five inputs (x1, x2, x3, x4, and Cin) and three
outputs (Sum, Carry, and Cout). In the exact 4:2 compressor, Cout (followed by the
Cin input) is only ‘1’, when x4x3x2x1 � “1111”, whose probability is 1/4 × 1/4 ×
1/4 × 1/4 � 1/256 (0.39%). Therefore, the Cin and Cout signals are ignored with an
insignificant accuracy loss in most approximate compressors [32].

Several approximate multipliers with error compensation capability based on
approximate 4:2 compressors have already been suggested in the literature. In [42],
by manipulating the truth table, an approximate 4:2 compressor was designed. In
this design, when x3x4 � “11”, the Carry and Sum outputs are set to ‘1’ and XNOR
(x1,x2), respectively. This schema provides an approximate 4:2 compressor with a
more straightforward structure than its exact counterpart and a probability of 16/256
(6.25%) non-directional errors.

In [14], simpler compressors with the same accuracy were presented by modifying
the approximate compressor suggested in [42]. The last four rows of the truth table of
this compressor all have an error distance (ED) of − 1 (see Table 1). In the structure
of the approximate multiplier proposed in [14], by adding a positive bit generated by
an error recovery module to the exact compressor of the first accurate column, the
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Table 1 The truth table of the approximate 4–2 compressors with error recovery modules

x4–x1 Ha [14] Strollo_a [37] Strollo_b [37] Pei_1 [32]

Carry Sum ED C S ED C S ED C S ED

0000 0 0 0 0 0 0 0 0 0 0 0 0

0001 0 1 0 0 1 0 0 1 0 0 0 − 1

0010 0 1 0 0 1 0 0 1 0 0 0 − 1

0011 1 0 0 1 0 0 1 0 0 0 1 − 1

0100 0 1 0 0 1 0 0 1 0 0 0 − 1

0101 1 0 0 1 0 0 1 0 0 0 1 − 1

0110 1 0 0 1 0 0 1 0 0 0 1 − 1

0111 1 1 0 1 0 − 1 1 0 − 1 0 1 − 2

1000 0 1 0 0 1 0 0 1 0 0 0 − 1

1001 1 0 0 1 0 0 1 0 0 0 1 − 1

1010 1 0 0 1 0 0 1 0 0 0 1 − 1

1011 1 1 0 1 1 0 1 1 0 0 1 − 2

1100 0 1 − 1 1 0 0 1 0 0 0 1 − 1

1101 1 0 − 1 1 1 0 1 1 0 0 1 − 2

1110 1 0 − 1 1 1 0 1 1 0 0 1 − 2

1111 1 1 − 1 1 1 − 1 1 1 − 1 0 1 − 3

x4–x1 Pei_ 2 [32] Pei_3 [32] Pei_4 [32] Kumar [20]

C S ED C S ED C S ED C S ED

0000 0 0 0 0 0 0 0 0 0 0 0 0

0001 0 0 − 1 0 0 − 1 0 1 0 1 0 0

0010 0 0 − 1 0 0 − 1 0 0 − 1 1 0 0

0011 0 1 − 1 0 0 − 2 0 1 − 1 1 0 − 1

0100 0 0 − 1 0 0 − 1 0 1 0 1 0 0

0101 0 1 − 1 0 1 − 1 0 1 − 1 0 1 0

0110 0 1 − 1 0 1 − 1 0 1 − 1 0 1 0

0111 0 1 − 2 0 1 − 2 0 1 − 2 0 1 − 1

1000 0 0 − 1 0 0 − 1 0 0 − 1 1 0 0

1001 0 1 − 1 0 1 − 1 0 1 − 1 0 1 0

1010 0 1 − 1 0 1 − 1 0 0 − 2 0 1 0

1011 0 1 − 2 0 1 − 2 0 1 − 2 0 1 − 1

1100 0 1 − 1 0 0 − 2 0 1 − 1 0 1 0

1101 0 1 − 2 0 1 − 2 0 1 − 2 1 1 0

1110 0 1 − 2 0 1 − 2 0 1 − 2 1 1 0

1111 0 1 − 3 0 1 − 3 0 1 − 3 1 1 − 1
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Fig. 2 The schematics of the error recovery modules shown in the previous papers a [14] b [37] c [32] d [20]

errors of two compressors are corrected, which enhances the output accuracy. The
error recovery module suggested in [14] is shown in Fig. 2a.

In [37], approximatemultiplierswith error recovery capabilitywere proposed based
on the approximate compressor presented in [38]. As shown in Table 1, in this approx-
imate compressor, errors occur in the cases that x1x2x3 � “111”. An error recovery
module is used to detect and correct the results of two compressors of this multiplier
(see Fig. 2b).

Three 4:2 compressors with only one output (Sum) were suggested in [32]. The
truth tables of these compressors are shown in Table 1. In the approximate multiplier
presented in [32], several compressors are considered together as a compressor chain
(CC). To reduce the error of CC, a positive bit is inserted into the exact compressor
of the first accurate column. The error recovery module, which can be used in this
multiplier, prevents the generation of this positive bit if there is no error in the case
of the “0000” input. Otherwise, in this case, it causes an additional error that is most
likely to occur (32%). The error recovery module presented in [32] is shown in Fig. 2c.

In [20], a multiplier architecture using a new 4:2 approximate compressor with
34 transistors was proposed. In this multiplier, the errors caused by approximation
are compensated using three two-input AND gates as the error recovery module (see
Fig. 2d) in the last column of the approximate region.

2.2 Accuracy Metrics

One of the most important accuracy parameters in designing approximate circuits is
error distance (ED), the arithmetic distance between an erroneous output and its cor-
rect value. The normalized mean error distance (NMED), mean relative error distance
(MRED), and Number of Effective bits (NoEB) are three critical metrics for quanti-
fying accuracy. These metrics, giving an illustrative view of the accuracy regardless
of the application, are calculated as [11, 17, 23]:

MRED � 1

22N

22N∑

i�1

|EDi |
Mi

(1)

NMED � 1

(2N − 1)2

22N∑

i�1

|EDi |
22N

(2)
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NoEB � 2N − log2(1 − ERMS) (3)

where N is the bit length of a multiplier,Mi is the accurate output for each input, EDi

is the error distance between each input’s exact and inexact results, and ERMS is the
root-mean-square of the errors produced by the multiplier.

The peak signal-to-noise ratio (PSNR) and the mean structural similarity index
(MSSIM) are two important application-dependent metrics that evaluate the quality
of the images generated by approximate multipliers [23].

PSNR � 10 log10

⎛

⎝m × p × MAX2
I /

m−1∑

i�0

p−1∑

j�0

[I (i, j) − K (i, j)]2

⎞

⎠ (4)

where I (i, j) and K (i, j) are the exact and inexact values for each pixel, m and p are
the image dimensions, and MAXI is the maximum possible pixel value in the image.

The MSSIM parameter calculates the structural similarity of images resulting from
exact and inexact multiplications based on the ability of the human visual system to
extract image structure information. This metric is calculated as follows:

MSSIM(X ,Y ) � 1

M

M∑

i�1

(2μxμy + c1)(2σxy + c2)

(μ2
x + μ2

y + c1)(σ 2
x + σ 2

y + c2)
. (5)

More details regarding this metric can be found in [11] and [40].

3 Proposed Error-Resilient ApproximateMultiplier

This section proposes an innovative approach for designing approximate multipliers,
using a full adder as an approximate 4:2 compressor and an efficient error recovery
module. Our proposed approach offers an effective trade-off between hardware effi-
ciency and accuracy for error-resilient applications such as neural networks and image
processing. This simplification reduces the approximate multipliers’ power consump-
tion and overall delay while offering excellent accuracy and quality standards. It is
worth mentioning that various full adder cells with various performance metrics have
been presented so far, making the proposed approach flexible and designer-friendly.
Our approximate structure uses the standard CMOS full adder [41]. Accordingly, in
our suggested approximate 4:2 compressor, the Cin and Cout signals are ignored, and
the Carry and Sum outputs are generated as

Carry � x2(x3 + x4) + x3x4 (6)

Sum � x2 ⊕ x3 ⊕ x4. (7)

As shown in Eqs. 6 and 7, the term x1 does not exist in the compressor equations,
and also in the truth table of this 4:2 compressor, shown in Table 2, when x1 takes the
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Table 2 The truth table of the suggested approximate 4:2 compressor

x4–x1 Carry Sum Probability ED

0000 0 0 81/256 0

0001 0 0 27/256 − 1

0010 0 1 27/256 0

0011 0 1 9/256 − 1

0100 0 1 27/256 0

0101 0 1 9/256 − 1

0110 1 0 9/256 0

0111 1 0 3/256 − 1

1000 0 1 27/256 0

1001 0 1 9/256 − 1

1010 1 0 9/256 0

1011 1 0 3/256 − 1

1100 1 0 9/256 0

1101 1 0 3/256 − 1

1110 1 1 3/256 0

1111 1 1 1/256 − 1

Sum of the probabilities of the erroneous cases 64/256 (25.01%)

logic value ‘1’, it is ignored. Therefore, in the suggested approximate 4:2 compres-
sor, only three inputs are considered. Furthermore, the functionality of the suggested
approximate 4:2 compressor makes it very suitable for efficient error recovery.

In addition to the error distance, the occurrence probability of each input is a critical
factor in determining the error rate of an approximate compressor [11]. Assuming
the multiplier input bits are uniformly distributed in general (considering an equal
probability for the input bits to be ‘0’ or ‘1’) [11, 14, 32, 39, 42], the probability that
a partial product generated by an AND gate (a compressor input) equals to ‘1’ (‘0’) is
¼ (¾). Table 2 shows the occurrence probability for each input combination.

As shown in Table 2, although in eight cases, the error distance is − 1, the Sum
of the occurrence probabilities of these erroneous cases is only 64/256 (25%). This
is because the erroneous cases mainly occur for the inputs with more 1’s, which are
less likely to occur at the output of the partial product generation part. In particular,
the correctness of the output for the input “0000” (with the highest probability of
occurrence) and the fact that one of the errors occurs in the “1111” input combination
(with the lowest probability of occurrence) have a significant impact on the accuracy
of the proposed design. Moreover, according to Table 2, the error distance in all eight
erroneous cases is − 1 s, which can be effectively compensated by feeding a bit + 1
by an error recovery module.

As shown in Table 2, in eight cases, the error distance is − 1, which can be com-
pensated by entering a bit + 1 by an error recovery module. Since the errors occur
only when x1 � ‘1’, error detection and recovery are much more straightforward, and
more compressors are recovered as compared to the previous designs performing error
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Fig. 3 Partial product reduction stages of the proposed approach

recovery [14, 20, 32, 37]. Unlike the approach presented in [32], the error correction
bit in our design will not be generated when the output is correct.

The partial product reduction stage of the proposed approximatemultiplier is shown
in Fig. 3.

As low-bit multipliers are widely used in machine learning and neural network
applications [1], we concentrate on an 8-bit Daddamultiplierwithout losing generality.

Moreover, according to the comprehensive analysis performed in [38], approximate
compressors are well suited for implementing unsigned multipliers, and using them
in signed multipliers can significantly degrade precision. For this reason and also
to have fair comparisons with the previous approximate multipliers with the error
compensation module [14, 20, 32, 37], we focus on unsigned approximate multipliers.

Similar to the other approximate multiplier with error recovery [18, 32, 42], the
proposed multiplier has three parts:

1. The 4-bit truncated region (four least-significant columns)
2. The 4-bit approximate region, in which we use the suggested approximate com-

pressor. This leads to a significant reduction in hardware and energy consumption
while not having much effect on the accuracy of the circuit.

3. The accurate area, including the seven most significant columns containing much
information, uses exact compressors [6] to maintain accuracy and compensate for
the approximate area errors.

We can effectively trade-off between accuracy and energy efficiency using a combi-
nation of exact and approximate compressors. Aswe use a full adder as an approximate
4–2 compressor, the input x1 is ignored. Therefore, the partial products being fed to
the x1 inputs of the approximate compressors are not produced (indicated with hollow
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circles in the approximate region). In the first stage of the first column of the approxi-
mate region, three PPs are passed to the second stage, where they are added using the
proposed approximate compressor. The remaining two PPs should be added using a
half adder (HA). However, as the Sum output of the HA is not used in the second stage,
the HA is replaced with one AND gate generating the Carry output. In the second stage
of the second column, two PPs from the first stage and the Carry output generated
by the AND gate in the first column are added using the proposed compressor. In the
first stage of the third column, three PPs are added using the proposed compressors,
and two other PPs are added using a HA. The Sum outputs of the compressor and
HA circuits and one of the PPs are added in the second stage using the proposed
approximate compressor. In the first stage of the fourth column, two sets of three PPs
are added using two proposed approximate compressors. The Sum outputs of these
compressors and the Carry output of the previous stage’s compressor are added using
the proposed compressors in the second stage. Two PPs from the first stage of the
fourth column of the approximate region and the Carry output of the HA of the third
column (x1 input of the compressors) are used for error compensation. Accordingly,
besides the more hardware-efficient structure of the approximate compressor, it also
offers a considerable simplification of the structure of the approximate multiplier.

As shown in Fig. 3, the error recovery bit is generated only in the most significant
column of the approximate region to have the greatest impact on accuracy while
minimizing the overall hardware overhead. This column includes three approximate
compressors, and the errors of all compressors in this column should be compensated.
As indicated inTable 2, the error distance of the suggested approximate 4:2 compressor
is − 1 in the eight erroneous cases. Accordingly, the error can be compensated by
adding a bit + 1. Since the errors occur only when x1 � ‘1’, the errors can be simply
detected and compensated using an OR logic, as shown in Fig. 3. Two of the x1 inputs,
ignored in the approximate compressors, are fed to a two-input OR gate, and the output
of theORgate is used as one of the inputs of an exact 4:2 compressor in the first column
of the exact region. Moreover, the other x1 input of the last column of the approximate
region is given to another exact 4:2 compressor in the first column of the exact region.
Accordingly, when an error is detected in the last column of the approximate region
and a bit + 1 is entered into an exact compressor with a double significance, first, the
error distance of the last approximate column is compensated, and secondly, some of
the errors created by the previous compressors are also compensated.

In [14, 20, 37, 38], the total occurrence probabilities of the erroneous cases
are 6.25%, 1.56%, and 6.25, respectively. This probability is 25% in our proposed
approach, more than the designs suggested in [14, 20, 37, 38]. Therefore, feeding a
+ 1 to the column with a double significance has a more considerable impact on the
error compensation in our design than its previous counterparts.

Using only a two-input CMOS OR gate with six transistors in the error compen-
sation part, the proposed multiplier can feed the error compensation bits into three
approximate compressors of the exact region. Accordingly, the proposed error com-
pensation approach is more efficient compared to its counterparts [14, 20, 32, 37].
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4 Simulation and Comparisons

In this section, the proposed approximate design is simulated and evaluated in various
aspects of accuracy and performance compared with its contemporary counterpart.

4.1 Hardware Analysis

The proposed approximate multiplier and the previous approximate multipliers with
error recovery capability have been simulated using the HSPICE tool and the 7 nm
tri-gate FinFET technology, one of the current industrial technologies. The critical
parameters of the FinFET model used [10] are presented in Table 3. The simulations
have been performed with 0.7 V supply voltage and 2 GHz frequency.

For a fair comparison, we have simulated all of the previous multipliers with error
recovery capability according to the details provided in the corresponding references
using 7 nm FinFET technology. Due to fin quantization, the number of Fins should
increase to enhance the driving current of a FinFET. However, because of the 3-
dimensional structure of FinFET, it significantly increases the switching capacitance
and heat dissipation. Furthermore, it enlarges the area due to the minimum fin pitch.
Therefore, as the power and area are two critical parameters in approximate circuits,
and as the electrons and holes can have near mobilities in FinFET [13], single-fin
FinFETs have been used. It is also worth mentioning that the efficient exact 4:2 com-
pressor proposed in [6] has been used in the exact part for all of the approximate
multipliers to make a fair comparison.

The simulation results are given in Table 4. It is worth mentioning that the delay
of each multiplier is the worst-case critical path delay. Moreover, a long stream of
random input combinations, considering switching activity, have been generated and
used in simulations to estimate the power dissipation of the multipliers. Power-delay
product (PDP) and energy-delay product (EDP) have also been calculated to make
a trade-off between power and delay and have an illustrative evaluation regarding
the energy efficiency of the multipliers. In addition, the area of each multiplier has

Table 3 The critical parameters
of the 7 nm FinFET model [10] Parameters n-type p-type

Physical fin thickness 7 nm 7 nm

Fin height 32 nm 32 nm

Gate length 21 nm 21 nm

Fin pitch 27 nm 27 nm

Equivalent oxide thickness 1.25 nm 1.25 nm

Body doping 1016 cm−3 1016 cm−3

Source/drain doping 2 × 1020 cm−3 2 × 1020 cm−3

Low field mobility (μ0) 260 cm2/V s 220 cm2/V s

Gate work function (�M) 4.372 eV 4.812 eV
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Table 4 Simulation results of the 8 × 8 multipliers

Dadda
multipliers
with error
correction

Critical path
delay (ps)

Power
(μW)

PDP (fJ) EDP
(J ps)

Transistors Area
(μm2)

Proposed 214 12.51 2.68 573 1212 10.09

Ha [14] 247 13.41 3.31 818 1302 10.84

Strollo_a [37] 280 16.52 4.63 1295 1452 12.08

Strollo_b [37] 280 17.18 4.81 1347 1534 12.77

Pei_1 [32] 255 15.34 3.91 997 1364 11.35

Pei_2 [32] 255 15.62 3.98 1016 1392 11.59

Pei_3 [32] 255 15.28 3.88 994 1360 11.32

Pei_4 [32] 255 15.23 3.88 990 1344 11.19

Kumar [20] 250 15.32 3.83 958 1366 11.37

Exact (base
on [6])

253 18.80 4.76 1203 1530 12.74

been estimated as the area occupied by its transistors based on the FinFET geometries
described in detail in [35] (λ � 7 nm) and Table 3.

According to the simulation results, the proposed design improves performance
metrics significantly compared to the exact multiplier. Compared to the exact mul-
tiplier, the proposed multiplier reduces PDP, EDP, and area by 43.8%, 52.4%, and
21%.

Most of the other approximate multipliers listed in Table 4 have longer critical
path delays than the exact multiplier designed based on the efficient exact compressor
presented in [6]. The proposed multiplier improves the delay, power, and area com-
pared to other approximate multipliers with error recovery modules. According to
the simulation results, the proposed approximate multiplier improves the PDP, EDP,
and area, on average, by 33%, 44.4%, and 12.5%, compared to the other approximate
counterparts with the error recovery module. This is due to the lower complexity of
the proposed multiplier and its straightforward error compensation module.

4.2 Accuracy Metrics

The NMED, MRED, and NoEB metrics have been calculated for the approximate
multipliers according to Eqs. 1–3 using MATLAB, considering all 65,536 input com-
binations to evaluate the accuracy of the approximate multipliers. The simulated
accuracy metrics are tabulated in Table 5.

Although the Strollo_a and Strollo_b multipliers [37] apply the same approximate
compressors and error correction module, the first design has much better accuracy
metrics due to using a higher number of exact columns, leading to higher energy
consumption and hardware overhead. The multipliers proposed in [14] and [38] have
superior accuracy metrics mainly due to their low error distances, which have been
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Table 5 Accuracy metrics of the approximate multipliers

Multipliers with error correction NMED (× 10−4) MRED (× 10−2) NoEB

Proposed 9.3 2.06 9.7

Ha [14] 4.8 0.90 10.3

Strollo_a [37] 4.0 0.74 10.4

Strollo_b [37] 15.0 1.10 8.1

Pei_1 [32] 8.0 4.61 9.9

Pei_2 [32] 5.0 1.41 10.5

Pei_3 [32] 5.8 1.54 10.3

Pei_4 [32] 7.2 1.83 10.0

Kumar [20] 4.2 0.70 10.4

achieved with the cost of more hardware overhead. As high-accuracy multipliers with
error recoverymodules have been compared, achievingmore energy efficiencywithout
considerable accuracy loss is the main challenge. As shown in Table 5, the proposed
design has acceptable error metrics. The MRED of the proposed multiplier is less
than Pei_1, and its NMED is less than Strollo_b, which are among the high-accuracy
multipliers. This ismainly due to the efficient error correction approach of the proposed
multiplier, which effectively compensates for the negative error distances. In addition
to the reduced hardware overhead and energy dissipation, the proposed multiplier also
has very low NMED and MRED values (compared to the mid-accuracy approximate
multipliers such as [12, 27, 34, 39]).

Regarding the NoEB metric, the multipliers have almost comparable performance,
except Strollo_b [37], which has a relatively lower NoEB than the other approximate
multipliers mainly due to the higher number of approximate columns.

The proposed approximate multiplier’s high accuracy leads to a satisfactory quality
in image processing and neural network applications, as will be discussed in the
following sub-section.

4.3 Applications

4.3.1 Neural Networks

This section evaluates the performance of each of the approximatemultipliers in neural
network applications. Neural networks are outstanding solutions for many machine
learning tasks, such as image classification [36]. As the neural networks are inherently
error-resilient and usemultiplication in their structure, approximate multiplication can
be considered a promising solution for significantly reducing energy consumption [5].

A multilayer perceptron (MLP) and a convolutional neural network (CNN) are
considered to assess the performance of the approximate multipliers in classifications
of the MNIST (Mixed National Institute of Standards and Technology) and SVHN
(Street View House Numbers) datasets, respectively.
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MNIST is a dataset of handwritten numbers, including 60,000 images for training
and 10,000 for inference [22].We use anMLPnetwork to classify this dataset. ThisNN
consists of 784 input neurons (each input image contains 28 × 28 pixels), 50 neurons
in the hidden layer, and ten output neurons. The outputs are considered the probability
of each of the classifications into ten classes (digits 0 to 9) [5]. This MLP uses the
ReLU activation function, which is a simple max(0,x) function. SVHN is a real-world
image dataset that houses numbers in Google Street View images. It consists of 73,257
images for training and 26,032 images for testing the network [29]. We use the LeNet-
5 network to classify this dataset [21]. This network has seven layers, including three
convolutional layers, two pooling layers, and two fully connected layers. We also use
the ReLU activation function in this case.We have converted the original 32× 32RGB
images to 32 × 32 grayscale images using the “Luma” mapping, reducing complexity
[29].

These two neural networks have been simulated and analyzed in MATLAB. In
the training process, accurate multipliers have been employed to calculate the neuron
weights, and the approximate multipliers have been used for the classification process.

It is worth mentioning that both negative and positive neuron weights are gener-
ated in the training process. Accordingly, we need signed approximate multipliers.
Accordingly, after the training process, we converted the neuron weights into sign-
magnitude representation, and then the multiplications were performed using the
discussed approximate multipliers. However, as we only convert the neuron weights
once after the training process, it does not result in power and delay overheads in the
classification process, where we use approximate circuits. Suppose the outputs of the
neural network should be converted to 2’complement. In that case, its energy overhead
is also negligible compared to the whole neural network (in the neural networks under
study, there are only ten 8-bit outputs).

The classification accuracy for each of the multipliers is shown in Fig. 4. For the
MNIST dataset, the 8-bit exact multiplier [6] has an accuracy of 96.5%, and the
approximate multipliers show accuracies between 95 and 95.2% (at most 1. 5% less
than the exact multiplier), except the Pei_1 multiplier. To compensate for the error
caused by an approximate compressor chain in the Pei_1 multiplier, a bit + 1 is fed
to the exact compressor of the first column in the exact region. A detailed analysis
has revealed that when using the MNIST dataset, one of the input operands is zero
in more than 80% of cases [28]. However, the error correction bit provides a nonzero
output value, and this error is summed. As shown in Fig. 4, the proposed multiplier
with an accuracy of 95.2% (equal to Ha) is the best approximate multiplier regarding
the classification accuracy.

For the SVHNdataset, the accuracy of the exact multiplier is 81.5%. In this case, the
accuracies of the approximate multipliers are between 81.4 and 81.6%. This demon-
strates that almost all approximate compressors with error recovery modules provide
classification accuracies comparable to the exact design.

The classification accuracy results demonstrate that our proposed approximatemul-
tiplier can be considered an efficient alternative for the exact multiplier in neural
network applications, as it offers significantly lower hardware and energy overheads
while providing a comparable accuracy.



7070 Circuits, Systems, and Signal Processing (2022) 41:7057–7076

95.1

95.2

95.1

95.1

14.7

95.1

95.1

95.0

94.5

96.5

81.4

81.6

81.6

81.5

81.5

81.5

81.6

81.4

81.6

81.5

0

20

40

60

80

100

Pr
op

os
ed H

a

St
ro

llo
_a

St
ro

llo
_b

Pe
i_

1

Pe
i_

2

Pe
i_

3

Pe
i_

4

K
um

ar

Ex
ac

t

C
la

ss
ifi

ca
tio

n 
A

cc
ur

ac
y 

(%
)

MLP-MNIST

CNN-SVHN

Fig. 4 Classification accuracies of the MNIST and SVHN datasets using the multipliers under study

4.3.2 Image Processing

As a widely used algorithm in image processing, image multiplication is considered
to evaluate the quality of the approximate multipliers in real-world applications. The
output image is calculated for the multiplication algorithm by multiplying two images
pixel-by-pixel in MATLAB. The PSNR and MSSIM metrics have been calculated to
compare the approximate output quality multipliers. Tables 6 and 7 present the PSNR
andMSSIM values as two application-dependent metrics for the imagemultiplication.

Table 6 The PSNRs for the image multiplications

Multipliers House × sky Lake × lake gray Sky × Lena Wheel × Jetplane_gray

Proposed 54.49 54.73 54.41 54.77

Ha [14] 56.86 57.09 57.00 56.77

Strollo_a [37] 57.83 58.43 58.29 57.44

Strollo_b [37] 49.08 48.54 49.83 45.47

Pei_1 [32] 55.31 55.22 55.09 55.66

Pei_2 [32] 57.24 57.13 57.15 56.96

Pei_3 [32] 56.43 56.54 56.47 56.49

Pei_4 [32] 55.46 55.39 55.51 55.14

Kumar [20] 57.29 57.61 57.63 57.48
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Table 7 The MSSIMs for the image multiplications

Multipliers House × sky Lake × lake gray Sky × Lena Wheel × Jetplane_gray

Proposed 0.9997 0.9994 0.9996 0.9992

Ha [14] 0.9998 0.9996 0.9998 0.9994

Strollo_a [37] 0.9998 0.9997 0.9999 0.9995

Strollo_b [37] 0.9990 0.9990 0.9990 0.9991

Pei_1 [32] 0.9997 0.9994 0.9997 0.9993

Pei_2 [32] 0.9998 0.9996 0.9998 0.9994

Pei_3 [32] 0.9998 0.9996 0.9998 0.9994

Pei_4 [32] 0.9997 0.9994 0.9997 0.9992

Kumar [20] 0.9998 0.9997 0.9998 0.9995

According to the results, the proposed multiplier offers PSNR greater than 50 dB
and MSSIM greater than 0.999, which are more than enough for error-resilient appli-
cations where quality is also vital. The proposed multiplier has 11.7% higher PSNR
than Strollo_b, while this design has, on average, 38.3% more hardware overhead
than the proposed design. The PSNR and MSSIM of the proposed approach are, on
average, 3.6% and 0.015% less than the other seven multipliers, which are negligible.
In contrast, the proposed design offers considerably lower hardware overheads (see
Table 4).

To provide a visual evaluation regarding the impact of the proposed approximate
multiplier on image quality, an example of imagemultiplication based on the exact and
our proposed multipliers is illustrated in Fig. 5. The results conclude that no difference
is visible between the outputs of the exact and our proposed approximate multipliers.

In order to have amore comprehensive evaluation and a fairer judgment, the figure of
merit (FOM) given in Eq. 8 is considered.Many figures ofmerit, considering hardware
and quality parameters, have been introduced in the literature [2–4, 34, 42]. However,
each of these FOMs puts more importance on some parameters. The FOMs given in
Eqs. (8)–(10) reasonably consider various aspects of performance and accuracy for an
approximate multiplier.

FOM1 � EDP

PSNR × MSSIM
(8)

FOM2 � PDP

PSNR × MSSIM
(9)

FOM3 � ADP

PSNR × MSSIM
(10)

The FOMs of the approximate multipliers are shown in Fig. 6. According to the
results, the proposed design improves FOM1, FOM2, and FOM3, on average, by 43%,
31%, and 26%, respectively, compared to the other high-accuracy approximate mul-
tipliers. Accordingly, our proposed design offers a more effective trade-off between
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Image A Image B

Exact result Approximate result
(proposed approach)

Fig. 5 An example of image multiplication

hardware efficiency and accuracy and is a promising approach for approximate com-
puting applications.

5 Conclusion

In this paper, we have proposed an energy-efficient approximate multiplier in which
a full adder has been used as an approximate 4:2 compressor. Besides simplifying
the multiplier structure, it leads to a straightforward error recovery module consist-
ing of only a two-input OR gate. The proposed multiplier and the other multipliers
with error correction modules have been simulated using the 7 nm tri-gate FinFET
model. Moreover, they have been investigated in neural networks and image process-
ing real-life applications.While the proposed design significantly improves the energy
consumption and number of transistors compared to its counterparts, it is categorized
as a high-accuracy approximate multiplier with a PSNR greater than 50 dB.Moreover,
the classification accuracy results reveal that our proposed approximate multiplier can
be an efficient alternative for the exact multipliers in neural network applications. Our
results conclude that the proposed design offers an effective trade-off between hard-
ware efficiency and accuracy and is a promising design for error-resilient applications.
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