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Abstract — Multiply-Accumulate (MAC) units dominate computation and energy use in deep neural
network accelerators, comprising over 98% of operations in modern convolutional workloads.
Exploiting the error resilience of convolutional neural network inference, this paper proposes hybrid
approximate MAC architectures. These selectively approximate key datapath modules—partial product
generation, reduction, and accumulation—for balanced trade-offs in power, delay, area, and accuracy.
A compact radix-8 Booth array arrangement is introduced that adapts a single-bit MSB sign/zero-
extension technique to support both signed X signed and unsigned x signed operations, simplifying sign
handling and reducing compressor requirements. Approximation is further applied by eliminating
complex +3X Booth terms, introducing energy-efficient approximate half adders, full adders and 4:2
compressors guided by rigorous error-metric analysis, and employing a hybrid accumulator that
combines an exact Han—Carlson prefix adder in the MSBs with a lightweight Lower-OR Adder in the
LSBs. Four configurable AXMAC variants are proposed to explore fine-grained accuracy—efficiency
trade-offs. Synthesized in 45 nm CMOS technology, the proposed designs achieve up to 43.5% delay
reduction, 73.6% area savings, and 46.5% power reduction compared to an exact radix-8 Booth MAC,
while maintaining controlled error characteristics. CNN inference is evaluated on pre-trained INT8-
quantized LeNet-5, AlexNet, VGG-13, ResNet-18, and Googl.eNet models across MNIST, CIFAR-10,
and ImageNet, using selected-layer approximation without retraining or fine-tuning.

Keywords — Approximate computing, Low-power arithmetic circuits, Hybrid parallel prefix adder,
Radix-8 Booth multiplier, Deep Neural Network inference

HIBRIDNA ARITMETICNA VEZJA S PRIBLIZNIM IZRACUNOM IN
URAVNOTEZENIMI PREDNOSTMI ZA SKLEPANJE V NEVRONSKIH MREZAH
(CNN)

Izvlecek — Enote za mnozenje in akumulacijo (MAC) prevladujejo pri racunalniskih operacijah in porabi
energije v pospeSevalnikih globokih nevronskih mrez, saj predstavljajo ve¢ kot 98 % operacij v
sodobnih konvolucijskih delovnih obremenitvah. Ta ¢lanek, ki izkoris¢a odpornost konvolucijskih
nevronskih mrez na napake pri sklepanju, predlaga hibridne arhitekture pribliznega MAC-a. Te
selektivno priblizujejo kljuéne module podatkovne poti — generiranje delnih produktov, redukcijo in
akumulacijo — za uravnotezene kompromise med porabo energije, zakasnitvijo, povrSino in
natan¢nostjo. Predstavljena je kompaktna razporeditev Boothovega niza z osembitno osnovo, ki
prilagaja enobitno tehniko razsiritve znaka/nicle MSB za podporo tako operacijam s x brez predznak
kot tudi brez x s predznakom, s ¢imer poenostavlja obravnavo predznakaznaka in zmanjsuje zahteve
glede kompresorja. Priblizevanje se dodatno uporabi z odpravo kompleksnih +£3X Boothovih ¢lenov,
uvedbo energetsko ucinkovitih pribliznih polovi¢nih seStevalnikov, polnih seStevalnikov in
kompresorjev 4:2, ki temeljijo na strogi analizi meril napak, ter z uporabo hibridnega akumulatorja, ki
zdruzuje natancen sestevalnik s predpono Han—Carlson v MSB-jih z lahkim seStevalnikom Lower-OR
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v LSB-jih. Predlagane so $tiri nastavljive razli¢ice AXMAC za raziskovanje podrobnih kompromisov
med natanc¢nostjo in ucinkovitostjo. Predlagane zasnove, sintetizirane v 45-nm CMOS-tehnologiji, v
primerjavi z natanénim MAC-om Booth z osnovo 8 dosezejo do 43,5 % zmanjSanje zakasnitve, 73,6 %
prihranek prostora in 46,5 % zmanjSanje porabe energije, hkrati pa ohranjajo nadzorovane znacilnosti
napak. Sklepanje v nevronskih mrezah (CNN) je ocenjeno na vnaprej usposobljenih modelih LeNet-5,
AlexNet, VGG-13, ResNet-18 in GoogleNet s kvantizacijo INT8 na podatkovnih naborih MNIST,
CIFAR-10 in ImageNet, pri ¢emer se uporablja aproksimacija izbranih plasti brez ponovnega
usposabljanja ali natancnega prilagajanja.

Kljuéne besede — Priblizno racunanje, aritmeti¢na vezja z nizko porabo energije, hibridni vzporedni
predponski seStevalnik, Boothov mmnozitelj s stevilsko osnovo 8, sklepanje v globokih nevronskih
mrezah

I. INTRODUCTION

The rapid development of Artificial Intelligence (Al) and Machine Learning (ML) has positioned
Deep Neural Networks (DNNs) as the foundation of modern intelligent systems, enabling
breakthroughs in image classification, object detection, and speech recognition. These applications
depend on extensive matrix multiplications distributed across multiple neural layers, demanding billions
of Multiply-Accumulate (MAC) operations during both training and inference phases [1].
Consequently, matrix multiplication has emerged as the most time- and energy-intensive operation in
Al computation, making the efficiency of MAC units a critical determinant of overall system
performance. To meet this demand at scale, modern Al accelerators such as Google TPU v4 [2] employ
large systolic arrays tightly optimized for dense General Matrix-Matrix Multiplication (GEMM), which
dominates DNN workloads as illustrated in Figure 1. As summarized in Table 1, MAC operations
constitute more than 98% of the reported computational utilization across the considered neural-
network workloads [1], highlighting the importance of MAC-unit efficiency in DNN accelerator design.
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Figure 1. Google TPU v4 System Architecture [2]

Reducing hardware cost and power consumption while maintaining high throughput remains a key
challenge in accelerator design. Approximate computing can exploit the error resilience of neural-
network inference, where appropriately controlled computational inaccuracies may result in limited
degradation in application-level accuracy [3], [4]. Techniques such as quantization and bit truncation
further support efficient deployment. This work focuses on INT8 Convolutional Neural-Network
(CNN) inference accelerators, where 8-bit operands and higher-precision accumulation are commonly
employed to balance computational efficiency and numerical accuracy. Such mixed-precision
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configurations are supported by widely used inference frameworks, including TensorRT and
TensorFlow Lite.

Table 1. MAC Count Comparison for various Neural Network Workloads [1]

Utiliz. Of LeNet-5 AlexNet VGG-13 ResNet-18 GooglLeNet
MAC (%) 98.1 99.8 99.4 99.89 99

Approximate computing techniques can be implemented at the circuit, architectural, and software
levels. At the circuit level, the MAC unit consists of key components such as compressors [5], [6],
multipliers [7], [8], and adders [9], [10], where approximation can significantly reduce area, delay, and
power consumption. Previous studies mainly focused on approximating individual submodules
independently [11], [12]. However, combined optimization of the partial product generation,
compression stage and accumulation stage has received limited attention. To address this limitation, this
work proposes an error-aware approximate MAC design methodology that identifies an efficient
combination of approximate components to improve hardware efficiency while preserving acceptable
computational accuracy. The major contributions of this work are as follows:

1. Extended radix-8 Booth Encoding: An extended radix-8 Booth encoding scheme is developed
using a single-bit MSB sign/zero-extension technique to support both signed X signed and
unsigned x signed multiplication while simplifying sign handling.

2. Approximate Partial Products (AxPP): Two mappings, AxPP1 (£x3X — #+2X) and AxPP2
(£3X — +4X), are investigated. AXPP1 is selected for the proposed design due to its simpler
hardware, while AxPP2 is used for comparison.

3. Approximate Adders and Compressors: Proposed approximate Half-Adder (HA), Full-
Adder (FA) and 4:2 compressor designs are developed using an error-metric—guided method,
achieving 54%—82% energy savings in the reported circuit-level comparisons with controlled
error characteristics.

4. Hybrid Accumulator Design: A proposed hybrid accumulator combines an exact Han—
Carlson Parallel Prefix Adder (HC-PPA) for the Most Significant Bits (MSBs) with a
lightweight Lower-OR Adder (LOA) structure for the Least Significant Bits (LSBs), providing
an accuracy—hardware-efficiency trade-off.

5. Configurable AxXMAC Variants: Four configurable AXMAC variants are developed —
AXMAC-Mull, AXMAC-Mul2, AXMAC-ACC, and AXMAC-Mul+ACC — achieving Power-
Delay Product (PDP) savings of 15.9%—69.7% and Area-Delay Product (ADP) savings of
41.5%—-85.1% compared with the exact radix-8 Booth MAC.

6. Deep Learning Validation: The proposed AXMAC variants are evaluated using pre-trained
CNN models, including LeNet-5, AlexNet, VGG-13, ResNet-18, and GoogLeNet, across
MNIST, CIFAR-10, and ImageNet. The evaluation uses selected-layer approximation without
retraining or fine-tuning to assess the impact of approximate computation on CNN inference
accuracy.

This paper is organized as follows. Section Il outlines the foundational concepts and related
research progress in this area. Section III introduces the proposed designs and compares the
approximate MAC submodules. Section IV shows the proposed variants of approximate MAC unit.
Section V presents the synthesis results, accuracy evaluation, and comparative analysis. Section VI
concludes the work and outlines directions for future research.

I1. RELATED WORKS

Recent research on efficient MAC architectures can be broadly classified into architectural and
arithmetic optimizations, approximate computing approaches, and the resulting research gaps.

A. Architectural and Arithmetic Optimizations



B. Subramanian et al.; Informacije MIDEM, Vol. 56, No. 2(2026), XX — XX

Sarnala and Pillutla [13] proposed a Hybrid Parallel Prefix Adder (HPPA) for FPGA-based CNN
acceleration, achieving a 16.78% improvement in computational speed through optimized addition
logic within the MAC datapath. Tang and Han [14] introduced a dual-mode Truncation Error
Compensation (TEC) method for Booth-based MAC units, yielding over 40% improvement in area—
delay—error performance relative to conventional truncated designs. Tung and Huang [15] proposed a
high-performance MAC architecture that integrates addition and accumulation within the Partial
Product Reduction (PPR) stage, reducing carry propagation delay and improving computational
throughput. Cheng et al. [16] developed a sparse CNN accelerator based on a radix-4 Booth multiplier,
achieving 14.37 TOPS/W efficiency at high sparsity levels, demonstrating the effectiveness of
hardware-aware sparsity in improving MAC utilization.

B. Approximate Computing for MAC Optimization

Approximate computing has emerged as an effective design strategy for MAC units in error-tolerant
CNN and edge-Al workloads. Nojehdeh et al. [17] demonstrated that substituting exact adders and
multipliers with approximate counterparts reduces energy consumption by 64% and silicon area by 43%
with negligible accuracy loss. Li et al. [18] developed an approximate Processing Element (PE)
employing stochastic rounding, achieving a 29% reduction in Power—Delay Product (PDP) while
preserving inference accuracy. Di Meo et al. [19] proposed a segmented approximate MAC design with
over 60% power savings, and Zhang et al. [20] introduced a 4:2 approximate compressor that improved
the Power—Delay—Area Product (PDAP) by 66%. Chhajed et al. [21] presented BitMAC, a bit-serial
MAC architecture for low-power edge devices, achieving 25.9% area reduction, 35.6% lower power,
and 14.3% lower latency in 45 nm CMOS compared to conventional designs.

At the arithmetic submodule level, Napoli et al. [22] conducted a comprehensive analysis of
approximate full adder designs using 14 nm FinFET technology, enumerating all truth-table variants of
a standard full adder and identifying Pareto-optimal designs that offer the best trade-offs among power,
area, and accuracy. Rosa et al. [23] proposed Approximate Parallel Prefix Adders (AxPPA) by
introducing approximations in the prefix-operator logic, reporting energy and area reductions with
limited output-quality degradation. Tang et al. [24] designed Approximate radix-4 Booth Encoders
(AR4BE1 and AR4BE2) for signed multipliers, reducing area, delay, and power by up to 32% while
maintaining acceptable accuracy for image processing applications. Balasaraswathi and Padmapriya
[25] introduced Hybrid Parallel Prefix Adders (HyPPA), combining approximate lower-bit adders —
including LOA, Copy Adder, and ETA-1 — with exact prefix logic in the upper bits, achieving up to
57% power and 65% energy savings with minimal accuracy loss. While HyPPA demonstrates the
effectiveness of hybrid exact—approximate prefix addition, the present work extends this concept to the
accumulation stage of an approximate MAC architecture. Khurshid [26] proposed CORDIC-based
approximate MAC architectures with adaptive computation stages and reported improved error
characteristics for 16-bit operations. Nojehdeh et al. [27] further explored approximate arithmetic for
time-multiplexed MAC blocks in Artificial Neural Networks (ANNSs), reducing hardware area by up to
64% and energy by 43% through selective replacement of exact units, with their LEBZAM multiplier
demonstrating controlled precision trade-offs via bit-level truncation.

C. Research Gap

Despite these advances, the interaction among approximation techniques across different MAC
stages remains less explored. This work develops four configurable AXMAC variants with selective
approximation in partial product generation, reduction, and accumulation, and evaluates their hardware,
error, and CNN inference characteristics.

I11. PROPOSED METHODOLOGY FOR STAGE-WISE APPROXIMATE MAC
DESIGN
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The proposed approximate MAC (AXMAC) architecture pursues hardware efficiency through a
structured, stage-wise approximation strategy applied independently to the three canonical phases of
MAC computation: Partial Product Generation (PPG), Partial Product Reduction (PPR), and
Accumulation (ACC). The MAC operation is expressed as:

y=w-x+b D
where w € Z8 denotes the signed 8-bit CNN weight (multiplier), x € N® the unsigned 8-bit input
activation (multiplicand), and b the bias accumulation operand. The product w - x is a 16-bit integer
result, which is subsequently accumulated by a 32-bit adder to produce y.

A. Exact radix-8 Modified Booth Encoding and PPG:

Assume that two N-bit signed binary values, X and Y, stand for multiplicand and multiplier,
respectively. X and Y can be expressed in 2’s complement representation with the following equations
(2) and (3).
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Figure 2. Partial product array of the radix-8 Modified Booth Encoding (MBE) for an 8-bit multiplier, producing
three partial product rows PPo, PP1, and PP (j = 0, 1, 2): (a) Conventional array with full sign-extension (b)
Modified array after sign-bit compression using two's complement correction (c) Proposed approximate array

To achieve the product of X and Y , the radix-8 Modified Booth Encoding (MBE) [8], [24], [28],
arranges four bits of Y into a set {y3;,,, ¥3;41,¥3;, y3;_1} With one bit overlapping as shown in Figure
2. While grouping, the y_; bit is assumed to be logic-0 and the sign bit yy_; can be extended to higher
bits [29]. The Booth encoded digit for the j-th group, M;, is computed as (4).

M; = —4y3;,, +2y3j41 +¥3; +¥3j.1  for 0<j<[N/3]-1 (4)

The encoded bit maps each four-bit group to a signed digit drawn from the set
{0, £ 1X, +2X, + 3X, + 4X}, where X denotes the multiplicand. Consequently, an N-bit multiplier
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generates [N /3] partial product rows, compared to [N /2] rows for radix-4 encoding and N rows for
non-encoded multiplication. The partial product (PP) rows of multiplier are obtained in (5).

In Eq. (5),/ is the row index (PPo, PP1, PP> in Figure 2) and i is the bit position within that row.
When sign bit of a Booth encoded digit y3;,,= 0, the PP;; takes only positive values. When y3;,,=1,
a negative partial product row is obtained by 2’s complement of the corresponding positive partial
product row. Therefore, it is achieved by adding logic-1 (y3;,,) at the LSB and complementing each
individual bit of the positive partial product row. The conventional and modified partial product array
of radix-8 Booth algorithm is explained through Figure 2(a) and (b)

i) Proposed radix-8 Booth PP array:

The proposed radix-8 Booth PP array for an 8-bit multiplier is shown in Figure 2(c). It uses a single-
bit MSB sign/zero-extension of the multiplicand to support both signed and unsigned operands. For
unsigned inputs, the extension bit is set to logic-0, whereas for signed inputs it is set equal to the original
MSB. Thus, the extended multiplicand is expressed as

X' '={s,Xn_1, Xn-2,--, X0} (6)

where s = 0 for unsigned inputs and s = Xy _, for signed inputs. In the INT8 CNN configuration, X
represents the unsigned activation and Y represents the signed weight. The single bit extension enables
the same radix-8 Booth datapath to handle both signed and unsigned multiplicands without a separate
unsigned multiplication datapath. The proposed scheme also folds the two's-complement sign-
correction bits into a single partial product row, reducing the PP matrix height compared with
conventional sign-extension approaches. For the 8-bit radix-8 configuration, three partial product rows,
PPo—PP-, are generated.

ii) Proposed Approximate PP terms:

The £3X multiple in radix-8 Booth encoding increases hardware complexity because it requires
additional addition logic. To reduce this overhead, two approximate partial product (AxPP) designs,
AxPP1 and AxPP2, are introduced. AXPP1 replaces £3X with £2X, while AXPP2 replaces £3X with
+4X. Both methods eliminate the dedicated +£3X generation circuitry and simplify the Booth selector by
limiting the required multiples to {0, £X, £2X,+4X}. AXPP1 is selected for the proposed design because
+2X is already available in the standard radix-8 Booth multiple set, requiring only remapping of the
+3X decode states. Its positive and negative mappings also produce opposite-signed approximation
errors, which provides the potential for partial error cancellation, when such terms occur with
appropriate operand distributions. Validation of this behavior using layer-wise CNN operand
distributions is left for future work. AxPP2 is used as a comparative mapping because it replaces +3X
with £4X, increasing the magnitude of the approximated terms.

Table 2. Error Distance Comparison of exact and approximate radix-8 Booth PPG.

Booth bits
{y3j+23 M PP
i ii | AxPP1 ED AxPP2 ED
y3j+15 y3]9 J ]
31}
0000 0 0 0 0 0 0
0001 +1 +1X +1X 0 +1X 0
0010 +1 +1X +1X 0 +1X 0
0011 +2 +2X +2X 0 +2X 0
0100 +2 +2X +2X 0 +2X 0
0101 +3 +3X +2X -1 +4X 1
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0110 +3 +3X +2X -1 +4X 1
0111 +4 +4X +4X 0 +4X 0
1000 —4 —4X —4X 0 —4X 0
1001 -3 —3X —2X 1 —4X -1
1010 -3 —3X —2X 1 —4X -1
1011 —2 —2X —2X 0 —2X 0
1100 —2 —2X —2X 0 —2X 0
1101 -1 -1X -1X 0 —-1X 0
1110 -1 -1X -1X 0 -1X 0
1111 0 0 0 0 0 0

Accordingly, AXPP1 (£3X — +2X) is adopted for the approximate PPG stage of AXMAC-Mull and
AXMAC-Mul+ACC. AxMAC-Mul2 and AxMAC-ACC retain the exact PPG because their
approximation is introduced in the PPR and accumulation stages, respectively. Figure 3 illustrates the
conventional and proposed radix-8 Booth PPG architectures. In the conventional design, the Booth
selector generates the required multiple from the full set {0, £X, £2X, +£3X,+4X}. In the proposed
approximate design, the £3X multiples are eliminated and the selector uses the reduced control signals
{1X, 2X, 4X, NEG}. This reduces multiple-generation and selector complexity, thereby reducing
switching activity and partial product generation power.

N\ xS ) )
¥3j-1 ‘ ¥3j-1
2X X
¥3; V3,
> > 2X ‘
BOOTH 3X BOOTH PFy; BOOTH BOOTH PE;
Y341 ENCODER(BE) SELECTOR(BS) V3541 ENCODER(BE) 4xX ‘ SELECTOR(BS)
4x ‘
Y352 ¥3ji2 NEG ‘
NEG
4 \ J \ J _
\IT "lj "};ﬁ \IT \I—IT ‘l—QI
a) Conventional PP generation b) Approximated PP generation

Figure 3. Booth Encoder—Selector Architecture

B. Partial Product Reduction (PPR):

In high-performance multipliers, the PPR stage, typically implemented using Wallace or Dadda
trees, contributes significantly to switching activity and energy consumption [30]. Exact adders and
compressors provide accurate reduction but increase hardware complexity and critical-path delay.
Approximate compressors relax selected logic operations to reduce area, delay, and power while
exploiting the error tolerance of CNN inference [20].

i) Proposed Half Adders

Half adders (HAs) are basic components of multiplier reduction trees. In this work, three
approximate HA variants are evaluated against the exact HA to reduce hardware cost, delay, and energy
with bounded error. The functional expressions and error characteristics are summarized in Tables 3
and 4. Among the evaluated variants, the XOR-less HA provides a suitable hardware—error trade-off
with a maximum ED of 1 and is therefore selected for the proposed PPR stage. The carry-free HA offers
lower delay but has a maximum ED of 2, while the LOA-style HA provides lower hardware cost with
higher error.

Table 3. Functional Comparison of exact and approximate HA variants.



B. Subramanian et al.; Informacije MIDEM, Vol. 56, No. 2(2026), XX — XX

Approximate Approximate Hardware Error Max
Variant Sum Carry Cost Cases ED
_ . High
Exact HA S=A®B C=A-B (XOR+AND) - -
_ _ Low Only
XOR-less HA S=AVB C=A-B (OR + AND) (L) 1
_ _ Very Low Only
Carry-Free HA S=A®B c=0 (XOR only) (L) 2
LOA-Style HA S=AVB C=8B Ultra-Low (((i’ 11))’ 3

*The selected design is highlighted.

Table 4. Truth Table of exact and approximate half-adder variants.

A B | Exact Exact | XOR- XOR- ED | Carry- Carry- ED | LOA- LOA- ED
S C less S less C free S free C S C

0 0]0 0 0 0 0 0 0 0 0 0 0

0 171 0 1 0 0 1 0 0 1 1 2

1 01 0 1 0 0 1 0 0 1 0 0

1 170 1 1 1 1 0 0 2 1 1 1

Among the evaluated approximate half adders, the XOR-less HA provides a suitable trade-off
between error and hardware cost, with a maximum ED of 1, making it suitable for reduction stages
where moderate error constraints are required. The carry-free HA achieves the lowest delay by
completely eliminating the carry path, making it attractive for deep compressor trees, although its
maximum ED = 2 limits use to lower-significance positions. The LOA-style HA provides lower
hardware cost but higher error, making it more suitable for LSB-dominant or highly error-tolerant
applications. The XOR-less HA is chosen as the preferred building block for the proposed MAC
architecture based on its hardware-error trade-off.

ii) Proposed Full Adders

Full adders (FA) serve as the core arithmetic components in the PPR phase in multipliers. In this
work, four approximate FA architectures are evaluated against the exact FA to reduce hardware cost,
delay, and energy with bounded error [22]. Their functional expressions and error characteristics are
summarized in Tables 5 and 6. Among the evaluated variants, AXFA provides a suitable accuracy—
hardware trade-off, with a maximum ED of 1, compared with an ED of 2 observed in CFFA, M-LOA,
and HSFA. AxFA also preserves the exact carry equation while simplifying the sum-generation logic.
Therefore, AXFA is selected for integration into the PPR stage of the proposed MAC architecture.

Table 5. Functional Comparison of exact and approximate FA variants.

Variant Sum Expression Carry Expression Hardware Error Max
Cost Cases ED
Exact Full S=AB@B®DCy C=(A.B)V (A.Cin) High - 0
Adder V (BCin)
AxFA (XOR- S=AVBVC(y, C=(A.B)V (A.Cyp) Low Few 1
less FA) V (BCy)
CFFA (Carry- S=A@D@BODC(C, cC=0 Very Low Many 2
Free FA)

M-LOA FA S=AVB C=BVvVC(y, Ultra-Low  Moderate 2
HSFA (Hybrid S=A®B C=AVB Low Few 2
Simple-Logic

FA)

*The selected design is highlighted.
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Table 6. Truth Table of exact and approximate FA variants.

. Exact AxFA CFFA M-LOA HSFA
AB G 6o ] so | so | so FP| so FP
0 O 0 0,0 0,0 0 0,0 0 0,0 0 0,0 0
0 O 1 1,0 1,0 0 1,0 0 1,1 2 1,0 0
0 1 0 1,0 1,0 0 1,0 0 1,1 2 1,1 2
0 1 1 0,1 1,1 1 0,0 2 1,1 1 1,1 1
1 0 0 1,0 1,0 0 1,0 0 1,1 2 1,1 2
10 1 0,1 11 1 0,0 2 11 1 11 1
1 1 0 0,1 1,1 1 0,0 2 1,1 1 0,1 0
1 1 1 1,1 1,1 0 1,0 2 1,1 0 1,1 0
iii) Proposed 4:2 Compressors

4:2 compressors are key components of the partial product reduction tree and strongly influence its
area, delay, and switching activity [15]. In this work, three approximate 4:2 compressors are evaluated
against the exact compressor to reduce hardware cost while maintaining controlled error [31]. The
functional expressions are summarized in Table 7.

Table 7. Functional Comparison of exact and approximate 4:2 variants.

Compressor Sum output S Carry output C
Cexact = ((xz @ xl) : (x4- @ X3))
Exact 4:2 Sexact = X4 D x3 B x, © x1 B Cyy V Cin((x2 @ x1) D (x4
D x3))
AxCOMP1 Saa = X4 D xs D x2 g CAx1 = (x1.%;) V (X3.%4)
AxCOMP2 Sapo =Xx3 D x, B x4 CAx2 = (x; D x3) V (x3.x4)
AxCOMP3 Saxz = (4 +23) D (x, B xy) CAx3 = (x1.%,) V (x3.X4)

*The selected design is highlighted.

Table 8. Truth Table of exact and approximate 4:2 compressor variants.

x4. x3 xz x1 Sexact Cexact SAxl CAxl ED1 SAxZ CAxZ ED2 SAx3 CAx3 ED3
0O 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 1 1 0 1 0 1 1 0 0 0 0 1
0 0 1 0 1 0 1 0 1 1 0 1 0 0 1
0 0 1 1 0 1 0 1 0 1 0 1 0 1 0
0 1 0 0 1 0 1 0 0 1 0 0 0 0 1
0 1 0 1 0 1 0 1 0 1 1 1 1 1 1
0 1 1 0 0 1 0 1 0 1 1 1 1 1 1
0 1 1 1 1 1 1 1 1 1 1 0 0 1 1
1 0 0 O 1 0 0 0 1 1 0 0 1 0 0
1 0 0 1 0 1 0 1 0 1 1 1 1 1 1
1 0 1 0 0 1 0 1 0 1 1 1 1 1 1
1 0 1 1 1 1 1 1 0 1 1 0 1 1 0
1 1 0 0 0 1 0 1 0 0 1 0 1 0 1
1 1 0 1 1 1 0 1 1 0 1 1 1 1 0
1 1 1 0 1 1 0 1 1 1 1 0 1 1 0
1 1 1 1 0 1 0 1 0 1 1 1 1 1 1

Table 8 lists the complete truth table of the proposed 4:2 compressor, showing the mapping
from the four input bits (x4, x3, x5, x;)to the exact sum and carry outputs (S, C.i)and three
approximate realizations (S;, C;), (S,, C;), and (S3, C3). The last three columns, ED1, ED2, and ED3,
report the corresponding error distance for each approximation, defined as the absolute difference
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between the exact and approximate output values. Table 8 shows that the approximate compressors
produce ED values of 0 or 1 for the evaluated input combinations.

Table 9 compares the synthesis results and error probabilities of the exact compressor and six
approximate variants — Design [5], Design [31], Design [32], AxCOMP1, AxCOMP2, and AxCOMP3.
All designs are synthesized using the 45 nm CMOS standard-cell library under identical synthesis
constraints mentioned in Section V. Error probability is reported over 256 weighted input occurrences,
following the probability model used in the referenced approximate-compressor studies. The results
illustrate different trade-offs between hardware cost and error probability. The PDP—error and ADP—
error plots illustrate the hardware—error trade-offs among the exact and approximate compressors in
Figure 4.

Table 9. Hardware Performance and error comparison of exact and approximate 4:2 compressors.

Desion Area Power Delay Error ADP PDP

g (um?) (nW) (ps) Probability (um?-ps) )
Exact 35.84 734.38 402 — 14407.68 0.2952
Design [5] 14.65 243.87 199 175/256 2915.35 0.04853
D[e;ﬁn 26.10 775.92 451 16/256 11771.10  0.34994
DES;]%H 25.87 503.47 436 4/256 1127932 0.21951
AxCOMPI 2328 44031 203 16/256 4725.84 0.08938
AxCOMP2  15.34 416.86 184 37/256 2822.56 0.07670
AxCOMP3 13.06 334.75 179 175/256 245528 0.06293
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Figure 4. Area—Delay and Power—Delay Trade-Offs of Approximate Compressors

Among the existing approximate designs, Design [5] provides substantial hardware reduction but
has a high error probability of 175/256. Design [32] has a low error probability of 4/256 but higher
delay and hardware cost, while Design [31] provides an intermediate error probability of 16/256 with
higher delay and power. Among the proposed compressors, AXCOMP1 provides a 16/256 error
probability with reduced area, power, and delay compared with the exact compressor. AXCOMP2 and
AxCOMP3 provide further hardware reductions but exhibit higher error probabilities of 37/256 and
175/256, respectively. Therefore, AXCOMPI1 is selected for the PPR stage based on its hardware—error
trade-off.

C. Proposed Hybrid Approximate Accumulator:

In a MAC unit, the generated products are accumulated using an adder tree or carry-propagate
structure. Prefix adders generate carries in parallel and can reduce carry-propagation delay [22], [23],
[25], [33]. In the proposed work, a Hybrid Han—Carlson Parallel Prefix Adder (HyPPA-HC) is
employed in the accumulation stage, with approximation confined to the lower eight bits. The proposed
HyPPA-HC divides the accumulator into three regions: (i) an exact Han—Carlson prefix network for
bits 31-8, (ii) a semi-exact local-carry section for bits 7-4, and (iii) an approximate Lower—OR Adder
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(LOA) for bits 3-0. Thus, the 32-bit accumulator retains exact computation in the upper 24 bits while
approximation is restricted to the lower 8 bits. Figure 5 shows the block-level structure of the proposed
32-bit HyPPA-HC with these three regions. For all bit positions, the fundamental Propagate (p;) and
Generate (g;) signals are defined as

pi=a;®b, gi=a; b (7)
and the prefix operator used in the exact Han—Carlson stages follows the canonical associative
formulation.

(G, P) = (Gk, P) ° (gj,vj) = (G V Prgj, Pxpj) (8)
The LOA region (bits 0-3) suppresses all carry dependencies and replaces the exact sum function with
the OR formulation in (9)

sl!“OAzaiVbi 0<5i<3 (9)
thereby collapsing the carry network depth to O (1) and eliminating both the local full-adder cells and
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Figure 5. Proposed Block-level architecture of HyPPA-HC.

the forward carry arcs. The upper LSB part (bits 4-7) retains the propagate—generate semantics but
deliberately omits prefix expansion; instead, carries are resolved through a constrained intra-nibble
recursive relation.

Civ1 =9V (i G) 4<i<7, (10)

with the LOA boundary condition C, = 0. This yields an exact local carry-out Cg = G7.4 V P7.,C,,
where G-.4, P7., denote the group-generate and group-propagate terms of the nibble. The MSB region
consumes Cg as the injected initial carry and implements a 24-bit Han—Carlson prefix topology for bits
31-8, which combines sparse levels (as Brent—-Kung) and dense levels (as Kogge—Stone) to realize
logarithmic-depth carry computation with bounded fan-out. The exact MSB sum is finally produced as

SiZPi@Ci 8Sl§31, (11)

The obtained hybridization drastically reduces the total prefix-cell count by eliminating the entire lower
8-bit prefix tree and collapsing the lowest nibble into pure combinational OR logic.

Iv. DESIGN OF APPROXIMATE MAC
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This section presents four approximate MAC variants obtained by selectively introducing
approximation into the Partial Product Generation (PPG), Partial Product Reduction (PPR), and
Accumulation (ACC) stages [34], [35].

A. The AXMAC-Mull design introduces approximation only in the PPG stage, simplifying Booth
encoding by replacing complex £3X terms with +2X following the AxPP1 scheme defined in Section
III.A.ii. The PPR, partial-sum CPA, and accumulation stages use exact arithmetic as discussed in
Section III A & B, as shown in Figure 6.

activation 8b weight 8b o X0 © 0000000
A R R y {00 ofo}o e{o}e 00}
| y ',1'
| | PPo L NonoN N N N N N N J
| AXPPG | e, TXXXXRXX
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16b

Scaling/Requantization
INT32—>INTS

Figure 6. Block-level architecture of the proposed AXMAC-Mull

B. The AxXMAC-Mul2 design uses a selective-approximation approach, applying approximation only
in the PPR stage while the PPG, partial-sum CPA, and accumulation stages remain exact. In the PPR
stage, the selected XOR-less HA, AxFA, and AXCOMP1 are assigned to the lower-significance
columns, while exact adders and compressors are retained in the higher-significance columns according
to Algorithm 1.

Algorithm 1 specifying Approximate Designs for Different Columns of AxXMAC-Mul2

Input: N - Operand length
Assumption: Initially, all compressors are exact.
Definitions:
i - Reduction stage index
j = Column index
compressor(i,j) > Compressor assigned at stage i and column j
Output:
Assignment of approximate compressors in LSB columns
and exact compressors in MSB columns

-- Assigning approximate compressors in LSB region --

1: foriin [stagel, stage2, ..., stage(log2(N/3) - 1)]
2: forjin [column O to column (N/2)]
3: if number_of_bits(j) == 2 then
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4 compressor(i,j) &< XOR-less HA
5 else if number_of bits(j) == 3 then
6: compressor(i,j) < AxFA

7 else if number_of_bits(j) >= 4 then
8 compressor(i,j) &< AxCOMP1

9

end if
10: end for
11: end for

-- Assigning exact compressors in MSB region --

12: foriin [stagel, stage2, ..., stage(log2(N/3) - 1)]
13:  forjin [column (N/2 + 1) to column (2N - 3)]

14: if number_of_bits(j) == 2 then

15: compressor(i,j) < Exact HA

16: else if number_of_bits(j) == 3 then

17: compressor(i,j) € Exact FA

18: else if number_of_bits(j) >= 4 then

19: compressor(i,j) €< Exact 4:2 Compressor
20: end if

21: end for

22: end for

C. The AxXMAC-ACC design introduces approximation only in the accumulation (ACC) stage, while
all multiplier components (PPG, PPR, partial-sum CPA) remain exact. The 32-bit accumulator uses the
HyPPA-HC structure described in Section II1.C, with an exact Han—Carlson region for bits 31-8, a semi-
exact local-carry region for bits 7-4, and an approximate LOA region for bits 3-0. Thus, approximation
is confined to the lower eight bits of the 32-bit accumulator, while the upper 24 bits remain exact.

D. The AxXMAC-Mult+ACC design applies approximation across all three MAC stages: the AxPP1
scheme (£3X — £2X) for PPG, the XOR-less HA, AxFA, and AxCOMP1 for PPR, and the HyPPA-HC
adder for 32-bit accumulation with exact MSBs and approximate LSBs. The partial-sum CPA remains
exact.

V. SYNTHESIS AND ACCURACY EVALUATION RESULTS

This section evaluates the proposed AxXMAC variants in terms of circuit delay, occupied area, and power
dissipation, arithmetic error and CNN inference accuracy. The following evaluations were conducted
to validate the design performance:

e Performance Evaluation: The proposed AXMAC variants and all reference designs are
described in Verilog HDL and functionally verified by RTL simulation. Logic synthesis is
performed using Cadence Genus with GPDKO045 45 nm CMOS standard-cell library
characterized at 1.08 V and 125 °C under the worst-case (SS) process corner. Power is
estimated from a Switching Activity Interchange Format (SAIF) file captured during RTL
simulation for all evaluated designs. Since the AXMAC variants are purely combinational,
no timing constraint is applied to their input-to-output paths; consequently, setup/hold
timing slack is not defined for these unconstrained paths. The critical-path delay reported
in Table 10 is the data-arrival time of the longest combinational path from the primary
inputs to the primary outputs, extracted using the report timing -unconstrained command.
To validate physical implementability, the proposed AXMAC-Mul+ACC design is taken
through the placement and routing flow using Cadence Innovus; the resulting layout is
shown in Figure 7.
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Error—Hardware Trade-off Analysis: Python-based error analysis is used to evaluate the
proposed approximate MACs. AXxMAC-Mull and AxXMAC-Mul2 are evaluated
exhaustively over 21® combinations of 8-bit operands, while AXMAC-ACC and AXMAC-
Mul+ACC are evaluated using 100 000 uniformly random generated full-MAC Monte
Carlo samples.

Inference Accuracy Validation: PyTorch-based software emulation models each AxXMAC
variant as an approximate convolution operator. Approximation is applied only to the
selected convolutional layer, while all remaining operations are kept exact. Pre-trained
INT8-quantized LeNet-5, AlexNet, VGG-13, ResNet-18, and Googl.eNet models are
evaluated in inference-only mode without retraining or fine-tuning across MNIST, CIFAR-
10, and ImageNet.

A. Delay, Power and Area Results

Table 10 summarizes the synthesis results of the proposed AXMAC variants. Compared with the
exact radix-8+WT+RC MAC, AxXMAC-Mull, AXMAC-Mul2, AXMAC-ACC, and AXMAC-Mul+ACC
reduce delay by 6.8%, 19.9%, 36.3%, and 43.5%, respectively. The corresponding area reductions are
37.2%, 56.9%, 67.6%, and 73.6%, while the PDP reductions are 15.9%, 40.3%, 47.0%, and 69.7%,
respectively. The proposed AXMAC variants and reference designs show different hardware
characteristics due to their respective approximation strategies. To assess physical implementability, the
AxXMAC-Mul+ACC design is taken through the placement-and-routing flow using Cadence Innovus as
in Figure 7. The normalized areca—delay and power—delay trade-offs among the evaluated designs are
represented in Figure 8.

Table 10. Hardware Performance for Proposed MAC variants and Reference Designs (delay = unconstrained
critical-path delay)

Works Delay Area Power ADP PDP PDAP Norm.
(ns) (nm?) (nW) (um*-ns) (pJ) (x107) PDAP
Exact
(radix- 13.07  3878.04 1065.71 50,685.983 13.92 5.399 1.00
8+WT+RC)t
A%‘I‘IC' 12.18 243521 961.504 29,660.858 11.711 2.859 0.530
A%‘I‘ZC' 1047  1671.88 793.89 17,504.584 8.312 1.390 0.257
A’i\géc' 8.32 1256.14 887.047 10,451.085 7.38 0.927 0.172
AXMAC-
Mul+A @ 7.39 1023.84 570.221 7,566.178 4213 0.431 0.080
ICCD-
MAC[36] 11.82  2643.24 984.375 31,243.097 11.635 3.069 0.568
H-MAC[36] 9.66  2778.57 812.809 26,840.986 7.85 2.175 0.403
LEBZAM
A7) 10.37  3011.05 934.078 31,224.588 9.686 2.913 0.539
PA’QC[I;%C' 9.01 2441.79 808.974 22,000.528 7.288 1.781 0.330
BMS[I;:;]WAT 8.53 1807.68 917.203 15,419.510 7.823 1.409 0.261
CORDIC[26] 12.13 4591.5 1184.069 55,694.895 14.362 6.605 1.224
Ours_7[15] 9.43 1824.07 990.465 17,200.980 9.34 1.704 0.316
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Figure 7. Placement-and-routing layout of the proposed AXMAC-Mul+ACC datapath.

Figure 8. Normalized (a) area-delay and (b) power-delay trade-off plots.

Figure 8 compares the normalized area-delay and power-delay trade-offs of the evaluated designs. The
proposed AxXMAC designs, particularly AXMAC-Mul+ACC, achieve the best trade-off by
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simultaneously minimizing hardware cost and critical-path delay compared with the exact MAC and
prior state-of-the-art MACs.

B. Error Analysis

To evaluate the arithmetic accuracy of the proposed AXMAC variants, Error Distance (ED), Mean
Error Distance (MED), Normalized Mean Error Distance (NMED), and Mean Relative Error Distance
(MRED) are calculated using Python-based simulation. AXMAC-Mull and AXxMAC-Mul2 are
exhaustively evaluated over all 21® combinations of 8-bit operands, since their accumulation stage is
exact. For AXMAC-ACC and AxMAC-Mul+ACC, due to the significantly larger input space, the error
performance is evaluated using 100 000 uniformly random generated full-MAC input states. For each
evaluated input combination, the error distance is defined as

ED = | Exact,,; — Approx,y; | (12)
1
MED ==~Y7, ED; (13)

To calculate NMED, the Mean ED (MED) is first computed using (13). NMED is the average of the
ED normalized with the highest error for all input combinations as (14), whereas MRED stands for the
average of the relative errors for all input combinations as (15). The mathematical expressions for
NMED and MRED are

n
NMED = lz v a (14)
n i=1 EDmax
n
MRED = lz D (15)
n i=1 Exactoyt i
Table 11. Error Comparison for Proposed MAC variants and State-of-the-Art Designs
Works MED NMED MRED NoEB

Exact

(radix- - - - 16
8+WT+RCO)T

AXPIRCE 36.024 0.0028 0.0037 14.05

Mull

AxMAC-

Mul2 57.38 0.0034 1.227 6.35

ICCD-

MAC[36] 15331.91 0.1664 39.903 1.32
H-MACJ36] 98.34 0.080 0.0114 13.11
LEBZAM

(7.13)[17] 209.403 0.3893 22.512 2.15
PaxcMAC-

8[37] 167.91 0.39 0.19 8.71
BMS[I;:;]WAT 47.09 0.161 124.962 0.38
CORDIC[26] 271 0.0118 0.0025 15.29

Ours_7[15] 81.32 0.0531 87.304 0.19
WT-4[18] 97.65 0.912 0.478 7.70

Error Comparison using Monte Carlo
Works MED NMED MRED NoEB
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AXMAC-

ACC 42.495 0.0021 0.8944 7.39
AxMAC-
Mul+ACC 91.624 0.0133 2.1824 4.68

TWT: Wallace Tree; RC: Ripple Carry adder.

Table 11 summarizes the MED, NMED, MRED, and NoEB of the proposed AXMAC variants and
reference designs. AXMAC-Mull exhibits the lowest error among the proposed variants as
approximation is confined to PPG. AXMAC-Mul2 and AXMAC-ACC introduce approximation in PPR
and ACC, respectively, resulting in higher error metrics. AXMAC-Mul+ACC combines these
approximation mechanisms and exhibits the highest error among the proposed variants. The reference
designs, including ICCD-MAC, H-MAC, LEBZAM (7,13), PaxcMAC-8, BMSE+WAT, CORDIC,
Ours_7, and WT-4, exhibit different error characteristics according to their respective approximation
mechanisms. Future work will extend the evaluation to actual CNN operand distributions across
convolutional layers to further investigate layer-dependent error propagation. Figure 9 further illustrates
the error—hardware relationships using NMED/MRED against PDP/ADP, highlighting the trade-offs
among arithmetic accuracy, power, delay, and area across the evaluated designs.
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Figure 9. NMED-PDP, NMED-ADP, MRED-PDP, and MRED-ADP trade-off analysis of the evaluated MAC

designs.

C. CNN Accuracy Evaluation

The proposed AXMAC variants are evaluated using pre-trained CNN models across MNIST,
CIFAR-10, and ImageNet, including LeNet-5, AlexNet, VGG-13, ResNet-18, and GoogLeNet. The
pre-trained models are used as the baseline networks, and no retraining or fine-tuning is performed after
introducing the approximate MAC operations. To emulate the actual operating environment of a
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hardware accelerator, both weights and activations are quantized into 8-bit fixed-point values for
computation. To assess the effect of approximation on classification performance, each AXMAC variant
is introduced at the selected convolutional layer indicated in Table 12, while the remaining network
operations are retained as exact [39].

Table 12. CNN evaluation of the proposed AXMAC variants and prior approximate MAC designs.

Works niljile\is Datasets Chosen Layer bzllls\le:rﬂie Acz(l)z‘ )a <y

LeNet-5 MNIST conv2 99.5 98.55
AlexNet ImageNet features.6 69.95 68.91
AxMAC- VGG-13 ImageNet conv3 2 65.47 62.58
Mull ResNet-18 CIFAR-10 layer2.1.convl 89.9 88.72
GoogLeN CIFAR-10 inception3b.bra 85 42 R4 57

et nch2.1
LeNet-5 MNIST conv2 99.5 98.22
AlexNet ImageNet features.6 69.95 68.54
AxMAC- VGG-13 ImageNet conv3 2 65.47 62.2
Mul2 ResNet-18 CIFAR-10 layer2.1.convl 89.9 88.46
GooglLeN CIFAR-10 inception3b.bra 8542 3361

et nch2.1
LeNet-5 MNIST conv2 99.5 97.82
AlexNet ImageNet features.6 69.95 67.96
AxMAC- VGG-13 ImageNet conv3 2 65.47 61.95
ACC ResNet-18 CIFAR-10 layer2.1.convl 89.9 88.61
GooglLeN CIFAR-10 inception3b.bra 85 42 83 85

et nch2.1
LeNet-5 MNIST conv2 99.5 96.69
AlexNet ImageNet features.6 69.95 66.88
AxMAC- VGG-13 ImageNet conv3 2 65.47 59.82
MulH+ACC ResNet-18 CIFAR-10 layer2.1.convl 89.9 87.05
GoogLeN CIFAR-10 inception3b.bra 85 42 243

et nch2.1

Works nﬁ)ljiﬂs Datasets Chosen Layer bzllls\le:};?le Ac:zz‘ )a &y

ICCD- AlexNet ImageNet NA NA 66.61
MAC [36] ResNet-18 ImageNet NA NA 61.51
H-MAC AlexNet ImageNet NA NA 85.55
[36] ResNet-18 ImageNet NA NA 89.37

As Table 12 summarizes, the accuracy varies with the CNN model, selected layer, and

approximation configuration. Prior works, including ICCD-MAC and H-MAC, report accuracy from
convolutional-layer evaluation. The present evaluation considers selected-layer approximation rather
than network-wide MAC replacement. Full network-wide deployment across all convolutional layers
without retraining or fine-tuning is left for future work. The worst-case operating point in Table 12 is
AxXxMAC-Mul+ACC applied to VGG-13 on ImageNet. Its accuracy is 59.82%, compared with 65.47%
for the exact-arithmetic baseline evaluated under identical settings, which corresponds to a degradation
of 5.65 percentage points (8.6% relative to the baseline). This is the largest accuracy degradation
observed in the evaluation. The result shows that approximating both multiplication and accumulation
can reduce CNN accuracy. Therefore, AXMAC-Mul+ACC may not be suitable for accuracy-critical
applications, but it can be considered for error-tolerant applications where hardware savings are more
important than the loss in accuracy. For large-scale classification tasks, AXMAC-Mull, which limits
the degradation on the same benchmark to 2.89 percentage points, is the recommended configuration.

VI. CONCLUSION
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This work presents a circuit-level optimization of multiply—accumulate (MAC) units for energy-
efficient CNN inference by selectively introducing approximation in partial product generation,
reduction, and accumulation stages. The proposed AXxMAC architectures employ a radix-8 Booth
scheme with AxPPl-based #3X elimination (£3X — +2X), error-metric-guided approximate
compressors, and a hybrid Han—Carlson parallel prefix accumulator to reduce logic complexity and
switching activity while maintaining controlled accuracy. Across the four proposed variants, the designs
achieve up to 43.5% delay reduction, 73.6% area savings, and 46.5% power reduction, yielding PDP
and ADP improvements of up to 69.7% and 85.1% respectively, against an exact radix-8 Booth MAC.
Under selected-layer approximation, AXMAC-Mull achieves inference accuracies between 84.57% and
98.55% across the five evaluated (model, dataset) pairs. The results show model- and layer-dependent
accuracy degradation.

Future Work

Future work will proceed along four directions. First, reconfigurable and adaptive AXxMAC
architectures that adjust approximation and precision according to application- and layer-sensitivity.
Second, network-wide replacement of the exact MAC across all convolutional layers of each evaluated
CNN, including retraining- or calibration-based recovery of end-to-end accuracy. Third, empirical
characterization of AXPP1 error cancellation on captured INT8 weight and activation tensors from each
convolutional layer, to identify layers with residual bias from asymmetric weight distributions. Fourth,
integration of the proposed AXMAC into systolic-array processing-element arrays of several sizes, with
a fully documented synthesis flow, a component-level area breakdown, post-layout static timing
analysis and parasitic-extracted power sign-off, together with evaluation on advanced technology nodes
and Gemmini-class accelerator frameworks.
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