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Abstract

The rapid growth of deep learning applications, especially Convolutional
Neural Networks (CNNs), has significantly increased computational
complexity and hardware resource requirements. This poses challenges
in deploying CNN models on resource-constrained devices such as
embedded systems and edge computing platforms. To address these
limitations, approximate computing techniques have emerged as a
promising solution to enhance hardware efficiency by trading off
minimal accuracy loss for significant reductions in power, area, and
delay. This paper presents a comprehensive review of deep learning and
optimization approaches for hardware-efficient CNN architecture
design using decoder-based low-power approximate multipliers and
error-reduced carry prediction approximate adders. The study
particularly focuses on MNIST dataset classification as a benchmark for
evaluating performance. Recent advancements in approximate
multiplier architectures, including partial product reduction and
compressor-based designs, have demonstrated substantial energy
savings while maintaining classification accuracy. Additionally,
optimized adder designs contribute to reducing propagation delay and
improving arithmetic efficiency in multiply-accumulate (MAC) units.
The review highlights how integrating approximate arithmetic units
within CNN architectures enhances performance, reduces power
consumption, and improves throughput. Furthermore, the paper
discusses trade-offs between accuracy and hardware efficiency,
providing insights into future research directions in low-power Al
hardware design.

Introduction

environments such as IoT devices, mobile

Convolutional Neural Networks (CNNs) have
become a cornerstone of modern deep learning
applications, particularly in image classification,
pattern recognition, and computer vision tasks.
However, the computational intensity of CNNs
presents significant challenges when deploying
these models on  hardware-constrained
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systems, and embedded platforms. The primary
computational burden arises from the multiply-
accumulate (MAC) operations that dominate
convolutional layers, making multipliers and
adders critical components in CNN hardware
design.
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Recent studies have shown that multiplication is
the most power-consuming and resource-
intensive  operation in neural network
computation, making it a prime target for
optimization. Approximate computing has
emerged as a viable solution, leveraging the
inherent error tolerance of neural networks to
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reduce hardware complexity without
significantly affecting output accuracy. In CNN-
based systems, especially for datasets such as
MNIST, slight inaccuracies in arithmetic
computations do not drastically impact
classification results, allowing designers to use
approximate arithmetic units.
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Figure 1. Approximate CNN Architecture for Low-Power MNIST Classification

Approximate multipliers reduce hardware
complexity by simplifying partial product
generation and reduction stages. Techniques
such as truncated multiplication, compressor-
based architectures, and logarithmic multipliers
have demonstrated significant reductions in
power and area while maintaining acceptable
accuracy levels. Similarly, approximate adders,
such as carry prediction and error-reduced carry
propagation adders, improve speed and reduce
energy consumption by limiting carry chain

propagation.
In CNN accelerators, the use of approximate
multipliers has been shown to achieve

substantial energy savings—up to 80% in some
cases—while  maintaining  near-equivalent
accuracy compared to precise arithmetic
implementations. Additionally, hardware-aware
neural architecture search (NAS) methods have
been proposed to optimize CNN architectures
specifically for approximate arithmetic units,
further enhancing efficiency.

The MNIST dataset serves as a widely accepted
benchmark for evaluating CNN performance due
to its simplicity and suitability for hardware
experimentation. Studies have demonstrated
that approximate multipliers can significantly
reduce area and delay while maintaining
classification accuracy above 97% on MNIST.
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This makes MNIST an ideal platform for
validating low-power CNN architectures.

This review focuses on integrating decoder-
based low-power approximate multipliers and
error-reduced carry prediction approximate
adders within CNN architectures. The goal is to
explore how these techniques improve hardware
efficiency while maintaining classification
accuracy. Furthermore, optimization strategies
such as pruning, quantization, and hardware-
aware training are examined to provide a
comprehensive understanding of efficient CNN
design.

Literature Review

Kim et al. (2020) investigated the application of
approximate multipliers in deep convolutional
neural networks, emphasizing energy-efficient
inference. The authors demonstrated that CNNs
inherently tolerate computational inaccuracies,
allowing the use of approximate arithmetic units.
Their study showed that replacing exact
multipliers with approximate designs reduced
power consumption by nearly 80% while
maintaining classification accuracy within a
negligible margin (~0.2%). The work highlighted
that approximation should be selectively applied
to multiplication operations, as excessive
approximation in adders may degrade
performance. This study laid the foundation for
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integrating approximate computing in CNN
accelerators.

Venkatachalam et al. (2020) conducted a
comprehensive survey on approximate adders
and multipliers for low-power digital systems.
Their work categorized approximate adders into
error-tolerant, carry-cutback, and speculative
adders, and analyzed their applicability in neural
network hardware. The study emphasized that
carry prediction-based adders significantly
reduce delay and energy consumption. The
authors concluded that combining approximate
multipliers with optimized adders can
substantially improve CNN hardware efficiency
without compromising output quality.

Mrazek et al. (2020) proposed evolutionary
optimization  techniques  for  designing
approximate multipliers tailored for error-
resilient applications like CNNs. Their approach
automatically generated optimized multiplier
circuits with reduced area and power.
Experimental results showed improved
performance metrics compared to conventional
designs, making them suitable for embedded Al
systems. The study demonstrated that
evolutionary algorithms can produce hardware-
efficient arithmetic units while maintaining
acceptable computational accuracy.

Shin and Gupta (2021) explored hardware-aware

neural network design by incorporating
approximate arithmetic units into CNN
architectures. Their work introduced a

framework for evaluating accuracy loss versus
energy savings. The authors showed that
hardware-aware training techniques can
compensate for approximation errors, enabling
the use of aggressive approximation strategies.
This study significantly contributed to bridging
the gap between algorithm-level optimization
and hardware design.

Shirane et al. (2021) designed an approximate
multiplier architecture specifically for MNIST-
based CNN classification. The proposed design
used partial product truncation and compressor-
based reduction to minimize hardware
complexity. Experimental results indicated that
the CNN achieved classification accuracy above
97% while significantly reducing power and
area. The study confirmed that MNIST
classification is highly tolerant to arithmetic
approximations, making it ideal for testing low-
power designs.

Camus et al. (2021) introduced approximate
computing techniques for energy-efficient neural
network accelerators. Their study focused on
voltage scaling combined with approximate
arithmetic to achieve ultra-low power
consumption. The authors demonstrated that
combining circuit-level and architectural-level
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optimizations can lead to substantial
improvements in energy efficiency. This work
provided insights into cross-layer optimization
strategies for CNN hardware.

Armeniakos et al. (2022) presented a detailed
review of approximate computing in deep neural
networks. The study analyzed error metrics,
approximation strategies, and hardware design
techniques. The authors highlighted that
approximate multipliers and adders play a
crucial role in reducing computational
complexity in CNN accelerators. Furthermore,
they emphasized the importance of error
resilience and accuracy recovery techniques such
as retraining and quantization-aware
optimization.

Hanif et al. (2022) proposed approximate
multiplier designs using compressor-based
architectures to optimize power and delay. Their
work demonstrated that approximate
compressors significantly reduce switching
activity, leading to lower energy consumption.
The study showed that integrating these
multipliers into CNN architectures results in
improved  hardware  efficiency = without
significant accuracy degradation. This work is
particularly relevant for MAC unit optimization.
Alamuri et al. (2023) developed an advanced
approximate multiplier architecture focusing on
optimized partial product generation and
reduction techniques. Their design achieved
notable reductions in area and power
consumption while maintaining computational
accuracy. The authors demonstrated the
effectiveness of their multiplier in CNN-based
applications, particularly for image classification
tasks like MNIST. The study emphasized the
importance of balancing approximation and
accuracy.

Balasubramani et al. (2023) proposed a high-
performance approximate multiplier combined
with power-efficient adder structures. Their
design leveraged statistical error modeling to
minimize accuracy loss. The study showed
improved performance in terms of delay, area,
and energy efficiency. The authors concluded
that integrating optimized approximate
multipliers and adders significantly enhances
CNN hardware performance, making it suitable
for real-time edge applications.

Mittal (2020) provided a comprehensive survey
on approximate computing techniques in VLSI
systems, focusing on their applicability in
machine learning hardware. The study
highlighted that approximate multipliers and
adders significantly reduce energy consumption
and silicon area. The author emphasized that
neural networks, particularly CNNs, are
inherently error-resilient, making them suitable
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candidates for approximate arithmetic. The work
also discussed trade-offs between accuracy and
efficiency, concluding that approximate
computing is a key enabler for low-power Al
systems.

Hashemi et al. (2020) introduced neural
acceleration techniques using approximate
computing and probabilistic pruning. Their
approach combined approximate arithmetic with
model compression techniques to reduce
computational overhead. The study
demonstrated that integrating approximate
multipliers in CNN inference pipelines leads to
substantial improvements in throughput and
energy efficiency, especially in edge devices.

Wu et al. (2021) proposed a hardware-efficient
CNN accelerator using approximate MAC units.
Their design incorporated truncated multipliers
and speculative adders to optimize performance.
Experimental results showed a significant
reduction in power consumption and latency
while maintaining classification accuracy above
98% on MNIST. The study highlighted that
approximate MAC units are crucial for achieving
real-time inference in embedded systems.

Jiang et al. (2021) presented a novel approximate
adder design based on carry prediction and error
reduction techniques. Their design minimized
carry propagation delay, leading to faster
arithmetic operations. The study demonstrated
that integrating such adders in CNN accelerators
significantly improves speed and energy
efficiency. The authors also analyzed error
distribution and its impact on neural network
performance.

Moons and Verhelst (2021) investigated energy-
efficient CNN accelerators using approximate
arithmetic and quantization techniques. Their
work focused on reducing memory access and
computational  complexity. The authors
demonstrated that combining approximate
multipliers with low-precision arithmetic results
in substantial energy savings while maintaining
acceptable accuracy levels in image classification
tasks.

Li et al. (2022) proposed an optimized
approximate multiplier design using hybrid
encoding techniques. Their approach reduced
switching activity and improved computational
speed. The study showed that integrating this
multiplier into CNN architectures significantly
reduces power consumption and hardware area.
The authors validated their design using MNIST
classification, achieving high accuracy with
reduced resource utilization.

Rehman et al. (2022) developed error-tolerant
approximate multipliers for digital signal
processing and Al applications. Their work
introduced adaptive approximation techniques
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that dynamically adjust accuracy based on

workload requirements. The study
demonstrated that such adaptive designs
improve overall system efficiency while

maintaining acceptable output accuracy in CNN-
based systems.

Yang et al. (2022) proposed a deep learning-
based optimization framework for hardware-
aware CNN design. Their approach incorporated
approximate arithmetic units during training,
enabling the network to adapt to hardware-
induced errors. The study showed improved
robustness and accuracy recovery, highlighting
the importance of co-design between hardware
and neural network models.

Park et al. (2023) introduced a low-power CNN
accelerator using approximate multipliers and
carry prediction adders. Their architecture
optimized MAC units for high throughput and
reduced latency. Experimental results showed
significant improvements in energy efficiency
while maintaining high classification accuracy.
The study emphasized the role of approximate
arithmetic in next-generation Al hardware.
Zhang et al. (2023) presented a comprehensive
optimization framework for CNN hardware using
approximate computing and pruning techniques.

Their approach reduced redundant
computations and improved  hardware
utilization. The study demonstrated that
combining approximate multipliers with
structured pruning leads to significant
improvements in energy efficiency and
computational speed.

Saha et al. (2020) explored low-power
approximate multiplier architectures using

truncated partial product techniques. Their
design significantly reduced switching activity
and silicon area, making it suitable for embedded
Al applications. The study demonstrated that
such multipliers, when integrated into CNN
accelerators, provide efficient computation with
minimal accuracy degradation, especially in
image classification tasks.

Gupta et al. (2020) proposed a carry prediction-
based approximate adder aimed at reducing
propagation delay in arithmetic circuits. Their
design utilized speculative carry generation to
accelerate addition operations. The study
highlighted that incorporating such adders into
CNN architectures improves processing speed
and reduces latency in MAC units.

Akbari et al. (2021) introduced approximate
compressor-based multipliers optimized for
deep learning applications. Their work focused
on reducing the complexity of partial product
reduction using approximate compressors. The
results showed improved energy efficiency and
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reduced delay, making the design highly suitable
for CNN accelerators.

Perri et al. (2021) investigated approximate
arithmetic circuits for error-resilient
applications. Their study analyzed the impact of
approximation errors on neural network
accuracy and proposed mitigation strategies
such as retraining and error compensation. The
authors concluded that CNNs can tolerate
moderate approximation without significant
performance degradation.

Qigieh et al. (2021) presented a high-
performance approximate multiplier design
using hybrid approximation techniques. Their
design achieved a balance between accuracy and
hardware efficiency by selectively approximating
less significant bits. The study demonstrated
improved power efficiency and computational
speed in CNN-based applications.

Chen et al. (2022) proposed a hardware-aware
optimization framework for CNN accelerators
using approximate computing and quantization.
Their approach combined low-precision
arithmetic with approximate multipliers to
achieve energy-efficient inference. Experimental
results showed significant reductions in power
consumption while maintaining high
classification accuracy.

design minimized error propagation while
maintaining fast computation. The study
demonstrated that such adders enhance CNN
accelerator performance by reducing latency in
accumulation operations.

Kundu et al. (2022) proposed an optimized CNN
accelerator architecture integrating approximate
multipliers and pruning techniques. Their work
focused on reducing redundant computations
and improving hardware utilization. The study
showed that combining approximation with
pruning significantly enhances energy efficiency
and computational throughput.

Lee et al. (2023) introduced a deep learning
optimization framework for approximate
hardware design. Their approach incorporated
approximate arithmetic units into training,
allowing the CNN to adapt to hardware-induced
errors. The results showed improved robustness
and minimal accuracy loss, highlighting the
importance of co-design strategies.

Kumar et al. (2023) presented a decoder-based
low-power approximate multiplier combined
with an error-reduced carry prediction adder for
CNN applications. Their design achieved
significant reductions in power consumption,
delay, and area while maintaining high
classification accuracy on the MNIST dataset. The

Singh et al. (2022) developed an error-reduced study demonstrated the effectiveness of
carry prediction approximate adder optimized integrating optimized arithmetic units for
for high-speed arithmetic operations. Their hardware-efficient CNN design.
Comparative Table
No. | Author (Year) Technique Used Key Contribution Accuracy Hardware
Impact Benefit
1 Kim (2020) Approx. Multiplier | Energy-efficient CNN | Verylowloss | High  power
inference saving
2 Venkatachalam Approx. Adder | Adder classification None Delay
(2020) Survey reduction
3 Mrazek (2020) Evolutionary Optimized multiplier | Low Area reduction
Multiplier design
4 Shin (2021) HW-aware CNN Accuracy recovery | None Energy saving
training
5 Shirane (2021) Truncated MNIST optimization | Verylow Area & delay |
Multiplier
6 Camus (2021) Voltage + Approx. | Cross-layer Minimal Ultra-low
optimization power
7 Armeniakos Approx. Survey Error-resilient Al | None Efficiency T
(2022) hardware
8 Hanif (2022) Compressor Reduced switching | Low Power |
Multiplier activity
9 Alamuri (2023) Optimized Partial product | Low Area l
Multiplier reduction
10 | Balasubramani Multiplier + Adder | Statistical Minimal Delay |
(2023) optimization
11 | Mittal (2020) Approx. VLSI optimization None Power |
Computing
12 | Hashemi (2020) Approx. + Pruning | Neural acceleration Low Throughput T

394



Deep Learning and Optimization Approaches in Hardware Efficient CNN Architecture Design using Decoder-Based Low
Power Approximate Multiplier and Error Reduced Carry Prediction Approximate Adder for MNIST Dataset
Classification: A Review

13 | Wu (2021) Approx. MAC CNN accelerator Minimal Latency |
14 | Jiang (2021) Carry Prediction | Fast arithmetic None Speed T
Adder
15 | Moons (2021) Quantized CNN Low precision | Low Energy |
computing
16 | Li(2022) Hybrid Multiplier | Switching reduction | Minimal Power |
17 | Rehman (2022) Adaptive Approx. Dynamic  accuracy | Low Efficiency T
control
18 | Yang (2022) HW-aware Robust CNN design None Stability T
Training
19 | Park (2023) CNN Accelerator Approx. MAC design | Low Throughput T
20 | Zhang (2023) Pruning + Approx. | Reduced Low Speed T
computation
21 | Saha (2020) Truncated Low-power design Low Areal
Multiplier
22 | Gupta (2020) Carry Prediction | Fastaddition None Delay |
Adder
23 | Akbari (2021) Compressor Efficient reduction Low Power |
Multiplier
24 | Perri (2021) Error Analysis Accuracy resilience None Reliability T
25 | Qiqieh (2021) Hybrid Multiplier | Bit-level Low Efficiency T
approximation
26 | Chen (2022) Approx. + | Energy-efficient CNN | Minimal Power |
Quantization
27 | Singh (2022) Error-Reduced Fast & accurate | Minimal Delay |
Adder addition
28 | Kundu (2022) Pruning + Approx. | Reduced redundancy | Low Throughput T
29 | Lee (2023) HW-aware DL Error-adaptive CNN None Robustness T
30 | Kumar (2023) Decoder Multiplier | Integrated Very low Power, area |
+ Adder optimization

Comparative Analysis

The comparative analysis of the 30 studies
reveals that approximate computing has
emerged as a dominant approach for improving
hardware efficiency in CNN architectures. A
significant number of studies emphasize
approximate multipliers as the primary
contributor to energy savings, as multiplication
operations dominate CNN computations.
Techniques such as truncated multiplication,
compressor-based reduction, and hybrid
encoding have consistently demonstrated
reductions in power consumption and silicon
area. Approximate adders, particularly carry
prediction and error-reduced carry propagation
adders, play a crucial role in reducing
computational delay. These adders minimize
carry chain propagation, resulting in faster
arithmetic operations and improved overall
system performance. Studies such as Jiang
(2021) and Singh (2022) highlight the
effectiveness of such adders in enhancing CNN
accelerator speed.

Another key observation is the increasing trend
of combining approximate computing with other
optimization techniques such as pruning,
quantization, and hardware-aware training.

395

Hybrid approaches, as seen in Zhang (2023) and
Chen (2022), achieve superior performance by
reducing redundant computations while
maintaining model accuracy. Moreover,
hardware-aware training techniques have
proven effective in compensating for
approximation-induced errors. Studies such as
Shin (2021) and Lee (2023) demonstrate that
retraining CNN models with approximate
hardware constraints significantly improves
robustness and accuracy. Overall, the analysis
indicates  that integrating  approximate
multipliers with optimized adders and hybrid
optimization techniques provides the best trade-
off between hardware efficiency and
classification accuracy.

Discussion

The integration of approximate computing
techniques in CNN hardware design represents a
significant advancement in achieving energy-
efficient deep learning systems. This review
highlights that approximate multipliers and
adders effectively reduce power consumption,
area, and delay while maintaining acceptable
levels of accuracy. The MNIST dataset, due to its
simplicity and tolerance to computational errors,
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serves as an ideal benchmark for validating these
approaches. One of the major insights is that
multiplication  operations  dominate  the
computational complexity of CNNs, making
approximate multipliers highly impactful in
improving efficiency. Additionally, carry
prediction-based adders contribute to reducing
latency, enabling faster inference. The
combination of these arithmetic optimizations
with  techniques such as pruning and
quantization further enhances performance.

However, the challenge lies in managing the
trade-off between accuracy and hardware
efficiency. While CNNs can tolerate small errors,
excessive  approximation may lead to
performance degradation. Hardware-aware
training and retraining methods have been
proposed to address this issue by improving
model robustness. Future research should focus
on adaptive approximation techniques that

dynamically adjust accuracy based on
application requirements. Furthermore,
integrating approximate computing with

emerging technologies such as neuromorphic
computing and edge Al systems presents
promising opportunities for developing next-
generation low-power intelligent systems.

Conclusion

The rapid expansion of deep learning
applications has necessitated the development of
hardware-efficient architectures capable of
delivering high performance while minimizing
power consumption and resource utilization.
Convolutional Neural Networks (CNNs),
although highly effective in image classification
tasks, impose significant computational
demands, particularly due to the intensive
multiply-accumulate (MAC) operations. This
review has explored various deep learning and
optimization approaches aimed at enhancing
hardware efficiency through the wuse of
approximate multipliers and approximate
adders, with a specific focus on MNIST dataset
classification. Approximate computing has
emerged as a powerful paradigm that leverages
the inherent error resilience of neural networks.
By allowing controlled inaccuracies in arithmetic
computations, approximate multipliers
significantly reduce hardware complexity, power
consumption, and delay. Techniques such as
truncated multiplication, compressor-based
reduction, and hybrid approximation have
demonstrated substantial improvements in
efficiency while maintaining high classification
accuracy. Among these, decoder-based low-
power approximate multipliers have shown
promising results in minimizing energy

396

consumption without
output quality.
Similarly, approximate adders, particularly
error-reduced carry prediction adders, play a
crucial role in optimizing arithmetic operations
within CNN architectures. These adders reduce
carry propagation delay, leading to faster
computation and improved system throughput.
The integration of optimized multipliers and
adders within CNN accelerators results in a
highly efficient computational framework
suitable for real-time applications. The review
also highlights the importance of combining
approximate computing with other optimization
techniques such as pruning, quantization, and
hardware-aware  training. @ These  hybrid
approaches not only reduce computational
redundancy but also enhance model robustness
against approximation-induced errors.
Hardware-aware training, in particular, enables
CNN models to adapt to approximate arithmetic,
ensuring minimal accuracy degradation.

Despite the advantages, challenges remain in
balancing accuracy and efficiency. Excessive
approximation can negatively impact model
performance, necessitating careful design and
optimization. Future research should focus on
adaptive and dynamic approximation techniques
that adjust computational precision based on
workload requirements. Additionally, exploring
the integration of approximate computing with
emerging technologies such as edge Al
neuromorphic systems, and Al accelerators will
further advance the field. In conclusion, the use
of decoder-based low-power approximate
multipliers and error-reduced carry prediction
approximate adders presents a highly effective
solution for designing hardware-efficient CNN
architectures. = These  techniques enable
significant reductions in power, area, and delay
while maintaining high classification accuracy,
making them ideal for deployment in resource-
constrained environments.

significantly affecting
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