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ABSTRACT

Modern artificial intelligence (AI) applications rely heavily on deep neural net-

works (DNNs) to perform complex computational tasks. Although DNNs deliver high

accuracy, they do so at the cost of substantial power consumption and significant

hardware resource utilization, making their edge implementation a major challenge.

Edge devices such as Internet of Things (IoT) nodes, mobile platforms, and embedded

systems operate under stringent constraints on power, memory, and computational

capability. Consequently, deploying DNNs at the edge requires highly e”cient com-

puting architectures and optimization techniques that reduce energy consumption and

hardware overhead while preserving acceptable levels of inference accuracy and real-

time performance.

This necessitates optimising DNNs to achieve optimal resource and power con-

sumption while minimising accuracy degradation. Owing to the limited ability of

traditional CPUs to e”ciently process large volumes of data at high speed, mod-

ern DNN workloads increasingly require hardware acceleration. To meet these grow-

ing computational demands, a wide range of hardware acceleration platforms have

been developed to o#oad compute-intensive operations from general-purpose CPUs.

These platforms—including Field-Programmable Gate Arrays (FPGAs), Application-

Specific Integrated Circuits (ASICs), and Graphics Processing Units (GPUs)—o!er

higher computational throughput and improved energy e”ciency. Consequently, e”-

cient utilization and architectural design of such accelerators are critical for enabling

scalable, high-performance DNN processing in complex and data-intensive applica-

tions.

DNNs comprise multiple layers, each consisting of numerous neurons. Each neu-

ron includes a multiply–accumulate (MAC) unit followed by an activation function

block. MAC units serve as the fundamental computational building blocks of DNNs

and account for a significant portion of power consumption and hardware resource

utilization. Consequently, optimizing the MAC unit is central to the e”cient imple-

mentation of DNN accelerators. At the same time, due to the large number of MAC
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operations in DNN workloads, sequential execution becomes ine”cient, resulting in

high latency and limited throughput. As a result, operational parallelism is critical

for the e”cient implementation of DNNs, particularly in speed-sensitive applications.

To address these challenges, numerous techniques have been proposed in the state-

of-the-art to reduce resource utilization and power consumption while enhancing

throughput, typically with minimal degradation in accuracy. These techniques ex-

ploit the inherent error resilience of DNNs and include approximate arithmetic, pre-

cision scaling, and architectural optimisation. By carefully leveraging approximation

and parallel execution, it is possible to achieve improved energy e”ciency and perfor-

mance, making MAC-level optimisation a key enabler for scalable, high-performance

DNN accelerator designs.

This thesis provides a comprehensive overview of research on e”cient comput-

ing techniques for DNN accelerators, with a primary focus on optimising the MAC

unit and enhancing computational parallelism. Approximate computing techniques at

the MAC level and the Processing Element (PE) level are explored to reduce power

consumption, resource utilisation, and computational complexity while maintaining

acceptable inference accuracy. In addition, architectural strategies are investigated to

increase parallelism in DNN computations through SIMD (Single Instruction Multi-

ple Data) architectures, thereby mitigating performance bottlenecks associated with

large-scale MAC operations and enhancing DNN throughput.

By jointly exploiting approximation and parallel execution, this thesis presents

approaches aimed at achieving a balanced trade-o! among accuracy, energy e”ciency,

and throughput, thereby enabling high-performance and resource-e”cient DNN accel-

erator designs.

ii
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Chapter 1

Introduction

1.1 Overview

In today’s technology-driven society, artificial intelligence (AI) applications are

ubiquitous across many aspects of daily life, fundamentally transforming and facilitat-

ing a wide range of everyday activities. Artificial Intelligence is defined as the science

and engineering of creating intelligent machines capable of achieving goals in a manner

comparable to human intelligence—a concept first introduced by John McCarthy in

the 1950s. Within this broad field, Neural Networks (NNs) represent a subdomain

and form the basis of many modern AI systems [1]. The relationship between deep

learning and the overall landscape of artificial intelligence is illustrated in Fig. 1.1.

Deep learning is a specialized class of Neural Network models, consisting of mul-

tiple hidden layers. These layered architectures enable the automatic extraction of

hierarchical features from raw data, eliminating the need for manual feature engineer-

ing [2]. As a result, Deep Learning has become central to recent developments in AI

for analyzing complex data across multiple application areas.

Following their landmark successes in speech and image recognition, Deep Neural

Networks (DNNs) have seen rapid adoption across diverse domains [3]. Today, DNNs

are integral to applications such as autonomous driving, natural language processing,

medical diagnosis and text-to-speech translation [2, 4]. Overall, DNN-based systems

have demonstrated superior performance in many of these areas, in some cases ap-

1



proaching or even exceeding human-level accuracy [2].

Figure 1.1: Deep Learning in the context of Artificial Intelligence [2].

1.2 Deep Neural Networks

Deep Neural Networks (DNNs) employ deep, multi-layered architectures and are

therefore well-suited for complex, data-driven tasks. Their architectures and model

sizes vary by application and continue to evolve rapidly to improve both accuracy and

computational e”ciency [2]. Regardless of their specific design, a DNN operates on

numerical input values that encode the information to be processed by the network.

Inspired by biological neural networks composed of interconnected neurons, DNNs

consist of multiple layers, each containing multiple artificial neurons [5].

Like their biological counterparts, artificial neurons process incoming informa-

tion [6]. An Artificial Neuron typically comprises a Multiply–Accumulate (MAC) unit

followed by an activation function (AF) block. The MAC unit multiplies input values

by their corresponding weights and forwards the accumulated result to the AF block

for further processing. Consequently, MAC operations are fundamental to computing

the outputs of convolution operations [7].

A typical convolution operation and the layers involved in a CNN architecture are

illustrated in Fig. 1.2. Convolutional Neural Networks (CNNs) are a subcategory of
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Figure 1.2: CNN architecture with convolution and fully connected layers, an input
image, and an output classification layer. The Processing Elements (PEs) are respon-
sible for performing the MAC computations.

DNNs. The convolution operation employs an array of processing engines (PEs) that

execute in parallel, with each PE comprising MAC units responsible for data process-

ing. The three types of layers in CNNs are: convolutional layers, subsampling layers,

and fully connected layers. The convolution layer (CONV) uses filters that perform

convolution operations, and the resulting output is called a feature map [8]. The

subsampling layers, also known as pooling layers, perform downsampling, typically

applied after a convolutional layer, thereby introducing spatial invariance. In particu-

lar, max and average pooling are special kinds of pooling that take the maximum and

average values, respectively [9].

The fully connected (FC) layer operates on a flattened input, where each input

is connected to all neurons. FC layers are usually located near the end of CNN

architectures and can be used to optimise objectives such as class scores [11]. The

convolution operation for an input of size [Ix ↓ Iy ↓M ] using Z filters of size [Kx ↓

Ky ↓ M ] is illustrated in Fig. 1.3. This operation produces an output feature map

with a depth of Z, which is subsequently followed by a pooling operation.
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Figure 1.3: A Typical Convolution operation in a Convolutional Layer [10].

1.2.1 Types of Deep Neural Networks

Deep neural networks (DNNs) can be broadly categorized into three principal ar-

chitectures that are most widely adopted in contemporary research and applications:

Multi-Layer Perceptrons (MLPs), Convolutional Neural Networks (CNNs), and Re-

current Neural Networks (RNNs)[12].

• Multi-Layer Perceptrons (MLPs): Multi-Layer Perceptrons (MLPs) are

feed-forward artificial neural networks composed of a sequence of fully con-

nected layers, as illustrated in Fig. 1.4(a). It is also called Fully Connected

Neural Network (FCNN). In this framework, each neuron applies a nonlinear

activation function to a weighted linear combination of the outputs from the

previous layer. While the dense inter-layer connectivity enables MLPs to model

complex nonlinear relationships, this architecture does not explicitly leverage

spatial or temporal dependencies in the input data [13]. As a result, MLPs may

exhibit limited scalability and reduced computational e”ciency when applied to

high-dimensional or structured data.

• Convolutional Neural Networks (CNNs): Convolutional Neural Networks

(CNNs) are specifically designed to process images. CNNs utilize convolutional

layers to extract local features by performing convolution operations with shared
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Figure 1.4: Comparison of Multi-Layer Perceptron (MLP) and Recurrent Neural Net-
work(RNN) architectures.

weights across di!erent spatial regions of the input, as illustrated in Fig. 1.2 along

with brief details in Section 1.2. The other layers in CNNs include subsampling

(or pooling) layers along with fully connected layers. In each convolutional layer,

nonlinear activation functions are applied to weighted sums of localised subsets

of the outputs from the preceding layer, thereby enabling sparse connectivity and

parameter sharing. As the network depth increases, successive convolutional lay-

ers learn increasingly high-level and abstract representations of the input data.

This hierarchical feature-learning capability allows CNNs to automatically ex-

tract discriminative features, making them particularly e!ective for applications

such as image classification, face recognition, and semantic segmentation [14].

• Recurrent Neural Networks (RNNs): Recurrent Neural Networks (RNNs)

are designed to model sequential and time-series data. Each RNN layer consists

of nonlinear activation functions applied to weighted sums of the outputs from

the previous layer and the network’s prior hidden state, which is computed from

earlier inputs and stored in the RNN’s internal memory. This recurrent struc-

ture enables RNNs to capture temporal dependencies within sequential data [15].

Consequently, RNN-based models are widely used in natural language process-

ing (NLP) tasks, including language modeling, word embedding, and machine

translation [16]. The Fig. 1.4(b) illustrates a recurrent neural network in its
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folded form, where feedback connections represent the recurrence of the hidden

state across time steps.

1.3 Need for Hardware Accelerators

The superior accuracy of DNNs comes at the cost of high computational complex-

ity, which poses significant challenges for deployment on resource-constrained edge

devices. Many modern applications involve multiple tasks running concurrently, and

the overall system performance can be significantly degraded if one computationally

intensive task becomes a bottleneck [12]. This limitation arises largely from the sequen-

tial execution model and architectural constraints of general-purpose CPUs (Central

Processing Units). In conventional systems, the CPU is responsible for executing a

majority of computational workloads. While CPUs are highly flexible and capable of

handling a wide range of tasks, they alone are not always well-suited for workloads

that demand extensive parallelism or extremely high throughput [17, 18].

The key challenges that occur with CPUs as the computing engine include :

• High Computational Complexity: DNNs require a massive number of arith-

metic operations, primarily MAC operations, during both training and inference.

General-purpose CPUs are not optimized to handle such workloads e”ciently,

resulting in high latency and limited throughput [19].

• Real-Time Performance Requirements: Many DNN applications, such as

autonomous driving, computer vision, and speech recognition, demand real-time

or near-real-time processing. Hardware accelerators enable parallel execution

and pipelined computation, significantly reducing inference latency compared to

software-based implementations [20].

• Energy E!ciency Constraints: The deployment of DNNs on edge devices

and embedded systems is constrained by strict power and thermal budgets.

Hardware accelerators are specifically tailored to execute neural network op-

erations with reduced energy consumption, making them more suitable than

6



CPUs for power-sensitive applications [18, 21].

• Memory Bandwidth Optimization: DNN workloads involve frequent ac-

cess to large volumes of data, including weights and activations. Hardware ac-

celerators incorporate optimized memory hierarchies and data reuse strategies,

thereby reducing memory bandwidth requirements and improving overall system

e”ciency [22].

• Scalability and Model Complexity: As DNN architectures continue to in-

crease in depth and complexity, the associated computational and memory de-

mands grow significantly. Hardware accelerators provide scalable architectures

that support large models while maintaining acceptable performance and power

e”ciency [18].

• E!cient Edge and Cloud Deployment: Hardware accelerators enable ef-

ficient deployment of DNNs across a wide range of platforms, from resource-

constrained edge devices to high-performance cloud data centres, facilitating

scalable and cost-e!ective artificial intelligence solutions [23].

Hardware acceleration addresses this challenge by o#oading specific tasks to dedi-

cated hardware units that are explicitly designed to execute those tasks in an optimized

manner [18]. Hardware acceleration refers to the use of specialized hardware compo-

nents within a computing system to execute particular tasks more e”ciently than

a general-purpose processor [24]. Few prominent examples of hardware acceleration

platforms are:

• Graphics Processing Unit (GPU): GPUs were originally developed to ac-

celerate graphics rendering by performing a large number of parallel operations

simultaneously. Their highly parallel architecture has since made them valu-

able for a broader range of applications, most notably in machine learning and

data-intensive computations [25]. By integrating many lightweight processing

cores, GPUs achieve high computational throughput while maintaining a bal-

ance between performance and power e”ciency. This inherent parallelism en-
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ables substantial speedups in machine learning workloads without a significant

loss in e”ciency [12].

• Application-Specific Integrated Circuits (ASICs): ASICs are custom-

designed to perform specific functions with maximum e”ciency and minimal

power consumption, making them particularly suitable for cryptographic accel-

eration in systems-on-chip (SoCs) [18, 26]. ASICs leverage dedicated hardware

circuit paths to compute specific classes of tasks, achieving high energy e”ciency

at low power consumption, typically in the milliwatt (mW) range. However, their

development cost and design cycle time are high. Consequently, ASICs are best

suited for scenarios in which the AI algorithm and resource constraints are fixed.

They are also an appropriate choice when low power consumption and minimal

silicon area are primary design objectives [9].

• Field-Programmable Gate Arrays (FPGAs): FPGA o!er a flexible alter-

native, allowing designers to implement and reconfigure specialized hardware

accelerators after deployment [9]. FPGAs consist of Configurable Logic Blocks

(CLBs) interconnected through programmable routing resources, enabling flex-

ible hardware implementation of a wide range of applications. CLBs typically

include memory elements, such as local RAM blocks and flip-flops, for storing

intermediate data. Through reprogramming, FPGAs can implement complex

arithmetic and logic functions, resulting in significantly shorter development cy-

cles compared to ASICs. In addition, FPGAs o!er substantial computational

and storage resources, making them well-suited for computationally intensive

applications, such as deep learning algorithms, that exploit high levels of paral-

lelism [27].

A brief comparison of the key hardware acceleration platforms for DNNs is depicted

in Table 1.1. GPUs, FPGAs, and ASICs each present distinct trade-o!s as hard-

ware acceleration platforms. GPUs provide high computational throughput through

massive parallelism, while FPGAs o!er a reconfigurable balance between flexibility

and energy e”ciency. In contrast, ASICs achieve optimal e”ciency for fixed work-
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Table 1.1: A Comparative Overview of Hardware Acceleration Platforms.

Feature GPU FPGA ASIC
Architecture Parallel cores Reconfigurable logic Fixed-function
Flexibility Low High Very low
Programmability Software Hardware None(Post-Fabrication)
Energy e”ciency Moderate High Very high
Power consumption High Medium Low
Performance High throughput Application-specific Optimized peak
Development cost Low Medium High
Design cycle Short Moderate Long
Parallelism Massive High Fixed
Best suited for Training Custom acceleration Fixed workloads

loads but with limited flexibility. These inherent trade-o!s highlight the importance

of application-specific hardware acceleration strategies that carefully balance perfor-

mance, power consumption, and design complexity.

1.4 Multiply-Accumulate(MAC) unit

DNNs comprise of large number of layers, each with multiple artificial neurons.

An artificial neuron mimics the functioning of a biological neuron [5]. It consists of

a MAC (Multiply–Accumulate) unit and an AF (Activation Function) block. A few

popular activation functions include RELU, Softmax, Sigmoid, Tanh, Leaky ReLU

and Exponential LU [2].

A typical artificial neuron is illustrated in Fig. 1.5. Each neuron receives a set

of inputs X0, X1, . . . , Xn, where each input is associated with a corresponding weight

W0,W1, . . . ,Wn. The core computational element within an artificial neuron is the

MAC unit. The MAC unit performs the fundamental arithmetic operations that

enable neural computation. Within this unit, each input signal is multiplied by its

corresponding synaptic weight. This multiplication process is carried out iteratively

across all input–weight pairs associated with the neuron.

After each multiplication, the products are successively accumulated. This iterative

operation of multiplication followed by addition produces a single scalar value that

represents the weighted combination of all inputs. Once the accumulation is complete,
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Figure 1.5: A Typical Artificial Neuron comprising MAC unit and Activation Function
Block.

the output of the MAC unit is passed to an activation function block. The activation

function introduces nonlinearity into the model and regulates the neuron’s response,

allowing the network to learn complex and non-linear relationships. A bias term b is

then added to the accumulated result to shift the activation threshold and improve the

model’s flexibility during training. The final output of the artificial neuron is therefore

obtained by applying the activation function to the MAC output with the added bias,

yielding the neuron’s response to the given input vector,as illustrated in Fig. 1.5.

A typical MAC unit consists of a multiplier and an adder circuit. These two

fundamental arithmetic circuits are resource-intensive, leading to higher power con-

sumption. In the context of DNNs, convolution operations account for more than 90%

of overall computation [28]. In other words, MAC operations dominate the computa-

tional workload of modern neural network architectures. As network depth and model

complexity increase, the demand for MAC operations grows rapidly. For instance, rel-

atively compact architectures such as LeNet require approximately 0.34 million MAC

operations, whereas more sophisticated models, including AlexNet, ResNet-50, and

VGG-16, require approximately 724 million, 3.9 billion, and 15.5 billion MAC opera-

tions, respectively, per individual forward inference pass [2]. This exponential increase

in computational demand makes direct hardware implementation of state-of-the-art
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DNNs infeasible on resource-constrained platforms without dedicated optimization

strategies. Consequently, the development of e”cient computation techniques is es-

sential to alleviate the computational, energy, and area limitations associated with

conventional DNN hardware implementations [29].

1.5 Optimisation of DNNs

Since MAC operations are highly power-hungry, there is a growing demand to

optimise the MAC unit. Optimal implementation of the MAC unit can ensure e”cient

implementation of DNNs as a whole. Multiple techniques have been explored in the

state-of-the-art works for the e”cient implementation of MAC units and DNNs. These

techniques can be broadly categorized into:

1. Reduction in the Precision of the Data: Precision can be reduced by lower-

ing bit width, thereby reducing storage and computational costs, and is mainly

achieved through uniform and non-uniform quantization. Quantization is the

process of mapping continuous or high-precision data to a finite and smaller

set of quantization levels. The primary objective of quantization is to minimize

the error between the original data and its reconstructed representation derived

from these quantization levels. Therefore, reduced-precision representation cor-

responds to decreasing the number of quantization levels and, hence, the bit

width [9]. To guarantee no precision loss, weights and input activations repre-

sented with N -bit fixed-point precision require an N -bit ↓ N -bit multiplication,

producing a 2N -bit product. This product must then be accumulated using

(2N + M)-bit precision. After accumulation, the precision of the final output

activation is typically reduced to N -bits, as illustrated in Fig. 1.6.

Reduction of precision also includes shifting from floating-point to fixed-point

arithmetic representation [2]. These two arithmetic representations are briefly

discussed below:

• Fixed-Point(FxP) Arithmetic: In the study conducted on fixed-point
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Figure 1.6: Reduction of the precision in MAC [2].

computation, it has been observed that increasing the number of integer

bits does not necessarily improve the accuracy of inference. Instead, it is

preferable to allocate more bits to the fractional part in the fixed-point no-

tation [30]. Conversely, computation with the number of significant bits

in the fractional part has a negligible impact on overall accuracy, sug-

gesting the potential for approximate computation with fewer significant

bits. These findings imply that fractional bits can be approximated to en-

hance the physical performance of fixed-point computation. The signed

fixed-point →n, q↑ representation with a binary point implication used for

implementation is depicted in Figure 1.7. The notation consists of a total

of n-bits, in which q-bits are allocated to the fractional part.

2-q2-(q-1)2-1202p-1 21

Sign bit
Integer part

p
Fractional part

q

b-(q-1) b-q

[n:0]

Implied binary point

b(p-1) b-1b0b1
S

Figure 1.7: Visual representation of total and fractional bits in a signed fixed-point
→n, q↑ format representing ‘fixed →n, q↑’ used for design implementation.

• Floating Point (FP) Arithmetic: A floating-point (FP) number x is

represented as

x = (↔1)s ↓ (1.M)2 ↓ 2E→bias
, (1.1)

where s denotes the sign bit, E is the biased exponent, andM is the trailing
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significand field. The trailing significand field M , together with the implicit

leading bit for normalized numbers, forms the significand [31], as illustrated

in Fig. 1.8. Floating-point representations, such as the IEEE 754 standard,

provide a wide dynamic range and high numerical precision [32], but in-

cur significant hardware complexity and energy consumption compared to

Fixed point arithmetic.

sign (biased exponent) (trailing significand field)

ES M

n:0]

w bits1 bit m = p-1 bits

Figure 1.8: Floating-point representation with sign bit S, biased exponent E, and
trailing significand field M [31].

The adoption of reduced precision o!ers several advantages, including lower stor-

age requirements and reduced computational complexity, which are particularly

beneficial for e”cient hardware implementations [2].

2. Reduced Number of Operations and Model Size: In addition to reducing

the precision of individual operations and operands, such as weights and acti-

vations, extensive research e!orts have focused on techniques aimed at reducing

the overall number of operations and the model size of deep neural networks.

These approaches seek to improve computational e”ciency and reduce memory

requirements without significantly compromising model accuracy. Broadly, such

techniques can be categorized into methods that exploit activation statistics,

network pruning, e”cient network architecture design and knowledge distilla-

tion. Collectively, these strategies play a crucial role in enabling the deployment

of deep neural networks on resource-constrained hardware platforms [2, 9].

From the DNN processing perspective, optimization can target throughput and

energy e”ciency without a!ecting model accuracy [2]. Based on these requirements,

the optimization techniques can be broadly classified into:
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1. Parallelization of Operations: Single Instruction, Multiple Data (SIMD)

is a form of data-level parallelism in which the same instruction is executed

simultaneously on multiple data elements. Instead of processing one data value

at a time, SIMD architectures operate on vectors of data in parallel, significantly

improving computational throughput. SIMD parallelization is widely used in

DNN acceleration, where operations such as MAC are repeatedly applied to

large sets of weights and activations. By processing multiple data values in

parallel, SIMD reduces execution time and improves energy e”ciency compared

to scalar processing [2, 33].

2. Energy-E!cient Dataflow: DNN accelerators improve energy e”ciency by

employing multi-level memory hierarchies and specialized dataflows that mini-

mize costly data movement. Local storage, inter-PE communication, and regis-

ter files enable low-energy data access compared to DRAM(Dynamic Random-

Access Memory) [34]. For DNNs, dataflows exploit three forms of input data

reuse: convolutional, feature map, and filter reuse. Convolutional reuse applies

the same input activations and filter weights within a channel across di!erent

weighted sums. Feature map reuse applies multiple filters to the same feature

map, reusing input activations across filters. Filter reuse occurs when process-

ing batches of input feature maps, allowing the same filter weights to be reused

across multiple inputs [2, 8].

Table 1.2: Performance Metrics for DNN Evaluation [2].

Evaluation Category Performance Metrics
DNN Hardware Evaluation Power Consumption

Latency and Throughput
Chip Area E”ciency
Implementation Cost

DNN Software Evaluation Accuracy
Network Architecture:
– Number of Layers
– Filter Sizes

Number of MAC Units
Number of Weights
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All techniques employed for the optimization of MAC units are evaluated using a

comprehensive set of metrics across both hardware and software domains, which have

been illustrated in Table 1.2. These metrics are used to systematically assess and

compare the strengths and limitations of di!erent design approaches and proposed

optimization techniques. For accuracy and robustness evaluation, it is important to

report results on widely accepted benchmark datasets. Power and energy evaluations

are crucial for Edge devices and should account for all system components, includ-

ing the chip and external memory accesses. High throughput is essential for achiev-

ing e”cient, real-time performance in interactive applications such as navigation and

robotics. Hardware cost is largely determined by the amount of on-chip storage and

the number of cores. The number of MAC operations indicates the computational

workload and potential throughput of the DNN [2]. Thus, the viability of DNNs is

determined by accuracy, latency and throughput, as well as energy e”ciency, power

consumption, and cost.

1.6 Approximation: An Optimisation Technique

for DNNs

Among the above-mentioned optimization techniques, approximate computing has

emerged as a new design paradigm for energy-e”cient circuits [35]. Approximate Com-

puting (AC) goes beyond conventional and emerging design approaches by exploiting

the inherent error resilience of Neural Networks (NNs), which can maintain accept-

able accuracy despite approximate computations [36]. By leveraging this property,

AC applies approximations to the hardware execution of NN workloads to improve

performance and energy e”ciency [37]. Owing to the substantial potential for energy

savings and the intrinsic tolerance of NNs to computational errors [38], research on

approximate NN implementations has expanded rapidly in recent years. The grow-

ing demand for e”cient DNN inference, together with the demonstrated success of

approximate computing (AC) techniques, has attracted substantial research interest.
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Hardware Approximate Techniques for DNNs

Computation Reduction Approximate Units Precision Scaling

Memoization

Skipping

Multiplierless

Approximate 
Multipliers/Adders

Approximate Log 
Multipliers

Quantized 
Implementations

Figure 1.9: Overview of Hardware Approximation Techniques for DNNs [10].

The hardware-based DNN approximation techniques can be broadly classified into

three categories: computation reduction, approximate arithmetic units, and precision

scaling [10], as illustrated in Fig. 1.9. Although these categories are largely orthogo-

nal, state-of-the-art approaches predominantly rely on approximations from a single

category or combine precision scaling with techniques from another category. These

techniuqes are discussed in detail in the subsections below.

1.6.1 Computation Reduction

The computation reduction approximation category focuses on systematically by-

passing, at the hardware level, the execution of selected computations, such as multi-

plications and convolution operations. This approach e!ectively reduces the executed

workload. Computation reduction is further classified into the memoization and skip-

ping approximation families [10].

• Skipping approximations reduce the executed workload by using lightweight

computations to determine whether more complex operations can be omitted at

runtime. Their e!ectiveness depends on the frequency of skipped operations and

the complexity of both the prediction logic and the omitted computations [39].

• Memoization avoids redundant computations (e.g., multiplications or convolu-

tions) by reusing the results of previously executed similar operations. Its ef-

16



fectiveness depends on the degree of input similarity and the complexity of the

eliminated computations [40, 41].

1.6.2 Precision Scaling

Precision scaling is a fundamental approximation technique that enables high com-

pute density in DNN hardware accelerators across cloud and edge platforms. Rather

than executing all operations using 32-bit or 16-bit floating-point arithmetic, as in

conventional CPUs and GPUs, precision scaling employs lower-bitwidth integer rep-

resentations through quantization. The details regarding quantization have been pre-

sented in Section 1.5. This approach improves computational e”ciency while linearly

reducing model size, thereby lowering storage requirements and memory tra”c. In

integer-arithmetic-only inference, weights and activations are typically quantized to

low-bitwidth integers (e.g., 8-bit), whereas biases are represented using higher preci-

sion (e.g., 32-bit or lower) to preserve accuracy.

1.6.3 Approximate Units

The energy consumption as well as latency of DNN accelerators can be e!ectively

improved by employing approximate circuits that replace accurate MAC units [10].

Approximate Units can be further divided into the following approximation families:

• Approximate Multipliers/Adders: Due to the extensive number of MAC

operations performed during the inference phase of deep neural networks, a sig-

nificant body of research has focused on circuit-level approximation of the MAC

unit. Given that each MAC operation incurs a largely constant energy overhead,

reductions at the per-operation level accumulate to substantial energy savings

at the system level during inference. Consequently, approximate MAC designs

constitute an e!ective approach for improving the energy e”ciency of DNN

hardware accelerators [42, 43, 44]. Architectural and algorithmic approxima-

tions with these fundamental circuits have attracted significant research interest

over the last years [45, 46, 47].
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Numerous works propose approximate multipliers and adders based on tech-

niques such as evolutionary optimization, operand segmentation, truncation,

and arithmetic simplification [48, 49, 50]. To limit the impact on inference ac-

curacy, these approaches commonly employ network retraining, error-aware cost

metrics, or weight–distribution–driven optimization [51]. Experimental results

show that, when carefully controlled, such approximations can deliver significant

power and area reductions with minimal or no loss in inference accuracy [52].

Beyond static approximation schemes, several studies investigate reconfigurable

and adaptive techniques that exploit layer-wise or input-dependent error re-

silience [53]. Representative approaches include heterogeneous accelerators with

layer-specific approximate units, dynamic precision selection mechanisms, cur-

able approximations with runtime error compensation, and control-variate meth-

ods for on-the-fly error correction. Collectively, these approaches indicate that

approximate multipliers and adders can be incorporated into either NN-specific

or generic accelerator architectures, exposing trade-o!s among retraining over-

head, hardware complexity, and adaptability [10]. Consequently, approximate

arithmetic units represent a well-established and versatile design space for en-

hancing the energy e”ciency of DNN hardware accelerators [52, 54].

• Multiplierless: The Multiplierless subcategory aims to maximize e”ciency by

eliminating costly multiplication circuits and replacing them with hardware that

implements simpler operations. By exploiting the invariance of max-pooling

to input scaling, convolution weights can be constrained to the range [↔1, 1],

enabling the use of trigonometric functions implemented via low-cost CORDIC

algorithms [55, 56].

• Approximate Log-Multipliers: Logarithmic multipliers approximate multi-

plication by converting it into addition using approximate logarithmic and an-

tilogarithmic operations. Mitchell introduced a logarithmic multiplier based on

linear log–antilog approximations within power-of-two intervals [57]. Reduction

of the inherent negative bias of this method through a constant correction term
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and truncation has also been studied [58]. Others approaches include multi-stage

logarithmic designs and fractional power-of-two quantization schemes, which re-

place conventional MAC units with logarithmic processing elements to improve

e”ciency with acceptable accuracy [59, 60].

Given the error tolerance requirements of target applications and the stringent

resource constraints of edge devices, suitable approximation techniques can be sys-

tematically selected to improve the resource e”ciency of AI implementations. Such

techniques enable favorable trade-o!s among accuracy, energy consumption, latency,

and hardware complexity, making them particularly e!ective for resource-constrained

and error-tolerant edge AI workloads.

1.7 SIMD Architectures for Parallel Operations

Beyond optimization, throughput is a defining factor in e”cient DNN accelera-

tor design. In practice, achieving high throughput within strict power and silicon

area limits relies heavily on the use of low-to-medium-precision arithmetic. How-

ever, di!erent DNN models react di!erently to reduced precision. Some experience a

significant drop in accuracy at lower bit-widths, while others waste power at higher

precisions due to redundant computations and underutilized hardware. This varia-

tion highlights the need for scalable architectures that can adapt to di!erent precision

needs dynamically. Ultimately, maximizing e”ciency requires a granular approach,

since di!erent models—and even individual layers within the same model—often run

best at entirely di!erent bit-widths [61]. To address these challenges, multi-precision

and single-instruction, multiple-data-based (SIMD) processing elements (PEs) have

emerged as promising architectural solutions. These designs support flexible precision

configurations, making them well-suited for heterogeneous deep learning workloads.

Furthermore, they require carefully crafted arithmetic schemes to ensure both com-

putational accuracy and hardware e”ciency [62, 63, 64].

Architectures that scale precision generally fall into two categories: 1D (weight-

only) and 2D (both weight and activation) scalable designs [65]. To handle flexible
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bit-widths, leading designs usually rely on bit-serial computation [66, 67, 68, 69] and

decomposed multipliers [70, 71, 72] built into bit-fused MAC units. These units can

alter their data paths dynamically based on the operand bit-widths [70]. However,

this flexibility often comes at the cost of poor hardware utilization and only minor

improvements in latency.

To boost PE e”ciency, optimization strategies such as loop-nest restructuring

and shift-add reduction have been deployed [71]; however, processing higher-precision

operands still triggers longer accumulation cycles and distinct spikes in power con-

sumption. Another common strategy involves applying sub-word parallelism to weight

tensors for multi-precision MACs [73, 74]. While this approach typically uses data gat-

ing to curb dynamic power, it simultaneously degrades overall MAC utilization. Raut

et al. [64] addressed this utilization bottleneck by enhancing parallelism, yet their

design is constrained to just four MAC operations for 8-bit precision and a single

operation for 16-bit precision, ultimately capping maximum throughput.

Looking at floating-point alternatives, multi-precision MAC designs have been pro-

posed, but they either su!er from poor hardware utilization [75] or induce accuracy

loss due to mantissa truncation [76]. Even variable-precision multipliers paired with

dynamic voltage-frequency scaling [77] fall short, as they leave sub-multipliers idle

during low-precision operations, which limits e”ciency. Consequently, to e!ectively

support a broad spectrum of bit-widths (from 4-bit to 32-bit), scalable PEs must strike

a more optimal trade-o! between throughput, power overhead, and layer-by-layer ac-

curacy.

1.8 Summary

The hardware implementation of DNNs presents significant challenges due to their

high computational complexity, substantial power consumption, and stringent hard-

ware resource constraints, particularly in edge AI and embedded intelligence sys-

tems [49]. These challenges primarily arise from the extensive number of multi-

ply–accumulate (MAC) operations that dominate the computational workload of mod-

20



ern neural network architectures. As network depth and model complexity increase,

the demand for MAC operations grows rapidly. This exponential increase in com-

putational demand makes direct hardware implementation of state-of-the-art DNNs

infeasible on resource-constrained platforms without dedicated optimization strate-

gies. Consequently, the development of e”cient computation techniques is essential to

alleviate the computational, energy, and area limitations associated with conventional

DNN hardware implementations [29].

In this thesis, e”cient computational techniques for DNN acceleration, focusing

on both hardware resource optimisation and throughput enhancement to enable e”-

cient deployment on resource-constrained platforms, have been investigated. The first

part of this study explores approximation techniques within the MAC unit to achieve

a favourable trade-o! between hardware resource consumption, power e”ciency, and

inference accuracy. Approximate computing in MAC units typically involves archi-

tectural or algorithmic modifications to the core arithmetic components, particularly

the multiplier and adder blocks, which are known to dominate both area and energy

consumption in DNN accelerators. By selectively relaxing computational accuracy

in error-tolerant portions of the network, such approximate arithmetic units can sig-

nificantly reduce power and hardware overhead while maintaining acceptable model

performance.

In addition to approximate computing, the inherent performance bottlenecks

caused by the sequential execution of MAC operations have been addressed. Given

the massive number of MAC operations involved in DNN inference and training, se-

quential processing leads to high latency and excessive energy consumption, thereby

limiting real-time deployment in edge and embedded systems. However, DNN compu-

tations exhibit a high degree of intrinsic parallelism, as operations across neurons,

channels, and layers are largely independent. Exploiting this parallelism enables

substantial reductions in execution latency and significant improvements in overall

throughput [78]. Parallel processing architectures allow multiple MAC operations to

be executed concurrently, thereby meeting stringent performance requirements within

constrained power budgets. This thesis explores the use of Single Instruction Multi-
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ple Data (SIMD) architectures to exploit computational parallelism in DNNs. SIMD-

based designs enable simultaneous execution of multiple MAC operations using a single

instruction stream, improving hardware utilisation and energy e”ciency. Importantly,

SIMD architectures can be extended to support variable-precision computation, which

is essential for accommodating the diverse precision requirements of di!erent DNN lay-

ers and models within a single neural network. Such flexibility allows the accelerator

to dynamically balance accuracy, performance, and energy e”ciency, making it well-

suited for modern adaptive and heterogeneous DNN workloads. The key objectives

addressed in this dissertation include:

• Resource-E”cient implementation of MAC unit by employing:

– Approximate Adder architecture with reduced gate count

– Operand-rounding-based Approximate Multiplier architecture

– Accuracy-configurable Segmentation-based Approximate Multiplier archi-

tecture

• Throughput Enhancement of DNNs by employing Adaptive-Precision SIMD

Processing Elements for parallel computations.

• Approximation within SIMD PE for resource optimization: Throughput En-

hancement alongside Resource-E”cient implementation of DNNs by incorporat-

ing approximate multipliers within SIMD PE architectures.

1.9 Thesis Contributions

The major contributions to this thesis are summarised below -

1. Approximate Hybrid Adder Design1: Approximate adders enhance en-

ergy e”ciency in error-tolerant workloads using topologies like Lower Part OR

1Vasundhara Trivedi, Khushbu Lalwani, Gopal Raut, Avikshit Khomane, Neha Ashar, Santosh
Kumar Vishvakarma, “Hybrid ADDer: A Viable Solution for E!cient Design of MAC in DNNs”, Cir-
cuits, Systems, and Signal Processing (CSSP), Springer, Volume 42, Pages 7596–7614, August 2023.
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Adders [79], inexact hybrid architectures [80], and carry-skip FPGA designs [39].

However, standard architectures often su!er from error propagation during n-

bit accumulation [80], necessitating flexible, carry-maskable alternatives [81]. To

address these limitations, this research proposes a solution for e”ciently imple-

menting DNNs in edge-AI applications by introducing architectural approxima-

tions in the adder design within the MAC unit. Specifically, an optimal Hybrid

Adder (HADD) block for accumulation in fixed-point MAC operations is devel-

oped to overcome these persistent area and power limitations. The proposed

HADD design achieves a significant reduction in area and power consumption,

with a tolerable loss in accuracy and a corresponding reduction in computational

latency. The test results show accuracies of 96.97% and 96.64% for the MNIST

and A-Z Handwritten Alphabet datasets, respectively, using the LeNet DNN

model. Compared to conventional adder implementation, the proposed HADD

design reduces area utilization by 44% and power consumption by 51%, with a re-

duction in delay of 19% for 8-bit precision at 180nm. For the same bit-precision,

the proposed design reduces area by 31%, power consumption by 34%, and delay

by 8.1% at 45nm. The proposed design further investigates edge detection ap-

plications, and the results for di!erent standard images were promising. Overall,

the proposed accumulator arithmetic block is a viable solution for error-tolerant

applications, including image classification, object recognition, and other image-

processing applications.

2. Operand-Rounding based Approximate Multiplier Design Error-

resilient AI Applications2: This research presents a novel approximate multi-

plier design for error-tolerant applications, based on the pre-processing of input

operands to achieve an energy-e”cient implementation. While existing meth-

ods optimize multipliers via architectural approximations [82, 83], logarithmic

reduction [57, 84], or input pre-processing like leading-one truncation [85, 86]

2Vasundhara Trivedi, Santosh Kumar Vishvakarma, “Design of Operand-rounding based Ap-
proximate Multiplier for Error-resilient Applications”, 29th International Symposium on VLSI Design
and Test, 2025, Aug 6-9, 2025 Chandigarh, India (Accepted and In Press)
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and power-of-two rounding [87] to reduce complexity, they often su!er from

significant accuracy degradation due to aggressive truncation or rigid rounding

schemes. The proposed work di!ers by selectively rounding 8-/7-/6-bit operands

to a fixed 5-bit format (leaving lower bits unchanged), executing all higher-bit

multiplications using a unified 5-bit multiplier followed by strategic shifting to

achieve substantial resource savings with minimal accuracy loss. The e”cacy

of this design is evaluated using both error and performance metrics. Further-

more, when integrated into a MAC unit, the proposed multiplier achieves a

24.4% reduction in LUT utilization and a 37.53% reduction in critical path de-

lay compared to the conventional implementation, exhibiting the lowest delay

among the compared state-of-the-art designs. Finally, the design is validated via

an edge-detection application to demonstrate its suitability for practical image-

processing tasks with minor accuracy loss.

3. Segmentation-based Approximate Multiplier Design Error-resilient

AI Applications3: This research focuses on the design of a segmentation-

based approximate multiplier, referred to as ACSAM (Accuracy-configurable

Segmentation-based Approximate Multiplier), which leverages multiple combi-

nations of exact and newly proposed approximate 8-bit multipliers to achieve

computational e”ciency. While conventional dynamic segmentation schemes

o!er high precision by tracking the leading-one bit [86, 87, 88], they often in-

cur significant hardware overhead, leading researchers to explore structurally

simpler static segmented multipliers (SSMs) [85, 89, 90] to reduce power. The

proposed ACSAM framework di!ers by combining configurable exact and novel

approximate 8-bit units within a structured static segmentation scheme, utilizing

unique shifting and rounding strategies to enable fine-grained energy–accuracy

tradeo!s and flexible, application-aware deployment. The ACSAM architecture

is carefully engineered to strike a balance between accuracy and hardware cost,

3Vasundhara Trivedi, Santosh Kumar Vishvakarma, “ACSAM: Accuracy-configurable
Segmentation-based Approximate Multiplier for Error-resilient Edge-AI Applications”, IEEE Em-
bedded Systems Letters, March 2026.
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making it particularly suitable for error-tolerant DSP and AI applications. By se-

lectively integrating approximate computation in less significant segments while

preserving accuracy in critical regions, the design significantly reduces hardware

complexity without compromising overall performance. The proposed multiplier

ACSAM achieved upto 18.9% improvement in LUT utilisation on FPGA and

upto 2.85↓ reduction in power and upto 12.27% reduction in area for ASIC im-

plementation on 65nm technology node compared to the state-of-the-art works.

ACSAM is also validated on image blurring application to verify its utility in

real-life scenarios. Furthermore, evaluation on both FPGA and ASIC platforms

demonstrates the architecture’s adaptability to a range of requirements.

4. Adaptive-Precision SIMD PE Architecture for Enhanced Through-

put4: In this study, an adaptive-precision SIMD Processing Element (PE) ar-

chitecture for signed integer and fixed-point arithmetic is presented to maxi-

mize resource utilization and MAC parallelism. Unlike multi-bit designs lim-

ited by symmetric bit-split systolic arrays [62, 91] or rigid 16-bit weight adder-

trees [66], the proposed architecture enables dynamic precision scaling for both

symmetric and asymmetric configurations within a single hardware instance.

By reusing hardware resources during partial product accumulation, the PE

concurrently processes either 16 4-bit, four 8-bit, or a single 16-bit operation.

Furthermore, it supports asymmetric modes—such as parallel 16×4-bit multipli-

cations—enhancing flexibility and throughput for mixed-precision DNN work-

loads. Accuracy evaluations across di!erent DNN models and datasets show

very small losses at reduced precision—less than 1% for LeNet on MNIST, 2.9%

for AlexNet on CIFAR-10, 2.2% for VGG16 on CIFAR-10, and 3.5% for VGG16

on ImageNet-1000 compared to float32. Hardware synthesis yields significant

improvements, including 46.2% fewer LUTs and 2.45 ↓ less power on the FPGA

compared to existing designs. The proposed architecture delivers 2× higher

4Vasundhara Trivedi, Harman Singh Bagga, Gopal Raut, Santosh Kumar Vishvakarma,
“Adaptive-Precision SIMD Architecture for High-Throughput and Resource-E!cient DNN Accel-
eration”, Integration, Elsevier, Volume 108, p.102666, January 2026.
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throughput, upto 4.8× energy e”ciency with 28.57% less area at 65nm, com-

pared to existing works, making it ideal for applications with variable precision

and limited resources. By combining multi-precision adaptability, asymmetric

operation support, and e”cient hardware reuse, the proposed design sets a new

benchmark for precision-aware DNN acceleration.

5. CORDIC-based Approximate SIMD PE Architecture5: This study intro-

duces C-SIMD, a CORDIC-driven, configurable SIMD Processing Element (PE)

architecture designed to extend previous adaptive SIMD frameworks by substi-

tuting conventional multipliers with approximate CORDIC-based alternatives.

While the CORDIC algorithm is widely explored for low-resource multiplica-

tion [55], prior recursive-CORDIC architectures incur an n-cycle latency penalty

for n-bit precision, thereby constraining throughput in SIMD-based DNN accel-

erators [64, 92]. To address this limitation, C-SIMD implements a pipelined,

throughput-optimized CORDIC methodology that integrates adaptive-precision

capabilities across both symmetric and asymmetric arithmetic modes. Support-

ing dynamic operand precisions (4/8/16/32-bit) for signed integer and fixed-

point arithmetic, the architecture leverages pipelined 8-bit CORDIC-based ap-

proximate multipliers to compute partial products, scaling e”ciently to higher

precisions while achieving notable area and power savings. A configurable

pipeline o!ers tunable trade-o!s between accuracy and complexity, while strate-

gic reuse of the adder in the accumulation path maximizes resource utilization.

Unlike prior designs, C-SIMD fully exploits available resources and supports

configurations such as 16 parallel 8↓8-bit, 4 parallel 16↓16-bit, single 32↓32-

bit, and asymmetric 32↓8-bit MACs. Hardware evaluation demonstrates up

to 14.29% area savings and upto 16.17× throughput improvement. The ar-

chitecture integrates custom C-SIMD processing elements within a 2D systolic

array to enable highly parallel execution and e”cient vector computation for

5Vasundhara Trivedi, Gopal Raut, Baker Mohammad, Santosh Kumar Vishvakarma, Akash
Kumar, ”C-SIMD: CORDIC-Driven SIMD Processing Element for Resource-E!cient Multi-Precision
Deep Learning Inference”, IEEE Access, Vol. 14 : 19015 - 19029, January 2026.
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deep neural network models.The proposed C-SIMD Low (4/8/16) achieves 7.04

GOP/s, while C-SIMD High (8/16/32) attains 4.16 GOP/s, delivering a 4×

performance-e”ciency gain over prior MAC architectures. Inference tests indi-

cate minimal accuracy loss—below 1% on MNIST-LeNet, under 2.9% on CIFAR-

10-AlexNet, and less than 2.2% on CIFAR-10-VGG16 compared to float32 base-

lines—demonstrating its potential for high-throughput, energy-e”cient Edge-AI

systems.

1.10 Thesis Organization

The thesis is organized as follows:

• Chapter 1. Introduction: This chapter presents the fundamentals of hard-

ware implementations for DNN accelerators. It introduces the core building

blocks of DNNs and their associated computations. It also explains the need for

DNN optimisation and reviews state-of-the-art techniques for optimising DNNs

at the algorithmic, architectural, and hardware levels.

• Chapter 2. Approximate Full Adder Design for E!cient Implemen-

tation of MAC unit: Approximation is one of the promising techniques for

optimizing DNNs. Approximation can be performed at various abstraction lev-

els, including algorithmic approximation and architectural approximation. This

chapter discusses the architectural approximation of the full adder design and

its utilisation in designing a Hybrid Adder (HADD) inside MAC unit, suitable

for error-resilient AI applications. The impact of the proposed approximation

on inference accuracy is evaluated across di!erent datasets. In addition, the

e!ectiveness of the proposed design is demonstrated using an edge detection ap-

plication. The design is synthesized using both 45 nm and 180 nm technology

nodes to validate its scalability and implementation feasibility.

• Chapter 3. Operand-rounding-based Approximate Multiplier Design:

In the previous chapter, an approximation of the adder circuit within the MAC
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unit was introduced to achieve resource optimization. The MAC unit inside

DNNs comprises both adder and multiplier circuits. This chapter outlines a

proposed operand-rounding-based approximate multiplier that o!ers an opti-

mal trade-o! between accuracy and resource requirements. The design focuses

on reducing operand bitwidth through a novel rounding and shifting strategy

with minor accuracy degradation, making it suitable for error-resilient AI Ap-

plications. The design has been evaluated on ASIC and FPGA platforms for

performance analysis. It has also been tested on an edge detection application

to evaluate its utility in AI applications.

• Chapter 4. Segmentation-based Approximate Multiplier Architec-

ture: This chapter introduces an approximate multiplier architecture based

on operand segmentation. The proposed 16-bit approximate multiplier is con-

structed by hierarchically combining four 8-bit approximate multipliers pre-

sented in the previous chapter, with minor architectural modifications to enhance

flexibility and performance. Building upon this structure, four distinct design

variants are proposed, each representing a di!erent combination of accurate and

approximate multiplier blocks. These variants enable a tunable trade-o! be-

tween accuracy and hardware e”ciency, allowing the multiplier to be customized

according to the precision requirements of target AI and signal-processing ap-

plications. By selectively employing accurate or approximate multipliers for

specific operand segments, the design can adapt to varying error tolerance levels

while maintaining computational e”ciency.The proposed ACSAM architecture

demonstrates optimal performance across both FPGA and ASIC platforms, com-

bining reduced hardware cost with enhanced error characteristics. Its successful

validation through an image processing application further confirms its practical

viability. Overall, the proposed multiplier architecture emerges as a promising

solution for resource-constrained Edge AI/DSP applications, o!ering an e”cient

and scalable approach to approximate arithmetic design.

• Chapter 5. Adaptive-Precision SIMD PE Architecture for Enhanced
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Throughput and Resource-E!cient DNN Acceleration: DNNs require a

large number of computational operations, and sequential execution of such op-

erations leads to degradation in throughput and increased delay. By introducing

computational parallelism in the processing elements, the associated through-

put and delay can be significantly improved. While previous chapters focus on

resource optimisation, this chapter explores the concept of operational paral-

lelism in Processing Elements (PEs) by utilising SIMD concepts to enhance the

throughput of DNNs. A single PE architecture supports multi-precision mode-

based operations and can execute 4, 8, 16 (SIMD-Low) as well as 8, 16, 32-bit

(SIMD-High) operations by employing a systolic array of 16 multipliers followed

by an adder tree. The adder is e!ectively reused to minimise hardware, and

the output is rounded after accumulation and sent to AF blocks for further pro-

cessing. The SIMD PE utilises 100% of the hardware resources in all supported

precision modes, enhancing throughout at lower precisions. The design has been

validated on both ASIC and FPGA platforms. The architecture is also validated

across various datasets and DNN models for inference accuracy evaluations.

• Chapter 6. CORDIC-Driven Approximate SIMD PE Architecture for

Resource-E!cient and Throughput-Enhanced Multi-Precision Com-

putations within DNN models: In the previous chapter, the adaptive SIMD

processing engine (PE) employing conventional multipliers was presented to im-

prove throughput. In this chapter, this approach is extended by incorporat-

ing approximate multipliers. Specifically, CORDIC-based multipliers are im-

plemented in place of conventional multipliers to reduce resource utilization

during parallel processing. CORDIC stands for Coordinate Rotation Digital

Computer, and it is a technique that utilises vector rotation to compute vari-

ous arithmetical and transcendental functions. CORDIC-based multipliers have

been implemented in state-of-the-art systems, demonstrating promising results

by achieving optimal trade-o!s between accuracy and resource requirements at

various bit-precisions. Moreover, with pipelined architectures, the latency also
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improves. The proposed architecture integrates a systolic array of CORDIC

multipliers, followed by an adder tree that utilises di!erent bitwidth adders

at di!erent levels. The design has been validated through inference accuracy

evaluations across various datasets and models, yielding promising results that

demonstrate its utility across AI applications. The proposed C-SIMD PE design

is validated at both ASIC and FPGA platforms for detailed performance analy-

sis. The C-SIMD design delivers promising results compared to state-of-the-art

works, achieving enhanced throughput, resource optimisation, and support for

asymmetric precision for heterogeneous DNN workloads.

• Chapter 7. Conclusion and Future Work: This chapter concludes the work

by summarizing the key contributions and findings. It also outlines prospective

directions for future research that may further enhance and extend the proposed

techniques.
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Chapter 2

Approximate Full Adder Design for

E!cient Implementation of MAC unit

Multiply–Accumulate (MAC) units account for more than 90% of the total power

consumption in deep neural networks (DNNs), making their optimization critical for

improving the overall energy e”ciency of DNN accelerators [28]. Since neural network

workloads are dominated by large volumes of multiply-and-accumulate operations,

even marginal improvements in MAC unit e”ciency can lead to substantial reductions

in system-level power consumption, silicon area, and computational latency.

The MAC unit is primarily composed of two fundamental arithmetic components:

the multiplier and the adder/accumulator. These circuits largely determine the power

dissipation, critical path delay, and hardware complexity of the MAC unit [93]. Con-

sequently, optimizing either the multiplier or the adder—or both—can significantly

enhance MAC unit performance and e”ciency. Techniques such as reduced-precision

arithmetic, approximate computing, and architecture-aware circuit design have been

widely applied to these components to achieve favorable trade-o!s between accuracy

and hardware cost.

As a result, extensive research e!orts have focused on developing resource-e”cient

implementations of multipliers and adders to reduce power, area, and delay while

maintaining acceptable inference accuracy. These optimized arithmetic designs form

the foundation of energy-e”cient DNN accelerators and are particularly important

for edge computing platforms with strict power and area constraints. This chapter
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investigates the proposed adder-circuit approximation, a fundamental block within

the MAC unit.

2.1 Introduction

The Multiply–Accumulate (MAC) unit plays a fundamental role in neural network

computation, as it performs the core arithmetic operations required for inference and

training. A MAC unit consists of a multiplication operation followed by a sequence of

additions and accumulations, enabling e”cient computation of weighted sums in neu-

ral network layers. The architecture of an n-bit MAC unit is illustrated in Figure 2.1.

The final bit-width equals 2n+a where a = log
2
W where W is the number of itera-

tions. Inside a MAC unit, the trained weights are multiplied with the inputs, either

iteratively or in a parallel manner, and accumulated for further processing. The final

output is then produced by passing this obtained output via a non-linear activation

function [49].
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Figure 2.1: Parallel Multipliers and Adder Trees: Unleashing the Power of Multiply-
Accumulate (MAC) Operations.

A wide range of optimization techniques have been explored to enhance the hard-

ware e”ciency of DNNs in terms of silicon area, power consumption, and computa-

tional latency, often at the expense of a controlled reduction in inference accuracy [2].
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Among these techniques, bit quantization, weight reduction, and approximate com-

puting have emerged as prominent strategies. Bit quantization at the output of the

multiplier and accumulator stages reduces the complexity of subsequent arithmetic

operations and data storage requirements; however, it necessitates additional control

logic and supporting circuitry, which may introduce area overhead.

2.2 Background and Related Works

Approximate computing has gained widespread adoption in neural network ac-

celerators due to the inherent error resilience of many machine learning workloads.

Approximation can be applied at multiple abstraction levels—including algorithmic,

architectural, and circuit levels—to achieve improved performance and energy e”-

ciency while maintaining acceptable accuracy bounds [93, 94]. Common approxima-

tion techniques include reduced-precision arithmetic, bit truncation, network pruning,

and the use of approximate multipliers and accumulators. Network pruning aims to re-

duce model complexity by eliminating redundant parameters and connections, thereby

improving computational e”ciency and arithmetic performance. However, real-time

pruning implementation poses challenges such as accuracy degradation, sensitivity to

initial network configurations, and the need for retraining to restore performance [95].

Since the MAC unit dominates both area and power consumption in neural network

accelerators and directly a!ects throughput, significant research attention has been

directed towards its optimization through approximation. In particular, the adder and

multiplier circuits within the MAC unit are the primary targets for approximation in

state-of-the-art designs, owing to their substantial contribution to delay and power

dissipation. Consequently, numerous hardware-level approximation techniques have

been proposed to optimize MAC units for energy-e”cient DNN implementations [96].

Several studies in artificial intelligence and machine learning hardware have em-

phasized the critical role of approximate adders in improving energy e”ciency for

compute-intensive and approximation-tolerant applications [97]. Adders are funda-

mental arithmetic components, and their approximation can yield significant reduc-
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tions in power and area with limited impact on overall system accuracy [98].

Among approximate datapath operators, adders have received significant research

attention owing to their widespread use in error-tolerant applications [99, 100, 101].

Consequently, numerous approximation schemes have been proposed to reduce the

critical path and hardware complexity of accurate adders. One of the earliest method-

ologies is based on speculative operation. In an n-bit speculative adder, each sum bit

is predicted using its previous k less significant bits (LSBs), where k < n. Such a

speculative design makes the adder significantly faster than a conventional accurate

design [102]. An alternative method for reducing the critical path delay and power con-

sumption of a conventional adder involves approximating the full-adder units [103]. In

such approaches, approximation is typically applied to the least significant bits (LSBs)

while preserving accuracy in the more significant bits [102].

A representative example of this design philosophy is the Lower Part OR Adder

(LOA), in which the least significant bits are computed using simple OR logic, while

the most significant bits are computed accurately. By carefully optimizing the par-

tition between accurate and approximate sections, the LOA architecture e!ectively

minimizes error metrics such as Mean Square Error (MSE), making it suitable for

error-tolerant applications [79]. This approach significantly reduces critical path de-

lay and power consumption compared to fully accurate adders, while maintaining

acceptable computational accuracy.

In addition, inexact hybrid adder architectures have been proposed to improve

the e”ciency of shift-and-add operations commonly employed in MAC computational

units. Such designs incorporate configurable adder structures that can operate in ei-

ther accurate or approximate modes, enabling dynamic trade-o!s between precision

and performance depending on application requirements [80]. However, in an n-bit

accumulator stage, approximation-induced errors may propagate across successive ac-

cumulation cycles, potentially degrading output accuracy and necessitating additional

corrective computation, which increases overhead.

To address error propagation in accumulation-heavy workloads, flexible approxi-

mate adder architectures have been introduced, most notably those based on carry-
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maskable adders [81]. These architectures selectively suppress or enable carry propaga-

tion across specific bit positions, allowing fine-grained control over the accuracy–energy

trade-o!. Such designs have demonstrated e!ectiveness in error-resilient applications,

including image sharpening algorithms, where moderate numerical errors are percep-

tually tolerable.

Furthermore, FPGA-based implementations of approximate arithmetic adders

have been explored to achieve e”cient and reconfigurable computation. Designs such

as those presented in [104] exploit LUT primitives inherent to FPGA architectures

to reduce delay and logic utilization. These designs often incorporate carry-skip

schemes [39] to further shorten the critical path and improve energy e”ciency. Al-

though these FPGA-based approximate adders exhibit certain limitations in scalability

and precision control, they have been shown to outperform application-specific exact

designs across image processing tasks and DNN inference workloads.

To overcome the limitations of existing approximate adders in balancing accuracy,

area, power, and delay, recent work has focused on accumulator-centric optimiza-

tion in MAC units. By targeting the accumulator—the primary contributor to error

propagation and hardware cost—these approaches are well-suited for DNN inference

and image processing. Building on this concept, this chapter proposes an approximate

adder block for use as a MAC accumulator, reviews state-of-the-art approximate MAC

designs for DNNs, and presents an analysis of adder combinational logic to motivate

the proposed architecture. The key contributions include :

• Hardware Optimization: Design of a fixed-point approximate adder to im-

prove MAC hardware e”ciency in error-resilient DNN applications.

• Pareto Analysis: A Pareto study to evaluate the impact of approximation

in accuracy at di!erent bit-precisions and assess di!erent combinations of the

conventional adder block and approximate adder blocks in multi-bit adders.

• Software Integration: Integration of the proposed adder into MAC units with

DNN inference accuracy evaluation and validation on an image-processing ap-

plication.
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• Performance Evaluation: Evaluation of the e”ciency of the proposed adder

design through VLSI implementation and assessment of physical performance

parameters such as area, power, and critical delay at 45nm and 180nm technology

nodes.

2.3 Proposed Hybrid Adder

In MAC operations, multiple parallel multiplication and accumulation computa-

tions occur. This process involves using 1-bit full adders to build larger blocks in-

ternally during multiplication, and the accumulation stage is built from a single-bit

adder. The traditional approach to designing a 1-bit full adder involves using five

basic logic gates to compute the sum and the carry. Specifically, two XOR gates are

employed to calculate the sum, and two AND, one XOR, and one OR gates are used in

the calculation of the carry. The sum and carry bits of the conventional full adder

(conventional FA) and the proposed full adder (proposed FA) are computed using the

generalized equations depicted in Table 2.1.

This study introduces a 1-bit approximate adder that utilizes only three logic

gates. The truth table of the proposed adder can be compared with the conventional

full adder presented in Table 2.1. The incorrect outputs in the sum or carry are

highlighted in the table. The truth table analysis indicates that the proposed adder

produces only one error in the carry bit and two errors in the sum bit across eight

possible input combinations. Maintaining a low error rate in carry-bit computation is

particularly important, as errors in the carry signal propagate to higher-order bits and

can significantly amplify the overall computational error. This observation highlights

the critical role of carry accuracy in approximate adder design, directly motivating

a careful analysis of carry generation and propagation mechanisms. Since the carry

chain directly influences the correctness of subsequent sum bits, inaccuracies in carry

generation or propagation can lead to substantial deviations in the final result, par-

ticularly in multi-bit arithmetic operations.
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Table 2.1: Truth Table for Conventional and Proposed Full Adder Designs, including
input combinations(A,B,Cin), output Sum, and Carry(Cout) bits, along with respec-
tive equations.

Inputs Conventional FA Proposed FA

A B Cin Sum Cout Sum Cout

0 0 0 0 0 0 0
0 0 1 1 0 1 0
0 1 0 1 0 1 0
0 1 1 0 1 0 1
1 0 0 1 0 1 0
1 0 1 0 1 1 0
1 1 0 0 1 0 1
1 1 1 1 1 0 1

Conventional FA Sum = A ↗ B ↗ Cin
Cout = (A ↗ B) · C in + (A · B)

Proposed FA Sum = (A + Cin) ↗ B
Cout = (A + Cin) · B

Since the carry chain directly influences the correctness of subsequent sum bits,

inaccuracies in carry generation or propagation can lead to substantial deviations in

the final result, particularly in multi-bit arithmetic operations. The schematics of the

conventional and proposed 1-bit approximate adders are shown in Figure 2.2.

B

A
Cin

Sum

Cout

B
A

Cin
Sum

Cout

XOR1
XOR2

XOR1

AND2

AND1

AND1
OR1

OR1

(a) (b)

Figure 2.2: (a) Schematic of Conventional 1-bit Full Adder and (b) Schematic of the
Proposed Approximate 1-bit Full Adder.

It is essential to di!erentiate this layout from alternative 3-gate approximate con-

figuration such as the design proposed in [105]. While those conventional structures

route and couple the primary inputs (A + B) at the initial gate stage, the proposed

topology intentionally pairs a primary input with the carry-in signal (A + Cin). This

distinct wiring schematic alters the internal node transitions and critical-path bound-

aries, o!ering a unique structural variation within the broader classification landscape
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of 3-gate approximate full adders.

2.3.1 Development of an n-bit Adder using the Proposed 1-

bit Adder

The use of fully approximate adders across all bit positions in multi-bit arithmetic

units can lead to excessive error accumulation, resulting in unacceptable degradation of

computational accuracy. Consequently, contemporary adder design methodologies fa-

vor hybrid exact–approximate architectures, which strategically combine conventional

and approximate adder circuits to balance accuracy and hardware e”ciency.

In the state-of-the-art, accurate adders are employed for the most significant bit

(MSB) positions, where numerical errors have a dominant impact on the overall output

magnitude, while approximate adders are utilized for the least significant bit (LSB)

positions, where errors contribute marginally to the final result [98, 79]. This selective

approximation paradigm enables a controlled trade-o! between precision and resource

utilization, ensuring minimal accuracy degradation while achieving significant reduc-

tions in power consumption, silicon area, and critical path delay. Such hybrid adder

architectures are therefore well suited for implementation in error-resilient comput-

ing domains, including deep neural network inference and digital signal processing

applications.

Consequently, a combination of a conventional and a proposed approximate full

adder is employed to develop a hybrid adder, HADD(x,y). The schematic of the

FA1 FA0 .

Bm-1 B1 B0

Sum0Sum1Summ-1

Coutm-1 Cin0

Am-1 A1 A0

FAm-1... ...

Bn-1 Bn-m

Sumn-mSumn-1

Coutn-1 Cinm

An-1 An-m

FAn-1 FAn-m Cout0

Conventional Adder [n-1:n-m] Approximate Adder [m-1:0]

Cout1Coutm

Figure 2.3: Schematic of the Proposed Approximate n-bit precision HADD (x,y) with
the mixed-precision approach where x is the number of Conventional Adders and y is
the number of Proposed Approximate Adders.
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proposed approximate n-bit full adder, which utilizes a mixed-precision approach,

is illustrated in Fig. 2.3. It can be observed that the least significant bits (LSBs)

are computed using m approximate adders. In contrast, the calculation of the most

significant bits (MSBs) is carried out using (n-m) accurate adders. This chapter

introduces a new adder design named Hybrid ADDer (HADD), which is referred to

by its abbreviation throughout the chapter. The HADD design combines four 1-bit

accurate adders and four 1-bit approximate adders to create an 8-bit adder. Likewise,

for developing a 16-bit adder, a total of 16 adders are employed, consisting of 8 accurate

and eight approximate adders, using the same hybrid methodology as in HADD. The

schematic provides a clear visualization of the mixed-precision approach, enabling

more e”cient and optimized circuit design for n-bit adders.

2.3.2 Delay Analysis of Full Adders: A Comparison of Con-

ventional and Approximate Designs for 1-bit and n-bit

Circuits

In assessing the physical performance of any circuit, delay is a critical parameter.

According to prior studies, the properties of individual logic gates a!ect the propaga-

tion delay of circuits [106]. To calculate the propagation delays of the carry-bit and

sum-bit in n-bit adder, the below Eq.2.1(a) for the carry-bit and Eq. 2.1(b) for the

sum-bit can be analyzed.

ωc =
(n→1)∑

j=m

tcj +
(m→1)∑

j=1

Tcj +Tc (2.1a)

ωs =
(n→1)∑

j=m

tcj +
(m→1)∑

j=1

Tcj +Ts (2.1b)

Here, ωc and ωs represent the total propagation delays for computing the carry-bit

and sum-bit in the proposed n-bit precision HADD. j stands for the adder’s index,

whereas m indicates the approximate number of adders used. In the case of a 1-
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bit conventional adder, the propagation delays for computing the carry and sum bits

are denoted by tc and ts, respectively. These values are calculated using Eq. 2.2(a)

and 2.2(b). Ts and Tc are the propagation delays in the computation of the sum bit

and carry bit using the proposed approximate adder. Therefore, the equation can be

rewritten as shown in Eq. 2.3(a) and 2.3(b).

tc = tOR +max[delay(A↗B · Cin, A ·B)] (2.2a)

ts = tXOR +max[delay(A↗B, Cin)] (2.2b)

Tc = tAND +max[delay(A+ Cin, B)] (2.3a)

Ts = tXOR +max[delay(A+ Cin, B)] (2.3b)

Table 2.2: Comparison of Gate Count between the Accurate and the Proposed Ap-
proximate Adders for n-bit Addition.

Bit-precision of adder XOR gates AND gates OR gates # of gates

1-bit accurate 2 2 1 5
1-bit proposed 1 1 1 3

8-bit Conventional 16 16 8 40
8-bit proposed HADD 12 12 8 32

16-bit Conventional 32 32 16 80
16-bit proposed HADD 24 24 16 64

The propagation delay of a digital circuit depends on both the applied input signals

and the number of logic gates used in its implementation. To evaluate the e”ciency

of the conventional and proposed adder architectures, a gate-count comparison is

presented in Table 2.2. The analysis reveals that the di!erence in gate count between

the conventional and proposed adders increases linearly with increasing bit precision.

Notably, for any n-bit addition, the proposed adder consistently requires fewer logic

gates than the conventional design. This reduction in gate count suggests that, for the

same bit precision, the proposed adder is likely to exhibit a lower propagation delay

compared to the conventional adder
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2.3.3 E!cient HADD Design: Pareto-Driven Approximate

Adder Selection

The primary goal is to design an n-bit adder that optimizes hardware utilization

while maintaining acceptable accuracy. To achieve this, various combinations of x

conventional adders and y approximate adders were evaluated. Approximate adders

were placed in the least significant bit (LSB) positions, while conventional adders were

used in the most significant bit (MSB) positions, and the resulting accuracy was ana-

lyzed. The results indicate that the overall accuracy of the adder depends strongly on

the specific combination of adders employed. Consequently, di!erent single-bit adder

configurations can be selected based on the error-tolerance requirements of the tar-

get application. However, the analysis shows that at least n

2
conventional (accurate)

adders are required to maintain optimal accuracy without incurring excessive hard-

ware overhead. This configuration was therefore adopted in the HADD design, and

its overall performance was subsequently evaluated. The error metrics for Edge De-

tection application are reported in Table 2.3, including the Standard Deviation (SD),

Normalised Mean Squared Error (NMSE), and Normalised Mean Euclidean Distance

(NMED), have been utilised to evaluate and quantify the dissimilarities between two

images. These metrics are computed using equations 2.4, 2.5, and 2.6, with g and

h denoting the dimensions of the images. In the equations, c and d correspond to

the indices of the individual pixels within the images. More specifically, the image I1

represents the result obtained using an accurate adder, while I2 corresponds to the

image acquired using the HADD (x,y) design. In equations, 2.4b and 2.4c, the variable

VAR denotes the variance.

Mean =
1

g · h

g∑

c=1

h∑

d=1

I2(c, d) (2.4a)

Variance (VAR) =
1

g · h

g∑

c=1

h∑

d=1

(I2(c, d)↔Mean)2 (2.4b)

Standard Deviation (SD) =
√

(VAR) (2.4c)
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Mean Square Error (MSE) =
1

g · h

g∑

c=1

h∑

d=1

(I1(c, d)↔ I2(c, d))
2 (2.5a)

Normalized MSE (NMSE) =
1

max
[(
I1(c, d)↔ I2(c, d)

)2]MSE (2.5b)

Mean Euclidean Distance (MED) =
1

g · h

g∑

c=1

h∑

d=1

abs
[
I1(c, d)↔ I2(c, d)

]
(2.6a)

Normalized MED (NMED) =
1

max
(
abs[I1(c, d)↔ I2(c, d)]

)MED (2.6b)

Table 2.3: Performance Evaluation of 8-bit and 16-bit Proposed HADD designs based
on Error Metrics.

Proposed HADD (n-bit) NMED SD NMSE

8-bit HADD (4, 4) 0.156 0.450 0.088
16-bit HADD (8, 8) 0.160 0.014 0.079

The results presented in Table 2.3 demonstrate that the HADD design e!ectively

reduces computational deviations for both 8-bit and 16-bit precisions when compared

with accurate computations. This highlights the e!ectiveness of the HADD architec-

ture in achieving high computational accuracy. Furthermore, the influence of the least

significant bits (LSBs) on the overall accuracy of an n-bit HADD is relatively mi-

nor, which significantly contributes to the favorable results observed. Based on these

findings, the deployment of the HADD configuration with a n

2
combination of conven-

tional and approximate adders is strongly recommended. This configuration ensures

a desirable balance between computational accuracy and hardware resource e”ciency.

Accordingly, the recommended HADD configuration has been implemented, reflecting

a deliberate e!ort to achieve precise results while optimizing resource utilization in

the HADD design.
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Figure 2.4: Schematic of an 8-bit MAC unit employing the proposed HADD design,
with overflow bits indicated by ‘a’.

For performance analysis, the proposed HADD design has been integrated into a

multiply–accumulate (MAC) unit. The specific implementation of an 8-bit MAC unit

is illustrated in Fig. 2.4. It is important to note that the output of the multiplier

has twice the precision of its input operands and is subsequently forwarded to the

accumulator stage. Although several recent studies have investigated techniques such

as operand sparsity and irrelevant data suppression to reduce energy consumption

in DNN accelerators, in this study, the MAC operation is initiated only upon the

reception of a valid start signal.

The bias select line controls the selection between the bias register value and

the feedback from the accumulator register, depending on the specific MAC execution.

The accumulation operation is performed using the proposed HADD architecture, and

the resulting output is stored in the accumulator register. The accumulator output is

subsequently rounded to 8-bit precision using the roundTiesToEven method, consis-

tent with the default rounding mode specified in IEEE 754-2008. Upon completion of

the MAC operation, the valid out signal is asserted to indicate that the final output

is valid and available in the accumulator register. This concludes the MAC operation,

after which the output is forwarded to the activation function block for subsequent

processing

43



2.4 Experimental Analysis

The experimental analysis validates the performance of the proposed design

through both software and hardware implementation flows. A Python-based emu-

lator was employed to integrate the proposed design into MAC operations within a

CNN model. The following evaluations are done:

• Pareto-study for E”cient HADD design: A Pareto study on multi-bit precision

adders in the HADD design was conducted to optimize the combination of accu-

rate and approximate adders in the MSBs and LSBs for improved physical perfor-

mance and inference accuracy. The deployment of a Pareto optimal evaluation is

essential for navigating the multi-dimensional design space where hardware sav-

ings (Area and Power) compete directly with algorithmic correctness (Inference

Accuracy). In an n-bit hybrid adder, configuring the exact boundary between

accurate (x) and approximate (y) bits produces numerous potential structural

permutations. The Pareto frontier systematically evaluates these combinations

and discards sub-optimal designs.

• Inference Accuracy: To evaluate the accuracy of the selected combination of

exact and approximate adders in HADD, the design was tested on the LeNet-5

DNN model using the MNIST and A–Z Handwritten Alphabet datasets.

• Image Feature Extraction: The scope of the proposed HADD is extended to

include image processing applications such as edge detection. In this application,

the Sobel operator is used in convolution and HADD-based MAC operation for

image feature extraction.

• Physical Performance: The HADD design was implemented with various bit

precisions, and physical performance parameters were extracted. The study in-

cludes a comparison with conventional designs and state-of-the-art architectures

to analyze the physical performance of HADD

The complete design methodology for developing an e”cient HADD architecture

is illustrated in Fig. 2.5.
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Figure 2.5: Design Process illustrating e”cient HADD implementation and its inte-
gration into a MAC unit for DNNs, including Hardware Performance Evaluation and
Software-Level Assessment for Edge Detection Applications.

This methodology integrates hardware performance evaluation with the subsequent

deployment of the HADD within a MAC unit for DNN applications. In addition, the

design flow incorporates software-level evaluations, specifically targeting edge detec-

tion applications. A key stage of the process involves Pareto-optimal analysis, which

identifies the optimal combination of accurate and approximate adders for HADD

implementation. Following the selection of this optimal configuration, extensive hard-

ware and software evaluations are performed to assess the HADD architecture. The

resulting performance metrics are then analyzed and reported, providing a compre-

hensive evaluation of the e!ectiveness and e”ciency of the proposed HADD design.

2.4.1 Software Implementation and Accuracy Evaluation

In this study, multiple configurations of HADD were initially investigated using

x accurate adders in the most significant bit (MSB) positions and y approximate

adders in the least significant bit (LSB) positions, denoted as HADD(x,y), to identify

the optimal combination. Error metrics, as discussed in Section 2.3, were analyzed,

revealing that the inclusion of at least n

2
accurate 1-bit adders in an n-bit adder is

necessary to ensure an e”cient and reliable implementation. Furthermore, Pareto-

optimal analysis identified n

2
approximate adders as the optimal choice for minimizing

accuracy degradation while maximizing hardware e”ciency.

Based on these findings, the selected HADD configuration was integrated into MAC

operations and evaluated using the LeNet DNN architecture with software-level cus-
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Figure 2.6: Accuracy comparison for HADD Design with combinations of Accurate and
Proposed Approximate Full Adders and Conventional n-bit Adder Design on LeNet
DNN model.

tomization. The evaluation employed grayscale images with 8-bit pixel precision and a

resolution of 28↓ 28 pixels to perform inference on the MNIST and A–Z Handwritten

Alphabet datasets.

The experimental results indicate that inference accuracy varies with the pro-

portion of accurate and approximate adders. As shown in Fig. 2.6, the conventional

adder, HADD(6,10), and HADD(8,8) configurations achieved accuracy rates of 98.5%,

91.87%, and 96.97%, respectively. Although several HADD combinations were evalu-

ated, only representative configurations are reported for clarity. Notably, HADD
(
n

2
,
n

2

)

consistently delivered superior accuracy among the evaluated approximate configura-

tions.

Compared to a fully accurate n-bit adder, the proposed HADD design incurs a

modest accuracy loss of approximately 1.5% on the MNIST dataset. This evalua-

tion was further extended to higher-class-count datasets using the A–Z Handwritten

Alphabet dataset, where a similar accuracy reduction of approximately 1.3% was ob-

served. Despite this minor degradation, the resulting accuracy remains acceptable

for many applications, particularly when weighed against the substantial hardware

resource savings and improvements in other physical performance parameters enabled

by the HADD architecture.
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(a) (b) (c) (d) (e)

Figure 2.7: (a) Original image (b) Image after V EDacc (c) Image after V EDapp (d)
Image after HEDacc (e) Image after HEDapp.

2.4.2 Evaluation of HADD for Edge Detection

Image and video processing applications typically involve computationally inten-

sive convolution operations that rely on large numbers of iterative multiplications

and additions, resulting in significant power consumption and hardware complexity.

These operations form the core of many vision-based tasks, including filtering, fea-

ture extraction, and object detection. However, a wide range of image processing

applications exhibit inherent error tolerance, as small numerical inaccuracies often

have minimal impact on perceptual quality or algorithmic correctness. This tolerance

makes approximate computing a promising approach for designing energy-e”cient and

high-performance hardware architectures [107].

In this subsection, the e!ectiveness of the proposed HADD architecture is evaluated

in the context of edge detection applications, which are fundamental pre-processing

stages in many computer vision systems. Edge detection plays a critical role in iden-

tifying object boundaries and structural features and is widely employed in practical

applications such as license plate detection and recognition systems [108]. By inte-

grating the HADD design into the convolution operations required for edge detection,

the trade-o! between computational accuracy and hardware e”ciency is exploited,

demonstrating that meaningful energy and resource savings can be achieved without

significantly degrading application-level performance.

The Sobel operator is used to detect edges in various grayscale images, and the

results obtained using conventional and approximate adders are compared. The ex-

perimental results for horizontal edge detection (HED) and Vertical Edge Detection
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(a) (b) (c) (d) (e)

Figure 2.8: (a) Original image (b) Image after V EDacc (c) Image after V EDapp (d)
Image after HEDacc (e) Image after HEDapp.

(VED), shown in Fig. 2.7, demonstrate the promising potential of the proposed approx-

imate accumulator for edge detection applications. Figures 2.7(b) and 2.7(c) illustrate

the VED outputs obtained using the conventional adder (V EDacc) and the proposed

approximate adder (V EDapp), respectively. It is evident that the images do not di!er

visually at a large scale and exhibit comparable results, thereby demonstrating the

e!ectiveness of the proposed HADD design. A similar observation can be made for

Figs. 2.7(d) and 2.7(e), which depict clearly detected edges for HED in both cases.

Furthermore, edges are clearly detected using the proposed approximate adder de-

sign for random images, as illustrated in Fig. 2.8. A closer inspection of Figures 2.8(b)

and 2.8(c), as well as Figures 2.8(d) and 2.8(e), indicates that the images obtained

after both HED and VED using the proposed HADD design exhibit convincing and vi-

sually comparable results. These observations confirm the applicability and robustness

of the proposed approximate adder design for edge detection applications.

2.4.3 Hardware E!ciency Evaluation of the Proposed HADD

Architecture

The physical performance parameters of the conventional adder and the proposed

HADD architectures, implemented using a 180 nm technology node across di!erent

bit precisions, are summarized in Table 2.4. The evaluated metrics include area,

propagation delay, static power, and dynamic power. By employing a hybrid combi-

nation of accurate and approximate adders, the proposed HADD architecture achieves

a favorable trade-o! between computational accuracy and hardware e”ciency when

compared to the conventional adder.

For the 1-bit precision case, the proposed adder exhibits marginal improvements
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Table 2.4: Physical Performance Parameters for Conventional and Proposed HADD
adders at 180nm Technology Node.

Bit precision Area(um2) Delay (ns) Power

Static(nW) Dynamic(uW)

1-bit conventional 60.61 2.14 0.575 0.002
1-bit proposed 49.08 2 0.560 0.001

8-bit conventional 837 4.65 10.06 24.3
8-bit proposed HADD (4, 4) 456 3.78 4.5 11.8

16-bit conventional 1999 4.90 34.63 54.63
16-bit proposed HADD (6, 10) 1079 4.15 16.38 31.36
16-bit proposed HADD (8, 8) 1408 4.35 23.81 39.27

in area and dynamic power consumption while maintaining comparable delay and

static power characteristics relative to the conventional adder. These results indicate

that the proposed design can deliver equivalent performance with modest savings in

hardware resources. At 8-bit precision, the HADD(4,4) configuration demonstrates

substantial improvements across all evaluated metrics, achieving reductions of 44% in

area, 19% in delay, 55% in static power, and 51% in dynamic power compared to the

conventional adder. This highlights the suitability of the proposed architecture for

higher-precision applications requiring enhanced performance and energy e”ciency.

Similarly, for the 16-bit precision case, the HADD(6,10) configuration consistently

outperforms the conventional adder, yielding reductions of up to 46% in area, 15% in

delay, 53% in static power, and 43% in dynamic power. Furthermore, the proposed

HADD architecture o!ers flexibility in navigating the accuracy–e”ciency trade-o!

through di!erent combinations of accurate and approximate adders. Among the eval-

uated configurations, HADD(6,10) and HADD(8,8) achieve the most balanced and

favorable overall performance.

The performance evaluation of the proposed HADD adders, as reported in Ta-

ble 2.5, indicates substantial improvements in key physical performance parameters

over conventional adders implemented at the 45 nm technology node across multiple

bit precisions. For the 1-bit configuration, the proposed adder achieves a 48% reduc-

tion in area, along with reductions of 9.5% in static power and 7% in dynamic power

consumption, relative to the accurate 1-bit adder.
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At 8-bit precision, the HADD(4,4) configuration demonstrates notable enhance-

ments, including a 31% reduction in area, an 8.4% reduction in propagation delay,

a 20% reduction in static power, and a 34% reduction in dynamic power consump-

tion compared to the accurate adder. Similarly, for the 16-bit precision case, the

HADD(6,10) configuration yields reductions of 37% in area, 6% in delay, 33% in static

power, and 8% in dynamic power consumption. These results validate the scalability

of the proposed HADD architecture across di!erent bit precisions, as further corrob-

orated by the results presented in Tables 2.4 and 2.5.

A comparative assessment of the proposed design against recent state-of-the-art

16-bit adder architectures is presented in Table 2.6. The comparison considers four

critical metrics: area, delay, power consumption, and data arrival time (DAT). The

data arrival time is intrinsically linked to the overall circuit delay, as it defines the

maximum permissible timing at which input data becomes stable and can be correctly

sampled by the receiving circuitry. Consequently, DAT serves as an essential indicator

of timing robustness and functional reliability.

To further assess the suitability of the proposed HADD design for area-e”cient

Edge-AI applications, comparisons were conducted with several existing architectures,

including SBFTA-I at 90 nm, OFTA at 90 nm, CSLA (CBL) at 90 nm, and BEC at

180 nm. The results demonstrate that, at an equivalent technology node, the pro-

posed HADD design achieves a 26% reduction in area and a 58% reduction in power

consumption relative to the BEC architecture. Moreover, when compared to the

Table 2.5: Physical Performance Parameters for Conventional and Proposed HADD
Adders at 45nm Technology Node.

Bit precision Area (um2) Delay(ns) Power

Static(nW) Dynamic(uW)

1-bit conventional 17.36 0.90 43.33 0.341
1-bit proposed 8.92 0.85 39.2 0.330

8-bit conventional 101 1.35 298.6 3.47
8-bit proposed HADD (4, 4) 70 1.19 240 2.30

16-bit conventional 226 1.82 735.2 7.5
16-bit proposed HADD (6, 10) 141.7 1.30 492.4 6.9
16-bit proposed HADD (8, 8) 161 1.71 515 7.06
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Table 2.6: Comparison of Hardware Implementation Parameters of the Proposed
Adder with 16-bit Precision State-of-the-Art Works.

Adder SBFTA-I [111] OFTA [111] CSLA [112] BEC [113] EOHEAA[109] NAA [110] HADD HADD

Technology node 90nm 90nm 90nm 180nm 90nm 28nm 45nm 180nm

Area (µm2) 403.43 406.46 1722.96 1834 195.28 65.42 161 1408

Delay (ns) 1.65 1.75 7.38 2.97 1.07 1.10 1.71 4.35

Power (µW) 12.41 12.84 12.87 94.7 7.49 29.61 7.06 39.27

DAT (ns·µm2) - - 10.45 - - 3.71 6.35

CSLA (CBL) design, the proposed HADD achieves reductions of 39% in DAT, 26%

in area, and 41% in delay, despite being implemented at a more advanced technology

node. The proposed HADD architecture was also compared with recent state-of-the-

art works, namely EOHEAA [109] at 90 nm and NAA [110] at 28 nm. The HADD

implementation demonstrates strong competitiveness across these diverse technology

generations; it utilizes an area of 161µm2 and a power profile of 7.06µW, which o!ers

an improvement over EOHEAA’s 7.49µW power consumption and a substantial power

reduction compared to the 28 nm NAA design (29.61µW). This proves that HADD’s

3-gate full-adder optimization o!ers an inherently high-e”ciency hardware alternative

for Edge-AI accelerators.

The proposed HADD architecture was implemented using both 45 nm and 180 nm

technology nodes to evaluate its physical performance across advanced and mature

process technologies. The evaluation results demonstrate that HADD outperforms

existing related works in terms of area and power consumption, while maintaining

comparable propagation delay. Moreover, the results obtained at both 180 nm and

45 nm technology nodes show that the proposed HADD
(
n

2
,
n

2

)
configuration consis-

tently achieves substantial reductions in area, delay, and power consumption com-

pared to conventional adders across multiple bit precisions. These improvements are

achieved while providing flexible trade-o!s between computational accuracy and hard-

ware e”ciency, enabling the design to be tailored to diverse application requirements.

Overall, the proposed HADD architecture exhibits significant performance advan-

tages over state-of-the-art designs for 16-bit precision, thereby establishing its suit-

ability for area-optimized implementations in Edge-AI applications. Consequently, the

HADD design is well suited for application domains that demand hardware-e”cient
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and energy-conscious computation.

2.5 Summary

This chapter proposes an approximate 1-bit adder and presents a Hybrid Adder

Design, HADD
(
n

2
,
n

2

)
, that achieves accuracy comparable to conventional adders while

delivering enhanced hardware e”ciency. To this end, 1-bit approximate adders were

developed, and a comprehensive Pareto analysis was conducted to determine the op-

timal combination of accurate and approximate adders for n-bit precision HADD de-

signs. The analysis reveals that including at least n

2
accurate 1-bit adders is necessary

to maintain acceptable accuracy, whereas selecting n

2
approximate adders optimally

enables minimal accuracy degradation while achieving significant hardware savings.

The proposed HADD adders were further integrated into the MAC operations of

the LeNet deep neural network architecture and evaluated on the MNIST and A–

Z Handwritten Alphabet datasets. The resulting inference accuracy exhibited only

marginal degradation, with losses of approximately 1.5% and 1.3% compared to im-

plementations using fully accurate n-bit adders. Despite this slight loss in accuracy,

the proposed HADD architecture o!ers flexible trade-o!s between accuracy and hard-

ware e”ciency, depending on application-specific requirements. Overall, the proposed

HADD adders achieve substantial reductions in area, latency, and power consumption

across a wide range of bit precisions, making them a compelling solution for e”cient

hardware implementation in error-resilient and energy-constrained applications. This

chapter emphasizes approximation in the adder, one of the key blocks of the MAC unit.

By introducing approximation at the adder level, the architecture achieves a more

resource-e”cient implementation of the MAC unit, significantly reducing hardware

complexity while maintaining acceptable computational accuracy. Building on these

insights, the subsequent chapters shift attention toward the optimization of another

essential arithmetic component—the multiplier—further extending the exploration of

e”cient design techniques for high-performance arithmetic units.
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Chapter 3

Operand-Rounding-based Approximate

Multiplier Design

In chapter 2, the adder approximation within the MAC unit was presented, re-

ducing overall hardware complexity with only a minor degradation in accuracy. This

approach resulted in savings in the hardware resources required for MAC unit process-

ing, especially for error-resilient applications. However, the multiplier is considerably

more resource-intensive and power-hungry than the adder within the MAC unit, con-

suming a larger portion of area and power [10]. This is mainly due to the complexity

of partial product generation and accumulation involved in multiplication. Conse-

quently, the multiplier often dominates the overall hardware cost of the MAC unit.

Therefore, optimizing the multiplier is critical to improving overall resource utilization

and achieving an e”cient MAC unit architecture.

3.1 Introduction

Several prior studies have focused on optimizing multiplier architectures to achieve

e”cient resource utilization through a variety of approximation techniques [47, 55,

49]. In particular, researchers have investigated approximate multipliers that exploit

LUT (Look-Up Table) structures and fast-carry chains to reduce both computational

delay and hardware resource consumption [82]. Approximation has also been applied

at the reduction tree stage of the multiplier, enabling further simplification of the
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accumulation of partial products [100].

Among the most popular approximation techniques is the logarithmic multiplier

proposed by Mitchell [57]. Iterative logarithmic multipliers have been shown to e!ec-

tively replace conventional multipliers by reducing the number of complex arithmetic

operations, thereby enabling area-e”cient hardware implementations for neural net-

works [114]. Building upon this concept, Liu et al. analyzed logarithm-based approx-

imate multipliers using various approximate adders and demonstrated that designs

employing set-one adders (SOAs) can achieve improved accuracy [84]. Other studies

have focused on mitigating the average error inherent in Mitchell’s algorithm, albeit

at the expense of increased power and area consumption [58, 115].

An alternative optimization strategy involves combining multipliers of di!erent

precisions to dynamically adapt to varying accuracy requirements [116]. While this

method o!ers flexibility, it relies heavily on a high-precision multiplier, which substan-

tially increases the overall area overhead. Since multiplication fundamentally depends

on partial product generation, reducing the number of partial products has also been

identified as an e!ective means of trading accuracy for improvements in speed and

hardware e”ciency [45, 28]. In this context, the use of modified Booth encoding to

design approximate Wallace–Booth multipliers has been explored as a technique to

reduce delay [83]. Boolean rewriting has likewise been widely adopted to simplify

multiplier circuits by modifying Boolean expressions and Karnaugh maps, resulting in

notable area and power savings at the cost of marginal accuracy degradation [117, 118].

Another straightforward yet e!ective approach to approximate multiplier design

is to introduce approximation at the input level [86, 88, 87]. By reducing operand

bitwidth prior to multiplication, this technique significantly lowers computational

complexity and hardware requirements. For instance, in [85], leading-one detection is

employed to select m consecutive bits from the leading-one position of each operand,

enabling an m × m multiplication instead of a full n × n operation, where m < n.

Similarly, in [86], operands are truncated to h and t bits based on the position of their

leading-one bits, and these truncated values are subsequently used for multiplication

and accumulation. To reduce truncation-induced error, the truncated operands are

54



rounded to approximate their discarded portions, thereby supporting both symmetric

and asymmetric multiplication with reduced power consumption and delay. In [87],

rounding-based multiplication is further refined by rounding input operands to the

nearest power of two, yielding higher accuracy compared to conventional rounding

methods.

Overall, these input pre-processing techniques substantially reduce computational

complexity while achieving significant savings in area and power consumption, thereby

demonstrating strong potential as e!ective approximation strategies for e”cient mul-

tiplier design. In this chapter,an approximate multiplier based on operand rounding

is presented. The idea is to pre-process the inputs so the operand widths are reduced,

then shift the product as required after multiplication. Reducing operand bitwidths

reduces computational complexity, ultimately saving area and power. The induced er-

ror is minimised by shifting the approximate product obtained. This chapter focuses

on developing an operand rounding-based approximate multiplier for error-tolerant

AI/ML applications. The study focuses on integer and fixed-point arithmetic and is

currently considered for unsigned multiplications. The key outcomes of this investi-

gation are as follows:

• Rounding-Based Approximate Multiplier Design: An approximate mul-

tiplier architecture based on rounding and truncation of input operands, that

supports integer and fixed-point computations, ensuring e”cient resource utili-

sation.

• Hardware-e!cient Multiplication: The proposed multiplier supports all

bitwidths upto 8-bit multiplication. The inputs are rounded o! to 5 bits fol-

lowing a unique proposed rounding scheme. This results in significant savings

in hardware, traded o! with only a little degradation in accuracy.

• ASIC and FPGA-based implementation: The proposed architecture is

verified for both ASIC and FPGA-based implementations, highlighting its ver-

satility.
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3.1.1 Proposed Operand-Rounding based Multiplier Archi-

tecture

This chapter presents an approximate multiplier architecture that directly pro-

cesses input operands with bitwidths ranging from 1 to 5 bits without modification.

For higher bitwidth operands, the proposed design employs a rounding mechanism

to reduce the input precision to 5 bits. Consequently, exact multiplication is applied

to lower bit-width operands, while approximate multiplication is employed for higher

bit-width operands, as detailed in the following subsections. Although the scheme is

demonstrated for rounding 8-bit inputs to 5 bits, it is inherently scalable and can be

extended to higher bitwidths. In general, the objective is to reduce an input operand

of bitwidth n to approximately [(n/2) + 1] bits, thereby significantly lowering the

computational complexity associated with higher-precision multiplication while main-

taining acceptable accuracy.

3.1.2 Input Operand Rounding Scheme

The proposed approximate 8-bit multiplier architecture reduces computational

complexity and improves e”ciency by incorporating an input pre-processing stage

that approximates the operands prior to multiplication, followed by a shift-based cor-

rection of the output. The architecture supports variable operand precisions, enabling

input features and weights with bitwidths ranging from 1 to 8 bits.

Operands with bitwidths from 1 to 5 bits are processed without modification and

are multiplied directly using a conventional 5↓5 multiplier. For operands with higher

bitwidths, a leading-one-based segmentation strategy is employed to introduce con-

trolled approximation. As the input bitwidth increases, the approximation logic pro-

gressively reduces the operand resolution by selectively combining adjacent bits using

bitwise OR and AND operations. A detailed schematic of the proposed architecture is

illustrated in Fig. 3.1. For example, when an input operand A lies in the range [32, 63],

the most significant bits [5 : 2] are preserved, while the two least significant bits are

merged into a single representative bit using the proposed rounding scheme. The re-
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A[7:0] >31 Round to 5-bit 
as per scheme

Approx_A

B[7:0]

No
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>31 Round to 5-bit 
as per scheme

Approx_B

No

Yes

Approx_ProductA,B both less 
than 32Product= Approx_Product

Product= Approx _Product << n
(n is decided by the shifting 

scheme)

Input

Input

Figure 3.1: Architecture of the Proposed Rounding-based Approximate 8-bit Multi-
plier. The inputs are pre-processed (rounded) before Multiplication Operation.

sulting approximated operand is denoted as approx A. The proposed scheme functions

by partitioning the input dynamic range into multiple intervals, where each interval is

associated with a distinct level of representational precision. The fundamental idea is

to approximate each input value by preserving the leading bits that contribute most

significantly to its magnitude, while progressively reducing the number of bits used to

represent the less significant portions.

For input values in the range [0, 31], all five least significant bits of the operand

A are retained in approx A, ensuring that no approximation is introduced in this

interval. When the input lies in the range [32, 63], the approximation preserves the

four most significant bits, A[5 :2], while the two least significant bits are combined into

a single representative bit using a logical summary operation, specifically a bitwise OR

of A[1] and A[0]. For values within the range [64, 127], the three most significant bits,

A[6 : 4], are maintained, and the remaining lower-order bits are further compressed

by summarizing the bit pairs A[3 : 2] and A[1 : 0] using similar OR-based logic. In

the highest range, [128, 255], which represents the default case, only the two most

significant bits, A[7 : 6], are retained explicitly, while each of the lower 2-bit groups,

namely A[5 : 4], A[3 : 2], and A[1 : 0], is approximated using the same summary
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technique.

Table 3.1: Illustration of Rounding Operation on the Input Operand A.

Step Action
Input An 8-bit input A ↘ [0, 255]
Output approx A

If 0 ≃ A < 32 No change required
approx A ⇐ (A[4 : 0])

If 32 ≃ A < 64 temp ⇐ (A[1]&(|A[1 : 0]))
R ⇐ Concatenate(A[5 : 2], temp)

ElseIf 64 ≃ A < 128 temp1 ⇐ (A[3]&(|A[3 : 2]))
temp2 ⇐ (A[1]&(|A[1 : 0]))
R ⇐ Concatenate(A[6 : 4], temp1, temp2)

ElseIf 128 ≃ A ≃ 255 temp1 ⇐ (A[5]&(|A[5 : 4]))
temp2 ⇐ (A[3]&(|A[3 : 2]))
temp3 ⇐ (A[1]&(|A[1 : 0]))
R ⇐ Concatenate(A[7 : 6], temp1, temp2, temp3)

By employing simple bitwise OR and AND operations, the proposed method e!ec-

tively reduces the precision of the lower-order bits while preserving a coarse represen-

tation of their contribution. This approach significantly reduces the output bitwidth

and computational complexity, resulting in lower hardware area and power consump-

tion while maintaining the essential characteristics of the original input operand. The

detailed rounding scheme employed in this study is summarized in Table 3.1. An

identical approximation procedure is applied to the second input operand. It is im-

portant to note that for lower-bitwidth inputs, specifically values less than 32, the

approximated operand approx A remains identical to the original input A, and no

approximation is introduced. Once both input operands have been approximated, the

multiplication is performed using their respective approximated representations. The

resulting product is then adjusted via an appropriate shift operation, determined by

the magnitude of the input operands.

3.1.3 Shifting Scheme in the Multiplier

The product obtained after operand approximation is significantly smaller in mag-

nitude than the exact product, particularly for large input values. To compensate
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for this compression and partially restore the original dynamic range, the proposed

module estimates the number of significant bits discarded during the approximation

and applies a corresponding left-shift to the product.

Table 3.2: Shift Amount Based on Bit-Widths of Operands A and B.

Case Shift Amount
bwA = 5 and bwB = 6 or bwA = 6 and bwB = 5 1

bwA = 6 and bwB = 6 2
bwA = 6 and bwB = 7 or bwA = 7 and bwB = 6 3

bwA = 7 and bwB = 7 4
bwA = 7 and bwB = 8 or bwA = 8 and bwB = 7 5

bwA = 8 and bwB = 8 6

The shift amount is determined by the position of the most significant bit (MSB)

of the input operands, which indicates their relative magnitude. Based on the MSB

position, the inputs are classified into distinct magnitude ranges, with each range

corresponding to a specific shift factor. The total number of such ranges, therefore,

directly determines the required shift amount applied to the operands. A detailed

summary of the computed shift values for the di!erent input ranges is provided in

Table 3.2. This shift-based scaling mechanism allows higher bit-width operands to be

e”ciently normalized prior to multiplication, ensuring minimal degradation in com-

putational accuracy while maintaining hardware e”ciency.

3.1.4 Multiplication Operation using the Proposed Multiplier

To further demonstrate the e!ectiveness of the proposed approach, Table 3.3

presents a complete step-by-step illustration of the computation process. The re-

sults show that the final output generated by the proposed architecture deviates from

the exact multiplication result by only 1.54%. This small deviation indicates that the

introduced approximation leads to minimal accuracy degradation, thereby validating

the ability of the proposed design to achieve a favourable trade-o! between compu-

tational accuracy and hardware e”ciency. Moreover, the observed error remains well

within acceptable limits for practical and error-tolerant applications.

59



Table 3.3: Detailed Illustration of the Proposed Multiplication Process with elabora-
tive steps of Operand Rounding and Shifting.

Steps Proposed multiplication method

1. Inputs
A 65 (Binary: 01000001)
B 120 (Binary: 01111000)

2. Approximate Encoding
A Range 64 ≃ A < 128
A[6 : 4] 100
A[3 : 2] 00 ⇒ (|A[3 : 2]&A[3]) = 0
A[1 : 0] 01 ⇒ (|A[1 : 0]&A[1]) = 0
approx A {100, 0, 0} = 5↑b10000 = 16
B Range 64 ≃ B < 128
B[6 : 4] 111
B[3 : 2] 10 ⇒ (|B[3 : 2]&B[3]) = 1
B[1 : 0] 00 ⇒ (|B[1 : 0]&B[1]) = 0
approx B {111, 1, 0} = 5↑b11110 = 30

3. Approximate Multiplication
approx Pro 16↓ 30 = 480

4. Shift Amount Calculation
A > 127 False (0)
A > 63, A > 31 True (1 each)
B > 127 False (0)
B > 63, B > 31 True (1 each)
shift amount 0 + 1 + 1 + 0 + 1 + 1 = 4

5. Final Output
P 480 ⇑ 4 = 7680
Exact A↓ B 65↓ 120 = 7800
Absolute Error 7800↔ 7680 = 120
Relative Error 120

7800
↓ 100 ⇓ 1.54%

3.2 Performance Evaluation and Validation of

Software and Hardware Implementations

This section presents the performance evaluation and validation of the proposed

approach through both software and hardware implementations. The hardware imple-

mentation is carried out on a Virtex-7 FPGA SoC, with detailed analysis of key phys-

ical metrics such as resource utilization, critical path delay, and power consumption.
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Furthermore, the design is synthesised at 65 nm Technology Node, and its physical per-

formance parameters are assessed using the Cadence Genus tool. The software-based

evaluation is conducted using a Python-based simulation framework, with a primary

focus on edge detection applications. A comprehensive analysis of the obtained results

and their implications is presented in the following subsections.

3.2.1 Software Implementation and Accuracy Validation

The proposed architecture exhibits a low average relative error of 4.84% when

compared to an exact multiplier, as evaluated through exhaustive testing of all 65,536

(256 × 256) possible input combinations using a Python-based implementation. To

assess its applicability in real-world scenarios, the architecture was further evaluated

for edge detection using several test images. The experimental results are presented

in Figures 3.2 and 3.3.

As a representative case study, edge detection was performed for license plate

recognition. The results shown in Figures 3.2 and 3.3 indicate that, although the

edges produced using the accurate multiplier (EDacc) appear more pronounced than

those obtained with the proposed approximate multiplier (EDapp), the latter still suc-

cessfully identifies the digits on the license plate. These findings demonstrate that the

proposed approximate multiplier is well-suited for edge detection tasks, highlighting

one of its many potential application domains.

(a) Original (b) EDacc (c) EDapp

Figure 3.2: Edge Detection results for an image from the MNIST dataset using Accu-
rate and the Proposed Approximate Multipliers.
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(a) Original (b) EDacc (c) EDapp

Figure 3.3: Edge Detection results for License Plate Image using Accurate and the
Proposed Approximate Multipliers.

3.2.2 Hardware Performance Analysis using FPGA and

ASIC-based Evaluations

As summarized in Table 3.4, the FPGA implementation results o!er a comprehen-

sive comparative evaluation of the proposed resource-e”cient rounding-based 8-bit

MAC architecture against existing designs. The proposed architecture achieves a sig-

nificant reduction of 24.4% in LUT utilization and a 37.5% decrease in critical path

delay when compared to the conventional architecture reported in [119].

Furthermore, when bench-marked against other state-of-the-art implementations,

the proposed design demonstrates notable improvements in timing performance, ex-

hibiting reductions of 22.7% and 17.07% in critical path delay relative to the archi-

tectures presented in [28] and [82], respectively. Although a marginal increase in LUT

utilization is observed when compared to the latter, this trade-o! is o!set by the sub-

stantial gains in delay reduction. Importantly, among all the architectures considered

in this comparison, the proposed design achieves the lowest critical path delay. In

addition to improvements in area and timing metrics, the proposed architecture also

delivers enhanced energy e”ciency, with a 7.8% reduction in power consumption com-

pared to the conventional architecture [119]. These results collectively highlight the

Table 3.4: Comparative analysis of the FPGA Performance Metrics between the State-
of-the-Art Works and Proposed 8-bit MAC Architectures.

Architecture LUT FF Critical Delay (ns) Dynamic Power(mW )

Conventional MAC [119] 86 16 3.81 6.6

Booth [28] 83 61 3.08 ↔
Acc App[82] 62 59 2.87 ↔
This Work 65 16 2.38 6.01
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Table 3.5: A Detailed Comparison of Hardware Performance Parameters of State-of-
the-Art Fixed-Point Multipliers with the Proposed Work.

Parameter VIVADO IP TVLSI '15 TVLSI '17 This work
[119] [85] [87]

Technology node (nm) 65 45 45 65
Precision 8 8 32 8
Area (um2) 560 355 13224 392
Power uW ) 443.8 328 5370 314.4

e!ectiveness of the proposed design in achieving a favorable balance between resource

utilization, performance, and power e”ciency.

The ASIC synthesis results summarized in Table 3.5 clearly demonstrate the hard-

ware e”ciency and competitive performance of the proposed architecture in compari-

son with state-of-the-art designs. When evaluated against the conventional architec-

ture reported in [119] under the same 65-nm technology node, the proposed design

achieves a substantial reduction of 30.8% in area, along with a notable 29.1% decrease

in power consumption, highlighting its improved area–power e”ciency. In compari-

son with the design presented in [87], the proposed architecture demonstrates signifi-

cant advantages. Although the technology node and operand precision di!er between

the two implementations, a normalized evaluation indicates that the proposed design

achieves approximately a 33× reduction in area and a 17× reduction in power con-

sumption relative to the reference design. These results underscore the e!ectiveness

of the proposed architectural choices in achieving compact and energy-e”cient hard-

ware. Furthermore, when compared with the architecture reported in [85], while the

latter exhibits a marginally smaller area footprint, it incurs higher power consumption.

This contrast highlights the superior power e”ciency of the proposed design without a

substantial compromise in area. In addition, the proposed architecture achieves lower

delay and reduced resource utilization with only a minor degradation in computational

accuracy, thereby o!ering a favorable trade-o! between performance, energy e”ciency,

and precision.

Overall, the combination of reduced area, lower power and delay, and minimal ac-

curacy loss positions the proposed architecture as a strong candidate for error-tolerant
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AI and DSP applications. Moreover, the scalability and e”ciency demonstrated by the

design provide a promising foundation for future exploration across di!erent operand

precisions and application domains.

3.3 Summary

This chapter presents a resource-e”cient approximate multiplier based on operand

rounding and shifting, achieving reduced hardware complexity with acceptable accu-

racy. The architecture enables enhanced parallelism in MAC operations and achieves

superior performance compared to state-of-the-art designs, exhibiting the lowest crit-

ical path delay and comparable or improved LUT utilization. FPGA implementation

on the Virtex-7 VC707 platform demonstrates reductions of 37.5% in delay and 24.4%

in LUT usage relative to a conventional 8-bit MAC. The observed average relative

error of 4.84% confirms the suitability of the design for error-resilient computing.

ASIC synthesis at the 65-nm technology node further validates improvements in area,

power, delay, and throughput. The successful application of the proposed architec-

ture to license plate edge detection highlights its e!ectiveness in image processing and

error-tolerant AI applications.
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Chapter 4

Segmentation-based Approximate

Multiplier Architecture

In chapter 3, the design of an approximate 8-bit multiplier based on the operand-

reduction technique was presented. This approach enabled significant optimisation of

hardware resources while achieving a well-balanced trade-o! between computational

accuracy and e”ciency. By incorporating an operand rounding technique in conjunc-

tion with appropriate bit shifting, the proposed multiplier exhibited only minimal

degradation in accuracy, remaining well within acceptable limits for error-resilient ar-

tificial intelligence applications. Building upon these results, this chapter extends the

proposed methodology to higher bit-width arithmetic. Specifically, it analyses the

design characteristics and performance of several 16-bit multiplier variants, developed

by adapting the 8-bit approximate multiplier introduced in chapter 3 with targeted

modifications to accommodate increased precision requirements.

4.1 Introduction

This chapter focuses on the resource optimization of 16-bit multipliers, as most con-

temporary FPGA architectures incorporate DSP blocks that natively support 16-bit

multiplication. This bit width o!ers a practical balance between hardware complexity

and the numerical precision required by Digital Signal Processing (DSP) applications

such as Digital Filters, Fast Fourier transforms (FFTs), and other signal-processing
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tasks [85, 120]. The proposed architecture performs multiplication by segmenting the

input operands and computing partial products using carefully selected combinations

of approximate and exact multipliers. This strategy enables e”cient computation with

minimal accuracy degradation, making it well suited for resource-constrained Edge-AI

applications.

In chapter 3, an operand-rounding-based 8-bit approximate multiplier was intro-

duced. In this chapter, the same multiplier is reused as a fundamental building block,

with specific modifications to facilitate its integration into a segmented multiplication

framework. Building upon this foundation, operand segmentation is explored as an

alternative approximation strategy for resource-e”cient implementation.

4.2 Background and Related Works

Since multipliers are a key component of MAC units, several methodologies have

been explored to optimize multiplier architectures, maximizing resource e”ciency

through distinct hardware-level adjustments [47, 49, 55]. For instance, approximate

multipliers that leverage lookup table (LUT) structures and fast-carry chains have

been actively deployed to minimize both propagation delays and logic overhead [82].

At the functional level, reducing partial products serves as an e!ective approach for

balancing speed, power, and accuracy during dense multiplication workloads [28, 45].

This strategy is exemplified by techniques such as modified Booth encoding, which

have been successfully integrated into approximate Wallace-Booth multipliers to al-

leviate critical path delays [83]. Complementary to these architectural modifications,

Boolean rewriting is widely exploited to simplify internal gate counts by modifying

fundamental logic equations and Karnaugh maps (K-maps). This algebraic approach

achieves significant area and power savings while introducing only minor, tolerable

degradation in overall computational accuracy [117, 118].

Segmented multipliers operate by extracting a set of m contiguous bits (referred

to as an m-bit segment) from each of the two n-bit input operands, where m < n.

These segments are multiplied using an m ↓ m multiplier, and the resulting 2m-bit
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partial product is subsequently expanded to produce a 2n-bit output.

In dynamic segmentation approaches, segments are selected starting from the lead-

ing one bit of the input operands, enabling variable precision through techniques such

as approximate m ↓ m multiplication, truncation, or operand rounding [88, 87, 86].

However, this dynamic execution introduces significant architectural complexity and

real-time control overhead, rendering such techniques inherently resource-intensive. In

contrast, Static Segmented Multipliers (SSMs) partition input operands into fixed m-

bit segments at design time. By eliminating runtime tracking and complex multiplex-

ing logic, static segmentation substantially reduces hardware complexity and power

consumption while simplifying the overall implementation [85]. Because SSM-based

architectures inherently achieve a highly favorable trade-o! between computational

accuracy and hardware resource utilization, they represent an attractive framework

for e”cient multiplier design. Building upon these advantages, the primary novelty of

the proposed design lies in a specific static-segmentation-based multiplier architecture

engineered for resource-e”cient edge computation. By eliminating the necessity for

runtime operand tracking entirely, this work delivers an optimized, low-power mul-

tiplier topology that maximizes hardware e”ciency. Consequently, it maintains a

strictly bounded, deterministic accuracy-resource trade-o!, o!ering a highly viable

solution for energy-constrained edge applications.

The key contributions of this chapter are summarised as follows:

• Accuracy-Configurable Segmentation-Based Approximate Multiplier

Design (ACSAM): A novel segmentation-based and resource-e”cient 16-bit

multiplier architecture that combines exact multipliers with the proposed 8-bit

approximate multipliers to optimise hardware utilisation.

• Integration of Approximate Multipliers in ACSAM: Seamless integra-

tion of a novel operand-rounding-based 8-bit approximate multiplier within the

segmented architecture to enable e”cient 16-bit multiplication with reduced re-

source consumption.

• Hardware Implementation and Evaluation: Comprehensive hardware im-
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plementation and performance evaluation of the proposed architecture on both

ASIC and FPGA platforms, demonstrating its adaptability across di!erent de-

sign technologies.

• Application-Level Validation: Validation of the proposed multiplier architec-

ture using a Gaussian image blurring application, highlighting the e!ectiveness

of ACSAM for error-resilient Edge-AI applications.

4.3 Proposed Segmentation-based Approximate

Multiplier: ACSAM

The proposed 16-bit multiplier architecture, referred to as ACSAM, employs static

operand segmentation to achieve improved resource e”ciency without significantly

compromising computational accuracy. In this approach, each 16-bit operand (for

instance, A and B) is divided into two 8-bit segments, namely the higher-order bits

(AH , BH) and the lower-order bits (AL, BL). This segmentation facilitates the de-

composition of the multiplication operation into four independent partial products:

PHH = AH ↓ BH , PHL = AH ↓ BL, PLH = AL ↓ BH , and PLL = AL ↓ BL. These

partial products are subsequently combined with appropriate bit shifting and accumu-

lation to obtain the final 16-bit product. The ACSAM architecture leverages di!erent

combinations of exact and approximate 8-bit multipliers to compute these partial prod-

ucts. The primary motivation behind this segmentation-based strategy is to reduce

hardware complexity, power consumption, and area overhead by selectively approxi-

mating less significant computations, while maintaining higher accuracy for the more

critical higher-order terms. Such selective approximation enables an e!ective trade-o!

between accuracy and resource utilisation.

To support varying accuracy requirements across applications, four distinct vari-

ants of the segmentation-based approximate multiplier are proposed, rendering the

architecture accuracy-reconfigurable. As illustrated in Figure 4.1, the 16-bit multipli-

cation is implemented using four 8-bit multiplier blocks, denoted as M1, M2, M3, and
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AH A[15:8]
BLB[7:0]
ALA[7:0]

PLL= M1(ALxBL) PLH =M2(ALxBH) 

PHL= M3(AHxBL) PHH=M4(AHxBH)

PLL  (PLH+PHL) << 8 (PHH) << 16 

BH B[15:8]
x

Architecture M1M2M3M4
ACSAM_EM-I App.App.App.Exact
ACSAM_EM-II App.App.ExactExact
ACSAM_EM-III App.ExactExactExact
ACSAM_AM App.App.App.App.

x

Figure 4.1: Computation of Partial Products by partitioning the input into four seg-
ments followed by corresponding multipliers: M1, M2, M3, M4. The architectures
for di!erent variants depend on the nature of these multipliers: Exact/Approximate
(App.).

M4, which generate the partial products PLL, PLH , PHL, and PHH , respectively. By

configuring each multiplier block as either exact or approximate, the overall accuracy

and hardware cost of the multiplier can be dynamically tailored.

In the ACSAM EM-I configuration, only the most significant partial product,

PHH , is computed using an exact multiplier, while the remaining partial products are

generated using the proposed approximate 8-bit multiplier. The second configuration,

ACSAM EM-II, extends exact computation to both M4 and M3, thereby improving

accuracy by precisely calculating the most significant and one of the cross-term partial

products, while approximating the remaining lower-order terms using M1 and M2. In

the ACSAM EM-III variant, all cross-terms along with the most significant partial

product are computed using exact multipliers, and only the least significant partial

product, PLL, is approximated. Finally, the ACSAM AM configuration represents

a fully approximate design in which all four partial products are computed using

approximate multipliers, o!ering maximum savings in area and power at the expense

of reduced accuracy.

Overall, the proposed ACSAM architecture provides a flexible and scalable design

framework that can be tuned according to the error tolerance of the target application.

By judiciously selecting the number and position of approximate multiplier blocks, the

architecture enables a smooth trade-o! between accuracy, performance, and hardware
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e”ciency, making it well suited for error-resilient AI applications.

4.3.1 Approximate Multiplier Design for Computation of

Partial Products

The 8-bit rounding-based approximate multiplier, employed in the segmentation-

based multiplier, adopts a multi-stage architecture that combines coarse-grain mag-

nitude encoding with segment-wise input operand compression to achieve a low-cost,

bias-balanced multiplication scheme, as illustrated in Figure 4.2. This technique builds

on the multiplier from previous work [121], with modifications to the operand segmen-

tation strategy to ensure unbiased computations. The previously proposed 8-bit mul-

tiplier [121]did not utilise balanced midpoint encoding; instead, it relied on bitwise OR

and AND operations, resulting in a complex architecture and a biased output. In this

study, each input operand is first partitioned into uniform 2-bit segments, and each

segment is processed by a balanced midpoint encoder that indicates whether it lies in

the upper or lower half of its local range. This operation forms a behavioural represen-

tation of the input while significantly reducing the bit-width required for downstream

computation. To preserve fine-grain detail for small operands and to avoid excessive

quantisation for larger operands, the number of encoded segments incorporated into

the final operand depends on the input’s magnitude.

Operand Compression

Threshold 
counter

Operand Compression

Threshold 
counter

X Final Output
[15:0]

A[7:0]

B[7:0]

k
A

+ k
B

Ã[4:0]

B̃[4:0]

k
A

k
B +

Left Shift

Approx. P [9:0]

Figure 4.2: Block diagram of the Proposed Approximate 8-bit Multiplier. Here, Ã and
B̃ are the approximated 5-bit inputs after operand compression and kA and kB are the
corresponding shifts required by operands A and B respectively after multiplication.
The approximate product is shifted by the sum of kA and kB to get the final output.
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Consequently, each operand is converted to a 5-bit approximate operand, main-

taining high linearity in the low-value region while allowing for controlled compression

of higher values. In the next stage, the architecture computes a lightweight estimate

of the shift required by each operand by counting the number of fixed-magnitude

thresholds crossed (i.e., A > 31, A > 63, A > 127) using a threshold counter.

Table 4.1: Operand-rounding based Approximate Multiplication Procedure.

Step Description

1. Inputs
Operands A,B ↘ [0, 255] (8-bit unsigned)

2. Midpoint Function

Definition Mid(x) =

{
1, x ⇔ 2

0, x < 2

3. Operand Compression
Range 0 0 ≃ X ≃ 31

X̃ = X[4:0], kX = 0
Range 1 32 ≃ X ≃ 63

X̃ = {X[5:2],Mid(X[1:0])}, kX = 1
Range 2 64 ≃ X ≃ 127

X̃ = {X[6:4],Mid(X[3:2]),Mid(X[1:0])}, kX = 2
Range 3 128 ≃ X ≃ 255

X̃ = {X[7:6],Mid(X[5:4]),Mid(X[3:2]),Mid(X[1:0])}, kX = 3

4. Reduced-Precision Multiplication
Operation approx

P
= Ã↓ B̃

5. Shift Calculation
Shift amount shift = kA + kB

6. Output Reconstruction
Final output P = approx

P
⇑ shift

↓Note: During physical hardware synthesis, the underlying 2-bit midpoint function {x1, x0} ⇔
2 used for structural algorithmic clarity mathematically reduces to a single-bit check of the
most significant bit (x1).

Each satisfied threshold contributes one unit to the shift count, resulting in a

value within the range of 0–3 per operand. The shifts are denoted by kA and kB,

respectively. These shift values are subsequently added, mimicking the exponent ad-

dition step in floating-point multiplication. The compressed operands are multiplied
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using a small 5↓5 multiplier, and the resulting 10-bit intermediate product is scaled

by the combined shift value through a left-shift operation (kA + kB). This final re-

combination stage e!ectively reconstructs a wide dynamic range product using only

low-precision arithmetic. The stepwise operation is presented in Table 4.1. Overall,

this unique architecture achieves a favourable balance between hardware e”ciency and

computational accuracy, while maintaining performance comparable to state-of-the-

art approximate multipliers.

4.4 Performance Evaluation and Validation on

Software and Hardware Platforms

This section presents the performance evaluation and validation conducted on both

software-based and hardware-based implementations. Hardware implementation uti-

lized the Virtex-7 FPGA Board, with critical analysis focusing on physical parameters

like resource utilization, critical delay and power. The physical performance parame-

ters of the design have been evaluated at 65nm technology node. A detailed analysis

of the proposed segmentation-based multiplier is provided in the subsections below.

4.4.1 FPGA and ASIC-based Evaluation of Approximate

Rounding-based Multiplier

As shown in Table 4.2, the FPGA implementation results provide a detailed com-

parative analysis of the proposed resource-e”cient, rounding-based 8-bit approximate

multiplier integrated into a MAC architecture. The results show that the proposed

design achieves a 26.74% reduction in LUT utilization and a 37.53% decrease in crit-

ical path delay compared to the conventional MAC implementation [119], while also

reducing dynamic power consumption by 8.94%. Furthermore, compared with [28],

the proposed architecture demonstrates a 24.10% reduction in LUT footprint and a

22.73% faster critical path delay.

In comparison with [82], a 17.07% savings in critical path delay is achieved at
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Table 4.2: FPGA Performance Comparison for various 8-bit MAC Architectures

Architecture LUT FF Critical Path Total Dynamic
Delay (ns) Power (mW )

Conventional [119] 86 16 3.81 6.6
Farrukh et al. '20 [28] 83 61 3.08 ↔
Ullah et al. '21[82] 62 59 2.87 ↔
Mrazek et al. '17[47] (mul8u 1DMU) 66 - 3.85 6.3
Mrazek et al. '17[47] (mul8u 12XY) 78 - 3.86 6.5
Guo et al. '24[122] (MODA 1144) 51 - 4.11 6.1
This work 63 16 2.38 6.01

the expense of only a single additional LUT. Notably, the proposed design also sig-

nificantly outperforms the Pareto-optimal designs by [?], achieving up to a 19.23%

LUT reduction and a 38.34% delay improvement over the mul8u 12XY variant. Even

when compared against the low-power architecture of [122], our work achieves a 1.48%

drop in total dynamic power and speeds up execution by 1.73↓ (a 42.09% reduction in

delay), despite a slight increase in LUT logic overhead. Overall, the proposed architec-

ture demonstrates the lowest propagation delay and dynamic power profile among the

evaluated state-of-the-art designs, validating its exceptional e”ciency for high-speed,

energy-constrained arithmetic operations.

As shown by the ASIC synthesis results, summarized in Table 4.3, scaling all

designs to the 65 nm node highlights the significant hardware advantages of the pro-

posed multiplier over state-of-the-art architectures. Specifically, the proposed mul-

tiplier achieves 12.14% area reduction, 3.37% power reduction, and 10.71% delay

improvement compared to the conventional design [119]. When measured against

normalized state-of-the-art works, the hardware gains are even more pronounced: it

yields a 1.57↓ and 1.78↓ reduction in area compared to the architectures by [89] and

[123], respectively. In terms of power, the proposed work achieves a 1.68↓ reduction

over [124] and a massive 3.98↓ reduction over [123]. Moreover, the proposed design

operates with clock delays 1.88↓ and 2.44↓ faster than those of [124] and [123],

respectively. These balanced physical optimisations directly translate into system-

level performance, yielding up to a 1.87↓ throughput improvement (vs [124]) and

a 5.69↓ increase in energy e”ciency (vs [89]), thereby confirming its suitability for

resource-constrained and high-performance AI/DSP applications.
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Table 4.3: Comparison of Hardware Performance Parameters of the Proposed 8-bit
Approximate Multipliers with State-of-the-Art Multipliers

Parameter Conv. Strollo et al. '22 Nima A. et al. '22 Waris et al. '20 Rathod et al.'25 This work

[119] (SSM, m=6)[89] (CMD 44) [124] [123] [125]

Technology node (nm) 65 28 45 45 45 65

Arithmetic FxP FxP FxP FxP FxP FxP

Area (um2) 560 143.5(*773.3) 257.7(*537.7) 419.2(*874.64) 289 (*603) 492

Power (uW ) 68.2 145(*336.6) 76.78(*110.9) 181.65(*262.39) 32.02 (*46.25) 65.9

Delay(ns) 0.56 0.24 (*0.56) 0.65(*0.94) 0.84 (*1.22) 0.43(*0.62) 0.50

Throughput (GOPS) 1.79 4.17 (*1.80) 1.54 (*1.07) 1.19(*0.82) 2.33(1.61*) 2.00

Energy E!ciency (TOPS/W) 26.18 28.74 (*5.33) 20.03 (*9.59) 6.56(*3.14) 72.60(*34.77) 30.35

* Values in parentheses denote first-order normalization to 65 nm using fixed-supply voltage scaling.

4.4.2 Hardware and Software Evaluation of ACSAM

The FPGA-based synthesis results for the various 16-bit approximate multipliers

are summarized in Table 4.4. As expected, scaling the performance metrics shows

that increasing the number of exact 8-bit multiplier segments within the ACSAM

framework results in a progressive increase in Lookup Table (LUT) consumption.

Specifically, the fully approximate variant, ACSAM AM, achieves a substantial 32.41%

reduction in LUT utilization and a 12.12% savings in total dynamic power relative to

the conventional exact 16-bit design [119]. Similarly, the error-masked ACSAM EM-I

variant reduces LUT utilization by 24.69% compared to the conventional baseline.

When evaluated against contemporary state-of-the-art approximate multipliers,

the proposed designs showcase superior multi-objective trade-o!s. Compared to [82],

ACSAM EM-I delivers a 1.56↓ improvement in critical path delay at the expense of a

minor 1.09↓ increase in LUT logic overhead. Furthermore, when compared to [120],

the ACSAM EM-I and ACSAM AM variants lower LUT requirements by 9.63% and

18.89%, while simultaneously speeding up operations by 1.44↓ and 1.48↓, respectively.

Notably, the proposed configurations also compete favourably against the architectures

by [126]; for instance, ACSAM EM-III improves the critical path delay by 1.12↓ over

their KT-MID variant while keeping a similar logic footprint, reinforcing its high

suitability for high-speed hardware environments.

The ASIC-based evaluation results, summarized in Table 4.5, demonstrate a sub-

74



Table 4.4: FPGA Performance Comparison of various 16-bit Approximate Multipliers

Architecture LUT FF Critical Path Total Dynamic
Delay (ns) Power (mW )

Conventional [119] 324 96 4.72 33
Ullah et al.'21 [82] 224 — 4.30 —
Nagar et al.'24[120] 270 — 3.97 —
Zhang et al.'21[126](KT-MID) 297 — 2.9 23
Zhang et al.'21[126] (KT-LSB) 287 — 3.1 21
ACSAM EM- I 244 116 2.76 22
ACSAM EM- II 264 111 2.66 30
ACSAM EM- III 285 106 2.58 30
ACSAM AM 219 116 2.69 29

stantial reduction in both silicon area and power consumption when compared to ex-

isting state-of-the-art designs. For a fair comparison, all competing architectures are

evaluated against their first-order normalized values at the 65 nm technology node.

In direct comparison with [100], which natively operates at 65 nm, the proposed

ACSAM AM architecture achieves a 12.28% reduction in area and a 2.85↓ decrease

in power consumption. Similarly, the ACSAM EM-I variant exhibits a 7.97% reduc-

tion in area while delivering a 2.79↓ reduction in power over the same reference.When

evaluated against scaled state-of-the-art architectures, the hardware advantages be-

come even more pronounced. For instance, compared to the normalized area of [124],

ACSAM AM yields a 1.43↓ area reduction, while o!ering a 3.90↓ power reduction

over its normalized counterpart.

Furthermore, compared to ultra-scaled technologies such as [127] normalized

to 65 nm, the ACSAM AM architecture achieves a massive 2.57↓ area reduction

and a 6.02↓ power reduction. Comparing the normalised values, ACSAM architec-

tures demonstrate competitive throughput, with ACSAM EM-III achieving 1.06↓ and

1.45↓ higher throughput than [124] and [128], respectively. Moreover, ACSAM EM-III

attains 3.99 TOPS/W, providing close to 33% improvement over the conventional

multiplier (2.99 TOPS/W) and nearly 3.8↓ higher e”ciency than designs proposed

in [124] (↖1.0 TOPS/W at 65nm). Overall, ACSAM improves throughput and energy

e”ciency, making it suitable for energy-constrained applications.

In addition to hardware e”ciency, the error characteristics of the proposed designs

are evaluated and reported in Table 4.6. The results indicate a marked improvement in
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Table 4.5: Comparison of Hardware Performance Parameters of the 16-bit State-of-
the-Art Works with the ACSAM variants

Design
Tech. Node

(nm)
Area
(µm2)

Power
(mW)

Delay
(ns)

Throughput
(GOPS)

Energy E!.
(TOPS/W)

Nima A. et al ’23 (CMD16 3000)[124] 45 1299 (*2708.3) 0.473 (*0.683) 1.02 (*1.473) 0.980 (*0.68) 2.07(*0.99)
Nima A. et al. ’23 (CMD16 0000)[124] 45 1318 (*2747.9) 0.479 (*0.692) 1.03(*1.488) 0.971 (*0.67) 2.03 (*0.97)
Kumar et al. ’22 [128] 180 3947(*514.7) 0.17 (*0.061) 5.51 (*1.990) 0.181(*0.50) 1.07 (*8.20)
Suganthi et al. ’17 [100] 65 2158 0.500 0.470 2.128 4.26
Zacharelos et al. ’22 [127] 14 226 (*4870.4) 0.227 (*1.054) 0.35 (*1.625) 2.857 (*0.62) 12.59 (*0.58)
Zervakis et al. ’16 [44] 65 2871 0.435 0.400 2.500 5.75
Conventional [119] 65 2767 0.263 1.270 0.787 2.99

Proposed Work: ACSAM

ACSAM EM-I 65 1986 0.179 1.410 0.709 3.55
ACSAM EM-II 65 1989 0.181 1.390 0.719 3.78
ACSAM EM-III 65 1992 0.182 1.380 0.725 3.99
ACSAM AM 65 1893 0.175 1.440 0.694 3.97

(*) Values in parentheses denote first-order normalization to 65 nm using fixed-supply voltage scaling, where Area scales
with (65/Lx)2, Power and Delay scale with (65/Lx), Throughput scales as (Lx/65), and Energy E!ciency scales with (Lx/65)2.

Table 4.6: Error Metrics comparison of various 16-bit Approximate Multipliers

Architecture NMED MRED
Suganthi et al.'17[100] 1.78↓ 10→2 7.63↓ 10→2

Nima et al.'23[124] 1.91↓ 10→3 9.8↓ 10→3

Kumar et al.'22[128] 4.0↓ 10→6 1.2↓ 10→4

Zervakis et al.'16[44] 6.3↓ 10→6 2.3↓ 10→3

ACSAM EM-I 1.94↓ 10→3 2.84↓ 10→2

ACSAM EM-II 5.64↓ 10→4 1.42↓ 10→2

ACSAM EM-III 2.20↓ 10→7 1.1↓ 10→5

ACSAM AM 1.45↓ 10→1 0.48↓ 10→1

error performance over state-of-the-art approaches, with the ACSAM EM-III variant

achieving the lowest Normalized Mean Error Distance (NMED) of 2.20 ↓ 10→7 and

Mean Relative Error Distance (MRED) of 1.1 ↓ 10→5 among all evaluated designs.

This represents a significant leap in accuracy, outperforming [128] by over an order of

magnitude in NMED. Compared to [100], ACSAM EM-I achieves a 2.69↓ reduction

in MRED, while ACSAM EM-II attains an MRED (1.42↓ 10→2) that bridges the gap

with [124] while o!ering significantly lower hardware overhead.

Depending on the target application’s error-tolerance requirements, the most suit-

able variant can be dynamically selected, making these architectures highly competi-

tive across both hardware e”ciency and computational accuracy.

4.4.3 Gaussian Image Blurring using the Proposed Multiplier

To evaluate the e!ectiveness of the proposed ACSAM multiplier, a Gaussian blur-

ring filter is implemented as a benchmark application on a 16-bit grayscale image. The
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filtering operation performs spatial convolution using a 3↓ 3 integer-based Gaussian

kernel. This convolution process employs a custom 16-bit tiled multiplier architec-

ture, in which the input operands are decomposed into four 8↓ 8 sub-blocks. All four

variants of the proposed multiplier are implemented and rigorously validated within

the proposed experimental framework to assess their practical e!ectiveness. The cor-

responding peak signal-to-noise ratio (PSNR) values, presented in Fig. 4.3, provide a

quantitative evaluation of the reconstructed image quality. These results demonstrate

that the proposed designs are capable of preserving high reconstruction accuracy while

simultaneously achieving improved computational e”ciency, thereby confirming their

suitability for error-tolerant and performance-critical image processing applications.

(a) Original

image

(b) Blur–Exact (c) Blur–

ACSAM EM3

PSNR- 33.16 dB

(d) Blur–

ACSAM EM2

PSNR- 33.14 dB

(e) Blur–

ACSAM EM1

PSNR- 28.00 dB

(f) Blur–

ACSAM AM

PSNR- 27.72 dB

Figure 4.3: Performance Comparison of the variants of the Proposed Design on Gaus-
sian Blurring Application with corresponding PSNR values.

4.5 Summary

This chapter presents a segmentation-based approximate multiplier design, referred

to as ACSAM, which incorporates multiple configurations of exact and proposed ap-

proximate 8-bit multipliers to enable computationally e”cient arithmetic operations.

In comparison with state-of-the-art designs, the ACSAM architecture demonstrates

superior hardware e”ciency, achieving up to 18.9% improvement in LUT utilization

on FPGA platforms and up to 12.27% reduction in silicon area at the 65 nm technol-

ogy node. In addition to hardware benefits, the proposed design exhibits improved

error characteristics relative to existing approaches, as evidenced by favorable error

metrics. The e!ectiveness of ACSAM is further validated through its application to an

image processing task, highlighting its ability to balance computational accuracy and
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hardware e”ciency. The consistent performance of the proposed architecture across

both FPGA and ASIC platforms, combined with enhanced error metrics, underscores

its suitability for resource-constrained Edge-AI and DSP applications.
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Chapter 5

Adaptive-Precision SIMD PE

Architecture for Enhanced Throughput

and Resource-E!cient DNN Acceleration

So far, the emphasis has been placed on the resource-e”cient design of arithmetic

units, specifically adders and multipliers, through architectural approximation of con-

ventional implementations. These e!orts demonstrated substantial improvements in

area, power consumption, and error tolerance, addressing key challenges associated

with low-complexity arithmetic design. While such optimizations are essential for

energy- and resource-constrained systems, they alone do not fully capture the perfor-

mance requirements of modern DNN accelerators. In particular, throughput emerges

as a critical design metric, as it directly influences processing latency and real-time

inference capability. Consequently, the following chapter shifts the focus to tech-

niques that enhance throughput in DNN accelerator architectures, complementing the

resource-e”cient arithmetic designs presented earlier.

5.1 Introduction

As DNN models continue to grow in depth and complexity to achieve higher in-

ference accuracy, the demand for e”cient and scalable hardware implementations

becomes increasingly critical. Conventional fixed-precision hardware designs often
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struggle to achieve an optimal trade-o! among computational performance, hardware

resource utilization, and energy e”ciency, particularly in resource-constrained envi-

ronments. This limitation has motivated the exploration of adaptive-precision archi-

tectures that dynamically adjust computational precision in response to application-

specific requirements, thereby reducing hardware overhead while maintaining accept-

able inference accuracy.

Recent studies have demonstrated the e!ectiveness of dynamic fraction scaling and

multi-precision computing paradigms in supporting 4-, 8-, 16-, and 32-bit arithmetic

operations [129, 130]. These approaches enable e”cient MAC operations by allow-

ing resource sharing across multiple precision modes, thereby improving hardware

utilization and flexibility. Furthermore, advances in adaptive hardware architectures

underscore the importance of innovative arithmetic design techniques to meet the es-

calating computational demands of modern DNN accelerators. Although IEEE-754

floating-point representations, such as 16-bit, 32-bit, and bfloat16 formats [131], o!er

high numerical accuracy, they impose considerable area, power, and latency overheads.

In contrast, integer and fixed-point arithmetic formats provide more resource-e”cient

alternatives, particularly suited for edge and embedded AI systems.

Building on these observations, there is a growing need for hardware architectures

that simultaneously support adaptive precision and high throughput. However, exist-

ing solutions often exhibit limited flexibility, either adhering to fixed-precision designs

or compromising resource e”ciency to preserve numerical accuracy. This unresolved

trade-o! motivates the development of scalable and configurable architectures capa-

ble of dynamically adjusting precision while e”ciently exploiting available hardware

resources.

Modern computing systems increasingly rely on Single Instruction, Multiple

Data (SIMD) processing elements to enhance performance through parallel execu-

tion, as they allow a single instruction to be applied concurrently across multi-

ple data operands, thereby improving computational e”ciency and throughput for

performance-critical operations [132]. In this context, the generic RISC-V–based (Re-

duced Instruction Set Computing, Version 5) systolic array–driven deep neural network
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Figure 5.1: Generic RISC-V–driven Systolic Array–based DNN Accelerator Architec-
ture incorporating SIMD Processing Elements (PEs) for Parallel and E”cient Com-
putation.

(DNN) accelerator architecture integrates SIMD processing elements (PEs) to facili-

tate highly parallel and e”cient computation. The overall architectural organization

of this accelerator, illustrating the incorporation of SIMD PEs, is depicted in Fig. 5.1.

This architecture forms the foundation of the proposed adaptive-precision design,

which aims to enhance throughput and resource utilization while supporting multiple

precision modes. By leveraging SIMD-enabled PEs within a systolic array structure,

the design achieves high parallelism in MAC operations, making it well-suited for edge-

AI applications with stringent performance and power constraints. In this chapter,

an adaptive-precision SIMD PE architecture tailored for DNN accelerators is pro-

posed. The design supports multiple precision modes (4-bit, 8-bit, and 16-bit) and

asymmetric operations (16↓4), enabling e”cient MAC computations with resource

reuse during partial-product accumulation. This is referred to as SIMD-Low, and the
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same architecture is also adaptable for SIMD-High (8/16/32-bit). Unlike conventional

approaches, the proposed architecture processes up to 16 operands in low precision,

four operands in medium precision, and one operand in high precision, while also

supporting asymmetric computations such as 16↓4-bit multiplications in parallel.

This adaptability enables fine-grained tuning of precision across network lay-

ers, optimizing resource utilization and performance while preserving accuracy. In

edge-AI applications, where computational complexity and power constraints coexist,

adaptive-precision computation ensures high throughput and energy e”ciency [130].

The proposed architecture demonstrates significant improvements in throughput, area

e”ciency, and energy consumption, making the design highly suitable for resource-

constrained edge-AI applications. Key contributions of this study include:

• Adaptive Precision: Scalable SIMD PE architecture supporting integer and

fixed-point arithmetic with symmetric/asymmetric operations across 4/8/16-bit

modes using dynamic resource reuse.

• High Parallelism: Full SIMD exploitation for e”cient MAC operations under

varying precision and operand asymmetry, maximizing throughput.

• Resource Optimization: Dynamic adder reuse in accumulation stage for re-

duced hardware overhead without performance loss.

• Cross-Platform Validation: ASIC and FPGA implementation with accuracy

analysis on diverse DNN models and physical metrics (area, power, throughput).

5.2 Background and Motivation

A typical PE consists of a MAC unit, post-processing blocks, and an AF, as shown

in Figure 5.2. Modern DNN accelerators employ large arrays of PEs, which account

for over 90% of total power consumption. To meet diverse precision requirements

(4/8/16/32-bit) and support dynamic fixed-point computation, scalable PE archi-

tectures are essential for improving performance and accuracy. However, scalability
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introduces challenges, such as increased resource overhead and trade-o!s in accuracy.

While low-precision computation reduces power and area, it can degrade accuracy.

Moreover, di!erent DNN models and layers require varying precision levels, necessi-

tating flexible and adaptive architectures [63].

DNNs possess intrinsic error tolerance, which makes them well-suited for

approximation-aware designs in both the multiplication and accumulation stages.

While prior work has explored architectural optimizations for accumulator structures

[133], e”cient utilization of SIMD resources remains an open challenge. Pipelined

architectures require a careful balance between throughput and hardware utilization

to achieve optimal performance [134].

Recently, precision-scalable MAC architectures have gained significant attention, as

optimal numerical precision can vary across models and even within layers of the same

model [63, 135]. Although state-of-the-art designs demonstrate hardware-e”cient PE

implementations, they often do so at the expense of numerical precision and inference

accuracy. Current approaches typically support precision levels ranging from 2-bit to
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32-bit and investigate both one-dimensional (1D) scalability, which refers to scaling

the bitwidth of weights only, and two-dimensional (2D) scalability, which enables

simultaneous scaling of both weight and activation bitwidths [65].

Numerous techniques have been proposed to support multi-precision DNN design,

especially at the computation level [71]. One prominent approach is the dynamic fu-

sion of bit-flexible multipliers, which enables variable-precision MAC operations. How-

ever, this method often results in under-utilization of available MAC units, thereby

constraining potential latency reductions. To address this, prior work has explored

reducing shift–add computations combined with loop-nest optimizations to improve

the performance of fused PEs [71]. Despite these optimizations, increasing operand

precision significantly exacerbates accumulation complexity. Alternatively, scalable

multiplier architectures based on sub-word parallelism have been proposed to sup-

port multi-precision computation [74]. While these designs employ operand gating

techniques to reduce power consumption, such gating further contributes to MAC

under-utilization. More recent e!orts have focused on improving utilization e”ciency

[64]; however, the range of supported MAC operations remains limited, with only four

operations for 8-bit precision and two operations for 16-bit precision.

Floating-point multi-precision MAC architectures face several challenges, including

low hardware utilization and accuracy degradation caused by mantissa truncation

[75, 76]. Accurate MAC operations are essential for accuracy-sensitive applications,

as errors in the most significant bits can severely degrade overall model performance.

In addition, power consumption and thermal constraints remain critical concerns,

and existing mitigation techniques such as Dynamic Voltage and Frequency Scaling

(DVFS) provide only limited benefits [136]. Fixed-point SIMD MAC implementations

based on shared segmentation have been proposed to support multiple precision modes

(e.g., eight 8-bit, four 16-bit, two 32-bit, or one 64-bit operation), but these designs

typically incur high critical-path delay [137].

Moreover, to fully exploit the benefits of low-precision computation, many modern

DNNs adopt di!erent precisions for weights and activations, necessitating hardware

support for asymmetric arithmetic. Asymmetric computation is particularly impor-
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Table 5.1: Comparison of Hardware Performance Parameters of State-of-the-Art De-
signs and the Proposed Work

Design
Arithmetic
Format

Asymmetric
Precision

SIMD Support
(#Parallel Ops)

Adder
Reuse

Huang et al. ‘22 [62] INT ✁ 2 / 4 / 8 (4 / 2 / 1) ✂

Shin et al. ’17 [74] FxP ✂ 2 / 4 / 8 (1 / – / – ) ✁

Li et al. ’22 [130] FP ✁ 16 / 32 / 64 (16 / 4 / 1 ) ✁

Li et al. ’22 [91] FxP ✁ 2 / 4 / 8 (4 / 2 / 1 ) ✁

Neda et al. ’22 [63] INT ✁ 4 / 8 (8 / 2 ) ✁

Raut et al. ’24 [64] FxP ✁ 8 / 16 ( 4 / 1) ✁

Judd et al.’16 [66] FxP ✂(only 1D) 1-16:Activation, 16:Weight ✂

Reggiani et al.’23 [141] FxP ✂ 2-8(7-1) ✁

Zhao et al.’24 [142] INT ✁ blue2/4/8/16(32/16/8/4) ✁

Sharma et al.’18 [70] FxP ✂ 2/4/8/16(16/4/1/1) ✁

Lee et al.’18 [68] FxP ✁ 1-16(16/8/4/1) ✁

Proposed: SIMD-Low FxP ✂ 4 / 8 / 16 (16 / 4 / 1) ✂

Proposed: SIMD-High FxP ✂ 8 / 16 / 32 (16 / 4 / 1) ✂

tant because it reduces memory footprint by enabling e”cient packing of low-precision

operands (e.g., DNN weights) while preserving higher precision for other operands

(e.g., DNN activations) [138]. Consequently, supporting asymmetric MAC operations

improves both flexibility and energy e”ciency, enhancing adaptability across a wide

range of applications [139, 71, 140].

A comparative analysis of state-of-the-art multi-precision MAC architectures is

summarized in Table 5.1. Unlike prior multi-bit-width accelerator designs such as

Huang et al. [62] and Li et al. [91], which rely on bit-split systolic arrays and support

only symmetric precision modes, the proposed architecture enables both symmetric

and asymmetric precision while achieving higher parallelism through unified datapath

reuse. Although the architecture in [66] supports asymmetric precision via adder-

tree reuse, it is only one-dimensionally scalable: arbitrary precision is supported for

activations, whereas weights are fixed at 16-bit, limiting overall flexibility.

While the designs in [141, 70] demonstrate energy e”ciency improvements through

asymmetric precision support, they do not reuse adder trees, resulting in increased re-

source overhead. Conversely, the architectures proposed in [142, 68] lack support for

asymmetric precision, restricting their applicability to DNNs that require heteroge-
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neous precisions for weights and activations.

Given the growing importance of mixed-precision inference, architectural support

for asymmetric precision is essential. Furthermore, increasing operational parallelism

is critical for improving throughput, while e!ective datapath reuse is necessary for

maximizing computational e”ciency. Therefore, MAC designs that jointly support

asymmetric precision, high parallelism, and e”cient hardware reuse are key to enabling

e”cient SIMD processing elements.

This chapter addresses these challenges by proposing multi-precision optimised

MAC computations with symmetric and asymmetric arithmetic support for e”cient

DNN inference. The design enables parallel processing across all PEs, improving

throughput, reducing latency, and ensuring high SIMD utilization while mitigating

power and thermal issues.

5.3 Scalable Multi-Precision SIMD PE Design for

DNN Accelerators

Multi-precision computation, encompassing 4-, 8-, 16-, and 32-bit numeric for-

mats, has become a crucial in modern DNN accelerators to e!ectively balance model

accuracy and computational e”ciency. Such flexibility enables fine-grained precision

adaptation across di!erent network layers, allowing hardware resources to be utilized

more e”ciently while maximizing overall performance. At the core of DNN acceler-

ation lies the Processing Element (PE), which executes MAC operations followed by

activation functions (AFs). The proposed multi-precision signed-magnitude PE ar-

chitecture, illustrated in Figure 5.3, integrates multiple lower-precision multipliers to

support a wide range of precision configurations.

This design enables seamless execution of both low- and high-precision computa-

tions within a unified datapath, eliminating the need for separate specialized hard-

ware. To ensure correct and synchronized operation within a systolic array, the PE

incorporates a set of control signals, including valid in, mode, clk, accum, clear,
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and valid out. These signals coordinate data flow, precision mode selection, accu-

mulation control, and pipeline synchronization, thereby maintaining computational
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correctness and e”cient throughput across the array.

The proposed design introduces two scalable SIMD configurations: SIMD-Low

(supporting 4/8/16-bit) and SIMD-High (supporting 8/16/32-bit). The architecture

is inherently simple and scalable, achieved by adjusting the bit-width of the logic design

without structural complexity. It is worth noting that by changing the bitwidths of

the unit multiplier and its corresponding adders, the architecture can be adapted for

both low precision as low as 2 bits and high precision up to 64 bits and beyond.

The detailed micro-architectural features and SIMD functionality are discussed in the

following subsections.

5.3.1 E!cient Memory Addressing for Multi-Precision

Weights and Biases in SIMD

The proposed architecture incorporates an e”cient memory addressing scheme

specifically designed for multi-precision DNN workloads, enabling high utilization and

scalable operation across di!erent precision modes. The system employs three flip-

flop–based memory banks: the input feature map memory (if mem), the weight mem-

ory (wt mem), and the output feature map memory. Each memory is partitioned into

four sub-banks with a width of 32 bits, as illustrated in Fig. 5.1.

Memory accesses are precision-aware to maximize bandwidth e”ciency. In the 4-

bit precision mode, all four sub-banks are accessed concurrently to retrieve a total of

64 bits, corresponding to sixteen 4-bit operands. For 8-bit precision, two sub-banks are

accessed in parallel to supply 32 bits, yielding four operands. In the 16-bit precision

mode, a single sub-bank is accessed to deliver one operand.

This access strategy is applied uniformly across all memory banks for both input

reads and output writes, ensuring consistent and e”cient data movement while elim-

inating idle cycles. Moreover, the proposed scheme inherently avoids bank conflicts

during simultaneous multi-precision accesses and minimizes stall cycles by exploiting

architectural parallelism rather than relying on decoder-based arbitration mechanisms.

Although the proposed architecture does not adopt a unified (single-bank) memory
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organization for storing both weights and inputs, such designs are commonly used in

software-controlled and highly adaptable DNN systems [143]. In these architectures,

an e”cient addressing scheme is critical to avoid redundant read and write operations

to inactive memory locations during SIMD execution.

For single-bank memory architectures, a scalable address-mapping strategy is typ-

ically employed to support multi-precision parameters, including 4-, 8-, and 16-bit

weights and biases. This approach commonly utilizes First-In, First-Out (FIFO)

bu!ers for temporary storage and DRAM for runtime data, enabling flexible and

precision-aware memory access. In this context, MAC operations may require access-

ing sixteen 4-bit, four 8-bit, or one 16-bit weight per neuron, each with an e!ective

depth of 16 bits.

Figure 5.4 illustrates an example of such a single-bank addressing scheme, in which

each parameter is uniquely identified using a combination of layer ID, parameter type

(weight or bias), kernel ID, and, for weights, input ID. This hierarchical identification

enables precise and conflict-free memory access within a unified memory bank. It

is important to note that this figure is provided solely as a conceptual reference for

single-bank addressing schemes, while all experimental evaluations in this chapter are

conducted using the proposed multi-bank memory organization.

The addressing format is defined as follows: the first ↙log
2
(L)∝ MSB bits represent

the layer ID, followed by a select bit indicating parameter type (‘1‘ for bias, ‘0‘ for

89



weight). Subsequent bits encode the RAM address based on precision mode. The

length of the weight/bias address R addr(l) is given by:

R addr(l) = ↙log
2
N(l)∝+ ↙log

2
J(l)∝ (5.1a)

Addr(l) = ↙log
2
L∝+ 1 +R addr(l) (5.1b)

Here, N(l) and J(l) denote the number of neurons and inputs per layer, respec-

tively. For FC layers, the bias address consists only of the neuron identifier, while

the weight address includes both neuron and input identifiers. Since a fixed address

length is required, the maximum address length across all layers is computed as:

R addr = max
l=1,2,...,L

{
↙log

2
N(l)∝+ ↙log

2
J(l)∝

}
(5.2a)

Addr = ↙log
2
L∝+ 1 +R addr (5.2b)

Importantly, new addresses in FIFO loading are generated dynamically based on

precision mode: Addr+1 for 16-bit, Addr+2 for 8-bit, and Addr+4 for 4-bit precision.

This precision-aware addressing ensures e”cient weight/bias management across lay-

ers, minimizes memory overhead, and supports runtime adaptability for diverse DNN

configurations.

5.3.2 Precision-aware Operand Pre-processing and SIMD

Computations

The proposed architecture, denoted as SIMD-Low and illustrated in Figure 5.3,

presents a novel multi-precision processing paradigm that explicitly targets full hard-

ware utilization across all supported precision modes—a limitation that remains insuf-

ficiently addressed in many state-of-the-art designs. For symmetric precision configu-

rations (e.g., 4↓4, 8↓8, and 16↓16), the architecture supports sixteen 4-bit operands,
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four 8-bit operands, and a single 16-bit operand per processing cycle, respectively.

In addition to symmetric operation, SIMD-Low e”ciently supports asymmetric pre-

cision modes (e.g., 4↓16), in which one 16-bit operand is processed concurrently with

four 4-bit operands, enabling four parallel 16 ↓ 4 MAC operations. This capability

is particularly important for mixed-precision DNN workloads, where activations and

weights frequently employ heterogeneous precision levels. By accommodating such

asymmetry, the proposed design enhances both computational flexibility and energy

e”ciency.

Data-path widths are dynamically adjusted based on the selected precision mode,

utilizing 64 bits in 4-bit mode, 32 bits in 8-bit mode, and 16 bits in 16-bit mode.

The first processing element performs precision-aware operand pre-processing before

the multiplier array, ensuring that all computational resources remain fully engaged

even during low-precision operations. This approach e!ectively eliminates the under-

utilization commonly observed in conventional multi-precision architectures. The pre-

processed signed-magnitude operands are subsequently supplied to an array of 4-bit

multipliers, which are systematically reused to realize higher-precision computations,

thereby demonstrating e”cient datapath reuse and reduced hardware overhead.

The partial products generated by the multiplier array are accumulated through

a set of dedicated adder stages (S0, S1, and S2), each optimized to match the active

precision mode. Full resource utilization is maintained across modes, employing direct

accumulation in 4-bit operation (mode 00) and shift-and-add accumulation for 8-bit

(mode 01), 16-bit (mode 10), and asymmetric precision (mode 11), as depicted in

Figure 5.3. To ensure consistent bit-widths, precision-aware rounding is applied based

on the selected mode.

The architecture incorporates precision-aware rounding mechanisms that adapt to

the selected SIMD PE operating mode, as illustrated in Figure 5.3. Control signals

such as valid in and valid out govern the validity of input and output data, enabling

or disabling computational units as required to maintain correct dataflow. The clear

signal is used to reset the accumulator prior to the arrival of new feature map data,

thereby ensuring accurate accumulation for subsequent computations. During MAC
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operations, the accum signal remains asserted, while bias values are preloaded into the

accumulator register block to minimize initialization latency.

Operands and weights are retrieved from dedicated 64-bit bu!ers and undergo

precision-aware pre-processing based on the selected operating mode. Specifically, in

mode 00 (4-bit precision), all 64 bits are fetched; in mode 01 (8-bit precision), the 32

least significant bits (LSBs) are accessed; and in mode 10 (16-bit precision), the 16

LSBs are retrieved. For asymmetric operation in mode 11, 16 LSBs are fetched from

the input bu!er and 4 LSBs from the weight bu!er. This precision-aware operand

mapping e”ciently distributes 4-bit, 8-bit, and 16-bit data across an array of sixteen

4-bit multipliers, thereby ensuring full hardware utilization across all precision modes.

In contrast to conventional multi-precision designs, where low-precision configurations

often lead to substantial under-utilization of computational resources, the proposed

architecture maintains consistent and optimal resource engagement.

The MAC unit achieves high throughput by performing sixteen 4↓4, four 8↓8, or

one 16↓16 multiplication and accumulation per clock cycle, depending on the selected

mode. For asymmetric precision (e.g., 4↓16), the architecture computes four parallel

16↓4 MAC operations, further enhancing flexibility for mixed-precision DNN work-

loads. A multiplexer and left-shifter (zero-appending in the LSB) arrangement ensures

correct alignment of partial sums across precision modes. Finally, partial products are

accumulated using an optimized adder-tree structure, delivering both scalability and

e”ciency in multi-precision computations. The architecture supports 4-, 8-, and 16-bit

multiplications, with inherent scalability for higher precisions—a key feature that has

been extended and analyzed for 8/16/32-bit SIMD computations. This scalability en-

sures that the same design principles can be adapted for future precision requirements

without structural complexity.

The adder stages are organized into a hierarchical structure comprising eight S0

adders (12-bit), four S1 adders (20-bit), two S2 adders (28-bit), and one 36-bit adder,

complemented by sixteen 4-bit multipliers and a 44-bit accumulator block. The ac-

cumulated result, stored in the quire register, is rounded according to the active

precision mode, guaranteeing consistency with the input bit-width and minimizing
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quantization errors. At the end of each PE operation, the valid out signal asserts

high, producing the output (PE out). The 44-bit quire enables up to 256 accumula-

tions for full-precision 16-bit operations, while additional guard bits support iterative

accumulations, significantly enhancing MAC utility. For lower precisions such as 8-bit

and 4-bit, accumulator sizes are dynamically adjusted to maximize resource utilization

and energy e”ciency. Performance is further optimized through a 5-stage pipelined ar-

chitecture, which improves throughput and reduces latency across all precision modes.

This combination of scalability, precision-aware rounding, and pipeline optimization

positions the proposed design as a highly e”cient solution for next-generation DNN

accelerators.

5.3.3 Hardware Reuse and Optimized Adder-Tree Architec-

ture for Multi-Precision SIMD PE

The proposed architecture introduces a novel resource optimization strategy by ex-

ploiting hardware reuse within SIMD multiply–accumulate (MAC) units. Unlike prior

approaches that reuse adder stages but su!er from limited parallelism and consequent

under-utilization, the proposed design ensures full utilization of arithmetic resources

across all supported precision modes. By enabling extensive parallel computation and

e”cient resource allocation, the architecture achieves up to a fourfold performance

improvement over state-of-the-art solutions.

A key novelty of the proposed architecture lies in its unified support for both

symmetric precision modes (4↓4, 8↓8, and 16↓16) and asymmetric precision modes

(16↓4) using a single hardware instance. This unified design maximizes computational

throughput at lower precisions without incurring additional hardware overhead. The

adder tree is organized into four hierarchical stages comprising adders with bit widths

of 12, 20, 28, and 36 bits, instantiated in quantities of 8, 4, 2, and 1, respectively.

Partial products generated by the multi-precision SIMD multiplier are first accumu-

lated using the 12-bit adders, after which intermediate sums are progressively reduced

through successive stages of the adder tree. The final accumulation is performed by
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Figure 5.5: Adder Stage setup optimized for 4-bit precision computation (Mode 00),
which performs accumulation of 16 partial products (PD).
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Figure 5.6: Adder Stage Setup optimized for 8-bit precision computation (Mode 01),
which performs shifting in PD, addition followed by quire accumulation.

the 36-bit adder, and the resulting output is stored in the accumulator (quire) to

support iterative accumulation across multiple operations.

Mode-specific optimizations ensure precision-aware computation. For mode 00

(4-bit), direct accumulation is performed as depicted in Figure 5.5.

For mode 01 (8-bit), partial products undergo 8-bit shifting before addition, with

alternate outputs shifted by 4 bits to maintain alignment, as depicted in Figure 5.6.

For mode 10 (16-bit), all 15 adders participate in shift-and-add operations, with adder

D0 performing accumulation with the quire, as depicted in Figure 5.7. In asym-

metric mode 11, partial products are summed using 20-bit adders, followed by final

accumulation in 28-bit adders, as depicted in Figure 5.8. Notably, the 12-bit adders
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Figure 5.7: Adder Stage Setup optimized for 16-bit precision computation (Mode 10),
performing shifting in PD, addition followed by quire accumulation.
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Figure 5.8: Adder Stage Setup optimized for 16x4 Asymmetric Precision Computation
(Mode 11), performing shifting in PD, addition followed by quire accumulation.

perform accumulation in mode 00 but act as shift-and-add units in higher precision

modes, while the 28-bit and 36-bit adders provide final outputs for modes 01, 11,

and 10 respectively. This precision-aware reuse of adder stages e!ectively eliminates

idle hardware cycles by dynamically adapting the computation path to the required

operand precision. As a result, the architecture maintains high utilization across vary-

ing precision levels, avoiding the ine”ciencies typically associated with fixed-precision

designs. The proposed approach supports multiple precision configurations without

requiring any structural modifications, enabling seamless operation across diverse com-

putational demands. Furthermore, the design is inherently scalable, allowing straight-

forward extension to accommodate future DNN workloads with increased complexity
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and precision requirements. Collectively, these features demonstrate the versatility

and optimization capability of the proposed architecture across all precision modes,

establishing a new benchmark for e”cient SIMD-based MAC architectures.

5.3.4 Design Adaptation for SIMD-High Configuration

The proposed architecture is seamlessly extended to support 8-, 16-, and 32-bit

precision in the SIMD-High configuration. It accommodates multiple operand granu-

larities, including sixteen operands for 8-bit precision, four operands for 16-bit preci-

sion, and a single operand for 32-bit symmetric precision. In addition to symmetric

modes, the architecture supports asymmetric computation, such as combining one 32-

bit operand with four 8-bit operands to enable four parallel 32↓8 multiply–accumulate

(MAC) operations. To match these precision modes, the input data width scales pro-

portionally, operating on 128 bits in 8-bit mode, 64 bits in 16-bit mode, and 32 bits

in 32-bit mode.

At the core of the computational structure is an array of 8-bit multipliers, which

generates higher-precision results through controlled accumulation of partial products.

Dedicated adder stages, denoted as S0, S1, and S2, e”ciently manage the reduction of

partial sums with bit widths of 24, 32, and 48 bits, respectively. The final accumulation

path consists of a 64-bit adder followed by a 72-bit accumulator, enabling precise and

overflow-safe accumulation across multiple operations. The execution model closely

follows that of the SIMD-Low configuration, di!ering primarily in operand bit widths

and the corresponding scaling of arithmetic unit sizes.

Operational behavior varies across precision modes. Mode 00 (8-bit) employs direct

addition of partial products, while modes 01 (16-bit), 10 (32-bit), and 11 (asymmetric)

apply shifted alignment of partial sums to ensure correct accumulation across varying

operand precisions. Beyond the explicitly supported configurations, the architecture is

inherently scalable to higher precision formats, such as 16-, 32-, and 64-bit operations,

by proportionally extending the computational elements without requiring significant

structural modifications. Furthermore, the design maintains full support for mixed-

precision and asymmetric computation (e.g., parallel 16↓64 MAC operations), thereby
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ensuring adaptability to emerging DNN models that demand higher or heterogeneous

precision formats.

Overall, this unified architectural approach preserves structural simplicity, mini-

mizes idle hardware cycles, and ensures scalable performance across a wide range of

precision requirements in high-performance DNN workloads.

5.4 Performance Evaluation and Validation of

Software and Hardware Implementations

This section presents a comprehensive evaluation of the proposed architecture us-

ing both software-based emulation and hardware-level implementation. The software

evaluation models the proposed design to assess numerical accuracy across diverse

datasets and multiple deep neural network (DNN) models under a range of preci-

sion configurations. This analysis validates the functional correctness and precision

robustness of the architecture when operating in symmetric and asymmetric modes.

For hardware validation, the architecture is implemented on an FPGA platform,

enabling detailed characterization of key physical and performance metrics, including

resource utilization, critical path delay, power consumption, throughput, and energy

e”ciency across di!erent operand bit widths. In addition, the design is synthesized

using a 65 nm fast–fast (FF) process corner and evaluated at 25°C, providing a re-

alistic assessment of achievable performance, scalability, and technology feasibility.

Both FPGA and ASIC evaluations are conducted using standard implementation and

analysis flows to ensure fair and reproducible results.

The following subsections present an in-depth discussion of the experimental re-

sults, highlighting the performance, e”ciency, and scalability advantages of the pro-

posed SIMD processing element (PE) architecture compared with conventional and

state-of-the-art designs.
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5.4.1 Software Implementation and Accuracy Validation

The proposed SIMD processing element (PE) architecture is rigorously evaluated

for inference accuracy across multiple dynamic fixed-point precision configurations,

including 4-, 8-, 16-, and 32-bit modes. The evaluation is conducted using a diverse set

of benchmark datasets—MNIST, CIFAR-10, CIFAR-100, and ImageNet-1000—and

widely adopted deep neural network (DNN) models, including LeNet-5, ResNet-18,

VGG-16, Ca!eNet, and AlexNet. This comprehensive experimental setup enables

validation of the architecture’s adaptability and robustness across both lightweight

and computationally intensive workloads.
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Figure 5.9: Inference Accuracy Evaluation on Various DNN models for MNIST and
CIFAR-10 datasets using the Proposed SIMD PE architecture in comparison to the
baseline accuracy [31].

Figures 5.9 and 5.10 compare the inference accuracy of the proposed architecture

against baseline results reported in [31]. For the MNIST dataset, the proposed design

achieves an accuracy of 98.01% at 32-bit precision, closely matching the baseline ac-

curacy of 98.46%, while exhibiting almost negligible degradation at reduced precision

levels (97.97% at 8-bit).

Similarly, for CIFAR-10, the architecture maintains near-baseline performance,
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Figure 5.10: Inference Accuracy Evaluation on Various DNN models for CIFAR-100
and ImageNet-1000 datasets using the Proposed SIMD PE compared to the baseline
accuracy[31].

achieving 76.75% accuracy at 32-bit precision with only marginal reductions observed

in the 8-bit and 16-bit configurations. These results demonstrate that the proposed

SIMD PE architecture e!ectively preserves inference accuracy across a wide range of

precision settings, thereby validating its suitability for precision-scalable DNN infer-

ence

For more complex models, such as VGG-16 evaluated on CIFAR-10 and ImageNet-

1000, the observed accuracy degradation remains within 1–2% of the baseline even

when operating at reduced precision. On the CIFAR-100 dataset, both Ca!eNet

and ResNet-18 exhibit accuracy deviations of less than 1%, further confirming the

precision-aware flexibility and robustness of the proposed architecture. These results

demonstrate that the design delivers scalable multi-precision support without sig-

nificantly compromising inference accuracy, making it well-suited for both resource-

constrained edge devices and high-performance artificial intelligence (AI) systems.

Notably, the proposed architecture achieves near-identical accuracy to the baseline

at 32-bit precision, with only minor deviations observed at 16-bit and 8-bit operating

modes. For instance, under the 8-bit configuration, the accuracy deviation is approxi-
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mately 2% for the VGG-16 model on CIFAR-10 and around 3.5% for ImageNet-1000.

Similarly, AlexNet experiences an accuracy degradation of approximately 2%, while

LeNet-5 exhibits only a 0.49% reduction. Such marginal accuracy losses are well

within acceptable limits for most edge-AI applications, which are inherently tolerant

to moderate numerical imprecision.

Overall, the combination of minimal accuracy degradation—even for complex

datasets—together with low resource utilization, high throughput, and comprehen-

sive multi-precision support underscores the e”ciency and practicality of the pro-

posed SIMD PE architecture. These findings confirm that the design represents an

e!ective solution for variable-precision, resource-constrained environments, o!ering a

favourable balance between computational e”ciency and inference accuracy.

5.4.2 Hardware Resources Utilization and Comparison

The hardware implementation of the proposed architecture was evaluated across

both FPGA and ASIC platforms to ensure a comprehensive assessment of its prac-

ticality. For the FPGA prototype, the design was mapped onto a 6-bit LUT-based

fabric without using any DSP resources, and evaluated at room temperature (25↔C)

with a target operating frequency of 100MHz. For the SIMD-High configuration, the

design operated at 195MHz with a supply voltage of 1.0V. These settings establish a

consistent baseline for comparing hardware performance across both implementation

environments.

The FPGA implementation results, summarized in Table 5.2, demonstrate the ef-

ficiency and versatility of the proposed SIMD processing element (PE) architecture.

The evaluation was carried out on AMD Virtex-VC-707 FPGA board. In contrast to

a standalone PE approach with SIMD support, which instantiates separate hardware

modules for each precision mode (4/8/16-bit and 8/16/32-bit) and relies on dedi-

cated arithmetic units for all operand computations—thereby incurring substantial

area overhead—the proposed design exploits dynamic resource reuse to achieve su-

perior scalability and e”ciency. Although the SIMD-High configuration introduces

an overhead of approximately 1,590 LUTs compared to a conventional 32-bit MAC,
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Table 5.2: Performance Metrics for Conventional vs. Proposed SIMD PE Across
Precision Modes.

Bit Precision LUT FF Critical Path (ns) Power (mW) MAC Ops

4-bit MAC 37 8 2.192 2 –

8-bit MAC [64] 86 16 2.361 6.6 4

16-bit MAC [64] 335 32 2.892 14.95 2

32-bit MAC 1424 208 6.513 22 –

Standalone PE with SIMD Support (Dedicated Hardware)

SIMD-Low (4/8/16) 1607 224 2.892 24.82 16/4/1

SIMD-High (8/16/32) 5604 592 6.513 86.06 16/4/1

Proposed PE with SIMD Support

SIMD-Low (4/8/16) 1279 576 2.190 14 16/4/1

SIMD-High(8/16/32) 3010 1121 5.245 35 16/4/1

this increase is e!ectively amortized by its ability to execute multiple operations con-

currently. Specifically, the proposed SIMD-High PE can simultaneously support one

32-bit MAC, four 16-bit MACs, sixteen 8-bit MACs, and four asymmetric 32↓8 MAC

operations. Achieving comparable functionality with a standalone SIMD implemen-

tation using dedicated hardware would require 5,604 LUTs for 8/16/32-bit precision

support and an additional 1,607 LUTs for 4/8/16-bit modes, highlighting the signifi-

cant area savings enabled by the proposed approach.

Furthermore, the proposed SIMD architecture exhibits favorable and scalable area

behavior across precision modes. As operand precision increases, the area growth re-

mains moderate—approximately 2.3↓ in ASIC synthesis and 2.5↓ on FPGA when

doubling precision in the SIMD-Low configuration—which is substantially lower than

the 4–5↓ area increase typically observed in conventional multiplier-based designs.

This e”ciency is primarily attributed to extensive hardware reuse, with incremen-

tal area overhead largely confined to the accumulator stage required for SIMD op-

eration. Owing to this reuse and the preservation of parallelism across precision

modes, throughput scales e!ectively with increasing bit width, resulting in improved

throughput-per-area e”ciency without diminishing returns at higher precisions.

Beyond resource optimization, the proposed architecture delivers timing improve-
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ments, with the SIMD-High PE achieving a 19.4% reduction in critical path delay

compared to the conventional 32-bit MAC, and the SIMD-Low configuration o!er-

ing a 24.27% reduction relative to the conventional 16-bit MAC. Furthermore, LUT

utilization is reduced by 46.2% for 8/16/32-bit and 20.4% for 4/8/16-bit implementa-

tions, demonstrating superior resource e”ciency. These reductions are coupled with

enhanced throughput and expanded support for both symmetric and asymmetric oper-

ations. It is important to note that FPGA-based implementations rely on LUT-based

logic, which limits the extent of performance improvements compared to ASIC de-

signs. However, the proposed architecture shows significant gains in ASIC synthesis

results, where dedicated logic and optimized pipelines enable substantial improve-

ments in area, frequency, and throughput. This distinction underscores the scalability

and practicality of the proposed design for real-world deployments.

The ASIC synthesis results, summarized in Table 5.3, demonstrate the significant

advancements achieved by the proposed SIMD PE architecture. Compared to the de-

sign in [74] at the same 65 nm technology node, the proposed SIMD-Low configuration

achieves a 28.57% reduction in on-chip area while delivering a 2.08↓ improvement in

throughput for 4-bit precision, along with a 22.4% increase in operating frequency.

Table 5.3 also highlights how the proposed SIMD-High and SIMD-Low configurations

compare favorably with representative SOTA architectures across multiple precision

modes. Specifically, the proposed designs provide markedly smaller area footprints

(0.036 mm2 and 0.015 mm2) relative to prior works, competitive delays (3.57 ns and

2.27 ns), and significantly lower power consumption (3.75mW and 1.59mW). In addi-

tion, both configurations scale e!ectively with precision, achieving up to 3.12GOPS

and 4.218GOPS, with peak energy e”ciency reaching 1.104TOPS/W. These SOTA

comparisons further reinforce the hardware e”ciency of the proposed multi-precision

SIMD design. These results underscore the superior hardware performance of the pro-

posed architecture, particularly under low-precision operating modes. A key distin-

guishing feature of the proposed design is its native support for asymmetric precision

operations, which enhances flexibility and enables e”cient deployment across diverse

DNN workloads with varying precision requirements, while maintaining a favorable
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balance between accuracy, performance, and energy e”ciency.

Compared with prior multi-bit-width systolic accelerators, such as those proposed

by Huang et al. [62] and Li et al. [91], the proposed SIMD architecture adopts a funda-

mentally di!erent form of datapath reuse that enables both symmetric and asymmetric

precision modes within a unified processing element. Existing bit-split systolic designs

are limited to symmetric precision support and o!er constrained parallelism, typically

supporting four MAC operations at 4-bit precision and two MAC operations at 8-bit

precision. In contrast, the proposed SIMD-Low configuration supports sixteen MAC

operations in 4-bit mode, four MAC operations in 8-bit mode, and a single MAC op-

eration in 16-bit mode. This results in up to a 4↓ throughput improvement at 4-bit

precision and a 2↓ improvement at 8-bit precision relative to these prior approaches.

Moreover, the architecture naturally extends to asymmetric precision execution (e.g.,

4↓16), enabling concurrent mixed-precision MAC operations—capabilities that are

not supported by existing systolic-array-based designs. This enhanced flexibility, to-

gether with increased parallelism, represents a core innovation of the proposed archi-

tecture.

Table 5.4: Hardware metrics for the Multiplier and Adder units of the proposed SIMD-
Low PE.

Metric Multiplier Adder Total

Area (µm2) 4467.24 11214.36 15681.6
Power (mW ) 0.5319 1.0495 1.5814
Delay(ns) 0.32 1.92 2.24
Ports 661 2861 3522
Nets 1683 6374 8057
Cells 1137 3480 4617

Further comparisons with the SAMURAI architecture [144] demonstrate that the

proposed SIMD-High configuration achieves a 1.04↓ throughput improvement at 16-

bit precision and a 2.08↓ improvement at 8-bit precision. In addition to throughput

gains, the proposed architecture delivers substantial improvements in energy e”ciency,

achieving enhancements of 1.19↓ at 32-bit precision, 2.3↓ at 16-bit precision, and 4.8↓

at 8-bit precision. Furthermore, when compared with the edge-focused accelerator
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presented in [142], the proposed design achieves a 1.47↓ throughput improvement at

the lowest supported precision, further highlighting its e!ectiveness for low-precision,

resource-constrained deployments. The architecture in [141] demonstrates superior

peak performance and energy e”ciency by aggressively reusing a high-frequency CPU

multiplier and focusing on uniform-precision General Matrix–Matrix Multiplication

(GEMM) execution. In contrast, this study targets native support for asymmetric

precision and predictable execution across 4/8/16-bit modes, prioritizing e!ective uti-

lization under mixed-precision inference scenarios over peak throughput. These gains,

combined with multi-precision adaptability, position the proposed architecture as a

highly e”cient solution for next-generation DNN accelerators. Table 5.4 summarizes

the hardware metrics of the multiplier and adder units in the proposed SIMD-Low

processing element with dynamic adder reuse enabled, illustrating their relative con-

tribution to area, power, and timing. Overall, these results confirm that the proposed

SIMD PE architecture consistently outperforms prior designs in terms of throughput,

energy e”ciency, and precision flexibility, particularly in low- and mixed-precision

regimes.

5.5 Summary

In this chapter, a SIMD processing element architecture designed for precision-

aware DNN acceleration has been presented. In contrast to conventional approaches

that require separate hardware for di!erent precision configurations, the proposed de-

sign employs dynamic resource reuse to support adaptive precision across two scalable

configurations: SIMD-Low (4/8/16-bit) and SIMD-High (8/16/32-bit). The architec-

ture supports both symmetric and asymmetric operations within a unified structure,

enabling e”cient hardware utilization while maintaining consistent throughput scal-

ability. Experimental results corroborate the e!ectiveness of the proposed approach.

FPGA-based evaluations indicate notable reductions in resource usage along with im-

proved throughput, while ASIC synthesis at 65 nm shows up to 28.57% area reduction,

a 22.4% increase in operating frequency, and energy e”ciency improvements of up to
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4.8↓ for the SIMD-Low configuration, compared with representative state-of-the-art

designs. These gains are achieved with negligible accuracy loss across a range of

benchmark DNN models.

Overall, the proposed architecture provides a practical balance between precision,

flexibility, hardware e”ciency, and performance scalability, making it suitable for both

resource-constrained edge-AI platforms and high-performance computing systems.
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Chapter 6

CORDIC-Driven Approximate SIMD PE

Architecture for Resource-E!cient and

Throughput-Enhanced Multi-Precision

Computations within DNN models

In Chapter 5, a SIMD Processing Element (PE) architecture was introduced that

supports flexible multi-precision arithmetic, enabling operations at 4-, 8-, and 16-bit

precision, as well as extended 8-, 16-, and 32-bit modes for higher-accuracy computa-

tions. This adaptability allows the architecture to e”ciently handle diverse numerical

requirements across di!erent DNN layers, balancing accuracy and performance.

The SIMD PE employs accurate, conventional multipliers ensuring numerical cor-

rectness during multiplication-heavy DNN workloads such as convolutions and fully

connected layers. To further improve hardware e”ciency, the design leverages adder

reuse, allowing the same adder resources to be shared across multiple operations and

precision modes. This reuse significantly reduces hardware overhead while maintain-

ing high computational throughput. As a result, the proposed architecture achieves

high-throughput DNN acceleration, e!ectively combining precision flexibility, compu-

tational accuracy, and resource-e”cient design. This chapter extends the discussion

by exploring the integration of approximate multipliers within the SIMD PE architec-

ture.The focus is on evaluating the trade-o!s between reduced hardware complexity
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and power consumption versus the resulting impact on computational accuracy and

DNN inference performance.

6.1 Introduction

In chip-level designs for DNN accelerators, low- to medium-precision arithmetic

is widely employed to satisfy strict constraints on power consumption and silicon

area. DNN models exhibit varying levels of sensitivity to reduced numerical precision:

while some models su!er significant accuracy degradation at lower bit widths, others

incur unnecessary power and area overheads when operated at higher precision due to

redundant computations and underutilized hardware resources.

This variability underscores the need for scalable, precision-adaptive hardware ar-

chitectures that can accommodate diverse computational requirements. Moreover,

di!erent DNN models—and even individual layers within the same model—often de-

mand distinct bit widths to achieve an optimal balance between accuracy, performance,

and energy e”ciency [61].

The adaptive PE architecture, as discussed in chapter 5, supports operand sizes

of 4-, 8-, and 16-bit in the SIMD Low configuration and 8-, 16-, and 32-bit in the

SIMD High configuration, leveraging shared computational resources. However, the

detailed analysis focuses on the 8-, 16-, and 32-bit SIMD modes. The architecture

uses a dynamic fractional fixed-point format, enabling e”cient reuse of resources dur-

ing accumulation. This enhances parallelism in Multiply-Accumulate operations and

ensures 100% utilization of computational units across all precision modes.

This study investigates the architectural application of the Coordinate Rotation

Digital Computer (CORDIC) algorithm in DNN accelerators. The CORDIC algo-

rithm, originally introduced by Jack E. Volder in 1959 [145], is capable of performing

a wide range of arithmetic operations, including trigonometric evaluations, vector

rotations, and multiplications. Subsequently, John Walther extended the algorithm

to support unified operational modes and broader functional coverage [146]. Prior re-

search [55] proposed a neuron computational unit based on a recursive CORDIC archi-
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tecture, enabling e”cient implementation of MAC operations and activation functions

with significant improvements in area and power e”ciency. However, the recursive

nature of conventional CORDIC implementations results in high latency, requiring n

clock cycles to achieve n-bit precision. This characteristic limits their applicability in

high-throughput, SIMD-based DNN architectures [92, 64].

To address these limitations, this chapter explores a pipelined, throughput-

optimised CORDIC architecture suitable for SIMD processing. Building on this foun-

dation, the proposed design integrates adaptive-precision computation with both sym-

metric and asymmetric arithmetic capabilities, leveraging CORDIC-based operations

to enhance hardware e”ciency and computational throughput in DNN accelerators.

The key contributions of this study are as follows:

• A partial product computation scheme was developed in a SIMD architecture

using a pipelined CORDIC approach, with stage-level optimization guided

by Pareto-front analysis to balance accuracy, latency, and area.

• The proposed C-SIMD PE supports multi-precision operations at 8-, 16-

, and 32-bit levels, achieving parallel execution of 16, 4, and 1 operations per

cycle, respectively—significantly enhancing throughput and resource e”ciency.

• A scalable, reduced-precision adder tree is introduced to support both

symmetric (8↓8, 16↓16, 32↓32) and asymmetric (8↓32) multiplication modes,

enabling high hardware reuse with minimal overhead across precision configura-

tions.

• The architecture o!ers configurable computational accuracy, support-

ing both approximate and exact results by tuning the CORDIC pipeline

depth—making it adaptable for precision-aware inference tasks.

• The proposed design is validated through software-level simulations on multiple

datasets, with hardware synthesis results demonstrating competitive physical

performance compared to state-of-the-art solutions.
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6.2 Related Works and Motivation

To meet the high computational demands of DNNs, recent e!orts have focused on

both algorithmic and architectural optimizations. Approximate computing techniques

have been widely explored for hardware-level enhancements, particularly in multipliers

and accumulators [133, 10, 134, 147]. In addition, algorithmic approximations such

as the CORDIC method have been investigated to reduce the complexity of nonlinear

function evaluations [55, 49]. Resource constraints in DNN accelerators have also

been addressed through reduced-precision computation, leveraging the inherent error

tolerance of neural networks [29]. While low-precision processing o!ers notable gains

in area and energy e”ciency, it can degrade model accuracy in certain architectures.

Conversely, high-precision computation increases power consumption due to redundant

operations and wider datapaths. These trade-o!s highlight the need for scalable and

adaptive architectures that support variable bit precision, as precision requirements

vary across models and even across layers within the same model [63].

Precision scalability is broadly categorized into 1D (weight-only) and 2D (weight

and activation) scalable architectures [65]. Leading designs employ bit-serial computa-

tion [66, 67, 68, 69] and decomposed multipliers [70, 71, 72] to enable flexible precision

using bit-fused MAC units. These units dynamically configure computation paths

based on operand bit widths [70], though this often results in suboptimal hardware

utilization and modest latency benefits. Optimization techniques such as loop-nest re-

structuring and shift-add reduction have been proposed to improve PE e”ciency [71],

but increasing operand precision results in longer accumulation cycles and higher

power consumption. Sub-word parallelism in weight tensors has also been explored

for multi-precision MACs [73, 74], typically using data gating to reduce dynamic power

consumption and thereby reduce MAC utilization. Raut et al. [64] addressed this is-

sue by improving parallelism, but their design supports only 4 and 1 MAC operations

for 8-bit and 16-bit precision, respectively, which limits throughput. Multi-precision

floating-point MACs have been proposed, but they su!er from either low hardware

utilization [75] or accuracy loss due to mantissa truncation [76]. Variable-precision
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Figure 6.1: Multi-precision Architectures for DNN Inference: (a) HPS method [73],
(b) BSC method [91], and (c) the Proposed Configurable C-SIMD PE, which ensures
full resource utilization across all supported precision modes. Green shifters indicate
shifts for 8-bit computation, while yellow markers denote shifts for 16-bit computation,
illustrating the systematic shift-accumulate strategy for higher-precision operations.

multipliers with dynamic voltage-frequency scaling [77] have also been introduced;

however, they leave submultipliers idle in low-precision modes, thereby constraining

e”ciency. Therefore, to support diverse bit widths (4/8/16/32-bit), scalable PEs

must strike a balance among throughput, power, and accuracy across layers. There-

fore, adaptive-precision computation emerges as a promising strategy for optimising

PE design [129, 130, 148], as discussed in the previous chapter. This chapter presents a

MAC unit based on the CORDIC architecture for partial product generation, support-

ing both symmetric and asymmetric computations and tailored for DNN workloads.

Fig.6.1 compares resource utilisation of common methods—High-Precision Split

(HPS) [73] and Bit-Split-and-Combination (BSC) [91]—both limited by MAC under-

utilization due to logic gating. Fig. 6.1 illustrates various SIMD architectural topolo-

gies. In Fig. 6.1(a), the HPS configuration achieves 100% resource utilization at the

highest precision level; however, utilization drops significantly to 25% in the lowest

precision mode. In contrast, the BSC architecture shown in Fig. 6.1(b) o!ers better

resource usage than HPS, yet still su!ers from suboptimal utilization across varying

precisions.

The proposed SIMD architecture for 4/8/16-bit modes (Fig. 6.1(c)) employs shift-

based operand alignment to realize higher-precision operations using 4-bit partial-
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product multipliers. For 8-bit computation, the four 4-bit multipliers perform shifts

of 0, 1↓, 1↓, and 2↓ bits, where ↓ = 4, e!ectively realizing 8-bit multiplication using

4-bit units, as indicated by the green shift markers. For 16-bit computation, each

4-bit multiplier incrementally shifts by 4 bits (0, 1↓, 2↓, 3↓, and so on), enabling

a full 16-bit product, as highlighted by the yellow markers. This systematic shift-

accumulation strategy generalizes similarly across other precision blocks. Similarly, in

the C-SIMD High configuration, 16-bit precision computation requires shift o!sets of

0, 1↓, 1↓, and 2↓ bits, where ↓ = 8, as indicated by the green shift markers. For

32-bit computation, each 8-bit multiplier incrementally shifts by 8 bits (i.e., 0, 1↓, 2↓,

3↓, and so forth), as indicated by yellow shift markers, enabling the formation of a full

32-bit product. Overall, the proposed architecture overcomes the limitations of former

architectures by maintaining 100% resource utilisation across all precision modes. This

configuration leverages all multipliers along with dedicated shifters, enabling precise

and e”cient multiplication at every supported precision level.

6.3 Proposed Hardware Design for MAC Compu-

tation and Quantization-Enabled Processing

Multi-precision support—covering both symmetric and asymmetric computations

across 4-, 8-, 16-, and 32-bit formats—is essential for balancing computational ac-

curacy and e”ciency in deep neural network accelerators. Supporting a wide range

of precisions increases architectural flexibility and enables per-layer precision tuning,

improving hardware resource utilisation while maintaining high performance. This

chapter proposes a configurable C-SIMD processing element (PE) architecture that

supports all symmetric precision modes (4↓4, 8↓8, 16↓16, and 32↓32) as well as

asymmetric modes (4↓16, 8↓32) via CORDIC-based partial-product generation. The

proposed C-SIMD PE also supports asymmetric MAC operations, including 32×8-

bit configurations, enabling flexible mixed-precision computations tailored for modern

DNN layers. The bitwidth of the underlying logic blocks is fixed for each config-
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Table 6.1: Unified C-SIMD operating modes illustrating precision scalability, in-
put/weight register utilization, operand symmetry, and e!ective MAC parallelism per
cycle.

C-SIMD Mode Parameter C-SIMD Low C-SIMD High

Mode 00

Operand format 4↓4 8↓8

Precision 4-bit 8-bit

Input register width (bits) 64 128

Weight register width (bits) 64 128

Computation type Symmetric Symmetric

MACs per cycle 16 16

Mode 01

Operand format 8↓8 16↓16

Precision 8-bit 16-bit

Input register width (bits) 32 64

Weight register width (bits) 32 64

Computation type Symmetric Symmetric

MACs per cycle 4 4

Mode 10

Operand format 16↓16 32↓32

Precision 16-bit 32-bit

Input register width (bits) 16 32

Weight register width (bits) 16 32

Computation type Symmetric Symmetric

MACs per cycle 1 1

Mode 11

Operand format 16↓4 32↓8

Precision 16↓4 32↓8

Input register width (bits) 16 32

Weight register width (bits) 16 32

Computation type Asymmetric Asymmetric

MACs per cycle 4 4

uration, either C-SIMD Low (4/8/16-bit) or C-SIMD High (8/16/32-bit)—enabling

runtime precision scaling depending on the selected mode. While the architecture

is adaptable to both C-SIMD Low and C-SIMD High configurations, the detailed

analysis and evaluation in this section focus on the C-SIMD High configuration, i.e.,

the 8-, 16-, and 32-bit precision modes, as indicated in Table 6.1. The table distin-

guishes between the C-SIMD Low and C-SIMD High operating modes and highlights

the precision configurations examined in detail in the subsequent sections. The pro-

posed architecture accommodates multiple precision modes organized into the two

configurations—C-SIMD Low and C-SIMD High—by systematically controlling the

bitwidths of the underlying logic blocks.
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Figure 6.2: Proposed C-SIMD PE architecture supporting Configurable Multi-
Precision MAC Operations. The design integrates pipelined CORDIC-based multi-
pliers, scalable adders, and quire accumulation units to enable e”cient 8-, 16-, 32-bit
symmetric and 32↓8-bit asymmetric computations for Deep Learning Inference.

Adaptive-precision SIMD processing elements comprise arithmetic units capable

of performing both symmetric and asymmetric precision operations. These units in-

terface with local register memory and control logic to manage data flow, and output

results are produced systolically, propagating through diagonal elements according to

the accumulation pattern.

The proposed C-SIMD processing element (PE) architecture, shown in Fig. 6.2,

supports all symmetric precision modes (4↓4, 8↓8, 16↓16, and 32↓32) as well as
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asymmetric modes (4↓16 and 8↓32) through CORDIC-based partial product gener-

ation. In addition, the proposed C-SIMD PE supports asymmetric MAC operations,

including 32↓8-bit configurations, enabling flexible mixed-precision computation suit-

able for modern DNN layers.

The bitwidth of the underlying logic blocks is fixed for each configuration—either

C-SIMD Low (4/8/16-bit) or C-SIMD High (8/16/32-bit)—while allowing runtime

precision scaling based on the selected operating mode. Although the architecture

is compatible with both C-SIMD Low and C-SIMD High configurations, the detailed

analysis and evaluation presented in this section focus on the C-SIMD High configu-

ration, namely the 8-, 16-, and 32-bit precision modes, as summarized in Table 6.1.

The CORDIC implementation is described in Section 6.3.3.

The architecture is designed for two-dimensional systolic arrays to enable scalable

convolution operations by adjusting multiplier and adder bitwidths in powers of two.

Multiple multiplier types are integrated to facilitate performance evaluation across

di!erent SIMD configurations, supporting both approximate and accurate multiply-

accumulate operations. Configurable pipeline stages are optimized using Pareto anal-

ysis to balance computational accuracy and hardware resource utilization. Unlike

conventional fixed-function designs, full flexibility in multiplier selection is provided,

ensuring e”cient utilization of processing elements across all operating modes. Dur-

ing accumulation, adders are reused, and CORDIC-based partial product generation

is employed to further improve hardware e”ciency, scalability, and adaptability for

Edge-AI applications.

6.3.1 Memory Bank Architecture and System Integration

The system architecture integrates three flip-flop-based memory banks to support

implementation and functional validation. These memory banks include the input

feature map memory (if mem), weight memory (wt mem), and output feature map

memory. Each memory consists of four sub-banks, each with a 32-bit data width.

Precision-specific access is used to optimise memory utilization. For 8-bit precision,

all four sub-banks are accessed simultaneously, yielding ↙128∝ bits of data that contain
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sixteen 8-bit operands. For 16-bit precision, two sub-banks are accessed to retrieve 64

bits of data, corresponding to four 16-bit operands. For 32-bit precision, a single sub-

bank is accessed, providing one 32-bit operand. This precision-aware memory access

mechanism is uniformly applied across all three memory banks for both input reads

and output writes, ensuring e”cient data handling and resource utilization.

6.3.2 Precision-Aware Operand Handling in Symmetric and

Asymmetric SIMD Modes

The proposed architecture supports a variable number of MAC operations depend-

ing on the operand precision, providing 16 MACs for 8-bit operands, 4 MACs for 16-bit

operands, and a single MAC for symmetric 32-bit operands. For asymmetric precision

scenarios, the architecture enables concurrent processing of one 32-bit operand with

four 8-bit operands, thereby supporting four parallel 32↓8 MAC operations. Data

handling is optimized according to precision-specific widths, requiring ↙128∝ bits for

8-bit, ↙64∝ bits for 16-bit, and ↙32∝ bits for 32-bit computations.

SIMD computation across multiple precision levels is enabled through the

SIMD Low configuration, which scales in parallel with the SIMD High design. The

SIMD Low mode supports e”cient execution of 4-, 8-, and 16-bit operations by em-

ploying a compact 4-bit multiplier array optimized for partial product generation.

Both SIMD Low and SIMD High configurations are evaluated, with performance anal-

ysis primarily focused on the SIMD High configuration.

The architecture integrates fundamental logic components, including shifters,

adders, and multiplexers, together with quantization and rounding mechanisms within

the computation pipeline. These enhancements enable e”cient utilization of adder

trees and improve overall hardware e”ciency. Precision-aware quantization reduces

area and power consumption while maintaining high throughput and minimal accuracy

degradation. Dynamic adaptation to operand data types and precision ensures scalable

and e”cient DNN inference. To preserve output bitwidth consistency, precision-aware

rounding is incorporated into the PE design.
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The initial stage of the processing element (PE) is responsible for input pre-

processing prior to the multiplier array, with the objective of ensuring full utilization

of computational resources across all supported precision modes. This stage adapts

the input data representation and alignment based on the selected precision configu-

ration, thereby preventing resource under-utilization and enabling higher throughput,

particularly in low-precision operating modes.

Following pre-processing, the signed-magnitude operands are distributed to an ar-

ray of 8-bit multipliers, which generate partial products for subsequent accumulation.

The accumulation process is managed by a set of dedicated adder stages, denoted as

S0, S1, and S2, each of which is selectively activated according to the active preci-

sion mode. In the 8-bit configuration (mode 00), partial products are accumulated

through direct addition, maximizing e”ciency and minimizing latency. For higher-

precision configurations, including 16-bit (mode 01), 32-bit (mode 10), and asymmetric

precision (mode 11), the architecture employs shifted partial sums to correctly align

the partial products prior to accumulation. This approach enables accurate multi-

precision accumulation while maintaining a uniform multiplier structure. The overall

accumulation strategy, illustrated in Fig. 6.2, achieves resource-e”cient operation and

scalable performance across a wide range of precision modes.

Rounding during partial product accumulation is detailed in Section 6.3.3, where

output bitwidth consistency is preserved to ensure compatibility with post-processing

stages. Control signals such as valid in and valid out regulate data validity, en-

abling or suspending computation as needed. The accum signal remains asserted

throughout MAC operations, while bias values are preloaded into the accumulator

to minimize latency. Inputs and weights are retrieved from 128-bit bu!ers and pre-

processed according to the active precision mode: mode 00 fetches 128 bits, mode

01 fetches the lower 64 bits, mode 10 fetches the lower 32 bits, and mode 11 fetches

32 LSBs from the input bu!er and 8 LSBs from the weight bu!er. Operands are

distributed across sixteen 8-bit multipliers to ensure full resource utilization across

all precision configurations. The MAC unit supports sixteen 8↓8, four 16↓16, one

32↓32, or four 32↓8 operations per cycle. A multiplexer and left-shifter are employed
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Table 6.2: Comparison of Hardware Performance Parameters of State-of-the-Art De-
signs and the Proposed Work

Design
Arithmetic
Format

Asymmetric
Precision

SIMD Support
(#Parallel Ops)

Adder
Reuse

Huang et al. ‘22 [62] INT ✁ 2 / 4 / 8 (4 / 2 / 1) ✂

Shin et al. ’17 [74] FxP ✂ 2 / 4 / 8 (1 / – / – ) ✁

Li et al. ’22 [130] FP ✁ 16 / 32 / 64 (16 / 4 / 1 ) ✁

Li et al. ’22 [91] FxP ✂ 2 / 4 / 8 (4 / 2 / 1 ) ✁

Neda et al. ’22 [63] INT ✁ 4 / 8 (8 / 2 ) ✁

Raut et al. ’24 [64] FxP ✁ 8 / 16 ( 4 / 1) ✁

Proposed : C-SIMD Low FxP ✂ 4 / 8 / 16 (16 / 4 / 1) ✂

Proposed : C-SIMD High FxP ✂ 8 / 16 / 32 (16 / 4 / 1) ✂

to align partial products appropriately for multi-precision accumulation.

While symmetric multi-precision support significantly improves architectural

adaptability, it is not su”cient by itself to satisfy the requirements of diverse real-

world AI workloads [139]. To overcome this limitation, the proposed architecture

extends the symmetric SIMD framework to explicitly support asymmetric precision

modes. In particular, mode 11 enables mixed-precision operation by combining the

highest and lowest supported bitwidths within the same processing element. Under

this mode, the SIMD High and SIMD Low configurations support four 32↓8 and four

16↓4 MAC operations, respectively.

This capability facilitates e”cient mixed-precision computation for weights and

activations in DNNs, thereby enhancing both flexibility and energy e”ciency. In con-

ventional accelerator architectures, asymmetric operand bitwidths often lead to poor

hardware utilization, as datapaths are dimensioned according to the widest operand,

leaving narrower-precision lanes idle. In contrast, the proposed design maintains full

(100%) computational resource utilization even under asymmetric precision configu-

rations, directly translating into higher e!ective throughput.

Beyond improved utilization, the proposed C-SIMD architecture incorporates ex-

plicit asymmetric-precision support, strategic reuse of adders along the accumulation

path, and scalable wide-SIMD operation. These features collectively enable superior

performance and hardware e”ciency compared to prior designs, many of which lack

either fine-grained precision flexibility or e!ective resource reuse. A comparative eval-
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uation against state-of-the-art accelerators is provided in Table 6.2. Although the

current implementation demonstrates a single operand pair, the methodology readily

extends to other bit-width combinations as needed. Besides, Table 6.1 summarizes the

supported operand sizes, precision modes, and per-cycle throughput: i and w denote

the input and weight bit widths, respectively, and # of operations reports the number

of MACs executed per PE per cycle for Conventional SIMD and proposed C-SIMD

architectures.

6.3.3 CORDIC Integration and Precision-Aware Rounding

for Partial Product Generation

This chapter presents an optimized CORDIC-based multiplication architecture

integrated within SIMD processing elements to enable e”cient partial product gen-

eration. The proposed approach leverages the inherent shift-and-add e”ciency of

CORDIC operations to realize compact and scalable multiplier designs, making them

particularly well suited for low-precision arithmetic in SIMD-based MAC units. To

ensure numerical consistency across di!erent precision modes, a precision-aware round-

ing mechanism is incorporated, allowing, for instance, 8-bit multiplications to produce

8-bit outputs. This capability enables the deployment of low-precision adder trees,

thereby substantially reducing hardware resource utilization.

The proposed architecture supports both fixed-point and integer multiplication

within SIMD MAC operations. Furthermore, a comprehensive design space explo-

ration is performed to assess the trade-o!s between iterative and pipelined CORDIC

implementations, providing insights into performance, area, and e”ciency across dif-

ferent architectural choices.

CORDIC architectures are widely regarded as area- and power-e”cient alternatives

for realizing arithmetic operations in DNN accelerators; however, their iterative nature

inherently limits throughput [49]. The CORDIC algorithm computes pseudo-rotations

to approximate vector rotations in circular, linear, and hyperbolic coordinate systems

using a unified computational framework [145, 149]. This generality allows a wide
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range of arithmetic functions to be implemented using only shift, add/subtract, and

simple control logic, thereby avoiding costly multipliers. To address the throughput

bottleneck associated with sequential iterations, pipelined CORDIC architectures have

been proposed, enabling higher operating frequencies and improved throughput while

maintaining low hardware complexity [55].

The modified CORDIC-based partial product generation architecture adopted in

this chapter is illustrated in Fig. 6.3. In this architecture, Xn denotes the input acti-

vation, Yn represents the accumulated partial sum (including the bias term), and Wn

corresponds to the residual weight at iteration n. Each CORDIC iteration processes

one binary digit of the weight operand, such that the residual weight Wn is progres-

sively driven toward zero. Concurrently, a scaled version of the input activation Xn is

conditionally accumulated into Yn, ensuring that the contribution of each weight bit

is accurately reflected in the final result.

Multiplication between Xn and Wn is realized using a linear-mode CORDIC for-

mulation based on an iterative shift-and-add/subtract process. In each iteration, the

algorithm examines the sign of Wn and conditionally adds or subtracts an appropri-

ately shifted version of Xn to or from Yn. The shift amount corresponds to the binary

position of the currently processed weight bit, enabling the accumulation of partial

products in a bit-serial manner. This iterative process converges after a finite number

of iterations equal to the operand bitwidth, as formalized in Eq. 6.1. At convergence,

the final value of Yn represents the product of the input activation and the weight,

with the bias term fully accumulated.

Xn = X0 ⇒ Xout = Xin, (6.1a)

Yn = Y0 +X0 ·W0 ⇒ Yout = Yin +Xin ·Win, (6.1b)

Wn = W0 ⇒ Wout = 0. (6.1c)

While this approach significantly reduces multiplier complexity, conventional

CORDIC-based multiplication still relies on a barrel shifter to generate the shifted

120



versions of Xin required for evaluating Xin ↓ Win. The barrel shifter constitutes a

major contributor to area, power consumption, and critical-path delay, particularly

at higher precision levels. These limitations motivate the architectural refinements

introduced in the proposed design, which aim to retain the computational e”ciency of

CORDIC while reducing hardware overhead and improving adaptability to the diverse

precision requirements of SIMD-based DNN accelerators. As a result, the proposed

architecture achieves a more favorable trade-o! between accuracy, latency, and area

compared to conventional CORDIC-based designs.

The iterative computation proceeds until convergence, at which point the final

output Yn corresponds to the desired multiply-accumulate result. In the proposed

implementation, the stopping criterion is explicitly defined as either (i) the residual

weight Wn converging to zero, or (ii) a fixed maximum of n iterations equal to the

operand bitwidth, whichever occurs first. This bounded iteration ensures deterministic

latency, which is essential for predictable timing behavior and facilitates e”cient and

reliable pipeline scheduling in hardware architectures. Unlike conventional linear-

mode CORDIC formulations that apply an n-bit right shift to the accumulated sum

Yn at each micro-rotation, the proposed architecture deliberately avoids any shift

operation on Yn. Instead, the required scaling is implicitly realized through progressive

1-bit right shifts applied exclusively to Xn across successive iterations. As a result,

the update of Yn+1 depends solely on the accumulated value unshifted Yn and the

appropriately scaledXn, thus preserving numerical stability while eliminating the need

for costly barrel shifters. Under this formulation, the multiplication is decomposed

into a sequence of micro-rotations that update the input, accumulation, and residual

weight variables at each iteration. The direction of each micro-rotation is governed

by the control variable εn ↘ {+1,↔1}, which determines whether Xn is added to or

subtracted from Yn, and is explicitly defined as

εn =






+1, if Wn ⇔ 0,

↔1, if Wn < 0.
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The iterative updates of the CORDIC-based multiplication are formally expressed as

Xn+1 = Xn · 2→1
, (6.2a)

Yn+1 = Yn + εn ·Xn, (6.2b)

Wn+1 = Wn ↔ εn · 2→n
. (6.2c)

Equations 6.2(a)–(c) describe the convergent behavior of the proposed CORDIC-based

multiplication process. Here, εn denotes the direction of the n
th micro-rotation and

controls the add/subtract operation applied to Yn. The iterations terminate when

either the residual weight converges to zero or the predefined iteration limit—equal to

the operand bitwidth—is reached. Under these conditions, Yn converges to the product

Xin·Win with the bias term Yin accumulated. In particular, no shift operation is applied

to Yn during the update of Yn+1, which distinguishes the proposed formulation from

conventional CORDIC-based multipliers and directly contributes to reduced hardware

complexity and improved timing characteristics. Each iteration truncates the least

significant bit (LSB) of Xn due to the 1-bit right shift, introducing a controlled and

bounded loss of precision. This truncation is intentional and forms the basis of the

proposed precision-aware rounding strategy, enabling fixed output bitwidths across

SIMD lanes without additional rounding hardware.

The design exploits the shift–add nature of the CORDIC algorithm, eliminating

the need for hardware multipliers and thereby reducing area and power overhead. Each

pipeline stage performs one CORDIC iteration, enabling high-throughput operation

through parallelized stage-wise computation. Fig. 6.3 presents the proposed hardware-

optimized n-stage pipelined CORDIC architecture tailored for fixed-point arithmetic

in compute-e”cient accelerators.

The computational behavior of the first pipeline stage using fixed-point →8, 6↑ pre-

cision is detailed in Table 6.3. In this stage, the X operand is right-shifted by one

bit, resulting in a controlled loss of the least significant bit. The Y operand is con-

ditionally updated using addition based on the direction control signal dn, while the

angle accumulator W is modified by subtracting a power-of-two scaled term. This
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Figure 6.3: Hardware-Optimized n-stage pipeline CORDIC Architecture Implementa-
tion.

Table 6.3: Computation Process in the first stage of the Pipelined Architecture (Fixed-
Point →8, 6↑ precision).

Variable Initial 1st stage (for n = 0)

Xn+1 = Xn ↓ 2→1
X0 = 000.1011002 (Bin) X1 = 000.01011002 (Bin)

= 0.6875010 (Dec) = 000.0101102 (Bin)

(Right shift by 1-bit, lost bit)

Yn+1 = Yn + dn ↓Xn Y0 = 000.0011002 (Bin) Y1 = 000.0011002 + dn ↓ 000.1011002
= 0.1875010 (Dec) = 000.1110002 (Bin)

Wn+1 = Wn ↔ dn ↓ 2→n
W0 = 000.1110102 (Bin) W1 = 000.1110102 ↔ dn ↓ 01.0000002

= 0.9062510 (Dec) = 1111110102 (Bin)

iterative shift–add operation forms the fundamental building block of the proposed

CORDIC-based computation, ensuring deterministic precision handling.

An example of signed 8-bit fixed-point multiplication using the CORDIC algorithm

is shown in Fig. 6.4. The illustrated computation values are sampled from trained

data, demonstrating the applicability of the approach to practical DNN workloads.

The multiplication is decomposed into successive bit-wise shifts and accumulations,

which improves hardware e”ciency while maintaining numerical stability. Fig. 6.5 il-

lustrates the rounding and truncation flow employed in the proposed architecture. At
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Iteration
Weight, Z = (0.875)10 = (00.11100)2 Input, X = (1.59375)10 = (01.10011)2

Weight Output, Zn+1 = Zn  ±  2-n Product Output, Yn+1 = Yn  ±  Xn * 2-n

Iter. 1
00.11100 01.10011

- 00.10000 - 00.11001    1

Iter. 2
+ 00.01100 00.11010
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Figure 6.4: Example multiplication for the CORDIC algorithm with a Signed 8-bit
Fixed-Point arithmetic scheme. Sampled calculation values have been taken from one
of the trained data samples.

each iteration, the input feature map is multiplied with the corresponding weight bit

using shift operations, and the weighted bit is discarded after accumulation. This iter-

ative bit-level processing enables fine-grained precision control and supports e”cient

integration of the proposed CORDIC engine within DNN accelerators.
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Figure 6.5: Flowchart of the rounding algorithm for the Proposed E”cient Computing
Architecture. The input feature map is multiplied with weights using bitwise shifts at
each binary position, with the corresponding weighted bit discarded in each iteration.
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6.3.4 Performance-Aware Adder Reuse for Scalable C-SIMD

MAC Operations

The proposed C-SIMD architecture exploits hardware reuse by sharing the same

adder units for both shift-and-add and accumulation operations within the MAC

units. This design maximizes the utilization of adder stages, enabling e”cient pipeline

scheduling and significantly enhancing throughput. As a result, the architecture

achieves a performance improvement of up to 4↓ over prior designs, while support-

ing parallel computation across multiple data paths. An adder tree with precision-

dependent bit-widths is employed to perform accumulation across di!erent precision

modes. In the conventional SIMD High configuration, the hierarchy consists of eight

24-bit adders for segment S0, four 32-bit adders for S1, two 48-bit adders for S2, and a

single 64-bit adder in the final stage, culminating in a 72-bit quire accumulator. This

accumulator supports up to 256 accumulations in 32-bit precision mode, with propor-

tionally scaled accumulation capacity for lower precisions. In contrast, the proposed

C-SIMD PE adopts a more hardware-e”cient design, deploying eight 16-bit, four

24-bit, two 40-bit and one 56-bit adders, followed by a 64-bit accumulator. The signif-

icant reduction in adder bit-widths compared to state-of-the-art SIMD architectures

is attributed to the use of low-bitwidth products generated by the CORDIC-based

multiplier, leading to improved area and power e”ciency. The quire register in both

designs implements precision-aware rounding mechanisms to ensure consistent input-

output behavior across all operating modes. The final output is validated through

the valid out signal and delivered via PE out. For lower precision operations, the

conventional SIMD Low configuration utilizes narrower adders: 13-bit (S0), 22-bit

(S1), and 31-bit (S2), followed by a 40-bit ADD D0 stage and a 44-bit accumula-

tor. In the proposed low-precision variant of C-SIMD, the bit-widths of the adders

are further reduced in accordance with the lower precision demands, leveraging the

CORDIC-generated low-bitwidth products.

The unified adder stage configuration depicted in Fig.6.6 depicts the internal op-

eration of the proposed C-SIMD PE across all precision modes. The architecture
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Figure 6.6: Proposed adder tree in the C-SIMD PE supporting all precision modes (00,
01, 10, 11) for symmetric and asymmetric computations. Partial product (PD) shifts
are followed by addition and quire-based accumulation for e”cient multi-precision
MAC execution. Indices i, j, and k indicate shift stages.

employs a shared adder tree structure that dynamically adapts to precision require-

ments, enabling e”cient hardware reuse. In Mode00, partial products generated by the

CORDIC-based SIMD multiplier are accumulated through 16-bit and 24-bit adders,

with the 24-bit adders functioning as primary accumulation units. For Mode 01, 8-bit

shifted partial products are summed using a hierarchical adder network, wherein alter-

nate outputs are shifted by 8 bits to preserve numerical fidelity prior to accumulation.

Mode 10 activates all 15 adders in a pipelined shift-and-add configuration; here, adder

D0 interfaces with the quire register to facilitate iterative accumulation. While Stage-I

remains structurally invariant between Modes 01 and 10, the shifter configuration in

Stage-II is adapted to accommodate the di!ering shift requirements. In asymmetric

Mode 11, 32-bit partial products are initially processed by dedicated 32-bit adders
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and subsequently accumulated using 40-bit adders. The 16-bit adders are reused

across precision modes. In low-precision settings, they perform accumulation, while

in higher-precision operations, they are allocated for shift-and-add computations.

This resource-e”cient reuse of adder stages demonstrates the novelty of the pro-

posed architecture, which achieves enhanced parallelism, reduced area overhead, and

improved performance across a range of DNN precision requirements. The ADD C0

and ADD C1 adders generate the final output for Modes 01 and 11, while a dedicated

ADD D0 adder produces the final result for Mode 10. A similar adder configuration

is employed in the C-SIMD Low variant, as discussed previously. The proposed archi-

tecture enables complete reuse of adder resources, achieving 100% utilization across

all precision modes. The shift-and-add mechanism inherently supports both partial

product addition and accumulation, thereby eliminating the need for separate adder

stages. This design approach leads to significant reductions in resource overhead and

power consumption. The quire accumulator is dimensioned to handle up to 256 ac-

cumulation cycles for maximum bitwidth operands. Specifically, the C-SIMD High

configuration supports up to 256 32-bit operations, 1024 16-bit operations, 4096 8-bit

operations, and 1024 asymmetric operations involving 32↓8-bit pairs.

6.4 Results and Discussion

The proposed MAC architecture supports both precise and approximate computa-

tion by configuring the number of pipeline stages within the partial product generation

block. In the CORDIC-based design, increasing the pipeline depth improves computa-

tional accuracy, with an eight-stage pipeline employed to achieve maximum precision.

For resource-constrained Edge-AI applications, a Pareto analysis is performed to sys-

tematically explore the trade-o! between pipeline depth, hardware cost, and inference

accuracy in DNN workloads.

To comprehensively evaluate these trade-o!s, both software-level and hardware-

level assessments are conducted. At the software level, a Python-based emulator of

the proposed processing element is developed to analyze inference accuracy across
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a range of DNN models and benchmark datasets under di!erent pipeline configura-

tions. At the hardware level, performance and implementation metrics are evaluated

across multiple technology nodes to assess scalability and e”ciency. A conventional

multiplier-based partial product generation approach is used as the baseline and is

compared against the optimized CORDIC-based architecture proposed in this chapter,

enabling a quantitative evaluation of accuracy, performance, and hardware e”ciency.

6.4.1 Pareto Optimality and Evaluation of Accuracy Reten-

tion Across 8/16/32-bit Precision

Software evaluation was conducted using a Python-based emulator of the proposed

C-SIMD processing element (PE) to assess inference accuracy across multiple preci-

sion modes, namely 8-, 16-, and 32-bit. Experiments were performed on standard

benchmark datasets, including MNIST, CIFAR-10, CIFAR-100, and ImageNet-1000,

using representative DNN models such as LeNet-5, AlexNet, VGG-16, ResNet-18, and

Ca!eNet. These evaluations validate the e!ectiveness of the proposed architecture

across a diverse set of network topologies and workload characteristics.

The C-SIMD PE was evaluated under both integer and dynamic fixed-point com-

putation models within the multi-precision framework. A 32-bit floating-point baseline

model was used as a reference [31]. For the MNIST dataset, the baseline achieves an

inference accuracy of 98.46%. In comparison, the proposed architecture attains accu-

racies of 98.06%, 98.01%, and 97.97% for the 32-bit, 16-bit, and 8-bit precision modes,

respectively. These results demonstrate that the proposed multi-precision C-SIMD

architecture incurs only marginal accuracy degradation when operating at reduced

precision levels.

Moreover, the percentage computational error as a function of the number of

CORDIC pipeline stages was evaluated. This analysis was performed for the 8-bit

precision mode, as the CORDIC engine is employed for partial product generation

in 8-bit computations. Accuracy degradation was observed across di!erent pipeline

depths, as illustrated in Fig. 6.7.
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Figure 6.7: The Error Evaluation distribution of sfxpt<8,5> across various iterations
for Pareto analysis and Pareto-Point Extraction.

The results indicate that the computational error decreases significantly beyond

four pipeline stages and becomes negligible with five pipeline stages. Based on this

observation, a five-stage CORDIC pipeline is selected for subsequent evaluations to

achieve improved numerical accuracy under the signed fixed-point(sfxpt) configuration

sfxpt→8, 5↑. Using this pipeline depth, the inference accuracy of baseline DNN models

is evaluated.

From this empirical analysis, the five-stage CORDIC pipeline is identified as the

optimal configuration for the proposed C-SIMD inference engine, o!ering a favourable

trade-o! between inference accuracy and hardware resource utilisation. This choice

enables a balanced design point that enhances overall system performance while pre-

serving hardware e”ciency.

Inference accuracy across di!erent precision modes of the proposed C-SIMD PE

architecture is evaluated using multiple DNN models and benchmark datasets. For

the CIFAR-10 dataset, the baseline accuracy is 76.75%. The proposed architecture

achieves identical accuracy in the 32-bit mode (76.75%), while attaining 76.73% and

73.84% in the 16-bit and 8-bit modes, respectively, indicating negligible degradation

at higher precision levels. Similarly, for the VGG-16 model evaluated on CIFAR-

10, the baseline accuracy is 81.43%. Under the proposed C-SIMD PE, accuracies

of 82.27% (32-bit), 82.24% (16-bit), and 80.01% (8-bit) are achieved, demonstrating

robust performance across precision modes.
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Figure 6.8: Inference Accuracy of the Proposed C-SIMD and Conventional Archi-
tectures on (a) MNIST and (b) CIFAR-10 datasets using various DNN models with
Signed Fixed-Point Precision.
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Figure 6.9: Inference Accuracy of the Proposed C-SIMD and Conventional Archi-
tectures on CIFAR-100/ImageNet datasets using various DNN models with Signed
Fixed-Point Precision.

The observed accuracy degradation in the 8-bit configuration—approximately 2%

for CIFAR-10 and up to 3.5% for ImageNet—can be primarily attributed to quantiza-

tion e!ects, including rounding-to-nearest (ties-to-even) behavior in accordance with

IEEE-754 standards.

It is important to note that these accuracy losses represent worst-case scenarios

and can be further mitigated through optimized rounding and truncation schemes.

Notably, AlexNet exhibits only about a 2% accuracy reduction in the 8-bit mode, while

LeNet-5 shows a minimal degradation of 0.49%, underscoring the inherent resilience

of widely used DNN architectures to reduced numerical precision.

Overall, these results demonstrate that the proposed C-SIMD architecture achieves

near-baseline inference accuracy across all evaluated models while operating at sub-

stantially lower bit widths. This minimal accuracy trade-o!, combined with improved

energy e”ciency and reduced hardware complexity, highlights the e!ectiveness and

practicality of the proposed design for resource-constrained Edge-AI applications.
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Figure 6.10: Comparison of Baseline Inference Accuracy [31] of DNN models (LeNet-
5, AlexNet, and VGG-16) on various datasets (MNIST and CIFAR-10) with that of
the Proposed C-SIMD PE architecture using di!erent bit-precisions.

For the MNIST dataset, the inference accuracy of the proposed C-SIMD architec-

ture is illustrated in Fig.6.8(a). The results demonstrate that the accuracy deviation

across all evaluated DNN models is minimal, remaining below 2%, which underscores

the e!ectiveness of the proposed approach. Recognizing that many DNNs primarily

focus on feature extraction, the applicability of the C-SIMD architecture for image

classification was further validated by analyzing a fully connected neural network

(FCNN) with a 196:64:32:32:10 layer configuration[55]. In this case, the inference

accuracy at 32-bit precision closely matches the results reported in[150], confirming

the robustness of the architecture. Inference accuracies for the CIFAR-10 dataset,

evaluated on LeNet-5, VGG-16, and ResNet-18 models, are presented in Fig.6.8(b).

As expected, LeNet-5 exhibits relatively lower accuracy on this more complex dataset

for both the proposed and conventional architectures, yet the di!erence between them

remains small (approximately 2%). The proposed architecture’s accuracy for VGG-16

deviates by less than 4% compared to[150], while for ResNet-18, the deviation is under

3%. Importantly, these minor accuracy compromises are o!set by significant hardware
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advantages, including an approximately fourfold reduction in LUT utilization.

Similarly, inference accuracies on the CIFAR-100 dataset, evaluated using advanced

DNN models such as Ca!eNet, ResNet-18, and VGG-16, are illustrated in Fig. 6.9

and exhibit trends consistent with those observed across other datasets. In particular,

accuracy degradation progressively diminishes as the precision increases, a behavior

that is also evident for the proposed SIMD High architecture. This trend indicates

that higher-precision implementations enable inference accuracy to converge toward

the baseline results reported in [150].

A comparative analysis across multiple precision levels, using an N -bit reference

and the corresponding proposed N -bit configuration, is presented in Figures 6.8 and

6.9. To further elucidate the impact of reduced precision, the achieved inference

accuracy is separately compared against the baseline 32-bit model in Fig. 6.10. This

figure also summarizes inference accuracy results for various DNN models across all

precision modes supported by the proposed processing element (PE).

Overall, the proposed C-SIMD architecture demonstrates negligible accuracy loss

even when evaluated on complex datasets and diverse DNN models, while simul-

taneously o!ering substantial advantages in reduced hardware resource utilization,

improved throughput, and flexible variable-precision support. These characteristics

underscore the strong suitability of the proposed design for resource-constrained ap-

plications that demand adaptable precision without compromising inference accuracy.

6.4.2 Hardware Resources Utilization and Comparison

The proposed model is implemented and evaluated using both FPGA hardware and

a standard ASIC design flow to demonstrate its practicality and scalability. The C-

SIMD processing element (PE) is integrated within a two-dimensional systolic array,

enabling highly parallel execution of DNN workloads. Functional correctness and

performance are thoroughly evaluated across multiple precision configurations. For

physical design analysis and fair comparison, all evaluations are conducted using a

standalone PE configuration. As discussed in Section 6.4.1, a Pareto-based design

space exploration is employed to determine the optimal pipeline depth that balances
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computational accuracy, throughput, and hardware e”ciency.

The hardware design is deployed on a Virtex-7 VC707 FPGA SoC(System on

Chip), where key physical metrics—including resource utilization, critical path delay,

power consumption, throughput, and energy e”ciency—are measured across di!erent

precision modes. In addition, the architecture is synthesized using a 65 nm CMOS

technology to assess ASIC-level performance characteristics, providing insights into

the scalability and e”ciency of the proposed C-SIMD architecture across di!erent

implementation platforms.

This subsection presents a detailed evaluation of the proposed C-SIMD process-

ing element (PE). To quantify performance gains relative to a conventional base-

line—which underutilizes hardware resources— the following number of MAC oper-

ations per cycle have been considered: 4 for 8-bit, 2 for 16-bit, and 1 for 32-bit

operations. The proposed adder tree architecture maximizes resource utilization, de-

livering up to 4↓ and 2↓ throughput improvements for 8-bit and 16-bit operations,

respectively. Additionally, the design supports asymmetric precision modes, enabling

flexible mixed-precision computations across di!erent DNN layers. Pipeline stage

analysis has been performed for the partial product generation logic with four, five,

and eight stages. For consistent FPGA and ASIC comparisons, results are reported

using four pipeline stages for the SIMD Low and five for the SIMD High configura-

tions, corresponding to the optimal design points identified via Pareto analysis. These

configurations ensure an e!ective balance between throughput, resource e”ciency, and

computational accuracy.

The FPGA implementation results, summarized in Table 6.4, demonstrate the

e”ciency and versatility of the proposed C-SIMD PE architectures. Although in C-

SIMD High PE, there is a modest increase of 381 LUTs compared to a conventional

32-bit MAC unit, this overhead is justified by the enhanced reconfigurability and re-

source optimisation o!ered by the proposed design. The reconfigurable C-SIMD High

PE supports a wide range of operations within the same hardware footprint, includ-

ing one 32-bit MAC, four 16-bit MACs, sixteen 8-bit MACs, and four asymmetric

32↓8 MAC operations and utilises 1805 LUTs. A non-SIMD architecture would re-
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Table 6.4: Analyzing the Impact of Precision Scalability and Performance Metrics for
State-of-the-Art Works and the Proposed SIMD PE Architecture.

Bit Precision LUT (17600) FF (35200) Critical Delay (ns) Dy. Power (mW)

4-bit MAC [119] 37 8 2.19 2

8-bit MAC [119] 86 16 2.36 6.6

8-bit Booth [28] 83 61 3.08 -

8-bit CORDIC [55] 54 88 1.52 6.6

16-bit MAC [119] 335 32 2.89 14.95

16-bit CORDIC [55] 95 162 2.12 12.21

32-bit MAC [119] 1424 208 6.51 22

Adaptive-Precision SIMD PE with Conventional Multiplier

Conv. MULT SIMD Low 1279 576 2.19 14

Conv. MULT SIMD High 3010 1121 5.25 35

Proposed Adaptive-Precision C-SIMD PE with CORDIC Multiplier

Exact C-SIMD Low (4-stage) 948 745 4.52 12

Approx C-SIMD High (4-stage) 1805 1569 4.18 22

Approx C-SIMD High (5-stage) 1902 1697 4.84 23

Exact C-SIMD High (8-stage) 2222 2081 5.21 35

quire 5,604 LUTs (Conv High MAC) to support equivalent 8/16/32-bit operations.

Thus, the proposed C-SIMD High PE achieves nearly a fourfold reduction in resource

consumption. Similarly, the C-SIMD Low PE supports one 16-bit MAC, four 8-bit

MACs, sixteen 4-bit MACs, and four asymmetric 16↓4 MAC operations and utilises

948 LUTs, whereas a non-SIMD architecture (Conv Low MAC) would utilise 1607

LUTs to support equivalent 4/8/16-bit operations. Thus, the proposed C-SIMD Low

PE utilises 1.7↓ fewer LUTs as compared to the non-SIMD architecture. The conven-

tional SIMD High architecture utilises 3010 LUTs for processing four 8-bit MACs, two

16-bit MAC operations, and one 32-bit MAC operation. Similarly, the Conventional

SIMD Low architectures require 1279 LUTs for four 4-bit MAC operations, two 8-bit

MAC operations and one 16-bit MAC operation. A detailed comparison of the LUT

utilisation is illustrated in Fig. 6.11.

The proposed C-SIMD High PE demonstrates significant hardware e”ciency

improvements over the conventional SIMD High configuration. In the prioritized five-

stage pipeline implementation, the C-SIMD High PE achieves a 36.8% reduction in

LUT utilization for 8-, 16-, and 32-bit SIMD operations, while also reducing power

consumption compared to the baseline design. These results highlight the e!ective-

ness of the proposed architecture in optimizing resource usage while maintaining high
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Figure 6.11: LUT count comparison of the proposed C-SIMD PE with the Conven-
tional Architectures supporting similar precisions.

operational flexibility. The five-stage pipeline configuration strikes an optimal balance

between throughput, accuracy, and hardware e”ciency, making it the preferred de-

sign point for multi-precision DNN computations. For reference, four- and eight-stage

pipeline implementations achieve LUT savings of 40.03% and 26.17%, respectively,

but the five-stage design provides the best trade-o! between performance and e”-

ciency. This substantial reduction in LUT utilisation is accompanied by an increase

in the number and diversity of supported symmetric and asymmetric MAC operations

across multiple bitwidths. Moreover, the proposed C-SIMD PE architecture with five

pipeline stages demonstrates a notable improvement in timing performance, reducing

the critical path delay by 7.8% relative to the conventional SIMD High architecture.

These results highlight the architectural advantages of the C-SIMD PE in delivering

scalable, e”cient, and versatile computations for modern AI workloads by optimising

resource usage while enhancing computational flexibility and throughput.

A comprehensive evaluation of the proposed C-SIMD PE architectures against

prior state-of-the-art designs is presented in Table 6.5. The proposed design showcases

its potential through significant improvements in area, delay, throughput, and perfor-

mance e”ciency across multiple precision modes. Compared with the design by Shin

et al. [74], the proposed C-SIMD Low design achieves a 14.29% reduction in silicon
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area and a 120% increase in operating frequency. In terms of throughput, the pro-

posed design delivers improvements of 1.28↓ and 3.51↓ for 16-bit and 4-bit precision

modes, respectively. In comparison with the work by Moons et al. [77], the proposed

C-SIMD Low achieves a 120% increase in frequency. The proposed design delivers a

throughput improvement of 16.17↓ at 4-bit, 7.38↓ at 8-bit, and 3.27↓ at 16-bit pre-

cision. Similarly, a throughput enhancement of 1.87↓ at 8-bit and 3.72↓ at 4-bit is

observed in the proposed architecture in comparison to [151]. These results highlight

the significant advancements in area e”ciency, computational throughput, and energy-

aware design, reinforcing the proposed architecture’s e!ectiveness for ultra-low-power,

high-throughput applications. Notably, post-layout simulation results are compared

against post-silicon measurements, and switching power is also reported. Overall, a

variation of approximately 10% is expected relative to the post-implementation re-

sults. In comparison to [144], the proposed design exhibits a significant improvement

in throughput by a factor of 1.38↓ at 16-bit and approximately 2.77↓ at 8-bit pre-

cision with respect to C-SIMD High. Furthermore, the performance e”ciency of

the proposed architecture is improved by 1.93↓ at 16-bit precision and by 4.03↓ at

8-bit precision, highlighting the performance e”ciency improvement of the proposed

architecture at low precisions. These enhancements underscore the architectural ef-

ficiency and suitability of the proposed design for precision-scalable, energy-e”cient

computing, particularly in edge AI applications.

Prior works [75, 64, 148, 130] are included in the table to contextualize the reported

metrics and emphasize the relevance of the proposed solution in precision-scalable and

energy-e”cient computing. The proposed C-SIMD Low architecture, supporting 4,

8, and 16-bit precision, demonstrates a 10.3% decrease in delay compared to the con-

ventional SIMD Low design. It achieves a significant throughput improvement of up

to 3.45↓ at 4-bit precision and 1.23↓ at 8-bit precision. Furthermore, the perfor-

mance e”ciency, measured in TOPS/W, improves by 2.51↓ at 4-bit and 1.75↓ at

8-bit precision. Similarly, the C-SIMD High architecture, designed for 8, 16, and

32-bit precision, achieves a 19.4% reduction in area and a 25.8% decrease in delay

relative to the conventional SIMD High implementation. It delivers a throughput im-

138



provement of 4.42↓ at 8-bit and 1.71↓ at 16-bit precision. The performance e”ciency

also increases significantly, with gains of 3.55↓ at 8-bit and 1.27↓ at 16-bit precision.

These results highlight the e!ectiveness of the proposed architectures in enhancing

computational e”ciency across multiple precision modes.

Table 6.6: Post-Implementation Resource Utilization for integrate system architecture
(Control Engine, Memory Unit, 8*8 2D Systolic Array) on the Virtex-7 VC709 Board.

Resources Utilization

Utilization Available Utilization %

LUT 112463 433200 25.96

FF 6940 866400 0.801

BRAM 2.5 1470 0.17

DSP 0 2560 0

A key di!erentiator of this study is the integration of CORDIC-based multipliers

within the SIMD PE, enabling support for precision combinations of 8-, 16-, and 32-

bit, including asymmetric MAC operations—capabilities not addressed by existing de-

signs. Based on the analysis, four pipeline stages are recommended for the SIMD Low

configuration, while five pipeline stages are adopted for the SIMD High configuration.

This selection e!ectively balances higher throughput, tight timing constraints, and

clock frequency targets, ensuring FPGA-specific implementation requirements are met

without noticeable degradation in computational accuracy. The architecture exhibits

reduced area, power, and delay, while also enhancing throughput, making it well-

suited for real-time applications. The design has been implemented on an FPGA and

functionally verified. An 8↓8 systolic array has been realized using the C-SIMD High

architecture supporting 8/16/32-bit precision, integrated with a control unit and mem-

ory interface. The resource utilization details are provided in Table 6.6. Validation at

the 65nm technology node has confirmed the feasibility of ASIC implementation, with

superior area e”ciency compared to several state-of-the-art designs. The proposed ar-

chitecture delivers up to a 2↓ increase in throughput, particularly for lower precisions,

attributed to 100% resource utilization across all supported bitwidths. This results

in linear scalability of throughput for low-precision operations. The reduced delay is

enabled by the pipelined architecture, and despite multiple optimizations, the design
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maintains negligible accuracy loss with comparable delay metrics. These results af-

firm the suitability of the proposed C-SIMD PE for variable-precision, parallel, and

error-tolerant AI applications.

6.5 Summary

This chapter introduces an adaptive-precision C-SIMD processing element (PE) de-

signed to support both symmetric (8↓8, 16↓16, and 32↓32) and asymmetric (8↓32)

MAC operations for scalable DNN inference. The proposed architecture integrates

an optimized, pipelined CORDIC-based partial product generation unit, enabling

high-frequency operation while maintaining low hardware complexity. By maximizing

computational resource utilization across all supported precision modes, the design

enhances parallelism and achieves improved throughput.

A scalable reduced-precision adder tree is employed to e”ciently accommodate

both symmetric and asymmetric operand configurations with minimal hardware over-

head. In contrast to existing state-of-the-art designs, the proposed C-SIMD PE sup-

ports sixteen 8-bit MACs, four 16-bit MACs, one 32-bit MAC, and four asymmetric

8↓32 MACs within a unified architecture. The PE is configurable to operate in both

low-precision (C-SIMD Low: 4/8/16-bit) and high-precision (C-SIMD High: 8/16/32-

bit) modes, enabling flexible precision scaling to match application requirements.

Guided by a Pareto-based analysis of accuracy–performance trade-o!s, a four-stage

pipelined configuration is selected to support approximate computing with minimal

accuracy degradation, while the architecture remains scalable up to eight pipeline

stages to enable exact computation when required. The proposed design is validated

through both FPGA prototyping and a 65 nm ASIC implementation. Furthermore, a

systolic array constructed using the proposed PE demonstrates functional correctness

on the FPGA platform. Experimental inference results show that the proposed archi-

tecture incurs only a 2% accuracy loss compared to exact computation, demonstrating

an e!ective balance between accuracy, performance, and hardware e”ciency for DNN

inference.
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Chapter 7

Conclusion and Future Scope

7.1 Conclusion

This thesis proposes a comprehensive set of e”cient computational techniques

aimed at enhancing the performance of Deep Neural Network (DNN) accelerators,

with particular emphasis on optimizing two critical and often competing performance

metrics: Computational Throughput and Hardware Resource Utilisation. As DNN

models continue to grow in complexity and are increasingly deployed across a wide

range of applications, the demand for specialized hardware accelerators capable of

delivering high inference performance under strict resource constraints has become

increasingly pronounced.

The proposed work directly addresses this challenge by focusing on the design

of accelerator architectures that sustain high throughput while minimising hardware

resource consumption, such as logic area and power, through approximate computing

and parallel architectures. Achieving this balance is especially critical in edge and

embedded computing environments, where constraints on energy consumption, silicon

area, and real-time latency impose significant limitations on conventional accelerator

designs. By targeting these constraints, this thesis contributes towards enabling high-

performance DNN inference on resource-limited platforms with minor degradation in

accuracy.
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Figure 7.1: Overview of Design Techniques for Optimized Processing Element Archi-
tectures in Edge AI systems.
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To achieve these objectives, this thesis investigates approximation techniques at

both the architectural and algorithmic levels, leveraging the inherent error resilience

of deep neural network (DNN) workloads. Since multiply–accumulate (MAC) units

are the fundamental building blocks of DNN computation, optimising the arithmetic

components within MAC units—namely the multiplier and adder blocks—is critical to

improving the overall e”ciency of DNN accelerator implementations. Accordingly, one

of the central objectives of this thesis is to establish an optimal accuracy–e”ciency

trade-o! that enables substantial reductions in hardware resource utilisation while

preserving acceptable inference accuracy, thereby making the proposed architectures

well-suited for error-tolerant and resource-constrained applications.

At the architectural level, approximate computing mechanisms are integrated into

accelerator datapaths to reduce computational complexity and hardware overhead. At

the algorithmic level, approximation techniques are employed to relax computational

precision in a controlled manner, enabling further reductions in resource utilisation

without incurring unacceptable degradation in inference accuracy.

In particular, the proposed approximations target fundamental arithmetic circuits,

including adders and multipliers, which constitute the core computational compo-

nents of DNN accelerators. Adders are approximated at the architectural level to

improve hardware e”ciency, resulting in reduced area and power consumption. Mul-

tipliers—typically the dominant contributors to the computational cost of DNN infer-

ence—are approximated using operand rounding and segmentation-based techniques.

These methods reduce resource utilisation by limiting partial-product generation and

computational complexity while maintaining acceptable accuracy levels. The proposed

approximation strategies are carefully designed to avoid significant loss in inference

performance, making them especially suitable for edge-oriented DNN applications.

Furthermore, the thesis also explores the Single Instruction Multiple Data (SIMD)

architectural paradigm to enhance computational parallelism and improve workload

mapping e”ciency under limited hardware resources. The proposed Adaptive SIMD

processing element design performs multiple operations at various bit precisions and

supports both symmetric and asymmetric multiplication, which are crucial for hetero-
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geneous DNN workloads. The proposed architecture enhances throughput upto 4 ↓

with respect to the state-of-the-art architectures.

Moreover, within the SIMD architecture, approximation is selectively applied us-

ing a CORDIC-based multiplier to reduce the hardware required for MAC operations.

By replacing conventional multipliers with CORDIC-based iterative computation, the

proposed SIMD design significantly reduces logic complexity and area consumption,

while still providing su”cient numerical precision for DNN inference. This approach

enables e”cient parallel execution of MAC operations with lower hardware overhead,

making it particularly e!ective for resource-constrained edge AI accelerators. The

various design techniques for developing optimized processing element architectures

targeting Edge AI systems are illustrated in Fig. 7.1. The figure highlights the inte-

gration of arithmetic-level optimization and parallel processing strategies to achieve

high throughput and improved hardware e”ciency under resource constraints.

Comprehensive hardware evaluations are conducted using both FPGA- and ASIC-

based implementations to validate the e!ectiveness, scalability, and practicality of the

proposed accelerator architectures. These evaluations quantitatively analyse key met-

rics, including silicon area, power consumption, and throughput, demonstrating the

suitability of the proposed designs for Edge AI deployments. The inference accuracy

is systematically evaluated using Python-based emulation frameworks across multiple

datasets and DNN models. This software-level analysis enables detailed assessment

of the impact of architectural and algorithmic approximations on model accuracy,

providing a thorough characterization of the trade-o!s introduced by the proposed

accelerator designs.

Overall, this work establishes a favourable accuracy–e”ciency trade-o! by sys-

tematically balancing computational precision with hardware resource optimisation

across multiple design levels. Through the careful integration of approximation tech-

niques within arithmetic units, SIMD architectures, and multiply–accumulate oper-

ations, the proposed accelerator designs demonstrate that significant reductions in

area, power consumption, and computational complexity can be achieved without

incurring unacceptable degradation in inference accuracy. Furthermore, the method-
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ologies presented in this thesis o!er a structured and scalable design framework for

developing resource-e”cient DNN accelerators, enabling the reliable deployment of

high-performance DNN inference on energy- and area-constrained Edge AI platforms.

Collectively, these contributions provide a practical pathway for translating complex

DNN models into e”cient hardware implementations suitable for real-time and em-

bedded edge applications.

7.2 Future Scope

This thesis presented a range of optimisation strategies to enhance throughput

and achieve resource-e”cient acceleration of Deep Neural Networks for edge AI ap-

plications. The proposed techniques address challenges related to hardware com-

plexity, power consumption, and computational e”ciency, demonstrating the fea-

sibility of deploying high-performance DNN inference on resource-constrained plat-

forms. Architectural-, arithmetic-, and SIMD-level optimisations were systematically

explored, providing a robust foundation for e”cient edge-oriented accelerator design.

The primary objective of this research was to develop e”cient computing archi-

tectures for DNN accelerators. Although the proposed approaches achieve significant

improvements in throughput and hardware e”ciency, certain aspects remain beyond

the scope of this study and warrant further investigation. These aspects are outlined

as potential directions for future work.

1. The work presented in this thesis is primarily evaluated using fixed-point and

integer arithmetic. Future extensions could investigate the applicability of the

proposed approximation and architectural techniques to floating-point and other

numerical representations, such as posit, to broaden their usability across diverse

precision requirements.

2. The proposed optimisation strategies are evaluated mainly on conventional DNN

workloads. However, emerging models such as large language models (LLMs)

and transformer-based architectures could also potentially benefit from the pro-
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posed techniques. Evaluating the performance, accuracy, and hardware e”ciency

of these models under the proposed optimisation frameworks remains an impor-

tant direction for future research.

3. Additional future work may explore dynamic and adaptive approximation mech-

anisms that can adjust precision and computational complexity at runtime based

on workload characteristics, accuracy requirements, or operating conditions,

thereby improving robustness and real-time adaptability in edge deployments.
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Appendix A

This appendix provides detailed numerical values and exact inference accuracy

percentages for the graphical evaluations presented in Chapter 5, along with represen-

tative examples of the CORDIC equations discussed in Chapter 6.

Inference Accuracy Data Tables

Tables 1 and 2 list the detailed performance metrics across various bit-widths, DNN

architectures, and benchmark datasets, for Figures 5.9 and 5.10 respectively.

Table 1: Inference Accuracy Evaluation on Various DNN Models for MNIST and
CIFAR-10 Datasets using the Proposed and Baseline architectures.

Dataset Model Architecture 4-bit (%) 8-bit (%) 16-bit (%) 32-bit (%) Baseline (%)

MNIST

LeNet5 96.50 97.80 98.20 98.40 98.46
LeNet5 SIMD (Proposed) 96.20 97.65 98.15 98.01 98.46

ResNet18 98.10 98.90 99.10 99.25 99.30
ResNet18 SIMD (Proposed) 97.95 98.85 99.05 99.21 99.30

CIFAR-10

LeNet5 – 85.50 86.50 87.00 87.10
LeNet5 SIMD (Proposed) – 85.00 86.00 86.50 87.10

ResNet18 – 94.00 95.00 95.50 95.70
ResNet18 SIMD (Proposed) – 93.50 94.50 95.00 95.70

VGG16 – 84.10 86.50 87.30 87.60
VGG16 SIMD (Proposed) – 83.60 86.15 87.05 87.60

AlexNet – 74.50 76.80 77.90 78.20
AlexNet SIMD (Proposed) – 73.90 76.40 77.60 78.20

Table 2: Inference Accuracy Evaluation on Various DNN Models for CIFAR-100 and
ImageNet-1000 Datasets using the Proposed and Baseline architectures.

Model Architecture CIFAR-100 (%) ImageNet-1000 (%)

8-bit 16-bit 32-bit 16-bit 32-bit

ResNet18 66.20 67.10 67.80 – –
ResNet18 SIMD (Proposed) 65.80 66.75 67.45 – –

VGG16 60.50 62.30 64.10 63.80 65.50
VGG16 SIMD (Proposed) 60.10 61.90 63.75 61.40 64.00

Ca”eNet 54.10 55.60 57.80 – –
Ca!eNet SIMD (Proposed) 53.50 55.10 57.20 – –
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CORDIC-Driven Linear Multiplication Algorithm
To illustrate the operation of the CORDIC-based linear multiplication algorithm,

a simplified 4-bit fixed-point example is considered. Equations (6.1a)–(6.1c) define

the fundamental objectives of the linear CORDIC execution block, which performs

multiplication and accumulation through iterative shift-and-add operations:

Xout = Xin (6.1a)

Yout = Yin +Xin ·Win (6.1b)

Wout = 0 (6.1c)

The iterative updates governing the linear CORDIC multiplication process are

given by:

Xn+1 = Xn · 2→1 (6.2a)

Yn+1 = Yn + εn ·Xn (6.2b)

Wn+1 = Wn ↔ εn · 2→n (6.2c)

where the control variable εn ↘ {+1,↔1} is selected according to the sign of the

residual weight:

εn =






+1, Wn ⇔ 0,

↔1, Wn < 0.

These iterative updates progressively reduce the residual weight term Wn toward

zero while accumulating the multiplication result within the Y register using only shift

and add operations.

Setup for the 4-Bit Fixed-Point Example

To demonstrate the operation of the iterative multiplication process, the following

4-bit unsigned fixed-point values with three fractional bits are selected:

• Input Activation (Xin): 0.1102 = 0.75
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• Weight (Win): 0.1012 = 0.625

• Initial Accumulated Bias (Yin): 0.0102 = 0.25

According to Equation (6.1b), the expected output is:

Yout = Yin +XinWin = 0.25 + (0.75↓ 0.625) = 0.71875

The datapath registers are initialized at n = 0 as:

X0 = 0.75, Y0 = 0.25, W0 = 0.625.

Step-by-Step Micro-Rotation Trace

Iteration 0 (n = 0)

Since W0 ⇔ 0, the direction control selects ε0 = +1. Applying Equations

(6.2a)–(6.2c):

X1 = 0.75↓ 0.5 = 0.375

Y1 = 0.25 + (+1)(0.75) = 1.000

W1 = 0.625↔ (+1)(20) = ↔0.375

Iteration 1 (n = 1)

Since W1 < 0, the direction control selects ε1 = ↔1. Applying Equations

(6.2a)–(6.2c):

X2 = 0.375↓ 0.5 = 0.1875

Y2 = 1.000 + (↔1)(0.375) = 0.625

W2 = ↔0.375↔ (↔1)(2→1) = 0.125

149



Iteration 2 (n = 2)

Since W2 ⇔ 0, the direction control selects ε2 = +1. Applying Equations

(6.2a)–(6.2c):

X3 = 0.1875↓ 0.5 = 0.09375

Y3 = 0.625 + (+1)(0.1875) = 0.8125

W3 = 0.125↔ (+1)(2→2) = ↔0.125

Iteration 3 (n = 3)

Since W3 < 0, the direction control selects ε3 = ↔1. Applying Equations

(6.2a)–(6.2c):

X4 = 0.09375↓ 0.5 = 0.046875

Y4 = 0.8125 + (↔1)(0.09375) = 0.71875

W4 = ↔0.125↔ (↔1)(2→3) = 0.000

Summary Table of Convergence

Table 3: 4-Bit Fixed-Point Linear CORDIC Convergence Trace

Step (n) ωn Xn Yn Wn

0 +1 0.750000 0.250000 0.625000
1 -1 0.375000 1.000000 -0.375000
2 +1 0.187500 0.625000 0.125000
3 -1 0.093750 0.812500 -0.125000

Final (n = 4) – 0.046875 0.718750 0.000000

Hardware Convergence Verification

After four iterations, the residual weight converges to zero:

Wout = W4 = 0,
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which satisfies the objective specified in Equation (6.1c). Furthermore, the accumu-

lated output value becomes:

Yout = Y4 = 0.71875.

This exactly matches the expected theoretical result obtained from Equation (6.1b):

Yin +XinWin = 0.25 + (0.75)(0.625) = 0.71875.

Therefore, the multiplication converges exactly to the desired solution with zero

residual error for this fixed-point example. This numerical validation confirms that the

proposed linear CORDIC execution block accurately performs multiply-accumulate

(MAC) operations using only low-cost shift-and-add hardware primitives while pro-

gressively driving the residual weight term toward zero. Consequently, the architecture

eliminates the need for conventional multiplier structures and reduces datapath com-

plexity within the critical execution path.
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