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Abstract

A
rtificial intelligence (AI) and machine learning (ML) are rapidly
permeating nearly every aspect of modern life, from personal devices
and autonomous systems to industrial automation and environmental

monitoring. The growing demand for intelligence at the network edge is
reshaping how computing hardware is conceived and built. Edge AI platforms
are expected to deliver high throughput within tight energy and area budgets,
operate reliably at low voltages, and adapt to diverse workloads, while data
movement between processors and memory continues to dominate system cost.
These trends position memory-centric computing as a compelling alternative
to conventional architectures.

Addressing these challenges begins with rethinking on-chip memory. A dual-
port six-transistor (6T) static random-access memory (SRAM) was developed
that combines high density with concurrent read and write capability, enabling
reliable low-voltage operation and significant energy savings. Targeted at
resource-constrained edge platforms, this design also achieves notable area
reductions compared with conventional dual-port implementations. Building
on this foundation, a synthesizable distributed-SRAM (SD-SRAM) framework
was devised to extend the scalability of on-chip memories. By pushing the
area–energy break-even point from 2–4 kb to about 14–16 kb and enabling
modular partitioning with parallel access, this framework provides a robust
memory substrate well suited to data-centric processing.

Extending these memory innovations, a digital near-memory computing
(NMC) architecture was integrated into RISC-V-based microcontroller units
(MCUs), performing multiply–accumulate (MAC) operations directly within
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cache SRAM macros without altering the conventional SRAM architecture.
The NMC engine supports configurable convolutional neural network (CNN)
dataflows and achieves nearly two orders of magnitude higher throughput
while sharply reducing internal data movement relative to processor–memory
baselines. To further improve efficiency under strict energy constraints, a
family of approximate multipliers with operand-aware error control provides
tunable accuracy–cost trade-offs, enabling substantial reductions in area and
power while preserving inference quality for error-tolerant workloads.

These contributions converge in a scalable and modular NMC platform
capable of flexible CNN acceleration at the edge. By tightly coupling
local memory, approximate processing, and near-memory execution, this
work advances the development of compact, high-throughput, and energy-
efficient AI hardware. The presented concepts and implementations also
establish a foundation for compiler–hardware co-optimization, automated
NMC generation, and seamless integration into multimodal, sensor-driven
embedded systems.
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Popular Science Summary

W
hat if your glasses could describe the world around you in real time,
translating street signs as you walk through a foreign city, pointing
out hidden landmarks, or warning you about a car rushing up from

behind? It may sound futuristic, like a new layer of intelligence we do not
yet have, but technology is moving rapidly in that direction. The gadgets we
already use every day, from phones and wearables to cars and home assistants,
are closer to this vision than it seems. The challenge that remains is not a lack
of processing power.

Modern chips can already perform enormous calculations. The real
limitation is energy. Battery capacity is finite, and every milliwatt should
be used efficiently. Looking closer at where that energy goes reveals something
surprising: the bulk of the energy is consumed not by computation but by
memory. Constantly moving data back and forth between memory and the
processor drains energy and time, creating the true bottleneck.

It is like watching a comedian who, after every joke, has to pause, pull
out a notebook, and read the next line. The show continues, but the rhythm
breaks, the timing slips, and the audience loses focus. Computers face a similar
problem when data is repeatedly shuttled between memory and processor,
breaking the rhythm of computation.

This led researchers to a bold question: what if memory could also compute?
Imagine that same comedian, but now she knows every joke by heart, can
improvise when the crowd reacts, and keeps the performance flowing without
missing a beat. That is the essence of memory-centric computing.
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The first step in this thesis was to rethink the memory itself. Conventional
memories can either read or write at a given moment, but not both. Enabling
simultaneous operations usually requires additional hardware, which adds
cost and complexity. To address this, a new memory design was proposed
that allows reading and writing from different locations at the same time,
improving efficiency while remaining compact.

Building on this foundation, the concept of distributed memory was
explored, where a single large memory block is replaced by many smaller ones
placed around the processing logic and operating in parallel. This approach
reduces traffic bottlenecks and provides greater flexibility to construct memory
structures tailored to specific tasks.

The major breakthrough came with merging memory and processing.
Instead of continuously transferring data back and forth to a processor, a
near-memory computing architecture was designed and prototyped, demon-
strating that information can be processed directly where it is stored. This
approach avoids unnecessary data movement, lowers energy consumption,
and accelerates data-intensive tasks such as image recognition and real-time
sensor analysis. Importantly, these concepts were not only explored in theory
but also validated on fabricated integrated circuits.

Another contribution of this thesis is the development of an approximate
computing technique. Inspired by the fact that many AI tasks can tolerate
small errors, these circuits deliberately relax precision to gain substantial
improvements in speed and energy efficiency. By skipping non-critical details,
they act as efficient shortcuts that preserve the overall outcome while reducing
cost. It is like the comedian slipping in an improvised line instead of sticking
word-for-word to the script. The timing improves, and the audience still
laughs.

Together, these innovations form a flexible computing platform where
memory itself can execute neural networks, the same brain-inspired models
that power modern AI. With adaptable dataflow and support for diverse
workloads, this work points toward the next generation of intelligent, battery-
driven devices.

This is the path taken in this thesis: moving from conceptual ideas to
hardware prototypes that demonstrate compact, efficient, and responsive
systems. Such devices will not only store data but also interpret the world and
act on it, from glasses that explain your surroundings to vehicles that react
instantly and assistants that feel truly present.
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Preface

T
his dissertation presents the academic work carried out during my
doctoral studies within the Division of Integrated Electronic Systems
at the Department of Electrical and Information Technology, Lund

University, Sweden. The content is structured into two main sections:

STRUCTURE OF THE THESIS

• INTRODUCTION
Offers a comprehensive overview of the research domain and the key
areas explored during my studies. It outlines the background, research
motivations, significant findings, and concludes with reflections on the
contributions and potential directions for future advancements in the field.

• PAPERS
The scientific contributions comprise five original, peer-reviewed publica-
tions that highlight the scope and impact of the research conducted, with
an outline of my individual contributions to each work presented below.

INCLUDED PAPERS

The following papers form the main body of this thesis, and the corresponding
published or draft versions are appended at the end.

Paper I: Masoud Nouripayam, J. Rodrigues, X. Luo, T. Johansson, and
B. Mohammadi, “A Low-Voltage 6T Dual-Port Configured SRAM
with Wordline Boost in 28 nm FD-SOI”, IEEE 47th European Solid State
Circuits Conference (ESSCIRC), pp. 459–462, Sep 2021, doi: 10.1109/ESS-
CIRC53450.2021.9567785.
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↭ Contribution: I carried out the chip-level ASIC implementation
and sign-off in STM 28 nm FD-SOI technology, performed simulations,
conducted silicon bring-up and measurements, authored the manuscript
under the supervision of the second and fifth authors, and presented the
work at the conference.

Paper II: Masoud Nouripayam, A. Prieto, V. K. Kishorelal, and J. Ro-
drigues, “An Energy-Efficient Near-Memory Computing Architecture
for CNN Inference at Cache Level”, IEEE 28th International Conference
on Electronics, Circuits, and Systems (ICECS), pp. 1–4, Nov. 2021, doi:
10.1109/ICECS53924.2021.9665530.
↭ Contribution: I proposed the main idea and architecture and, in
collaboration with the second author, designed and developed the
system, carried out the ASIC implementation and simulations, and
authored the paper.

Paper III: Masoud Nouripayam, A. Prieto, and J. Rodrigues, “A Scalable
All-Digital Near-Memory Computing Architecture for Edge AIoT
Applications”, IEEE Access, vol. 13, pp. 108609–108625, Jun. 2025, doi:
10.1109/ACCESS.2025.3582013.
↭ Contribution: I further developed the main idea and architecture
and, in collaboration with the second author, designed and developed
the system, carried out the ASIC implementation and simulations, and
authored the paper.

Paper IV: A. Prieto, Masoud Nouripayam, K. Westring, S. C. Mohedano,
A. Allfjord, L. Svensson, P. Andersson, and J. Rodrigues, “NMCu-
CNN: A Scalable Near-Memory Computing Co-Processor on a RISC-
V MCU in 22 nm FD-SOI”, IEEE 38th International Workshop on Signal
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1
Motivation and Scope

T
his chapter presents the motivation and scope of the thesis by
tracing the transformative journey of computing systems in an era
of unprecedented data generation and connectivity. At its core lies

the Internet of Everything (IoE), an evolution of the Internet of Things (IoT)
that unifies systems, devices, people, processes, and data streams. The
rapid pace of technological change has created a critical challenge: to meet
the growing demand for seamless connectivity and energy-efficient, high-
performance computing across applications ranging from smart homes to
scientific supercomputing. Addressing these demands reveals the limits of
conventional processor-centric von Neumann architectures and motivates the
exploration of new computing paradigms capable of sustaining a data-driven
world.

1.1 THE NEW ERA OF ANALYTICS

Data, often described as the world’s most valuable resource [1], is central
to modern technology and the Fourth Industrial Revolution [2], where the
convergence of technological and biological systems is reshaping economies
and societies. Digital globalization has created opportunities such as
personalized healthcare, precision agriculture, and improved governance. This
new era of analytics is defined by datafication, in which data steers decisions and
enables efficiency, innovation, and transformative intelligence [3,4]. Over recent
decades, technological advancements have halved computing costs roughly
every 15 months (Figure 1.1a), accelerating the growth of IoT and Artificial
Intelligence (AI). These trends have fueled a global data economy worth
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Figure 1.1: (a) Deflated costs using the Consumer Price Index (CPI), based
on 2022 statistics from the U.S. Bureau of Economic Analysis, expressed in
$US/MIPS/MB (U.S. dollars per million instructions per second per megabyte)
[6]; (b) global big data market revenue forecast [8].

trillions of U.S. dollars (Figure 1.1b), with data now contributing more to Gross
Domestic Product (GDP) than physical trade [2, 5]. Within AI, Deep Learning
(DL), particularly Convolutional Neural Network (CNN), has been central to
this shift, advancing vision, language, and pattern recognition while driving
unprecedented computational and memory demands. This transformation is
underpinned by three key factors [6, 7]:

• a steady decline in data storage and processing costs,
• widespread deployment of IoT and digital technologies, and
• rapid advances in AI.

However, despite substantial progress, fully unlocking the potential of the
data economy requires next-generation infrastructure, including advanced
broadband networks and innovative data-centric computing frameworks.

1.2 THE PAST IS PROLOGUE *

The evolution of communication, connectivity, computing systems, and AI is
intricately tied to historical milestones that have shaped today’s technological
landscape and set the stage for future innovations. From the telegraph
to modern IoT networks, humanity’s drive to bridge distances and share
information has culminated in a world where billions of devices seamlessly
exchange data, redefining connectivity (Figure 1.2a) [9–14].

Early milestones such as the Electronic Numerical Integrator and Computer
(ENIAC) computer in 1949 [15], and the first experiments with localized
networks [16] established the foundation for the advances in computational

* William Shakespeare, The Tempest, Act 2, Scene 1, "Antonio: ... what’s past is
prologue; what to come, In yours and my discharge."
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Figure 1.2: (a) Historical timeline of IoT; (b) major milestones in AI.
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Figure 1.3: Historical ML compute trends (1955–2025), highlighting a 4→
annual growth since 2010 [18].

power and interconnectivity that accelerated in the decades leading up to the
1980s. The growing need for resource sharing during the 1960s and 1970s led to
innovations like MIT’s Compatible Time-Sharing System (CTSS), which paved
the way for personal computing systems, exemplified in the following decade
by the Osborne-1 in 1981 [16]. The introduction of 1G cellular networks in the
1980s marked a transformative milestone, triggering rapid global expansion of
connectivity [17].

This momentum drove major breakthroughs: IoT-connected devices
outnumbered the global population in 2017, Fifth Generation Wireless
Communication (5G) networks rolled out in 2018, and IoT-driven healthcare
solutions played a vital role during the COVID–19 pandemic [17]. In parallel,
AI progressed from early symbolic reasoning and neural models [16] to the
foundational methods such as Rosenblatt’s perceptron and Samuel’s early
Machine Learning (ML) algorithm (Figure 1.2b). However, the "AI Winter" of
the 1970s and early 1980s slowed progress due to technological limitations [19].

Interest in AI resurged in the late 1980s, driven by advancements
in semiconductor technology, laying the foundation for DL, large-scale
model training, and cloud-based deployment. These advances dramatically
accelerated both the scale and complexity of AI workloads. ML compute
has grown exponentially since 2010 (Figure 1.3), averaging a 4→ increase per
year [18]. This trajectory is closely linked to hardware progress and can be
grouped into three eras [18]:
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Figure 1.4: Decomposition of training compute growth into three drivers:
hardware scale, compute per device, and training duration [20].

1. Pre-DL (before 2010): Compute demands increased steadily following
Moore’s Law, doubling every 20 months.

2. DL (2010–2015): Compute demands doubling every 6 months.
3. Large-Scale Era (post–2015): Frontier models requiring 100–1000→ more

compute than earlier systems in the same year.
Compute growth typically measured in Floating-Point Operations per

second (FLOPS) reflects the total processing capability of hardware used for
training and inference. The underlying drivers of this progression, as shown
in Figure 1.4, include a 1.7→ annual increase in hardware scale, a 1.5→ rise in
training duration, and a 1.4→ gain in per-device performance [20]. Supported
by investments growing 2–3→ annually, these factors have enabled larger
models and more powerful processing infrastructures.

1.3 CONNECTIVITY AND INTELLIGENCE OF THINGS †

The convergence of AI and IoT, often termed the Artificial Intelligence of Things
(AIoT) [22], marks a key stage in the evolution of connected technologies.
IoT provides vast, distributed data streams, while AI delivers the analytics
and autonomous decision making needed to turn raw data into actionable
insight. Together they create context-aware, adaptive systems that embody the

† "Intelligence of Things" was first introduced by Steve Koenig, Vice President of
the Consumer Technology Association, in his "Tech Trends to Watch" presentation at
Consumer Electronics Show (CES) 2020 [21].
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Intelligence of Things, shifting the focus from isolated smart devices to intelligent
networks and infrastructures.

Communication technology underpins this vision. Wireless networks must
accommodate massive device counts and surging data volumes while meeting
strict latency and energy requirements. Global IoT connections are projected to
reach 38.8 billion by 2030, with monthly mobile traffic rising from 62 Exabyte
(EB) in 2020 to over 5000 EB [23, 24].

While 5G provides major gains in capacity and Quality of Service (QoS) with
latencies around 1 ms, the rapid growth of AIoT workloads such as video-rich
applications, high-resolution sensing, and machine-to-machine coordination is
already testing its limits [25]. This is driving research toward Sixth Generation
Wireless Communication (6G) networks, which aim for about 0.1 ms latency
together with significantly higher energy efficiency to enable real-time, mission-
critical applications such as autonomous driving and remote healthcare [24,26].

By embedding intelligence into billions of devices, AIoT equips these evolv-
ing networks to interpret, act, and adapt in real-time, making communication
advances a core element of a broader intelligent system.

1.4 AI AND POWER CONSUMPTION

Gartner’s 2024 analysis of technology trends (Figure 1.5) highlights the growing
influence of AI-driven innovations. Among these, Generative Artificial
Intelligence (GenAI) stands out, moving from theoretical exploration to large-
scale deployment. Organizations increasingly use foundation models to achieve
measurable returns on investment, fostering autonomous AI systems capable
of dynamic interaction, decision making, and adaptation [27].

Graphics Processing Units (GPUs) first gained prominence by accelerating
CNNs for large-scale training and inference, and have since evolved into the
dominant computing platform for generative AI (GenAI) and other specialized
accelerators. Their rapid adoption has sharply increased data-center energy
demand, with facilities now scaling to million-GPU operations. Despite power-
efficiency improvements achieved by industry leaders such as NVIDIA, AMD,
and Intel, the overall consumption continues to rise, and GPU power use
has increased by about 75 % in just two years. Although each new processor
generation is more energy-efficient per operation, the escalating computational
demands of large-scale AI models outpace these gains, driving up total
energy per chip [28]. Advances in semiconductor technology help curb this
trend. Taiwan Semiconductor Manufacturing Company (TSMC)’s 3 nm process
delivers about 15 % higher performance than 5 nm while lowering power
consumption by roughly 30 % [28]. Data from Intel, AMD, and NVIDIA
confirm steady reductions in energy per operation (Figure 1.6a) [29].
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Figure 1.5: Key themes in emerging technology trends as of August 2024 [27].

Despite these improvements, AI’s escalating power demands are expected to
drive a new wave of data-center construction with integrated power plants [28].
Projections underscore the scale of this challenge: Morgan Stanley estimates AI
power demand will grow about 70 % annually, reaching Spain’s 2022 electricity
use by 2027 [30]. Wells Fargo forecasts an increase from roughly 8 Terawatt-
hour (TWh) in 2024 to over 650 TWh by 2030, with model training alone
requiring about 400 TWh [28]. The International Energy Agency (IEA) projects
that AI, data centers, and cryptocurrency together could draw up to 1050 TWh
of electricity by 2026 [31].

Figure 1.6b illustrates this continuing upward trend, which raises both
operational costs and environmental concerns. For example, Google’s carbon
emissions rose 48 % over five years, and Microsoft’s increased by 30 % since
2020 [32, 33]. A substantial portion of AI energy is spent on data movement,
with up to 90 % of training energy consumed by memory access [34]. Together,
these trends underscore the urgent need to rethink and redesign computing
systems to meet AI’s rapidly growing energy demands.

1.5 EMERGING COMPUTING TRENDS

The rapid growth of network-connected devices has exposed the limits of
traditional centralized architectures. Rising data volumes, strict latency
requirements, and bandwidth constraints, amplified by IoT proliferation and
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(a)

(b)

Figure 1.6: (a) Estimated energy (J/FLOP) based on thermal design power and
throughput (FLOPS); (b) energy consumption (left axis) and corresponding
carbon emissions (right axis) in the United States from training published AI
models. ‘AI System Total Energy’ represents a computed metric accounting for
hardware efficiency improvements [29].

embedded AI, demand alternative approaches [35]. Cloud Computing (CC)
provides scalable resources, efficient data storage, and strong computational
capabilities, but its centralized model struggles with real-time, context-aware
workloads and the exponential growth of data. Large-scale data centers also
pose significant energy and sustainability concerns [5, 36].

Edge Computing (EC) addresses these challenges by processing data closer
to its sources, reducing latency, bandwidth use, and network congestion while
improving scalability, efficiency, security, and privacy [36]. Complementing
CC, EC supports latency-sensitive and resource-constrained applications by
enabling local decision making and improving energy efficiency, thereby
enhancing overall user experience.

A central driver of this evolution is edge AI, performing inference and, in
some cases, on-device learning where data is generated, including sensors,
smartphones, drones, and autonomous vehicles [37]. Combining low-latency
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Figure 1.7: AIoT implementation within the EC ecosystem [35].

and privacy benefits of EC with ML capability, edge AI enables real-time
analytics, predictive maintenance, and personalized healthcare while meeting
strict power budgets and avoiding reliance on cloud infrastructure.

The broad EC ecosystem shown in Figure 1.7 underscores key elements
needed to ensure efficient operation [38]:

• real-time support with high reliability and low latency,
• resource optimization across computing, networking, and energy use,
• scalable architectures adaptable to diverse workloads through automated

edge IoT orchestration.
Despite their advantages, EC faces strict limits in compute capacity, device

heterogeneity, storage, and energy budgets. The memory wall, a long-recognized
widening performance gap between memory and processing [39, 40], is
particularly acute in edge devices where resources are tighter. The rapid growth
of AI workloads exacerbates this challenge as modern applications demand
far higher memory bandwidth and computational performance, as shown in
Figures 1.8a and 1.8b, far outpacing advances in memory and interconnect
technologies [41].

Studies show that memory-intensive workloads, especially AI-driven ones,
often fail to use available bandwidth efficiently [42]. Energy analyses indicate
that even State-Of-The-Art (SoA) processors and accelerators can waste up to
60 % of total time and energy waiting for data or moving it between memory
and processing units [43]. Investigations of Google’s edge Tensor Processing
Units (TPUs) highlight two critical inefficiencies [44, 45]:

• under-utilization of processing elements due to limited memory
bandwidth, inefficient dataflows, and rigid data architectures,

• high energy cost of off-chip to on-chip data movement, with over 50 %
of total energy spent on buffer caching.

These inefficiencies call for a paradigm shift from von Neumann architec-
tures to memory-integrated computing models. Conventional systems, with
physically separated compute and memory, incur frequent data transfers and
significant energy overheads. In contrast, beyond-von-Neumann architectures
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Figure 1.8: (a) Bandwidth scaling of interconnect and memory technologies
alongside peak FLOPS [41]; (b) evolution of SoA model parameter counts and
AI accelerator memory capacity (green dots). Transformer model parameters
have increased exponentially by 410→ every two years, whereas single-GPU
memory has scaled only 2→ in the same period [41].

co-locate storage and processing, reducing data movement, lowering latency,
and improving energy efficiency.

This architectural evolution aligns with the broader vision of the Intelligence
of Things, where edge devices act as distributed, intelligent components.
By overcoming the inefficiencies of traditional designs, EC can meet the
computational demands of modern AIoT applications and enable real-time
analytics, enhanced security, and scalable networks.

Among emerging solutions, Near-Data Processing (NDP) stands out [46],
including Near-Memory Computing (NMC) and In-Memory Computing (IMC) in
both digital and analog forms [47]. By integrating memory and processing,
these approaches minimize data movement, reduce energy use, and limit
intermediate storage [34]. Eliminating constant data transfers and enabling
localized computation make NDP particularly effective for data-intensive
workloads [47, 48], positioning memory-centric computing as a key building
block for future energy-efficient architectures.

1.6 THESIS OUTLINE

The Introduction is organized into seven chapters that trace the path from the
initial motivation to the development of novel memory-centric architectures
for edge AI. The presentation follows a bottom-up optimization strategy,
progressing from device- and circuit-level innovations to micro-architectural,
algorithmic, and system-level solutions. Figure 1.9 summarizes the main
contributions and shows how each paper and chapter aligns with the layers of
hardware abstraction.
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1 Motivation and Scope

Chapter 2 examines power consumption, identifying major sources of
dissipation and surveying optimization techniques across abstraction layers.
The discussion highlights key tradeoffs between flexibility, energy efficiency,
and scalability that shape the design choices developed later in the thesis.

Chapter 3 narrows the focus to memory, reviewing hierarchy principles and
examining the design and implementation of on-chip memory variants. This
analysis highlights both the opportunities and the limitations that motivate the
architectural innovations developed in the thesis.

Chapter 4 presents the architecture and implementation of a proposed
synthesizable distributed on-chip memory and its generation flow, which
provide modularity, scalability, and parallel access within a synthesizable
framework. Silicon implementation and simulation results show how
conventional high-density memory cells can be adapted into a flexible, energy-
efficient Intellectual Property (IP) block.

Chapter 5 explores Approximate Computing (AC) as a complementary path
to efficiency. It reviews key methodologies, error metrics, and multiplier design
strategies, establishing the context and motivation for the thesis’s contribution
on scalable approximate multipliers with operand-aware error management.

Chapter 6 broadens the perspective to memory-centric computing, classi-
fying in-memory and near-memory paradigms, reviewing enabling technolo-
gies, and analyzing representative implementations. System-level tradeoffs
and integration challenges are examined to connect the thesis’s logic- and
architecture-level contributions with the wider computing landscape.

Chapter 7 concludes the thesis by synthesizing its contributions and
positioning them within the broader trajectory of data-centric edge AI hardware
research while outlining future directions such as compiler-hardware co-
optimization and deployment in heterogeneous systems.
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2
Power Optimization: A Strategic

Perspective

T
his chapter provides a comprehensive exploration of power consump-
tion in digital Integrated Circuits (ICs), examining the fundamental
sources of power usage and surveying techniques to optimize power

and realize energy-efficient design across abstraction layers, with particular
attention to Ultra-Low-Power (ULP) design for energy-constrained IoT and
always-on systems.

2.1 POWER CONSUMPTION IN DIGITAL SYSTEMS

Complementary Metal-Oxide-Semiconductor (CMOS) technology underpins
nearly all modern digital ICs, from microprocessors to IoT and AI accelerators,
increasingly integrated as System-on-Chip (SoC) platforms. Decades of
scaling and innovation have steadily improved speed and energy efficiency,
yet power consumption remains a key challenge as device dimensions and
supply voltages approach physical limits [49]. Understanding these power
characteristics is essential for effective power optimization and adopting energy-
efficient design strategies.

The total power consumption in digital systems consists of two components,
dynamic (Pdyn) and static (Pstat), expressed as [50]:

Ptot = Pdyn + Pstat. (2.1)

Dynamic power, consumed during active operation, includes switching
(Pswitch) and short-circuit (Psc) components:

Pdyn = Pswitch + Psc. (2.2)

Psc arises from a temporary current flow between supply and ground during
logic transitions, when both P-channel Metal-Oxide-Semiconductor (PMOS)
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and N-channel Metal-Oxide-Semiconductor (NMOS) transistors conduct
simultaneously. With continued CMOS scaling, its impact has been significantly
reduced [50, 51].

The dominant component of Pdyn, namely Pswitch, arises from charging and
discharging load capacitance during logic transitions, and is given by [52]:

Pswitch = fclk → Ce f f → VDD
2 = α → fclk → CL → VDD

2, (2.3)

where fclk is the clock frequency, VDD the supply voltage, CL the total load
capacitance, and α the activity factor (0 < α < 1), accounting for the fact that
not all gates switch each clock cycle. Dynamic power depends quadratically
on VDD (Pdyn ∝ V2

DD), making voltage scaling one of the most effective power-
reduction strategies [50, 52, 53]. In contrast, when the system is idle, leakage
current (ILeak) through nominally off transistors results in Pstat, which scales
linearly with the supply voltage (Pstat ∝ VDD):

Pstat = ILeak → VDD. (2.4)

ILeak is governed by factors such as transistor Threshold Voltage (VTH),
operating temperature, and device dimensions. Although ILeak is largely
independent of VDD in first order, secondary effects such as Drain-Induced
Barrier Lowering (DIBL) and channel-length modulation introduce a mild
voltage dependence. As technology scales to ever smaller nodes, controlling
ILeak has become increasingly difficult, demanding advanced circuit techniques
to limit static losses and maintain energy efficiency [52, 54].

2.2 POWER OPTIMIZATION FRAMEWORK

Power and energy optimization is a critical aspect of IC design, spanning
multiple stages and addressing both Pdyn and Pstat. Some techniques can
be applied during design, either based on predictable activity patterns or
independent of workload variations. However, real-world systems frequently
experience dynamic fluctuations in performance demand. These fluctuations
necessitate adaptive runtime optimizations. For example, during the idle
(standby) state, Pdyn is reduced to near zero, leaving Pstat as the dominant
factor [54].

The optimization process involves tuning device parameters such as
transistor size, VTH and supply voltage, as well as making discrete design
choices in logic style, circuit topology, and microarchitecture. Since optimizing
all parameters simultaneously is computationally infeasible, abstraction and
hierarchy are employed. Abstraction confines optimizations to specific design
layers, such as microarchitecture-level instruction sets or circuit-level, while
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Figure 2.1: (a) Design abstraction stack [54]; (b) energy–time trade-off curves
[56]; (c) taxonomy of methods trading energy for quality [55].

hierarchy enables larger systems to be built from modular components
(Figure 2.1a) [54]. These layers are interdependent, requiring a meet-in-the-
middle approach where high-level specifications define system goals and
low-level constraints determine feasible implementations [54,55]. Analytical
methods such as energy-delay sensitivity analysis are essential for guiding
design choices, as they quantify how parameter adjustments affect both energy
and delay. The energy-delay curve (Figure 2.1b) illustrates the Pareto-optimal
frontier, where improving one metric inevitably worsens the other. These
tradeoffs define the fundamental design limits of a system, which can be
expressed through optimization objectives [56]:
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• maximize performance within a power budget, constrained by a
maximum energy Emax,

• minimize energy consumption while meeting throughput requirements,
constrained by a maximum delay Dmax.

Beyond the energy-delay domain, further energy reduction can be achieved
by exploiting the tradeoff between energy consumption and computational
quality. As illustrated in Figure 2.1c, Energy-Quality (EQ) knobs introduce a
separate optimization dimension, grouped into three main categories:

• approximation, where algorithmic or circuit-level simplifications reduce
power at the cost of bounded accuracy,

• execution-time reduction, where early termination or loop perforation
shortens computation and enables voltage scaling,

• resiliency tuning, where design margins are relaxed to exploit tolerance
to variations in Process-Voltage-Temperature (PVT).

These approaches are typically combined with error detection and control,
making them complementary to classical energy-delay optimization [55].
Energy-efficient, high-performance ICs are ultimately realized through the
coordinated use of design-time and runtime optimizations. By leveraging
abstraction, hierarchy, and multi-layered strategies, designers can balance
energy, performance, and quality to meet the requirements of modern
workloads [54]. Studies show that architecture-circuit co-optimization can
significantly reduce energy consumption, depending on application goals [53].

2.2.1 ARCHITECTURE, ALGORITHMS, AND SYSTEMS OPTIMIZATION

Power optimization at the architecture, algorithm, and system levels provides
substantial energy savings, often exceeding the impact of circuit-level
techniques [54]. Higher-level approaches target inefficiencies across entire
workloads, delivering orders-of-magnitude improvements by reducing supply
voltage, load capacitance, and switching activity. These strategies influence
both Pdyn and Pstat, extending optimization beyond device-level refinements.

The design implications of these approaches are shown in Figure 2.2a, which
presents common hardware architectural options, and further detailed in
Figure 2.2b, which maps these options onto the flexibility–performance–power–
area and functional-diversity design space [54, 57]. Together, they show that
architectural optimization is not only about maximizing performance and
energy efficiency but also about balancing flexibility and area overhead.

The hardware platform landscape can be viewed as a spectrum where
energy efficiency gradually decreases and flexibility increases when moving
from dedicated accelerators toward general-purpose processors. At the
high-efficiency, low-flexibility end are dedicated Application-Specific Integrated
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Figure 2.2: (a) Spectrum of hardware architectural platforms [54]; (b) corre-
sponding tradeoffs on the flexibility-performance-power-area and functional-
diversity planes [57].

Circuits (ASICs), which achieve exceptional energy efficiency for narrowly
defined workloads but sacrifice programmability and incur significant area
overhead. To introduce flexibility while retaining energy efficiency close
to that of dedicated accelerators, reconfigurable hardware architectures such
as Field-Programmable Gate Arrays (FPGAs) can be employed. These
devices can be rewired to implement new functions or complete applications,
offering a balanced tradeoff between efficiency, flexibility, and cost. Further
along the flexibility axis are Application-Specific Instruction Processors (ASIPs)
and Digital Signal Processors (DSPs), which add custom instructions and
optimized datapaths to deliver domain-specific efficiency while remaining
more programmable than pure accelerators. At the opposite extreme are
General-Purpose Processors (GPPs), which deliver maximum flexibility through
broad programmability and adaptability across diverse workloads but offer
the lowest energy efficiency.
Beyond the selection of a hardware platform, several architectural strategies
further improve energy efficiency [54, 58]:

• Parallelism distributes input samples across multiple processing
branches, reducing the required clock frequency and enabling supply-
voltage scaling for significant power savings [56, 58]. Area and synchro-
nization overhead, along with workload-dependent applicability, are the
main tradeoffs [54].

• Pipelining partitions long combinational paths into sequential stages
separated by registers, allowing concurrent computation and reducing
energy per operation compared with low-latency designs of similar
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throughput [52, 56, 59]. Extra registers and switching activity introduce
overhead and latency, effects that become more pronounced at low
voltages.

• Time-multiplexing, or resource sharing, reuses hardware across multiple
processing blocks over time, cutting area in proportion to the number
of multiplexed branches and mitigating leakage in low-frequency or
Low-Voltage (LV) designs [54, 60]. Energy savings must be balanced
against limits on parallel throughput.

Overall, effective architectural optimization requires a careful balance of
concurrency, flexibility, and energy efficiency. Complementary techniques
such as loop unfolding, retiming, and algebraic transformations including
commutativity and distributivity can improve parallelism and lower energy.
However, inefficiencies often result from over-dimensioned or overly generic
designs, and the programmability that improves reusability typically reduces
efficiency [54, 57]. Thus, design choices should carefully navigate the tradeoffs
illustrated in Figures 2.2a and 2.2b.

2.2.2 CIRCUIT LEVEL OPTIMIZATION

Circuit-level optimization is essential to improve system performance and
energy efficiency, typically offering moderate savings [60]. Key techniques
include [52, 54]:

• Logic Family Selection directly impacts energy and performance. Static
circuits are preferred in energy-sensitive or low-performance applications
due to their low switching activity, robustness, and scalability, while
dynamic circuits are suited for high-performance designs. Common
families include Standard CMOS, Pseudo-NMOS, Pass Transistor, and
Transmission Gates (TGs) Logic [52, 58].

• Gate Sizing Adjusts drive strength to balance performance and power
within constraints and improves manufacturability, and reliability [61].

• Multiple Supply Voltages (MSVs) are implemented through separate
voltage islands, with higher levels assigned to performance-critical blocks
and lower levels to less demanding functions. Empirical studies have
shown that employing two discrete voltage levels provides an effective
tradeoff between design complexity and power efficiency [54, 62].

• Multiple Threshold-Voltage CMOS (MTCMOS) employs low-VTH
devices on critical paths to enhance performance, high-VTH devices
on non-critical paths to suppress ILeak, and standard-VTH devices for
clock and control logic, achieving a balanced tradeoff between energy
efficiency and performance (Figure 2.3a) [63].
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• Transistor Stacking relies on the principle that two series-connected
transistors exhibit lower ILeak than a single off-device, owing to
reduced gate-to-source voltage, reverse body biasing, and DIBL effects.
This leakage reduction comes at the expense of reduced on-current,
with optimal efficiency typically achieved using two stacked NMOS
transistors, although the results depend on input patterns [52, 54, 63].

• Power Gating (PG) disconnects modules from the supply rails using
header or footer sleep transistors, or maintains a retention voltage
when data integrity need to be preserved (Figure 2.3b). This technique,
however, introduces challenges such as start-up delay and wake-up
energy, since parasitic capacitances must be recharged. To reduce
the area and power overhead, the off-time must be sufficiently long.
Moreover, power gates must be carefully sized to supply the required
peak current during start-up while limiting ILeak in idle states [54, 64, 65].

• Adaptive Body Biasing (ABB) dynamically adjusts transistor VTH to
control overall power consumption by balancing performance and
leakage (Figure 2.3c). It also compensates for process variations, enhances
reliability, and mitigates device aging, but requires triple-well technology
and additional bias supplies [63, 66].

• Supply Voltage Ramping (SVR) lowers the supply either to zero (non-
retentive) or to the Data Retention Voltage (DRV) level. It is highly
effective in reducing power but requires on-chip voltage regulators,
introduces longer wake-up times [53, 64].

(a)

Logic

Sleep

Sleep

Footer + Header Footer only Header only

Logic

Sleep

Logic

Sleep

(b) (c)

Figure 2.3: (a) MTCMOS PG [67]; (b) PG configurations: footer (NMOS) sleep
transistors are more area-efficient, header (PMOS) sleep transistors are less
area-efficient, and combining both improves leakage reduction [54]; (c) PG
with Body Bias (BB) control [67].

Additionally, minimizing the effective switching frequency ( fe f f ) is essential
for reducing Pdyn. This can be effectively achieved using techniques such as
Clock Gating (CG) and Data Gating (DG) [54]. The clock distribution network
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often consumes a large share of total power in CMOS circuits due to its high
switching activity and large capacitive load. CG reduces fe f f by disabling the
clock in idle modules (Figure 2.4a), thereby avoiding unnecessary transitions
and spurious activity, and can be applied at multiple levels [65, 68]:

• Module: disables the clock for specific functional modules,
• Clock tree: turns off branches of the clock distribution network,
• Clock source: turns off the on-chip clock source,
• Full shutdown: leaves only a minimal wake-up circuit active.

CG effectively lowers standby Pdyn but also introduces challenges such as
clock skew, load variations, and increased design complexity [68]. DG, in
contrast, targets non-clock signal paths by suppressing unnecessary toggles.
For example, computational units such as adders, as illustrated in Figure 2.4b,
or multipliers can be gated when inactive. This approach further reduces Pdyn
but requires additional gating cells and may introduce extra timing delays on
critical paths [69, 70].
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Figure 2.4: (a) Clock Gating (CG); (b) Data Gating (DG) [71].

2.2.3 RUNTIME OPTIMIZATION

In ULP systems, where workloads and supply conditions vary widely, runtime
optimization is essential for maintaining energy efficiency under dynamic
operating conditions. By adapting supply voltage, body bias, and operating
frequency to real-time activity levels, process variations, and environmental
factors, runtime methods enable optimal performance and power management
while addressing thermal concerns, device aging, and reliability limitations
that static design-time techniques cannot mitigate.

Dynamic Voltage Scaling (DVS) and Dynamic Frequency Scaling (DFS)
are the most widely used runtime power management techniques (Figure 2.5a).
When combined as Dynamic Voltage and Frequency Scaling (DVFS), they
provide quadratic power savings by lowering both supply voltage and
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Figure 2.5: (a) DVFS control model, where utilization is monitored to estimate
workload w and processing rate r, and the next-cycle frequency f (r) and supply
voltage V(r) are set accordingly [72]; (b) energy versus workload under DVFS,
with power dissipation decreasing approximately linearly (solid line) [72].

operating frequency, significantly reducing energy per operation without
hardware modifications (Figure 2.5b) [59, 63]. However, the effectiveness of
DVFS diminishes in advanced technology nodes where voltage scaling is
constrained.

Dynamic Core Scaling (DCS) addresses this limitation by dynamically
adapting datapath resources to run applications at reduced speeds, thereby
lowering energy consumption without relying solely on voltage scaling. When
used together with DVFS, DCS achieves higher energy efficiency across a
broader range of operating scenarios [73].

Power Domains (PDs) further extend flexibility by enabling independent
control of different chip regions, typically in combination with multiple supply
voltages. Performance-critical modules can operate at full supply levels while
less critical blocks run at lower voltages or enter standby states. Although PDs
improve overall energy efficiency, they introduce overhead and complexity
from generating multiple voltage rails and require careful level-shifter design
to preserve signal integrity across power boundaries [62].

By integrating DVFS, DCS, and PDs, modern SoCs achieve high energy
efficiency, adaptability, and performance scalability, ensuring reliable operation
under diverse workloads and environmental conditions.
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2.3 THESIS CONTRIBUTION

This thesis applies power optimization techniques across multiple abstraction
levels. Paper I, focused on a standalone Static Random Access Memory (SRAM)
design, employs several circuit-level methods, including body biasing, gate
sizing, multiple supply voltages, transistor stacking, and PG.

Chapter 4, on Synthesizable Distributed SRAM, extends this perspective
by examining power efficiency within a synthesizable memory framework.
Standard circuit-level optimizations are integrated in full-custom cells such
as the sense amplifier, tri-state buffer, and memory Bitcell (BC). In addition,
the architectural organization places each memory array close to the logic
blocks that use it most, which reduces parasitic capacitance and resistance in
interconnects and thereby improves energy efficiency.

Papers II–IV broaden the scope by combining circuit-level techniques with
architectural optimizations, targeting efficiency in larger system contexts.
Within the strategic energy-flexibility-performance design space, the proposed
NMC framework maximizes the complementary benefits of two hardware
paradigms: highly energy-efficient dedicated accelerators and highly flexible
programmable Microcontroller Units (MCUs). Finally, Paper V on approximate
multiplier design, addresses power optimization at the algorithmic level,
highlighting how error-aware arithmetic can reduce energy costs while
preserving application-level accuracy.
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3
Memory and Efficiency

T
his chapter delves into the organization of memory systems, examining
their components, technical intricacies, and the critical role they play
in enabling highly efficient processing paradigms.

3.1 MEMORY SYSTEM

The foundational architects of modern computing, A. W. Burks, H. H.
Goldstine, and J. von Neumann, envisioned systems with indefinitely large
memory in which any word would be immediately accessible [74]. Recognizing
practical limits, they introduced a hierarchy of memories in which each level
offers greater capacity at slower access. This concept, grounded in a cost-
performance tradeoff, shaped the von Neumann memory hierarchy [75] and
has maintained a balance of speed, capacity, and efficiency across decades of
technological progress [76].

The organization of memory hierarchies is further guided by the principle of
locality. Programs typically operate on a small working set of data, exhibiting
temporal locality (reusing the same data within short intervals) and spatial
locality (accessing data near recently used addresses). Because faster memories
remain more expensive in any given technology, hierarchies are structured to
balance cost and performance, preserving the low cost per byte of the cheapest
memory while approaching the speed of the fastest available [76]. Figure 3.1
illustrates this conceptual hierarchy [76–78]:

• Registers: smallest and fastest Central Processing Unit (CPU) memory,
holding operands during computation to exploit temporal locality.
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Figure 3.1: Conceptual memory hierarchy pyramid with representative
capacities/latencies for Personal Mobile Device (PMD) (e.g., smartphones,
tablets) and laptops/desktops, adapted from [76].

• Caches: high-speed buffers for frequently used data. Multi-level caches
(L1 to L3) are typically employed to balance speed, size, and energy
efficiency, though adding levels can bring diminishing returns.

• Main Memory: stores active data and instructions with far larger capacity
than caches but lower speed.

• Secondary Storage: non-volatile long-term storage with the largest
capacity and lowest cost.

At the technology level, Static Random Access Memory (SRAM) and
Dynamic Random-Access Memory (DRAM) underpin these hierarchy levels
with complementary roles. DRAM provides high storage density but requires
periodic refresh to preserve data, which makes it the dominant technology for
main memory [76]. In contrast, SRAM, used for on-chip caches, can retain
data as long as power is supplied and offers the speed and reliability needed
for rapid access [76, 79]. As processors have incorporated multi-MB caches,
particularly large second- and third-level caches, power consumption has
become a major design concern. Caches can account for up to 50 % of total
chip power [76].

The practical application of the memory hierarchy concept and the principle
of locality is clearly reflected in commercial systems. Figure 3.2 shows the
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Figure 3.2: Intel Smart Cache technology in 13th–14th generation Core
processors (2024) [80].

memory hierarchy of Intel’s 2024 high-end Core processors, which embody
this well-established structure [76, 80].

Over the past decades, the widening gap between processor speeds and
memory access times (Figure 3.3) has highlighted the critical role of memory
hierarchies [76]. Processor improvements have steadily increased the rate
of memory requests (inversely related to latency), while DRAM latency
has advanced far more slowly. Designing effective hierarchies is further
complicated by factors such as multiple banks, memory channels, and non-
uniform access across processors. Although this performance gap expanded
sharply for many years, the slowdown in single-core performance scaling has
moderated its growth in recent generations [76].

To bridge this gap, caches have become a key element of modern memory
hierarchy design. By storing frequently accessed data close to the processor,
they achieve high hit rates and reduce average access latency so that most
requests are served without reaching slower lower levels of the memory
hierarchy. This efficiency often depends on the inclusion property, which ensures
that each lower level contains a superset of the data stored in higher levels,
simplifying coherence management and guaranteeing that main memory
(or secondary storage in virtual memory) remains a complete repository
of program data [76, 81]. Acting as non-user-addressable buffers, caches
also reduce overall bandwidth demand, and their performance is typically
evaluated by the miss rate, the fraction of accesses not served by the cache.
Each miss incurs latency and energy penalties because data must be fetched
from slower, lower levels [77,78]. Beyond misses, bandwidth bottlenecks inside
the hierarchy can create congestion and longer critical-path delays, limiting
throughput. Studies show that increasing cache hierarchy bandwidth often
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provides greater performance gains than relying only on advanced off-chip
memory technologies such as High Bandwidth Memory (HBM) DRAM [82].
Addressing bandwidth constraints across all hierarchy levels is therefore
essential for balanced and efficient system performance.

On-chip memories have therefore become central to system performance
across platforms ranging from high-performance servers to energy-constrained
edge devices. The emphasis on energy efficiency in applications such
as smart sensors and embedded systems drives the need for innovative
memory solutions. SRAM remains the dominant on-chip technology, but
its vulnerability in the Low-Voltage (LV) operating region has motivated the
development of alternative solutions such as synthesizable Standard-Cell based
Memories (SCMs), which offer robust operation at reduced voltages albeit with
lower density [83–85]. Hybrid architectures combining SRAM and SCM balance
density and reliability, while embedded Dynamic Random-Access Memory
(eDRAM) has re-emerged as a candidate for high-density on-chip storage
despite challenges in power and scalability.

The following sections examine SRAM, SCMs, hybrid architectures, and
emerging memory options in detail, emphasizing their roles in enabling energy-
efficient and reliable systems.
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(a) (b)

Figure 3.4: Schematics of: (a) simplified reference SRAM BC with two cross-
coupled inverters and access transistors; (b) conventional 6T SRAM BC
highlighting Pull-up transistors (PUTs), Pull-down transistors (PDTs), and
pass transistors.

3.2 SRAM

SRAM is the dominant on-chip memory due to fast access, compatibility
with mainstream CMOS processes, and strong density scaling [51]. However,
advancing SRAM design remains challenging: unlike general-purpose
computational logic, it must deliver very high density, low leakage, high-
performance, and reliable data retention. Additionally, SRAM often occupies a
substantial portion of the chip area, making power consumption and design
choices critical factors that directly influence system-level performance and
efficiency [86, 87]. This section reviews architectural foundations, stability,
multi-port realizations, power optimization, and key challenges with mitigation
strategies.

3.2.1 Six-Transistor (6T) SRAM: ARCHITECTURAL FOUNDATION

The 6T SRAM, named for the six transistors in its core Bitcell (BC), is the most
common topology in SRAM designs. Its fundamental architecture consists of
two main components, illustrated in Figure 3.4a:

• Storage element: two cross-coupled inverters (four transistors) form a
bistable latch that stores one bit.

• Access path: two access transistors connect the storage nodes to the
complementary Bitline (BL) and Bitline-Inverse (BLB). Activating the
Wordline (WL) turns on these transistors enabling data transfer between
the BC and the BLs [88, 89].
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The compact and highly symmetric layout of the 6T BC delivers excellent
integration density and strong immunity to electrical noise. During a read
operation, charge transfer between the selected BC and the complementary
BLs develops a small voltage difference, which the Sense Amplifier (SA) then
amplifies to a full-swing digital level. The combination of differential BLs and
fast sensing enables robust and energy-efficient readout, even at low supply
voltages [90, 91]. Together, these architectural features have established the 6T
BC as the dominant choice in SRAM design [88, 89, 91, 92].

Since SRAM typically accounts for a large fraction of total power in modern
digital ICs, its energy efficiency directly affects overall system consumption [86].
The energy efficiency of SRAM is therefore commonly evaluated in two
operating modes [86, 87, 92]:

• Active mode: Pdyn is consumed through charging and discharging of
WLs and BLs during read and write operations.

• Idle mode: Pstat is dissipated due to leakage while data is retained
but not accessed. In large arrays with long shared BLs, leakage can
be significant and becomes more pronounced at advanced technology
nodes [87, 92].

Although reducing Pdyn often requires complex architectural and circuit
co-optimization, the relatively simple 6T structure still permits effective, low-
overhead techniques for power reduction [87,93]. Beyond power considerations,
ensuring data integrity across PVT variations is a central requirement in SRAM
design. This necessitates sufficient stability, encompassing both writability and
read stability.

The Static Noise Margin (SNM) quantifies robustness as the maximum
Direct Current (DC) disturbance the BC can tolerate without flipping state [90].
Graphically, SNM is represented as the side length of the largest square
that fits between the Voltage-Transfer Curves (VTCs) of the two cross-coupled
inverters (Figure 3.5a). In ideal conditions, a symmetric design maximizes SNM.
However, in practice, VTH variation, sizing mismatch, and layout imbalances
distort the VTCs, degrading noise margins [90]. This effect is particularly severe
during read operations (the worst-case condition), where the access transistors
weaken the pull-down path and increase vulnerability to read disturb and
potential bit flips [90].

Device-level sensitivity studies show how individual transistors in 6T BCs
(Figure 3.4b) affect SNM and overall stability [90, 94]:

• Pull-down transistors (PDTs) dominantly govern the drive strength and
state stability in the BC, thereby strongly influencing SNM.

• Access transistors significantly affect Read Noise Margin (RNM) by
disturbing internal node voltages.

30



3 Memory and Efficiency

(a) (b) (c)

Figure 3.5: Evaluation of SNM in a 6T SRAM BC: (a)example butterfly VTC
used to assess read, write, and hold operations independently; (b) read ‘1’ with
required sizing to prevent read upset [94]; (c) write ‘0’ with required sizing to
ensure writability [94].

• Pull-up transistors (PUTs) have comparatively less effect on SNM, due
to lower drive strength and smaller sizing.

• Mismatch in transistor width or length (W/L) between the two halves of
the BC lowers SNM, making careful symmetry essential for stability.

Figures 3.5b and 3.5c illustrate these effects and the required sizing for
fault-free read and write operations [94]. As CMOS technology continues to
scale, intrinsic device variations such as random dopant fluctuations and oxide
thickness variation cause wider SNM distributions, reducing yield even in
defect-free BCs. Maintaining robust operation in such environments requires
tighter transistor matching and careful BC layout [90, 94].

3.2.2 PERFORMANCE, RELIABILITY, AND MULTI-PORT REALIZATION

The demand for high-speed, energy-efficient processing has increased the
importance of multi-port SRAMs, which enable multiple simultaneous accesses
to the same memory bank. By supporting parallel operations, multi-
port architectures significantly enhance memory bandwidth and system
performance [95, 96].

Extending the conventional 6T BC to multi-port operation, however,
introduces significant design challenges. Since the same access path is shared
for both reads and writes, concurrent activity can lead to contention, potential
data corruption, and degraded stability [97–99]. Furthermore, incorporating
multiple ports exacerbates the classic Power-Performance-Area (PPA) tradeoffs,
as larger BLs and more complex peripheral circuitry increase area and power,
while longer signal paths reduce access speed [100]. The key issues in multi-
port SRAM design include:
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(a) (b)

Figure 3.6: Proposed 8T SRAM BCs in literature: (a) 1R1W with decoupled
read and write paths; (b) 2RW with coupled read and write ports [95].

• Contention issue: simultaneous access to the same location may cause:
(a) full contention (one port writing while another reads) or (b) half
contention (multiple concurrent reads) [101].

• Area overhead: each additional port requires larger BLs and extra
peripheral circuitry, substantially increasing area [96, 101].

• SNM degradation: concurrent operations disturb internal nodes,
reducing SNM and endangering data integrity [97, 99].

• Disturb failures: in same-row access mode, concurrent operations can
lead to unintended read or write errors [102].

• Vmin degradation: the minimum operating voltage often worsens in
practice, reducing overall energy efficiency [102].

Because of these limitations, conventional 6T-based multi-port SRAMs struggle
to scale efficiently. This has motivated the development of alternative
architectures and custom BC topologies, which aim to balance parallelism
with stability, area, and energy efficiency.

3.2.2.1 Eight-Transistor (8T) SRAM Architecture

The 8T BC is one of the most widely adopted alternatives to the conventional
6T design. By decoupling the read path, i.e., the Read Bitline (RBL), from
the storage node (Figure 3.6a), the 8T BC implements a one-read/one-write
(1R1W) configuration that overcomes key 6T limitations and provides greater
robustness and versatility, albeit at the cost of a larger BC area compared to
denser SRAM topologies.

Separating the read and write paths enables independent optimization of
both operations, improving read stability and writability and reducing the
risk of read disturb under LV or energy-constrained conditions [103]. This
robustness makes 8T BCs attractive for multi-port implementations such as
two-read/write (2RW) SRAMs (Figure 3.6b) [104].
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The 8T structure also adapts well to energy-efficient and embedded
applications. A decoupled read path maintains reliable operation even
when the ratio of a transistor’s on-state current (ION) to its off-state leakage
current (IOFF) is reduced. A high ION/IOFF ratio ensures strong signal drive
and low leakage, which improves noise margins and read stability. Lower
access disturbance can further enhance robustness under harsh operating
conditions. Designs such as Differential Data-Aware Power-supplied SRAM
further exploit the data-independent leakage of the 8T BC to improve sub-VTH
energy efficiency [105–107]. The inherent multi-port capability of 8T SRAM
provides another important advantage. It supports parallel operations without
altering the base BC and typically uses a 6T BC as the core storage element.
This capability is particularly valuable for IMC, where dot-product and similar
operations can be executed directly within the array, yielding substantial
throughput gains for AI and ML workloads [108].

Nevertheless, supporting multiple ports in 8T BCs increases design
complexity, particularly in managing simultaneous read and write operations,
which complicates layout and fabrication [104,106]. The additional functionality
also introduces area overhead, a drawback that becomes especially critical in
area-sensitive designs, since SRAM often occupies the largest portion of chip
area.

3.2.2.2 Alternative Topologies in SRAM Design

Several SRAM topologies beyond the 6T and 8T BCs have been proposed in
the literature, including 7T, 9T, 10T, and higher-transistor-count architectures.
These designs are not direct successors to the 6T BC but represent diverse
strategies to overcome its limitations. Each topology introduces unique
enhancements, targeting challenges such as stability, leakage, writability, and
robustness under Ultra-Low-Voltage (ULV) operation, thereby illustrating the
breadth of innovation in SRAM design.

The 7T topology is often explored for ULV and energy-constrained
environments. A single-BL 7T BC [111] achieves strong energy efficiency
by boosting critical nodes, enabling a retention voltage as low as 200 mV and
operational frequencies up to 150 MHz at 360 mV. Another 7T variant [109]
improves sub-VTH performance through a custom read-assist scheme that
enhances the ION/IOFF ratio, thereby reducing leakage while maintaining an
area footprint comparable to the 6T BC (Figure 3.7a). Similarly, the design
in [94] employs capacitive coupling to resolve conflicts during concurrent read
and write operations, using two pass-gates to simplify the access structure.

The 9T BC emphasizes robustness across wide operating ranges. One
approach [112] integrates Adaptive Supply Voltage Generation (ASVG),
combining high-VTH devices for leakage suppression with low-VTH devices in
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(a) (b)

Figure 3.7: Examples of alternative SRAM BCs: (a) sub-VTH 7T with read
assist [109]; (b) high-performance 10T [110].

the read path to maintain speed. Another 9T design [113] supports dual-mode
operation across 300 mV–1.2 V, effectively balancing low leakage in standby
with reliable performance at higher voltages.

Further advancing the landscape, 10T SRAM designs often prioritize stability
and leakage reduction. The BC in [114] incorporates a single-ended, decoupled
4T read path, improving RNM and cutting BL leakage by orders of magnitude
compared to 6T. Another 10T variant [110] employs NMOS-only read ports
to support near-VTH operation, focusing on Low-Power (LP) consumption
(Figure 3.7b). The proposed BC in [115] introduces a Schmitt-trigger inverter to
achieve low standby power, enhanced read stability and writability in scaled
technology nodes.

Higher-transistor-count designs target application-specific needs. The 11T
SRAM in [116] employs a data-dependent power supply with a decoupled
read path, significantly improving the Iread/Ileak ratio and reducing leakage,
an appealing feature for IoT and other ULV use cases. The 12T design in [117]
eliminates half-select issues of 6T arrays by using a cross-point write structure
with row-column integration, while an isolated read path enhances SNM and
ensures reliable access under challenging conditions.
In summary, these architectures address key SRAM design challenges by
improving read stability, reducing leakage, and enhancing ULV robustness
while complementing rather than replacing the 6T BC.

3.2.3 CHALLENGES IN SRAM DESIGN

Scaling trends and strict energy budgets expose SRAM to a set of interrelated
challenges that directly affect its stability, performance, and efficiency. A
key concern is voltage scaling in advanced technology nodes, as lowering
supply voltage rapidly degrades reliability [87, 100, 118–120]. Reduced voltage
shrinks the SNM, increasing susceptibility to read disturb and data corruption
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(a) (b) (c)

Figure 3.8: Impact of VDD scaling on SRAM’s SNM: (a) VTC for SNM extraction;
when curve separation drops below SNM (e.g., VN = SNM) the BC becomes
mono-stable and loses data; (b) hold VTCs vs VDD; (c) read VTCs vs VDD [121].

(Figures 3.8a, 3.8b, 3.8c) [88, 121]. Lower supply also weakens transistor drive
strength, slowing switching and increasing access latency, which negatively
affect the overall system performance [87].

Process variability further aggravates the reliability issues, as variations in
VTH or device dimensions widen the SNM distribution, producing a long tail
of failing BCs even when the nominal design is stable [100,120]. This variability
lowers the fabrication yield and complicates large-scale SRAM deployment in
deeply scaled nodes. At the same time, sub-VTH leakage intensifies as voltage
decreases, remaining one of the most persistent barriers to energy-efficient
operation [114].

3.2.4 POWER OPTIMIZATION AND DESIGN-CHALLENGE MITIGATION

Robust, LP SRAM design requires coordinated techniques across abstraction
levels to ensure stability across PVT while reducing Pdyn and Pstat:

• Pstat, dominated by sub-VTH and gate leakage in idle BCs, mitigated by:
– PG and virtual power rails: disconnect inactive blocks from the

supply and ground using sleep transistors to suppress standby
currents [114, 118, 122].

– Device/transistor-level techniques: employ low-leakage or high-
VTH devices, MTCMOS, careful sizing/stacking, or robust BC
topologies to reduce leakage without sacrificing performance [87,
88, 91, 106, 122].

– Data-retention biasing: lower the supply of idle BCs to the
minimum that maintains hold margin [87].

• Pdyn, dominant during read and write, can be reduced through:
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– Voltage scaling with assists: operate near device VTH for quadratic
savings, using selective WL boosting and read-assist to preserve
SNM and writability [87, 94, 100, 119, 120].

– WL/BL optimization: reduce BL swing with single-ended sensing,
data-dependent precharge, and hierarchical/segmented BLs, plus
compact layouts to lower parasitics and switching energy [89,92,93].

Beyond lower-level circuit optimizations, System-level strategies tune supply
and access patterns to the workload:

• DVS/DFS: tune supply and clock dynamically to match workload
demand in real-time [123–125].

• Near-Threshold Computing (NTC): bias entire arrays close to the device
VTH for energy savings, supported by assist circuits [88, 126].

• Approximate and hybrid memories: combine BC types (e.g., 8T for
critical bits and 6T for less significant bits) or apply data-aware schemes
such as Differential Data-Aware Power-supplied BCs to exploit error
tolerance and state-dependent leakage [93, 105, 117, 127, 128].

• Read/write-decoupled BCs and optimized peripherals: isolate access
paths with 8T or Schmitt-trigger BCs and use optimized SA and decoder
designs together with innovative readout schemes to enhance stability
and access speed in the LV regime [107, 122].

Taken together, these approaches show that no single technique suffices.
Energy-efficient, reliable SRAM in advanced nodes relies on co-optimization
across device, circuit, and architectural levels, tailored to the application and
operating environment.

3.3 STANDARD-CELL BASED MEMORIES

Although 6T SRAM is the predominant on-chip memory, meeting requirements
such as ULV operation, non-standard array sizes, or multi-port access remains
challenging [129–131]. SCMs offer a flexible alternative, particularly for ULV
systems with small, distributed memory blocks [132].

SCMs are described at the Register-Transfer Level (RTL) in Hardware
Description Languages (HDLs) and synthesized using standard cells, enabling
extensive configurability. Parameters such as word length, port count, bit/byte
masking, and access latency can be tuned directly in HDL without custom
memory compilers [133]. This automated flow shortens design cycles, supports
portability across technology nodes, and integrates naturally into modern SoC
development [131, 134].

A major strength of SCMs is their seamless placement within logic rows.
Positioning SCM arrays close to the logic reduces routing overhead and
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Figure 3.9: Building blocks of a generic SCM architecture, including storage
array, read/write logic, and clock/control [131].

parasitic capacitance, which in turn improves timing and lowers Pdyn compared
with stand-alone SRAM macros [135, 136]. Beyond layout flexibility, SCMs can
incorporate independent read and write ports that minimize race conditions
and enable parallel access [130, 132]. Robust operation in the LV region further
extends reliable functionality into the sub-VTH regime where SRAM typically
fails [132].

In terms of efficiency, SCMs are most advantageous for small capacities
on the order of kilobits [136, 137]. For larger arrays, however, the advantage
diminishes because SCMs incur area penalties several times greater than
optimized 6T SRAM [133, 134]. Nevertheless, in distributed low-capacity
storage where SRAM periphery overhead dominates, SCMs can deliver
superior energy-area efficiency and faster access, making them attractive for
deeply energy-constrained IoT nodes and parallel compute engines [132].

3.3.1 SCM IMPLEMENTATION AND ARCHITECTURE

SCMs store data in standard-cell latches or Flip-Flops (FFs), avoiding common
SRAM issues such as write contention, read disturb, and half-select conditions.
They also operate reliably at supply voltages well below the limits of SRAM
[132]. A generic SCM comprises a storage array with associated read/write
logic and clock management, as shown in Figure 3.9 [131].
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SCMs typically use latch- or FF-based cells but can be optimized with
custom-characterized designs to reduce area, leakage, and delay [135]. Dual-
bit pass-latch cells, for example, extend the area break-even with sub-VTH
SRAMs to about 2 kb for single-port and 4–6 kb for dual-port arrays [133],
while recent 18T-SCM designs using AND-OR-Invert and OR-AND-Invert
logic (AOI/OAI) further enhance density and efficiency. Although large SCMs
(e.g., 256 kb) may occupy roughly eight times the area of 6T SRAM, several
studies consistently report break-even points around 1 kb (single-port) and
4–6 kb (dual-port) [133, 134, 136].

The memory array is supported by efficient read/write logic. Write
addresses are decoded into one-hot or one-cold signals to activate target
cells, typically using CG-based schemes to lower switching activity and energy
while reducing area [132]. Read addresses are similarly decoded to select
target words, which can be accessed through multiplexers, tri-state buffers, or
AOI/OAI-based daisy-chain decoders depending on design goals [133, 138].

SCMs integrate seamlessly with surrounding logic, and structured placement
as a dedicated memory region can further improve density and energy.
Grouping BLs near read multiplexers in an SRAM-like fashion reduces area by
up to 25 % for long word lengths and lowers read/write energy [131]. Even
unstructured layouts remain more energy-efficient than 6T SRAMs in the LV
region because NAND–NOR read multiplexers and aggressive CG consume
much less energy than SRAM SAs.

Collectively, these architectural and layout techniques make SCMs well
suited for distributed, low-capacity storage in energy-constrained systems
where conventional SRAM cannot operate reliably or efficiently.

3.4 HYBRID MEMORY STRUCTURES

Hybrid memory structures combine different memory technologies to exploit
their complementary strengths while mitigating individual limitations. This
approach has become particularly relevant in embedded systems, IMC, and
high-performance computing, where optimizing energy, performance, and
area efficiency is critical [83, 84, 139–142].

A widely studied strategy integrates SCM and SRAM. With its fully digital
design and reliable sub-VTH operation, SCM is attractive for small, energy-
critical memory regions, while 6T SRAM provides the density needed for larger
blocks. This combination has been demonstrated in multi-level caches where
SCM blocks of 0.5–2 KB act as Level-0 caches and larger 4–8 KB SRAM blocks
serve as Level-1 caches, achieving robust LV operation with improved energy
efficiency (Figure 3.10a) [83, 84, 142]. Although SCMs are less area-efficient
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Figure 3.10: Hybrid memory examples: (a) SCM Level-0 for LV energy
efficiency with larger SRAM Level-1 caches [83]; (b) combined 8T SRAM
for LV robustness with 6T SRAM for high-density storage [85].

than SRAM for large arrays, studies show clear energy advantages for cache
capacities below about 4 KB [83, 143].

In another approach, 6T and 8T SRAM are combined to exploit their
complementary strengths: the 8T BC delivers reliable ULV-region operation,
while the 6T BC provides compact, high-density storage. Such hybrid partitions
are especially valuable in biomedical and IoT applications, where robustness
under near-VTH operation is critical (Figure 3.10b) [85]. Hybrid designs can
also combine SRAM and embedded Dynamic Random-Access Memory (eDRAM),
creating efficient cache hierarchies where SRAM delivers fast access for
frequently used data, while eDRAM provides higher capacity at lower area
cost [144]. Combining SRAM with emerging Non-Volatile Memories (NVMs)
has gained traction for AI accelerators and IMC [139–141, 144, 145]. In these
designs, SRAM supplies fast read/write capability, while emerging NVMs
contribute density, data retention, and low standby power, creating a balance
of performance and energy efficiency.

Despite their promise, hybrid memories pose design challenges. Managing
heterogeneous technologies demands complex control logic, multiple voltage
domains, and careful synchronization [141, 144, 145].

System-level techniques are key to overcoming these issues. Compiler-
driven heuristics and dynamic programming place frequently accessed data
in the most suitable memory to cut access time, energy, and NVM wear
[139, 142, 146]. Robust address mapping and control logic manage transfers
across memories with different speeds, while eDRAM refresh and voltage
regulation add complexity [84, 142]. High-speed interfaces remain critical to
sustain throughput and fully exploit each technology [139, 145].
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3.5 EMERGING MEMORY TECHNOLOGIES

Emerging memory technologies such as Phase-Change Memory (PCM),
Spin-Transfer-Torque Magnetoresistive Random-Access Memory (STT-
MRAM), Magnetoresistive Random-Access Memory (MRAM), and Resistive
Random-Access Memory (ReRAM) are being actively developed as successors
to conventional memories like SRAM and DRAM. They offer fast access,
non-volatility, high density, and CMOS compatibility, positioning them
as strong candidates for future high-performance and energy-efficient
systems [147, 148].

Compared to conventional hierarchies, these technologies provide lower
latency, with PCM and STT-MRAM approaching near-SRAM speeds while
maintaining non-volatility [147]. Their performance also exceeds Hard Disk
Drives (HDDs) and, for some workloads, Solid State Drives (SSDs), making
them attractive for next-generation storage [149]. Commercial platforms, such
as Intel’s 3D XPoint demonstrate their density advantage and ability to bridge
the gap between fast volatile memory and large-capacity storage by combining
low latency with persistence [150, 151].

Each technology brings unique device-level strengths. PCM leverages
phase transitions in chalcogenide materials for fast, durable storage suited to
storage-class memory and IMC [152]. STT-MRAM encodes data magnetically,
offering both speed and endurance for caches and embedded systems [147,153].
ReRAM relies on resistive switching, enabling LP operation and excellent
scalability for neuromorphic, IoT, and EC [154]. Architectural innovations
such as 3D integration and cross-point (1T1R) arrays further raise density
and energy efficiency while addressing issues like sneak-path currents and
write overheads [153]. These attributes align well with IMC and NMC, where
reducing data movement accelerates AI and ML workloads [155].

Despite their promise, several challenges remain. Reliability is affected by
limited endurance and data-retention variability [148, 152], while extensive
testing across operating conditions adds cost and complexity [152]. Scalability
and manufacturability at advanced nodes are still open concerns [148]. System-
level integration demands new controllers, software stacks, and compilers
to accommodate different access characteristics [147, 156]. Endurance limits
and write-energy costs can further restrict deployment in high-write or ULV
environments [148].

Widespread adoption will ultimately depend on overcoming these technical
challenges while establishing standards and design ecosystems. As these
memories enter AI-driven systems, privacy, security, and ethical implications
must also be addressed to ensure effective deployment [148].
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3.6 THESIS CONTRIBUTION

One contribution of this thesis is a true dual-port SRAM architecture that
uses conventional high-density 6T BC and single-ended read/write schemes
rather than standard differential BLs. Achieving multi-porting with a 6T
core without adding per-cell devices for extra ports is challenging because
concurrent accesses degrade SNMs and aggravate read-disturb and writability
conflicts, which can offset anticipated gains.

The architecture preserves 6T density while enabling concurrent access
through three co-designed elements:

• a dual-rail organization that isolates read and write activity and reduces
BL contention

• Boost-Assisted Single-Ended (BASE) read and write schemes that
momentarily strengthen only the critical nodes during access while
keeping the rest of the memory in the LV region

• LP peripherals, including a three-stage tree decoder that reduces
switched and leakage paths, daisy-chained NAND/NOR readout
without SAs, and data-aware LP precharge and write circuitry

For reliable ULV operation, the array biases the BCs near DRV to curb
Pdyn. A single-cycle, tunable on-chip charge pump can supply an xVDD
overdrive to selected WLs and BLs rails on demand [111,157]. In the fabricated
prototype, external sources provide boosting to allow wider tuning during
testing, and the architecture remains fully compatible with an integrated
charge pump. Additional LP measures include hierarchical BL segmentation
to cut capacitance and speed up sensing, and Virtual Ground (VGND)
implementation via a small tail-buffer stack that floats the node at the bottom
of each global BL segment to remove the DC path to ground. This prevents
unnecessary full-swing charge and discharge and substantially reduces standby
and read ILeak. Operation-dependent boosting of otherwise virtual rails restores
margins only when needed. Together, these choices provide concurrent access
without the area cost of 8T dual-port cells.

Paper I details the circuit implementation and silicon in 28 nm FD-SOI.
Measurements show reliable dual-port functionality down to 0.29 V, energy of
1.35 fJ/bit-access at 0.54 V and 80 MHz, and approximately 62 % smaller array
area than 8T dual-port baselines at comparable throughput. This contribution
complements the embedded SRAM discussion in Chapter 3 and underpins
later system-level studies.
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4
Synthesizable Distributed SRAM

T
his chapter introduces a synthesizable distributed SRAM (SD-SRAM)
architecture, a flexible on-chip memory solution based on area-efficient
6T BCs and designed for seamless integration into larger computing

systems. The proposed architecture has been realized as a synthesizable
memory IP, successfully implemented and fabricated in silicon with funding
and technical support from Xenergic AB.

4.1 FROM FIXED MACROS TO FLEXIBLE INTEGRATION

On-chip memories are pivotal to system performance and energy consumption,
particularly in energy-constrained platforms such as smart sensors and
embedded devices where efficiency is critical. SRAM has long served as the
primary high-speed memory in digital ICs, valued for its density and CMOS
compatibility, but conventional implementations rely on foundry-specific hard
macros or full-custom layouts, which restrict portability and design flexibility.

Table 4.1: Normalized area comparison of different storage cells in STM 28 nm
FD-SOI technology. Area is normalized to a single 6T BC.

Storage Cell Foundry 6T BC D-Latch D-FF

Area [n.u] 1 7 16

To address these limitations, SCMs have emerged as a fully digital and
configurable alternative. However, their efficiency does not scale well beyond
small capacities, as each BC requires a clock signal, resulting in complex
clock distribution trees, routing congestion, and high Pdyn [131]. Despite
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Table 4.2: Comparison between SRAM and SCM across key efficiency metrics,
illustrating trade-offs in scalability, robustness, clocking, and density.

Feature SRAM SCM

Form Fixed (hard macro) Synthesizable (digital flow)

Scalability Poor for small sizes Scalable

Robustness Limited High(digital gate)

Clock Network Controlled (low-power) Irregular (high-power)

Memory density High Low

Suitability large-size efficient small-size efficient

these drawbacks, SCMs remain attractive for small, LV, energy-constrained
blocks. Table 4.1 reports the normalized area cost of an optimized 6T SRAM
BC compared with two common standard-cell storage elements used in SCMs,
evaluated in a commercial 28 nm FD-SOI technology. The broader tradeoffs
between SRAM and SCM are summarized in Table 4.2.

Combining the advantages of SRAM and SCM, this work presents the
Synthesizable Distributed SRAM (SD-SRAM) as a solution for expanding
the design space of on-chip memories. The architecture continues to use
6T BCs defined within each technology node but removes reliance on fixed,
foundry-provided hard macros by coupling dense arrays with fully digital
peripherals. Configurable sizing and distributed placement close to logic
blocks improve data locality, while an HDL-driven design flow avoids the
routing and placement constraints associated with analog hard macros. By
combining the density of SRAM with the flexibility of SCM, SD-SRAM delivers
a scalable and portable memory solution tailored for data-centric SoCs and
memory-centric computing scenarios such as NMC and NDP.

4.2 ARCHITECTURE

The SD-SRAM architecture preserves the functional organization of conven-
tional SRAMs, with key components such as the BC array, address decoder,
precharge circuits, read and write paths, and a centralized timing unit
(Figure 4.1a). Unlike hard-macro designs, these blocks are restructured for
synthesizability and seamless integration into digital flows. The proposed
SD-SRAM adopts the same main blocks, including the BC array, address
decoder, precharge circuitry, read and write data paths, and timing control,
but restructures them for synthesizability and flexibility (Figure 4.1b).
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(a) (b)

Figure 4.1: (a) Conventional SRAM architecture based on fixed hard macros;
(b) proposed SD-SRAM architecture enabling flexible sizing, synthesizability,
and distributed placement.

4.2.1 GENERATION FLOW

Each internal block of SD-SRAM is designed as a synthesizable digital module.
Replacing analog periphery with digital equivalents allows integration through
standard RTL and synthesis flows while requiring careful abstraction of timing-
critical elements.

BC behavior is captured by monitoring charge transfer between storage
nodes and BLs when the WL is asserted. This provides the delay and switching
characteristics required for synthesis and verification. SAs are characterized by
measuring the response to voltage differences between BLs when the sense-
enable signal is active. In some cases a simplified digital buffer can substitute
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for a full analog SA, offering easier integration at the cost of sensitivity.
Precharge units and write drivers are implemented with tri-state logic gates
that mimic the switching behavior of analog transistors in a purely digital form.
Timing control is managed with counters instead of analog delay circuits. Each
counter is configured with worst-case timing values extracted across process
corners. During precharge, a counter starts when an access request is received
and automatically deasserts the precharge signal once the threshold is reached.
Similar logic governs read and write operations. An on-chip configurable ring
oscillator provides a timing source, with external clock support as a backup.
A multiplexer selects the clock source, and clock dividers generate different
operating frequencies for evaluation (Figure 4.2a).
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Figure 4.2: (a) Timing control unit of SD-SRAM based on digital counters
and clock dividers; (b) segmented BL hierarchy with local and global lines to
reduce capacitance and improve energy efficiency [158].

4.2.2 BITLINE HIERARCHY

The performance and area efficiency of memory arrays are heavily influenced
by the BL length. Long BLs increase capacitance and reduce access speed, while
short BLs create routing overhead and raise area cost. SD-SRAM addresses
this tradeoff with a segmented hierarchy (Figure 4.2b) where groups of BCs
connect to local BLs that are aggregated onto shared global lines through
switches [158].

Segmentation lowers capacitance, allows multiple groups to share periph-
erals, and improves both energy and area efficiency. The segmentation depth
must be chosen carefully. Too few BCs per group wastes density, while too
many introduce switch delays that harm access time. In contrast, unsegmented
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arrays dedicate a full read and write path to every BL, which improves raw
speed but consumes excessive area and power for small to medium blocks. The
segmented structure in SD-SRAM offers a balanced compromise, combining
dense integration with scalable and energy-efficient performance.

4.3 PROPOSED DESIGN

The design flow begins with the creation and characterization of memory
macros in four array sizes: 16!32, 32!32, 64!32, and 128!32. A 32-bit word
length is selected to align with the data bus of the target platform, PULPino*.
To meet the PULPino memory requirements, the macros are assembled into
larger blocks. For instance, implementing an 8 KB private cache with 16!32
macros requires 16 instances. Memory macro placement is performed using
the mixed-placement technology GigaPlace XL within the Cadence Innovus
Implementation System [159]. Placement is guided by constraints such as
keep-out regions, while signal routing follows the standard flow with the
integrated NanoRoute engine. Wire lengths and parasitic capacitances are
extracted for evaluation across different design scenarios.

Circuit-level simulations are conducted in Cadence Virtuoso using Spectre,
with routing parasitics captured in Standard Parasitic Exchange Format (SPEF)
during Place-and-Route (PnR) in Innovus. Four fundamental operations, write
‘1‘, write ‘0‘, read ‘1‘, and read ‘0‘, are used to evaluate the complete memory
system, with detailed analysis of latency and energy. Read and write power are
further partitioned across the main contributors including address decoders,
read logic, and precharge unit.

Preliminary results at 200 MHz and 0.9 V show that larger arrays achieve
better energy efficiency and higher operating frequency. The 128!32 array
demonstrates the lowest power consumption (Figures 4.3a and 4.3b) and the
shortest minimum clock period (Figure 4.4a), while maintaining an intrinsic
read access time suitable for reliable sensing, defined as the delay to develop a
100–200 mV differential across the BLs (Figure 4.4b). These results establish the
128!32 configuration as the main SD-SRAM building block, while the 64!32
array remains a practical alternative when integration constraints apply.

To further scale capacity, SD-SRAM employs hierarchical access based
on segmented BLs. For example, when 16!32 macros are deployed, four
macro instances are grouped under a shared global BL, enabling hierarchical
communication between local and global segments. This reduces capacitive
loading and improves both scalability and access efficiency.

* PULPino: open-source single-core RISC-V SoC developed at ETH Zurich within
the PULP platform, available at https://github.com/pulp-platform/pulpino.
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Figure 4.3: Power consumption of internal memory blocks during (a) write and
(b) read operations for different array sizes (16!32, 32!32, 64!32, and 128!32).

The next section provides a comprehensive analysis of post-layout simulation
results and includes comparisons with SoA designs.
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Figure 4.4: (a) Maximum operating frequency of SD-SRAM as a function of
array size; (b) intrinsic read access time for the 128!32 configuration, measured
as the delay to develop a 100–200 mV differential across BLs.

4.4 RESULTS AND DISCUSSION

Table 4.3 summarizes representative SCM implementations across technology
nodes and highlights their density, energy, frequency, and voltage character-
istics. Latch-based SCMs such as [143] operate reliably near-VTH but suffer
from poor density of 5.9 µm2/bit at 65 nm. AOI and OAI based SCM in [134]
improves configurability and integration but reports operating frequencies
below 0.1 MHz near Vmin, which limits broader applicability. More aggressive
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Table 4.3: Comparison of representative SoA synthesizable memory implemen-
tations across different technology nodes.

Refs PATMOS’16 [143] TCASI’19 [134] JSSC’22 [160] ISCAS’17 [161] ESSCIRC’14 [135] This work

Technology 65 nm 40 nm 55 nm 20 nm FinFET 65 nm 28 nm

Bitcell structure
standard cell

latch

standard cell

18T (OAI/AOI)

full-custom

13T

full-custom

14T (1W1R)

full-custom

dual-bit latch

foundry

6T SRAM

Capacity

(Array size)

16 kb

(512 x 32)

90 kb

(2048 x 45)

8 kb

(8 x 16 x 64)

4 kb

(32 ! 128)

4 kb

(128 ! 32)

16 kb

(4 x 128 x 32)

Area @Orig. node

[um2/bit]
5.9 7.6 5 5.4 8.5 0.45

Area @28 nm scaled

[um2/bit]
1.79 4 1.79 11.88 2.58 0.45

Vmin [V] 0.4 0.4 0.324 0.42 0.37 0.57

Fmax @Vmin

[MHz]

14.5

(no VBB)

0.053 (Wr)

0.028 (Rd)

0.423 (Wr)

0.547 (Rd)
86 0.08@0.45 V 250

Fmax

[MHz]
190@1.2V

32@1.1V (Wr)

27@1.1V (Rd)

150 (Wr)

113.4 (Rd)
3000@1.1V 20@0.7V 520@0.9V

Emin @Orig. node

[fJ/bit]

38@0.4V (Wr)

21@0.4V (Rd)

130@0.5V (Wr)

30@0.7V (Rd)

54.1@0.4V (Wr)

32.8@0.4V (Rd)
39 (5pJ/cycle) 35@0.45 V

10.6@0.57V (Wr)

7.6@0.57V (Rd)

Emin @28 nm scaled

[fJ/bit]

9@0.4V (Wr)

5@0.4V (Rd)

131.3@0.5V (Wr)

30.3@0.7V (Rd)

12.9@0.4V (Wr)

7.8@0.4V (Rd)
52.7 9

10.6@0.57V (Wr)

7.6@0.57V (Rd)

Area break-even – 6 kb 8 kb 4 kb 4 kb 14-16 kb

custom designs, including the 13T SCM in [160] and the 14T SCM in [161],
reduce Vmin to below 0.35 V but incur significant area overhead and require
full custom cell design, limiting portability. Dual-bit latch SCMs [135] achieve
improved energy efficiency but scale poorly in advanced nodes.

In contrast, the proposed SD-SRAM achieves a normalized BC area of
0.45 µm2/bit at 28 nm, significantly smaller than the 5–8.5 µm2/bit range typical
of prior works, while extending the SRAM break-even point to 14–16 kb. These
results are obtained through a fully synthesizable RTL-to-Graphic Data System
II (GDSII) flow, preserving compatibility with standard ASIC methodologies
and avoiding the complexity of transistor level design.

Figure 4.5a shows that SD-SRAM extends the area break-even point with
hard-macro SRAM to nearly twice that of previous SCMs, including latch
based and AOI or OAI designs. Figure 4.5b further illustrates that density,
defined as the ratio of BC area to total memory area, which remains within 3 %
of hard-macro SRAM at 16 kb capacity. These results confirm that the proposed
fully synthesizable flow outperforms conventional hard-macro SRAMs up to
14 kb, while extending the established boundaries of practical SCM design.

For energy efficiency, SD-SRAM operates reliably down to 570 mV. At
this voltage, read power is 2.64 µW/bit (84.56 µW/word) and write power is
1.9 µW/bit (60.87 µW/word), leading to minimum access energies of 7.6 fJ/bit
for read and 10.6 fJ/bit for write. These values, shown in Figure 4.6a, fall
within or surpass the best reported for SCMs, which range from 21–38 fJ/bit
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Figure 4.5: (a) Total area comparison between SD-SRAM and hard-macro
SRAM across different capacities, indicating the area break-even point; (b)
memory density comparison, defined as the ratio of BC area to total memory
area.
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Figure 4.6: (a) Minimum energy point (Emin) for read and write operations at
250 MHz across different supply voltages; (b) intrinsic read energy obtained
from Spectre post-layout simulations.

in [143] to 30–131 fJ/bit in [134]. Figure 4.6b, further illustrates the intrinsic
read energy, measured from the assertion of a request to successful sensing by
the amplifiers.

Performance results further confirm the observed energy trends. The design
sustains 250 MHz at 0.57 V, which is more than 10→ faster than typical SCM
implementations that operate below 1 MHz near-VTH . Even optimized custom
SCMs such as hybrid latch transistor approaches or 13T and 14T cells remain
constrained by limited speed, while SD-SRAM achieves a balanced tradeoff
between energy, area, and frequency. At nominal 0.9 V, it reaches 520 MHz,
offering both high performance and portability.
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Finally, scalability is demonstrated across a wide range of capacities.
Although SCMs are often considered practical only below 6 kb [134, 162],
the proposed SD-SRAM remains competitive at larger sizes. Figure 4.7 shows
the physical layout with distributed placement of memory macros alongside
computing logic, generated entirely within a standard digital flow, along with
a die micrograph of fabricated chip. These results establish SD-SRAM as
a synthesizable memory that combines SRAM class density with SCM level
flexibility, redefining the scope of energy efficient and tightly integrated on-chip
memory design.

Bitcell array 
(128x32)

Logic gatesBitcell array 
(32x32)

10
00

 u
m

750 um

Figure 4.7: Distributed placement of SD-SRAM memory macros alongside
logic blocks generated through a standard digital flow, with die micrograph of
the fabricated chip.

4.5 THESIS CONTRIBUTION

This thesis develops a Synthesizable Distributed SRAM (SD-SRAM) archi-
tecture constructed from conventional 6T BCs and implemented entirely
with synthesizable digital logic. The design introduces a modular structure
with distributed banks and parallel access paths, enabling capacity scaling,
concurrent accesses, and seamless integration into standard-cell-based ASIC
flows. The architecture was realized through a full RTL-to-GDSII flow in

51



Near-Memory Computing Architectures for Scalable Edge AI Applications

STM 28 nm FD-SOI technology. Although complete system-level silicon
measurements were constrained by timing issues, functional verification and
post-layout analysis validated the architectural concept and demonstrated
its potential for energy-area advantages over conventional embedded SRAM
implementations. A key benefit is the distributed placement of memory banks
close to the logic blocks they serve, which reduces parasitic capacitance and
resistance in on-chip interconnects. This lowers Pdyn and further improves
overall energy efficiency.

Within the thesis, this contribution extends the discussion of Chapter 3 by
directly addressing the scalability and integration challenges of embedded
memories. The proposed framework establishes a synthesizable and flexible
memory IP suitable for energy-efficient edge platforms, while also forming
a foundation for the near-memory computing exploration in subsequent
chapters.
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5
Approximate Computing: Techniques

and Design Strategies

T
his chapter explores AC techniques, with a particular focus on
approximate multiplication, examining their technical challenges and
the critical role they play in enabling highly efficient processing

paradigms for error-tolerant applications.

5.1 TURNING IMPERFECTION INTO EFFICIENCY

In the past few decades, advances in technology scaling have enabled an
increasing number of transistors to be integrated within the same silicon
footprint as previous technology nodes, thereby enhancing computational
capabilities. However, this progress also introduces physical limitations, such
as elevated power density and the emergence of dark silicon, a phenomenon in
which large portions of a chip must remain powered down to manage thermal
constraints [163]. Consequently, new design methodologies are required to
sustain the efficiency gains achieved through technology scaling.

In many modern applications, such as big data analytics, ML, signal
processing, and multimedia, full-precision computation is often unnecessary,
as small numerical deviations rarely affect output quality or decision accuracy.
Allowing controlled inaccuracies can therefore reduce hardware complexity
and improve both energy efficiency and performance [164]. Moreover, due to
perceptual limitations, small distortions in image, audio, or video output often
go unnoticed, while noise and quantization during data conversion introduce
imperfections that further limit achievable precision.

In this context, AC has emerged as a key paradigm to meet the growing de-
mand for energy-efficient and high-performance Very-Large-Scale Integration
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(VLSI) systems by exploiting the intrinsic error resilience of many workloads.
This resilience, illustrated in Figure 5.1, arises from several factors [165]:

• lack of a single correct (golden) result,
• use of heuristics or suboptimal algorithms,
• noisy inputs and error-resilient computation patterns like aggregation

and iterative refinement.

Studies indicate that a substantial portion of application runtime is spent on
computations that can tolerate small inaccuracies [166].

Intrinsic
Application 
Resilience

Self- Healing
Iterative 

algorithms

Redundant 
Input data

No Golden 
Output

Perceptual 
Limitations

Statistical 
Probabilistic 
Computations

Noisy  Real 
World Inputs

(a)

Document search
Image search

Digit recognition
Digit model generation

Eye detection
Eye model generation

Image segmentation
Census data modeling

Census data classification
Health information analysis

Character recognition
Online data clustering

Application Execution time (%)Total Resilience

(b)

Figure 5.1: (a) Key sources of error tolerance; (b) representative application
domains with inherent error resilience [165].

Consequently, strict enforcement of precision across the computing stack,
from circuits and architectures to algorithms and software, often leads to
significant inefficiencies. AC addresses this challenge by selectively relaxing
accuracy constraints, enabling more aggressive optimizations and resource
savings across multiple levels of abstraction [164].

A fundamental principle of AC is to achieve disproportionate benefits, i.e.,
obtaining substantial improvement in efficiency with minimal degradation in
quality [165]. However, simplistic approximations of accurate designs often
yield limited improvements, and many ad hoc circuits under-perform even
basic truncation-based strategy. Functional approximation, such as the use of
binary logarithms, offers a more promising alternative, enabling significant
reductions in area and power consumption, but at the cost of reduced accuracy.
Despite these advances, enhancing the accuracy of functional approximations
with minimal hardware overhead remains an active area of research [164].
Adapting approximation strategies to the specific quality requirements of
target workloads can significantly increase the obtained efficiency gains [167].
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Nevertheless, AC also presents significant challenges. Effectively managing
the tradeoff between energy savings and accuracy loss is critical, particularly
in computations where errors cannot be easily tolerated. Both the choice of
approximation method and the context in which it is applied have a strong
impact on system performance and reliability.

Ongoing research continues to explore several open challenges, including
the formulation of meaningful quality metrics, the development of robust verifi-
cation techniques, the identification of components amenable to approximation,
and the assurance of system reliability under approximate execution [166].

5.2 DESIGN METHODOLOGIES

Approximation techniques can be applied across multiple levels of abstraction,
as illustrated in Figure 5.2.
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Figure 5.2: Comparison of accurate and approximate computing approaches
across abstraction levels [168].

At software level, AC focuses on enabling programmers to explicitly manage
approximations within their code. This includes developing approximation-
aware programming languages and compilers [169], providing abstractions
to specify which parts of a program can tolerate imprecision [170]. New
approximate data types [171], such as the Approximate Integer Format (AIF)
[172], can be introduced to allow developers to declare variables or operations
where precision can be relaxed. Compilers can identify or be guided toward
regions of code suitable for approximation, applying optimizations such as
selectively skipping computations or reducing memory accesses [169]. In
parallel and multi-threaded systems, approximation may also involve relaxing
global synchronization and communication, thereby improving scalability and
throughput [173].
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At architectural level, AC explores the application of controlled imprecision
across heterogeneous hardware components, including processors, memory
subsystems, and interconnects [165]. GPPs can be enhanced to support
approximate execution of selected instructions. Instruction Set Architectures
(ISAs) may be extended with special approximate instructions [171], enabling
compilers to specify tolerance boundaries without prescribing specific imple-
mentations [169]. Architectural techniques such as "Truffle" introduce dual-
voltage operation, allowing lower voltages for approximate operations based
on the instruction stream [170]. Additionally, coarse-grained approximation
strategies can offload tolerant computations to dedicated LP cores [174].

Approximate memory designs, such as reducing DRAM refresh rates,
demonstrate the tradeoffs between energy savings and data reliability [165,170].
Another technique generates hybrid SRAM arrays that combine 8T BCs for
critical data and 6T BCs for non-critical data, allowing for aggressive voltage
scaling and, thereby achieving substantial power savings while maintaining
acceptable reliability levels [175].
At the algorithm level, the focus is on developing algorithms which can
deliver good enough results, while potentially sacrificing strict precision to
gain efficiency [165]. Several techniques and concepts are employed at this
level:

• Heuristics and Probabilistic Algorithms: Algorithms such as Automatic
Sequential Logic Approximation Methodology target near-optimal
solutions with lower computational complexity and energy use, while
introducing minor inaccuracies, as in Joint Photographic Experts Group
(JPEG) compression’s Discrete Cosine Transform (DCT) outputs [176].
On the other hand, probabilistic algorithms incorporate selective
randomness in various stages of computation.

• Significance-Driven Logic (SDL): Prioritizes computations by their
impact on output quality, allowing low-significance operations to be
approximated with negligible effect on accuracy [165, 176, 177].

• Incremental Refinement: Algorithms such as Fast Fourier Transform
(FFT) can terminate early to save energy, trading minor decreases in
output quality for efficiency gains [177].

• Application-Specific Modifications: Restructures applications for
approximation by prioritizing key features and identifying dominant
operations (e.g., L1/L2 norms in clustering) that tolerate errors [165, 176,
177].

• dependency relaxation and computation skipping: Relaxes inter-
iteration dependencies in iterative algorithms to enable parallelism
and reduce synchronization overhead [173]. Techniques such as loop
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perforation further save energy by selectively skipping iterations with
controlled probability [166].

• Algorithmic simplification: Approximates complex operations like
multiplication or division with simpler ones such as addition or sub-
traction, for example using Mitchell’s binary logarithm approximation
[164, 169, 178].

At the circuit/hardware level, AC improves energy efficiency and performance by
modifying arithmetic units to operate at lower voltages or higher frequencies
[164, 165]. Often referred to as approximate (inexact) hardware, this approach
directly targets Boolean logic and arithmetic components [164,179]. Figure 5.3a
illustrates common circuit-level design approaches for AC units. Key
techniques include:

Automated DesignManual Design Approximate Logic Synthesis
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Figure 5.3: (a) Circuit-level design flow for AC [180]; (b) example of a 3-input
majority gate at the transistor-level used in approximate logic [181].

• Voltage Over-Scaling (VOS): Reduces supply voltage below nominal
levels, allowing timing violations in some combinational paths that lead
to controlled errors [164].

• Transistor-level and logic simplification: Approximation can be
introduced by modifying standard cells or adder structures at the
transistor level or by heuristically simplifying logic functions through
altered truth tables and omission of non-critical conditions. Both
methods reduce layout complexity and gate count while preserving
functional correctness within tolerable error bounds (Figure 5.3b) [169,
181, 182].

• Majority Logic: Uses majority voters (e.g., 3-input majority gates)
where the output is ‘1’ if at least two inputs are ‘1’, expressed as
F = AB + BC + AC (Figure 5.3b) [181, 183].
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• Approximate compressors and arithmetic units: Simplify reduction
trees by lowering logic complexity or output width [184–189]. In
conventional multipliers, Half-Adders (HAs) and Full-Adders (FAs)
act as binary compressors that combine multiple input bits into sum
and carry outputs. For example, a FA functions as a 3:2 compressor.
These compressors typically rely on Exclusive OR (XOR) logic, which
increases propagation delay and limits performance. Approximate
compressors address these issues by performing general X:Y bit
compression using simplified logic, achieving higher efficiency. Building
on these, approximate adders and Approximate Multiplier (AM) are
constructed with simplified compressors or partial logic omission
[179, 182, 184, 190, 191]. Figures 5.4a and 5.4b show examples of such
approximate adder designs.
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Figure 5.4: (a) Zero-truncation adder with OR-based carry prediction [192]; (b)
32-bit approximate RCA with 4-bit approximation in the LSB region [191].

5.3 APPROXIMATE MULTIPLIER DESIGN

Multiplication is among the most energy- and area-intensive operations in
digital systems [193]. Approximate Multipliers (AMs) offer substantial benefits
in error-tolerant applications by simplifying logic and reducing switching
activity. The key design principle is logic simplification, i.e., reducing hardware
complexity while maintaining acceptable accuracy.
Accumulation-tree and Partial Product (PP) reduction techniques collectively
aim to reduce computational complexity and hardware cost in AMs by lowering
the number of generated PPs, streamlining tree accumulation, and optimizing
compressor structures for lower delay, power, and area overhead:
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• PP Perforation: Selectively omits PPs, either statically by skipping fixed
blocks of successive terms or dynamically based on bit significance to
remove lower-impact bits [182, 194].

• Truncation: Discards the least significant PPs to reduce bit-width and
simplify compression [195]. Dynamic segmentation variants preserve
only the most significant bits for further precision [196].

• Bit Significance-Aware OR Compression: Replaces lower-bit additions
with OR gates to eliminate long carry chains while using approximate
compressors for higher bit positions [190, 194]. This approach enables
scalable 2n → 2n multipliers from modular n → n blocks, with the most
significant block kept accurate (Figures 5.5a–5.5b).

• Compressor and adder simplification optimizes the reduction tree by
replacing accurate HAs, FAs, and compressors with simplified variants
to reduce depth, delay, and power [187, 188, 197–199]. Approximate 4–2
compressors are especially effective for balanced accuracy and efficiency
[184, 185]. Additional savings can be achieved through alternative logic
reuse, using gates such as NOT AND (NAND) instead of AND for PP
generation, lowering transistor count and power [198].
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Figure 5.5: (a) Lower-Part-OR 4!4 AM; (b) scalable Lower-Part-OR structure
for larger AMs [190].

Modular and Scalable Designs construct larger multipliers from approximate
subblocks, enhancing reusability and tunability:

• Modular approach: Employs small approximate subblocks (e.g., 2!2 or
3!3) to construct higher-order AMs [200, 201]. For instance, [200] uses
two 3!3 and one 2!2 blocks in an 8!8 design tailored to Deep Neural
Network (DNN) workloads, while [201] employs 4!2 and 4!4 modules
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for flexible construction of power-of-two larger multipliers (Figures 5.6a
and 5.6b).

• Static Segmentation: selects a fixed segment from each operand
(typically the m Most Significant Bits (MSBs) out of n bits) for
multiplication with smaller units, reducing logic while preserving partial
precision [202].

• Basic Block Modification: uses modified Karnaugh map (K-map) or
logic of small multipliers/compressors to produce approximate yet
compact logic [197].
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Figure 5.6: Modular 8-bit AM design: (a) using 2→2 and 3→3 blocks [200]; (b)
using 2-bit subblocks [201].

Encoding and algorithmic approaches reduce logic overhead by optimizing
input representation. A common example is Booth encoding, which can be
approximated by simplifying the encoder’s K-map to lower PP generation
complexity. Hybrid schemes often apply radix-4 encoding to MSBs and radix-2
to LSBs [203, 204]. Automated and application-aware methods further exploit
input statistics or workload characteristics to generate AMs for a desired
balance between accuracy and energy efficiency (Figure 5.7a) [180].
Architecture-aware implementations exploit platform-specific features to
improve efficiency. FPGA-based designs leverage Look-Up Tables (LUTs) and
reconfigurable logic to implement AMs optimized for hardware deployment
(Figure 5.7b) [186], while VOS runs multipliers below nominal voltage,
introducing limited timing-related errors to achieve substantial energy savings
[205]. Building on these ideas, hybrid techniques combine multiple strategies,
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such as truncation, approximate compressors, and modular construction, to
balance power, area, and accuracy for specific applications [179, 203].
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Figure 5.7: (a) Automated synthesis flow for AM design [206]; (b) LUT-based
architecture for FPGA implementation [186].

5.3.1 ERROR COMPENSATION MODULES FOR AM DESIGN

To recover part of the lost precision, an Error Compensation Module
(ECM), also known as an Error Recovery Module (ERM), corrects errors,
particularly those arising during PP accumulation [184, 188, 189]. ECMs can be
integrated at various levels of a multiplier architecture, either embedded within
approximate compressors [185,188] or placed after truncated and simplified
PP reduction units [187,207]. Their inclusion, however, depends on the specific
approximation technique and is not universally required. Design efficiency
and hardware overhead are critical, requiring careful architectural planning
to ensure that compensation does not negate the gains from approximation.
Several compensation methods have been proposed, each tailored to the type
and location of approximation, including:

• Correcting Bit Injection: Negative errors produced by approximate
compressors can be mitigated by inserting a constant logic ’1’ at a higher
bit position, typically near the MSB, to offset the inherent negative bias.
The ECM monitors input patterns and disables the correction when it
would lead to overcompensation, i.e., when the approximate output is
already accurate or positively biased [184].

• Carry-In Based Error Compensation: Correction signals from the ECMs
serve as carry inputs to subsequent stages, enabling effective error
mitigation with minimal hardware overhead. Error detection logic may
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Figure 5.8: (a) ERM design combining exact and approximate compressors
[185]; (b) OR-based partial error recovery using 4-MSBs of the error vector [199].

combine input bits or error flags using OR gates to generate a carry-in
for the next column (Figure 5.8a) [185]. Some designs also derive a
correction bit from the approximate region and inject it as a carry-in to
the least significant column of the accurate region, achieving coordinated
error correction across regions [187].

• Configurable Partial Error Recovery: Error signals generated during PP
accumulation using approximate units are computed in parallel with the
approximate sum. The accumulated error, estimated using OR-based
logic due to the sparsity of 1s in the error vector, is partially recovered
by adding a configurable number of its MSBs to the output through an
accurate adder (Figure 5.8b) [199].

• Consolidated Error Correction (CEC): The CEC corrects the total accu-
mulated output error instead of individual components by exploiting
predictable error patterns in cascaded approximate adders. A predefined
offset is added to the final result, effectively reducing overall error with
minimal hardware and energy overhead [168, 208].

• Truncation Compensation: In truncated multipliers, omitting lower
bits introduces systematic errors that can be mitigated using carry
estimation techniques based on Booth encoder outputs, simplified sorting
networks, or K-map-derived low-overhead logic. One effective method
generates compensation carries without referencing truncated columns
by simplifying the K-map of the first non-truncated column, producing
approximate carries that efficiently correct the output [164, 182].
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• Static Segmented Multiplier (SSM) Correction: SSMs approximate an
n → n multiplication using smaller m → m units that operate on a selected
portion of the multiplicand, with precision defined by the segment size.
The input is divided into fixed segments, and the segment containing
the leading one is used for computation. A correction term is added
to the most significant segment result only when both operands have
non-zero leading segments [202].

5.4 ACCURACY AND QUALITY METRICS

Accuracy and quality evaluation is central to the design of AMs. Metrics used
for this purpose fall into two broad groups: application-independent, which
quantify intrinsic error properties irrespective of workload, and application-
specific, which measure whether errors remain tolerable in real tasks.

5.4.1 APPLICATION-INDEPENDENT METRICS

Application-independent metrics, first formalized in [209] and refined in later
works, characterize the raw error behavior of AMs. They are typically grouped
into four categories:

• Distance-based metrics quantify the deviation of approximate results
from exact ones [164, 177, 179, 187, 190]. Error Distance (ED) measures
absolute deviation, with Mean Error Distance (MED) giving its average
across all inputs. Normalized Mean Error Distance (NMED) scales MED
by the maximum possible output, making it largely invariant to word
length and suitable for cross-design comparison. Relative deviation
is captured by Relative Error Distance (RED), with Mean Relative Error
Distance (MRED) as the average across all outputs, less sensitive to
input distribution and typically decreasing with AM size, and Maximum
Relative Error Distance (MRE) as the maximum observed. Together, these
metrics distinguish small absolute errors in large results from severe
relative errors in small ones.

• Error-rate metrics measure how often errors occur [202,210,211]. Accurate
Output Count (AOC) gives the number of correct results, while Error
Rate (ER) and its complement, Pass Rate (PR), report the frequency of
incorrect or correct outputs. Probability of Relative Error Distance (PRED)
estimates the probability that RED exceeds a threshold (e.g., 2 %), useful
for bounded-error applications.

• Peak-deviation metrics capture the most extreme cases, which may
affect system reliability [183, 202]. Maximum Absolute Error (MAE) is the
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largest deviation, and NmaxED normalizes it by the maximum correct
output.

• Statistical metrics provide distribution-level insight [164, 184, 193, 194,
202]. Mean Square Error (MSE) emphasizes larger deviations, while Root
Mean Square Error (RMSE) calculates the square root of MSE, offering an
overall measure of error magnitude. Variance of Error Distance (VarED)
indicates whether errors are predictable or highly variable. Number of
Effective Bits (NoEB) estimates how many output bits remain consistently
correct, offering a bit-level view of accuracy.

5.4.2 APPLICATION-SPECIFIC METRICS

Application-specific metrics measure the acceptability of errors in specific tasks,
including:

• Peak Signal-to-Noise Ratio (PSNR): Widely used in image and
video processing, PSNR relates the maximum signal to noise from
approximation, indicating overall image quality (Figure 5.9) [194, 197,
211].

• Structural Similarity Index Measure (SSIM): SSIM and its mean version,
Mean Structural Similarity Index Measure (MSSIM), measure perceptual
similarity (Figure 5.9), capturing structural fidelity rather than raw pixel
differences [168, 198, 211].

• DNN Accuracy Loss (DAL): In ML, DAL reports accuracy degradation
when AMs replace exact ones [200].

Figure 5.9: PSNR and MSSIM evaluation of image sharpening using one
proposed AMs for operational classes m = 1 to m = 3 [211].

A comprehensive assessment of AMs therefore requires both perspectives.
Application-independent metrics define theoretical error bounds, while
application-specific metrics reveal whether those bounds impact real-world
functionality. Balancing the two allows principled design choices that exploit
error tolerance where feasible and preserve accuracy where required.
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5.4.3 ERROR ANALYSIS METHODOLOGIES

A comprehensive evaluation of AMs requires diverse methodologies, since
their effects manifest across multiple abstraction levels, from raw arithmetic
correctness to application-level quality of service. No single method
provides a complete picture. Low-level simulations reveal intrinsic error
behavior, statistical analyses capture error patterns, and application-level tests
demonstrate practical impact on real workloads. Together, these methods
form a comprehensive framework for quantifying the accuracy, efficiency, and
resilience of approximate designs. As shown in Figure 5.10, the most widely
used methodologies include:

• Behavioral Modeling: High-level C/C++ or MATLAB functional models
enable fast exhaustive or randomized testing [179, 194, 198, 206, 207].

• Exhaustive Simulation: All input combinations are evaluated, feasible
only for small designs (e.g., 8-bit AMs with 65536 cases) [190, 196].

• Error Distribution Analysis: Examines statistical error distributions to
identify local patterns and quantify exact or near-exact results [194].

• Application-Level Testing: Integration into workloads such as image
filtering (Gaussian blur, Sobel), ML (K-means, Support Vector Machine
(SVM), DNNs), or DSP (FFT, Finite Impulse Response (FIR)), with quality
measured via domain-specific metrics [179, 190, 198, 206].

• Gate-Level Simulation: Post-synthesis verification in tools such as
ModelSim, with power estimation and Static Timing Analysis (STA)
in Synopsys PrimeTime [206].
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Figure 5.10: Evaluation flow for an AC unit: from application-level quality
assessment to gate-level analysis [168].
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5.5 THESIS CONTRIBUTION

This chapter presents a survey of different techniques in AC, with a focus on
arithmetic units and multiplier design strategies. Building on this foundation,
Paper V contributes a scalable AM architecture based on priority-select PP
removal. In this design, stacked PPs in each column are selectively pruned so
that more significant terms are preserved while less critical ones are discarded.
By embedding approximation directly into PP generation, the approach reduces
the reliance on HAs and FAs in the accumulation tree, thereby lowering power,
area, and delay.

Scalability was a central focus, as this thesis emphasizes the importance of
exploiting the benefits of both highly energy-efficient dedicated accelerators
and highly flexible programmable MCUs for adapting to fast-evolving edge AI
applications. The proposed AM aligns with this strategy by offering efficiency
gains comparable to dedicated hardware while maintaining scalability needed
for integration into programmable platforms.

In 8-bit implementations, the AM achieves up to 60 % area and 62 % power
savings, with a 92 % improvement in Power-Area-Delay product (PADP)
relative to a Wallace baseline, while maintaining bounded error metrics.
Application-level evaluations on CNN inference and image processing confirm
negligible accuracy loss, demonstrating suitability for error-tolerant embedded
AI workloads.
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6
Rebooting Computing: Beyond von

Neumann Architectures

A
s data-intensive applications proliferate and technology scaling
decelerates, the von Neumann architecture, characterized by a rigid
separation between processing and memory, has increasingly become a

performance and energy bottleneck. This chapter investigates the shift toward
memory-centric computing paradigms, particularly IMC and NMC. This
chapter provides a comprehensive discussion of architectural classifications,
implementation techniques, enabling memory technologies, and system-level
tradeoffs, with an emphasis on implications for AI and EC.

6.1 FROM PROCESSOR-CENTRIC TO DATA-CENTRIC ARCHITECTURES

For decades, the von Neumann architecture has been the dominant paradigm
in computer system design, with memory and compute units connected by
bandwidth-limited buses [212, 213]. While this data processing scheme has
enabled the rapid advancement of general-purpose computing, a fundamental
limitation known as the von Neumann bottleneck or memory wall remains
[39, 214–216]. Moving data between processor and memory often dominates
overall system cost, with off-chip memory access consuming up to 200→ more
energy than computation [47, 217].

Furthermore, processors may spend over 60 % of execution cycles stalled
while waiting for data [43], leading to severe performance and energy
inefficiencies that are especially critical in data-intensive workloads with high
memory demand and tight energy budgets [43, 46, 218].

Adding to the problem is the slowdown of Moore’s law and the end of
Dennard scaling, which have significantly diminished the traditional gains
from transistor scaling [46, 212]. As a result, continued performance scaling
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(a) (b)

Figure 6.1: (a) Processor-centric system: data shuttled to the CPU; (b) memory-
centric system: compute placed near/in memory to cut data movement [219].

through conventional processor-centric architectures (Figure 6.1a) has become
increasingly unsustainable.

Over the years, various mitigation strategies have been explored, including
the development of faster data buses, multi-level cache hierarchies, and
hardware accelerators. However, these measures only alleviate the architectural
inefficiency rather than resolving it. For example, cache hierarchies are
ineffective for workloads with poor data locality and irregular access patterns,
while accelerators, despite offering high computational throughput for a
specific workload, are often limited by off-chip memory bandwidth and data
transfer overheads [214, 219]. These limitations have motivated a shift toward
data-centric or memory-centric architectures, which reduce data movement by
placing computation closer to where the data resides (Figure 6.1b) [215, 220].
Embedding processing capabilities near- or in-memory structures promises
substantial gains in both energy efficiency and throughput.

This transition is strongly driven by modern AI workloads, particularly
DNNs used in vision, speech, autonomous systems, and scientific computing
[221, 222]. These applications repeatedly access large amounts of data and
are increasingly constrained by bandwidth and latency rather than raw
compute capability. The exponential growth in ML model size and complexity,
illustrated in Figure 6.2, has dramatically increased the number of operations
and memory transactions required per inference or training cycle, further
exposing the limitations of processor-centric systems.

This challenge is even more pronounced at the edge, where data is generated
and needs to be processed locally under strict latency and energy constraints.
Memory-centric computing is particularly well suited to edge AI, since
reducing data movement enables faster and more energy-efficient operation.
In practice, edge AI already supports predictive maintenance in industrial
systems through direct sensor analysis, enables smart grid control and load
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Figure 6.2: Decade-long trends in ML model size, GPU performance, and
Moore’s law [223].

balancing in energy networks [224], and even compact language models are
now deployed to run locally, providing privacy-preserving services across
distributed devices [225].

Building reliable and efficient edge AI systems, however, remains challenging
due to limited resources, real-time requirements, and security concerns
[226, 227]. Addressing these constraints requires frameworks that map
AI models to resource-limited platforms. Examples include AIfES and
NeuMap, which provide compact toolchains for embedded and neuromorphic
systems [228, 229], bridging the gap between algorithm design and hardware
deployment under real-world conditions.

6.1.1 HISTORICAL CONTEXT AND RESURGENCE

The concept of memory-centric computing, dates back to early explorations
of the idea of fusing memory and logic in the 1960s–1970s [219, 220]. In 1978,
John Backus of International Business Machines Corporation (IBM) Research
challenged the dominance of sequential, processor-centric programming
models in his seminal article, “Can Programming Be Liberated from the von
Neumann Style? A Functional Style and Its Algebra of Programs” [230]. In the
1990s, prototypes such as Vector IRAM (VIRAM) integrated vector processors
with eDRAM to exploit data-level parallelism [231], but their adoption
was constrained by fabrication incompatibilities between logic and memory
processes.

The resurgence of memory-centric computing is driven by advances in 2.5D
and 3D integration, in which Through-Silicon Vias (TSVs) and interposers
enable heterogeneous stacking of memory and logic dies, with reduced
communication overhead [46]. Technologies such as Hybrid Memory Cube
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Figure 6.3: Proximity-based taxonomy: off-memory processing (OMP), Near-
Memory Computing (NMC), and In-Memory Computing (IMC) [46].

(HMC) and High Bandwidth Memory (HBM) established the feasibility of
near-memory computing [214], while Intel’s Optane DC Persistent Memory
DIMMs marked a milestone in commercial deployment by the byte-addressable
persistent main memory [232].

More recently, commercial solutions have demonstrated how these concepts
can be applied in practice. UPMEM’s NDP DRAM embeds lightweight
processors inside DRAM banks to offload simple compute kernels, Samsung’s
HBM-Processing-in-memory (PIM) augments high-bandwidth memory with
embedded logic for AI acceleration [233], and SK Hynix’s AiM integrates
arithmetic units into memory stacks for efficient inference [234]. At the same
time, SRAM-based prototypes such as Vecim [235] and BLADE [236] show how
in-memory computing can perform logic operations directly within arrays,
enabling energy-efficient dataflows. Emerging NVMs (e.g., ReRAM, PCM,
MRAM) further broaden the design space by bridging the DRAM–storage gap
and enabling in-situ operations [215, 237].

6.1.2 TAXONOMY AND IMPLEMENTATION TECHNIQUES

Memory-centric computing spans two main paradigms that differ in the
physical proximity of compute to data:

• NMC: Also referred to as Near-Memory Processing (NMP), this
approach places compute units adjacent to memory arrays (on-die, in
package, or in stacked dies) without modifying the memory cells. NMC
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reduces data movement and alleviates memory bandwidth bottlenecks
while preserving compatibility with conventional memory designs.
Commercial realizations include Samsung’s HBM-PIM.

• IMC: Also called Compute-in-Memory (CIM), in-situ computing, or PIM,
performs computation directly within the memory array by exploiting
the same structures used for storage. IMC eliminates data transfers
entirely and is particularly well suited for parallel operations such as
Multiply-Accumulate (MAC) and vector-matrix multiplications. SRAM-
based platforms such as Vecim and BLADE demonstrate practical
realizations of this approach.

As illustrated in Figure 6.3, these paradigms can be positioned within a broader
proximity-based classification [46]:

• Off-Memory Processing (OMP): Processor and memory are separate
chips linked by costly off-chip I/O. Off-chip memory may use NMC to
return partially processed results instead of bulk raw data.

• NMC: Compute logic is tightly integrated with memory through
advanced packaging and stacking, significantly reducing communication
overhead.

• IMC: Computation is executed directly within the memory cells,
removing the need for data transfer entirely.

This taxonomy and existing implementations demonstrate the evolution of
memory-centric computing from concept to practice, with each class presenting
unique tradeoffs in scalability, energy efficiency, and workload suitability.
While NMC and IMC are often collectively referred to as NDP, we maintain
this distinction to highlight key differences in integration complexity, data
locality, and supported workloads. This classification provides a concrete
framework for evaluating tradeoffs across architectural designs in terms of
scalability, performance, and energy efficiency.

6.1.3 ARCHITECTURAL PARADIGMS

6.1.3.1 Near-Memory Computing

NMC places compute units next to memory arrays (same chip, interposer,
or die stack) without modifying the memory cells, maintaining compatibility
with existing memory architectures [47, 219]. By executing computations close
to memory and transmitting only computation results to the host processor,
NMC reduces memory bandwidth pressure and improves energy efficiency,
especially for memory-bound tasks like DNN inference, graph analytics,
and embedded workloads [43, 215]. Figure 6.4a depicts two NMC variants
integrated into a RISC-V MCU for TinyML: NM-Caesar (area-critical) and
NM-Carus (performance-oriented) [238]. Figure 6.4b presents a behavioral
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Figure 6.4: (a) NMC-enhanced RISC-V-based MCU variants (area (NM-Caesar)
vs. performance (NM-Carus)) [238]; (b) HLS-based heterogeneous SoCs with
tightly coupled accelerators and NMC [239].

High-Level Synthesis (HLS) prototype for heterogeneous NMC SoCs, which
speeds prototyping but limits performance and energy efficiency due to the
lack of low-level optimizations [239].

Packaging technologies such as 2.5D interposers and 3D-stacked memories
(e.g., HMC, HBM) enable tight integration of logic and memory. Notable
systems like TESSERACT embed processing cores in each HMC vault to
accelerate graph workloads [47], while architectures such as HeNCoG utilize
MRAM-based near-memory cores for Graph Convolutional Networks (GCNs)
aggregation [240].

A subset of NMC integrates compute engines into storage devices, as in
CompStor, and Deepstore, which embed ARM processors or FPGAs in SSDs
to perform key-value lookups, encoding, and Hyper-Dimensional Computing
(HDC) [215, 241, 242].

6.1.3.2 In-Memory Computing

IMC pushes computation into the memory arrays by reconfiguring standard
memory cells or exploiting emerging memory devices with intrinsic compute
capabilities [46, 216, 219]. Eliminating data transfers between separate compute
and memory units yields high energy efficiency and throughput for massively
parallel operations.

Figure 6.5 illustrates the application landscape of IMC, categorizing domains
by computational precision, data access requirements, and complexity [219].
The spectrum includes:

• low-precision, highly parallel tasks such as deep learning inference,
filtering, and compressed sensing,

• moderate-precision workloads including signal processing and optimiza-
tion,
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Figure 6.5: Application landscape for IMC vs. required precision, complexity,
and memory access demands [219].

• high-precision applications such as scientific computing and linear
solvers.

As shown in Figure 6.6, IMC implementations are typically grouped into
two classes by implementation approach:

• Digital In-Memory Computing (DIMC) embeds deterministic logic
within or near memory arrays, providing robustness to PVT variations,
noise-free computation, and flexible bit-serial or bit-parallel dataflows
[243, 244]. Examples include X-SRAM [245], SIMDRAM [246], and
Colonnade for CNN inference [247].

• Analog In-Memory Computing (AIMC) leverages device properties
such as current summation or charge sharing to perform massively par-
allel MAC operations, delivering high energy efficiency and throughput
for workload-specific tasks [244,248]. Its drawbacks include sensitivity to
noise, device mismatch, and non-idealities, along with the overheads of
Analog-to-Digital Converters (ADCs) and Digital-to-Analog Converters
(DACs), that limit precision and scalability [249, 250].

Beyond these two categories, Hybrid IMC (HIMC) architectures combine analog
computation with digital control to balance precision and efficiency, such as
WDVR-RAM for accelerating Binary Neural Networks (BNNs) or digitally
controlled IMC implementations [251, 252].

6.1.3.3 Analog vs. Digital Tradeoffs

AIMC performs arithmetic directly within memory cells by accumulating bit-
wise multiplication results on the BL voltage [244]. By activating multiple
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Figure 6.6: System-level view of SRAM-based AIMC (left) and DIMC (right)
for CNN edge deployment [243].

memory words simultaneously, it achieves high parallelism and energy
efficiency, as all BCs in an array contribute to a single MAC operation.
Implementations exploit device-level effects such as voltage division [253],
current discharge [254], charge sharing [249], and capacitive coupling [255].
However, these benefits come with several limitations:

• Accuracy: Susceptible to reduced Signal-to-Noise Ratio (SNR) from
circuit noise, device mismatch, and ADC quantization, often degrading
accuracy relative to digital baselines. Limiting the number of activated
rows can improve SNR but reduces parallelism and efficiency [243, 248].

• Variability: Sensitive to PVT variations and device non-idealities such
as resistance variation, limited resistance ratios, and read disturbance.
Calibration is typically required to mitigate these effects [216, 237].

• Peripheral Overhead: ADCs and Time-to-Digital Converters (TDCs) are
often power-hungry, though ADC-free architectures have been explored
to reduce this cost [243].

• Workload Suitability: Well suited for bitwise and pointwise operations
(1!1!N) with high spatial unrolling, but less effective for diverse or
irregular workloads [243].

• Scalability: Limited by signal integrity, parasitic effects, and the increas-
ing resolution demand of ADCs, which limit array size and throughput.
Calibration and synchronization overheads further challenge large-scale
deployment [216, 243].

In contrast, DIMC executes digital logic and arithmetic within or near
memory arrays, offering deterministic accuracy and predictable scalability
while avoiding the calibration, variability, and precision issues inherent in
AIMC. While cell-level concurrency and raw computational density at lower bit
precision are comparatively limited, DIMC maintains consistent performance
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across workloads and often outperforms AIMC in depthwise or low-parallelism
layers where analog inefficiencies dominate [216, 243, 244].

6.1.4 MEMORY TECHNOLOGY ENABLERS

The effectiveness of memory-centric computing depends on the capabilities
of the underlying memory technologies, ranging from CMOS-compatible
volatile memories to emerging NVM with distinct analog and digital behavior
(Figure 6.7).

Figure 6.7: Memory technologies for memory-centric computing: volatile
(SRAM, DRAM, 3D DRAM) and emerging NVM (ReRAM, PCM, MRAM) [219].

6.1.4.1 Volatile Memories

SRAM is the most widely adopted technology for IMC due to its high
endurance (exceeding 1016 write cycles), low latency, large on/off ratios, and
full CMOS compatibility. Its robustness and fast access further reinforce its
suitability for compute integration [47]. In-situ arithmetic and logic operations
can be realized by reconfiguring BLs or SAs [256]. Prototypes such as BLADE
and X-SRAM exemplify in-cache and BC-level computation in standard 6T and
extended SRAM arrays [236, 245].
DRAM offers greater density and capacity than SRAM, making it attractive
for large-scale memory-centric computing. IMC/NMC in DRAM is typically
enabled by charge sharing, multi-row activation, or BL precharge manipulation
to implement bulk Boolean logic operations [257]. Commodity DRAM-based
compute platforms like SIMDRAM demonstrate scalable in-place processing
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Figure 6.8: Overview of STT-MRAM-based IMC architecture [260].

without major architectural changes [246]. Adjusting timing parameters further
extends DRAM’s capability for compute. However, leakage and frequent
refresh requirements complicate IMC implementations [47, 213]. Furthermore,
even in optimized configurations, off-chip to on-chip transfers remains a
bottleneck, limiting overall system efficiency.
3D DRAM technologies such as HMC and HBM integrate logic in the base
die, enabling NMC without altering DRAM cells. Architectures including
TESSERACT and Samsung’s HBM-PIM leverage this integration to provide
high internal bandwidth and efficient NMC [46].

6.1.4.2 Non-Volatile Memories

ReRAM and PCM enable analog computation through conductance modu-
lation in crossbar arrays, making them attractive for AIMC. Their limitations
include resistance drift, finite endurance, and device variability [237]. MRAM
and STT-MRAM support fast, energy-efficient digital operations and are
compatible with CMOS process (Figure 6.8). Designs such as AMS-IMC
and TS-NMC exploit its low leakage and fast reads for hybrid and NMC
accelerators [213]. FeFETs combine storage and logic at low operating
voltages, making them promising for neuromorphic architectures and Content-
Addressable Memories (CAMs), though they face key limitations such as inter-
gate coupling, variability in polarization switching, and endurance-voltage
tradeoffs, challenging reliability and large-scale deployment [258, 259]. Read-
Only Memory (ROM) has also been revisited for IMC, especially in workloads
with static weight matrices. ROM-based IMC is highly compact and energy-
efficient, although it requires algorithm-level co-design due to its limited
reconfigurability [216].

76



6 Rebooting Computing: Beyond von Neumann Architectures

6.1.5 ARCHITECTURAL VARIATIONS

Architectural implementations of IMC and NMC differ not only in compute
placement but also in the types of processing units employed, the integration
strategies used, and the execution models they target. Key categories of
processing units include:

• Programmable platforms: RISC-V cores, GPUs, and FPGAs offer
flexibility and a high-degree of programmability [215, 261].

• Fixed-function accelerators: ASIC-based designs (e.g., TS-CIM, PUMA,
SIMDRAM) target specific inference or logic tasks for high-performance
and energy efficiency [244, 262].

• Hybrid units: Architectures like DIANA and Vecim combine analog
compute cores for MACs with digital logic for control or activation
functions [216, 235].

In addition, several integration and data movement optimization strategies are
central to improving system efficiency:

• 2D, 2.5D, and 3D integration: TSV-based stacking (e.g., HBM, HMC)
and chiplet-based integration enable vertical and lateral proximity of
compute and memory, alleviating bandwidth bottlenecks and reducing
latency [218, 263].

• Software-hardware co-design: Compiler frameworks (e.g., SongC-NMC)
and runtime schedulers manage task placement, coherence, and data
mapping, enabling scalable deployment [264].

6.1.6 DATAFLOW STRATEGIES FOR ACCELERATING NN WORKLOADS

Dataflow selection is a critical determinant of throughput and energy efficiency
in DNN workloads, particularly CNNs, which underpin a wide range of
applications and have been the main target of architectural optimization in
recent years. Figure 6.9a illustrates the convolutional layer processing flow
and the data movement among operands in a typical CNN layer. Since data
movement often dominates energy cost, modern dataflows aim to maximize
data reuse within the on-chip hierarchy while reducing costly off-chip transfers
[69, 217]. Dataflows are commonly categorized by which operand (input
activations (Input Feature Maps (Ifmaps), filter weights, Partial Sums (Psums),
and Output Feature Maps (Ofmaps)) remains locally stationary [69]:

• Weight-Stationary (WS): Weights are fetched once and kept in Pro-
cessing Element (PE)’s register file, optimizing weight reuse and MAC
utilization [217]. Limited on-chip capacity, however, increases DRAM
traffic and reduces Ofmap reuse (Figure 6.9b).

• Output-Stationary (OS): Psums remain in the PE until the corresponding
output is fully computed, reducing accumulation energy and making OS
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Figure 6.9: (a) Convolutional layer computation in a CNN; dataflows: (b)
Weight-Stationary (WS); (c) Output-Stationary (OS); (d) Row-Stationary (RS);
and (e) No-Local-Reuse (NLR) [265].

effective for layers with small output dimensions, such as in later stages
of VGG-11 [266, 267]. Variants like SOC–MOP, MOC–MOP, and MOC–
SOP adjust the degree of parallelism based on the number of Ofmap
planes and channels processed [217]. OS can also achieve relatively low
DRAM traffic, indicating that optimized on-chip memory utilization
could further improve its energy efficiency, which aligns well with NMC
and IMC architectures (Figure 6.9c).

• Row-Stationary (RS): Introduced in Eyeriss, RS reduces movement for all
operands by decomposing convolution into one-dimensional primitives
whose row pairs remain stationary in PEs and reusing ifmaps/weights
in local scratchpads, reducing access to DRAM [69]. RS typically offers
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improved energy efficiency per convolution than WS or OS, though its
peak throughput is also generally lower (Figure 6.9d).

• No-Local-Reuse (NLR): Keeps only Arithmetic Logic Unit (ALU)
datapaths inside the PE while all data (ifmaps, weights, Psums) reside
in the global buffer [217, 267]. Every cycle, weights are unicast and
ifmaps multicast to the appropriate multipliers. Because PE count is
independent of layer shape, NLR achieves very high raw throughput
on large feature maps, but frequent global-buffer access leads to higher
energy consumption (Figure 6.9e).

In addition to the established dataflows, several refinements have been
introduced to enhance efficiency and adaptability. Enhanced Output-Stationary
(EOS) adds dedicated activation register files to exploit activation reuse and
cut SRAM traffic [266]. Hybrid Stationary (HS), as in FlexSpIM, dynamically
selects WS or OS per layer to maximize operand stationarity [268]. Point-wise
Stationary (RS–IS / WS–OS) combines outer and inner flows to efficiently map
BNN layers [269]. Enhanced Weight-Stationary (EWS) incorporates a weight
register file per PE to extend WS reuse inside systolic arrays [270].

Furthermore, the effectiveness of any dataflow is shaped by a set of design
considerations, as its choice dictates how well memory traffic and computation
overlap, including:

• Operand reuse and sparsity: Improves energy efficiency by higher local
reuse or the ability to skip zero computations [271].

• Bandwidth and utilization: Limited data reuse requires higher Network-
on-Chip (NoC) bandwidth to avoid stalls and PE underutilization [271].

• Mapping flexibility: fixed choice of dataflow risk PE underutilization
when layer dimensions shrink, whereas reconfigurable mappings sustain
utilization across diverse workloads [271].

• Heterogeneous pairing: Architectures such as Quartet combine optimal
execution order with RS to improve efficiency [272].

• Adaptability: Emerging DNNs motivate reconfigurable dataflows such
as FlexNPU [273].

In summary, WS provides the highest MAC utilization, OS reduces
accumulation cost and remains competitive with RS in memory traffic, RS
balances all operands efficiently, and NLR maximizes throughput though with
higher energy overhead. To maintain both performance and energy efficiency,
modern NMC/IMC designs increasingly combine or switch among these flows
dynamically.
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6.1.7 REPRESENTATIVE IMPLEMENTATIONS

Table 6.1 compares representative IMC and NMC implementations, illustrating
diverse strategies and tradeoffs.

Table 6.1: Representative memory-centric systems: types, features,
advantages, and limitations.

System Type Key Features / Applica-
tions

Advantages Limitations

TESSERACT [47] NMC (HMC) Parallel graph processing
using vault-local cores in
3D-stacked HMC

HMC vault-level paral-
lelism

(i) Complex memory
management, (ii) Limited
applicability (not general-
purpose)

IMPICA [214] NMC (3D
tech.)

Pointer chasing acceleration Handles irregular memory
access

Limited applicability
(pointer-chasing)

HeNCoG [240] NMC
(MRAM)

(i) Energy-efficient GCN
inference (ii) MAC fusion
(iii) MAC reordering in
MRAM-based NMC cores

(i) Reduced execution cycles
and memory access via
execution reordering

(i) Domain-specific, (ii)
dependent on MRAM
technology

SIMDRAM [246] IMC (DRAM) Bit-serial logic operations in
commodity DRAM

Cost-efficient due to reuse
of existing DRAM

(i) Limited to bit-serial logic,
(ii) Low throughput

X-SRAM [245] IMC (SRAM) Boolean operations via
multi-row activation

(i) Digital logic in SRAM,
(ii) in-memory vector
Boolean operations

(i) Limited to logic
operations (ii) Not suitable
for arithmetic-heavy
workload

PUMA [262] IMC
(Memristor)

inference via analog
crossbars + programmable
digital control

(i) High energy efficiency,
(ii) Scalable for large DNNs

(i) Complex peripheral
circuits, (ii) Memristor write
endurance issue

WDVR-RAM
[274]

Hybrid IMC
(SRAM)

Charge-domain architecture
for AIoT workload

Binarized CNN in a wide
dynamic voltage range

Limited applicability

NM-Caesar [238] NMC
(SRAM)

RISC-V + NMC for TinyML
on embedded MCUs

(i) Programmable, (ii)
Suitable for edge AI

(i) Limited throughput

NMC designs such as TESSERACT, IMPICA, HeNCoG, and NM-Caesar
integrate compute near memories to accelerate data-intensive workloads
from graph analytics to TinyML. They reduce data movement and improve
efficiency but often rely on specific technologies (e.g., MRAM, 3D DRAM)
and require custom runtimes. Wider adoption demands programmability
and standardized software support. IMC prototypes such as SIMDRAM, X-
SRAM, PUMA, WDVR-RAM, and PS-IMC embed compute within arrays to
reduce data movement and improve efficiency. X-SRAM supports Boolean
logic but is restricted to bitwise operations. WDVR-RAM is tailored to BNNs
but lacks broader applicability. PUMA combines memristor crossbars with
programmable ISAs but is limited by device variability and write latency.
PS-IMC offers precision scaling at the cost of increased circuit complexity.
IMC as a whole continues to face challenges in precision, reliability, and
programmability, which call for advances in mixed-signal design, precision-
scalable macros, and unified hardware-software integration. Together, these
systems illustrate that no single approach dominates. The current landscape
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is instead shaped by tradeoffs between flexibility, integration overhead, and
application scope.

6.2 ENERGY, PERFORMANCE, AND SYSTEM-LEVEL TRADEOFFS

6.2.1 EVALUATION METRICS

Evaluating memory-centric architectures requires a comprehensive set of
metrics that capture both hardware efficiency and system-level performance.
Commonly reported figures include power consumption, throughput, latency,
energy efficiency, and area utilization [223, 248].

A central concept is arithmetic intensity, the ratio of computation to memory
accesses, which indicates whether a workload is compute- or memory-bound
[223]. The roofline model (Figure 6.10a) visualizes this relationship, mapping
achievable performance against arithmetic intensity and showing whether
throughput is constrained by peak compute or memory bandwidth [267, 271].
This model helps identify performance bottlenecks and guide hardware-
software co-optimization, which has been widely used in analyzing CNN
accelerators to reveal their performance envelopes under specific architectural
constraints [223, 271]. However, as depicted in Figure 6.10b, the roofline curve
is not fixed: architectural modifications or workload changes, such as memory
hierarchy refinements or increased parallelism, can shift the operational bounds.
Each step reflects the layered nature of optimization, where the ceiling of one
configuration becomes the baseline for the next [271].
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Figure 6.10: (a) Roofline model: performance vs. arithmetic intensity; (b)
impact of architectural/workload changes on the roofline levels [271].
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To compare performance and efficiency together, the Energy-Delay Product
(EDP) is often used as a composite metric, capturing both efficiency and
speed [275]. Modeling tools such as CACTI [261], DRAMSim3, and HSPICE
are used to estimate latency, leakage, and area, while architectural simulators
like gem5 enable system-level profiling. To complement these models, FPGA
and ASIC prototypes remain essential for validating performance under real-
world conditions [250, 276, 277]. Overall, the effectiveness of memory-centric
architectures should be evaluated under realistic workloads, with emphasis on
balancing energy, bandwidth, latency, and utilization [238, 239, 243].

6.2.2 THROUGHPUT AND ENERGY EFFICIENCY

6.2.2.1 Throughput

Performance is typically characterized using several complementary metrics.
At the hardware level, raw throughput is measured in Operations per second
(OPS), typically reported in Giga Operations per second (GOPS) or Tera
Operations per second (TOPS), or in Giga Multiply-Accumulate Operations
per second (GMACS) when focusing on MAC operations that dominate
DNN workloads [69, 223, 271]. At the system level, performance is often
expressed as task-level latency (e.g., inference time per image or sequence)
or as relative speedup compared to CPU and GPU baselines. PE utilization,
defined as the fraction of peak compute sustained under realistic workloads,
is also a critical indicator [223]. These metrics align naturally with the
roofline model: OPS or GMAC/s reflect the theoretical compute ceiling,
while speedup, latency, and utilization expose how memory bandwidth and
arithmetic intensity constrain practical performance [223]. Throughput can be
further boosted by architectural modifications that increase arithmetic intensity,
thereby improving compute utilization and enabling massive parallelism across
in-memory arrays [223].

Recent implementations highlight this range. Instruction-level optimizations
in Vecim achieve a 33.9→ speedup for small matrix operations [235]. Neural
Turing Machine-inspired designs report 640→ acceleration over CPUs and 46→
over GPUs [278]. Memory-integrated architectures such as BLADE deliver up
to 6→ improvements in image processing and encryption [236].

6.2.2.2 Energy Efficiency

The central objective of memory-centric computing is to lower energy
consumption by reducing data movement between compute and memory.
Off-chip DRAM access consumes orders of magnitude more energy than in-
memory operations [69, 217], making local compute within or near memory
a key efficiency driver. Energy efficiency is typically reported at two
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complementary levels. At the hardware level, it is expressed as operations per
watt (OPS/W), often in GOPS/W or TOPS/W, or more precisely as GMACS/W
when focusing on MAC operations that dominate DNN workloads [69].

At the system level, it is measured as energy per inference (J/inference),
capturing the end-to-end cost of processing one input, including both
computation and memory transfers [223]. The total task energy can be
expressed in terms of the number of operations Nop, energy per operation Eop,
memory accesses NLi, and energy per byte at each memory level ELi as:

Etask = Nop · Eop + ∑
i
(NLi · ELi) (6.1)

Recent implementations illustrate the range of achievable efficiency: Vecim
reports 289 GOPS/W for Half-Precision Floating-Point (16-bit) (FP16) work-
loads [235], TS-CIM achieves 701 TOPS/W using time-domain Spiking Neural
Network (SNN) acceleration [244], and SRAM-based IMC macros deliver
270 TOPS/W for Boolean logic [279, 280].
Energy efficiency can be further improved through:

• Quantization and sparsity, which lower precision and skip redundant
operations [277].

• Dynamic power management, such as clock gating and DVFS to adapt
power to workload demand [260].

• Circuit-level techniques, such as sub-VTH amplifier design and Lazy
Convolution Bitline Reset [274].

6.2.2.3 Design Tradeoffs

Designing memory-centric systems requires navigating several hardware and
software tradeoffs:

• Area vs. Power vs. Performance: Integrating compute into memory
increases silicon area and leakage. Some designs can limit the incurred
overhead [280], whereas others, such as Vecim, report up to 11 % [235].

• Accuracy vs. Efficiency: Quantization and pruning lower energy but
may reduce model accuracy. Retraining is often necessary to recover
performance [237].

• Scalability vs. Cost: Scaling requires greater bandwidth and capacity,
often by adding DRAM or HBM, which increases system cost [263].

• Utilization vs. Peripheral Overhead: Large arrays risk underutilization
unless closely matched to workload demands, and peripheral circuits
can dominate power in lightly loaded regimes [243].
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6.3 INTEGRATION CHALLENGES

Memory-centric architectures show clear potential, yet their system-level
deployment remains challenged by device limits, programmability, thermal
constraints in 3D integration, and secure execution in shared memory. Meeting
these demands calls for holistic co-design across hardware and software layers.

6.3.1 AREA, DENSITY, AND DEVICE NON-IDEALITIES

Emerging memory technologies such as MRAM and ReRAM offer increased
density and non-volatility but also introduce challenges. Write latency,
endurance, and resistance variability hinder stable and reliable execution [216].
For example, scaled MRAM suffers from increased Resistance-Capacitance
(RC) delay, affecting write margins [213]. AIMC designs are susceptible to
PVT variations, limited ADC resolution, and device non-linearities [281, 282].
Error Correcting Code (ECC) schemes, redundant logic, and PVT-aware SRAM
design are necessary to ensure robustness.

6.3.2 SOFTWARE STACK, EXECUTION, AND PROGRAMMING SUPPORT

Mapping neural workloads to memory-centric accelerators relies on a well-
integrated software stack. Full utilization of these architectures demands
coordinated support across compiler toolchains, intermediate representations,
runtime systems, and high-level frameworks. Such integration is vital to ensure
programmability, portability, and performance across heterogeneous platforms.

6.3.2.1 Toolchains, Compilers, and Intermediate Representations

Compiler toolchains bridge high-level model descriptions to hardware-specific
execution. They typically consist of frontends, intermediate abstractions, and
backend optimizations tailored to data-centric execution. Key approaches
include:

• Auto-vectorization and ISA extensions: For example, Vecim integrates
RISC-V vector ISA with custom mixed-precision instructions to accelerate
vectorized inference [235].

• HLS tools enable rapid prototyping on FPGA platforms, facilitating
early hardware-software co-design [239].

• DL framework integration: allows for direct mapping from PyTorch or
TensorFlow streamlines deployment workflows [238].

Advanced compiler backends further optimize execution by exploiting
parallelism, restructuring data access, and balancing resource utilization:
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• Tensor Dataflow Graphs (TDFGs): Introduced in Infinity Stream, TDFG
expose fine-grained parallelism and optimize data layout for memory-
centric execution [283].

• Polyhedral compilation: SongC exemplifies this approach by applying
loop restructuring and memory reuse transformations for locality-aware
mapping. It integrates multi-level graph abstractions with simulation-
driven scheduling, using a Just-in-Time Evaluator to accelerate the
scheduling search and an extended roofline model (Palace) to guide
instruction generation and resource management in hybrid NMC/IMC
systems [264].

• Cost-based scheduling: Hardware-aware performance models guide
instruction placement across compute-memory hierarchies to achieve
balanced utilization.

6.3.2.2 Data Mapping and Execution Models

Efficient data mapping and runtime coordination are critical for exploiting
locality, reducing data movement, and ensuring balanced utilization in
memory-centric architectures. Despite hardware advances, programmability
remains a central bottleneck. As highlighted by Meta [284]:

“We’ve investigated applying PIM to our workloads and deter-
mined there are several challenges to using these approaches.
Perhaps the biggest challenge of PIM is its programmability.”

These challenges reflect broader issues of workload partitioning, coherence,
and task offloading, which require coordinated software and architectural
solutions. Key strategies fall into three categories:

• Data organization and layout: Systems first shape the data itself to
expose locality and parallelism. Partitioning, replication, and intelligent
placement are used to balance load and keep producers and consumers
close in the hierarchy, which reduces long-distance traffic and improves
concurrency [260]. Complementary techniques such as compression,
encoding, and data grouping shrink the working set and ease bandwidth
pressure [260]. At the physical level, compiler-assisted BL alignment and
intra-subarray mapping align logical operations with memory structures
to minimize costly movements inside arrays [260].

• Runtime execution strategies: At runtime, dedicated systems coordinate
offloading, scheduling, and synchronization between host and memory-
side compute [46]. Code regions identified through behavioral synthesis
and profiling are migrated to near-memory engines, as in NMPO and
NM-Carus, to exploit locality while keeping the host in control [238,275].
When workload characteristics change, ML-guided schedulers adapt
placement and pacing decisions to sustain utilization and avoid stalls
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[285]. Pragmas and compiler directives provide a practical way for
developers to guide mapping and establish lightweight synchronization
without sacrificing portability [46].

• Specialized scheduling and co-design: scheduling policies and algo-
rithms are co-shaped to the memory substrate. Structured reuse and
layout-aware mapping for matrix-vector and matrix-matrix kernels keep
operands resident where they are consumed, cutting redundant transfers
[48, 260]. Sparsity-aware scheduling avoids needless activations and
memory touches by exploiting zeros and fine-grained gating [223]. More
broadly, algorithm-architecture co-design aligns computational patterns
with device and array constraints to achieve balanced throughput and
efficiency [216].

6.3.2.3 Programming Paradigms and Prototyping

Building on these execution models, flexible programming support is critical
to make memory-centric architectures usable across diverse workloads [215].
Emerging paradigms such as functional programming, first articulated by
Backus [230], eliminate mutable variables and separate logic from state,
simplifying optimization and parallelization in data-centric contexts.

Finally, bridging research and practice requires accessible tools and
reproducible infrastructures. Domain-Specific Languages (DSLs) are central
to this effort, generating optimized code while abstracting hardware details,
often compiling applications into dataflow graph representations that enable
deployment across heterogeneous platforms with minimal modification
[260]. Examples include MARVEL [286] and flexible cross-platform edge
deployment frameworks [215]. Complementing these, open-source platforms
such as the eXtendible Heterogeneous Energy-Efficient Platform (X-HEEP)
provide reference flows and reproducible toolchains for integrating ULP edge
accelerators [287].

6.4 THESIS CONTRIBUTION

This chapter advances the architectural contribution by developing and
validating a scalable, all-digital, non-intrusive NMC framework for edge
AI. Building on circuit-level optimizations from earlier chapters, the focus
here shifts to system integration of NMC units inside MCU memory
subsystems to bring compute closer to data while preserving general-purpose
programmability.

Paper II defines the concept and design space. Using a RISC-V MCU
baseline, it frames NDP for resource-constrained systems, motivates the
MCU as a viable platform for multi-objective optimization, characterizes the
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efficiency-flexibility tradeoff, and contrasts NMC with common MCU-centric
optimizations for CNN workloads. Under matched conditions it reports
several-fold gains in performance and energy efficiency over the baseline and
representative SoA MCU-enhanced designs, and it introduces the evaluation
methodology, workloads, and metrics used in this chapter.

Paper III turns the concept into a modular, platform-agnostic in-cache NMC
architecture integrated with a RISC-V MCU. The design is validated on FPGA
and by ASIC synthesis, and it provides a well-defined hardware/software
interface, runtime-configurable kernels, and memory-resident dataflows. A
multi-objective Pareto analysis compares the proposal with representative ASIC,
FPGA, and MCU-enhanced multi- and many-core edge designs, positioning it
within the broader landscape and reinforcing the benefits of digital NMC.

Paper IV brings the framework to silicon in 22 nm FD-SOI. The NMCu-CNN
co-processor is embedded in the shared memory subsystem of an MCU and
demonstrates runtime-configurable operation. Measured results reach up to
203 GOPS and 1.7 TOPS/W, confirming scalability and efficiency in a realistic
LP setting.

Across Papers II–IV the emphasis is on balancing efficiency and flexibility
by pairing the efficiency of near-memory fixed-function kernels with the
flexibility of MCUs. By embedding NMC in shared memory structures and
coordinating execution through a lightweight runtime and compiler hooks, it
delivers portable gains without sacrificing programmability. The chapter also
summarizes the relevant SoA and outlines the experimental setup and metrics
used for fair comparison to contextualize the reported results.
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Conclusion and Future Directions

T
his dissertation presents a comprehensive framework for memory-
centric computing architectures tailored to energy-efficient edge AI
systems, encompassing innovations from the circuit to the system level.

The key contributions include a high-density dual-port 6T SRAM optimized
for LP concurrent access, a synthesizable distributed-SRAM framework that
surpasses conventional break-even points in both area and energy efficiency,
and a scalable digital NMC architecture tightly integrated into RISC-V-based
MCUs. The platform’s versatility is further enhanced by incorporating
AMs that applies operand-aware hardware cost reduction, scalable across
different word lengths, enabling tunable tradeoffs between accuracy and
hardware-power cost. The proposed designs were implemented and validated
on FPGA and silicon prototypes, demonstrating localized MAC operations
and high computational efficiency on CNN workloads. Together, these
developments establish a solid foundation for flexible and efficient memory-
compute integration, paving the way for coordinated advances in hardware,
compilers, and cross-layer optimization to support emerging edge intelligence.

FUTURE DIRECTIONS

Emerging Model Paradigms and Hardware Co-Design

Emerging AI workloads increasingly show diverse computational and dataflow
patterns that differ from widely adopted network architectures. This trend
suggests the need for tighter coupling between algorithmic models and
hardware execution through flexible mechanisms that enable co-optimization
of NMC architectures with both conventional Artificial Neural Networks
(ANNs) and emerging models such as Spiking Neural Networks (SNNs)
and Kolmogorov-Arnold Networks (KANs). SNNs offer sparse, event-
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driven processing with notable energy advantages, yet practical hardware
implementations face routing complexity, irregular memory demands, and
control overheads. Similarly, KANs provide compact and expressive
representations of complex functions, but their hardware realization remains
at an early stage with limited toolchain support. Hybrid approaches, such as
ANN-SNN or CNN-KAN fusions, could offer opportunities to combine the
complementary strengths of different paradigms. However, they also pose
important challenges for hardware programmability, memory organization,
and dataflow control, particularly in multimodal edge AI deployments.

Architectural Flexibility

The modular and synthesizable NMC architecture proposed in this work can
evolve to support broader model diversity and increasing workload complexity.
Programmable, data-driven reconfiguration of memory–compute hierarchies
would enable spatial or functional specialization at runtime. Greater dataflow
flexibility and heterogeneous execution models are essential for efficiently
processing multimodal inputs with diverse temporal and spatial characteristics.
Progress in these directions will likely rely on tight compiler–hardware co-
design. Strategies for data locality management, approximation control, and
concurrency scheduling are needed across the full design stack, from ISA
and hardware-description templates to system-level NMC generation flows
and graph-based neural network compilers. These advances target intra-chip
adaptability and enable NMC-based platforms to dynamically accommodate
evolving algorithmic demands.

Scalable Cross-Layer Deployment

Beyond architectural adaptability, effective deployment of NMC requires
scaling across multiple compute nodes and layers of the system stack. Domain-
specific and lightweight NMC cores align well with applications such as
sensor fusion, robotics, wearable healthcare, and augmented reality, where
real-time and distributed processing near the sensor faces stringent power,
area, and latency constraints. To reach their full potential in such scenarios,
architectures need to be supported by mechanisms for coherent multi-node
operation, efficient orchestration of on-chip and off-chip data movement, and
standardized software ecosystems that expose these hardware capabilities to
higher layers of the stack. Addressing these system-level integration challenges
is crucial for transforming NMC from a promising architectural concept into a
scalable, interoperable, and widely deployable edge AI computing fabric.
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