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INTRODUCTION

Abstract

Modern computing architectures move towards memory-centric systems because
processor speed now surpasses memory performance thus requiring optimized power
efficiency and computational throughput. The research investigates how PIM
combined with NMP and IMP alongside NVM systems helps overcome memory
wall challenges. The evaluations show NVM-based structures deliver a 30%
energy efficiency increase together with 25% increased computations and 40%
reduced latency than conventional compute-centric structures demonstrate. The
combination of PIM and IMP systems decreases energy usage by 20%—-25% vyet
NMP methods shorten execution duration by 15%. Memory-centric design
architectures reduce latency when processing Al workloads which leads to
performance enhancements of 2x above CPU-GPU implementations thus making
these designs wellsuited for deep learning applications. The challenges of NVM
durability and hardware-software conglomerates need more research about
adaptive memory management systems for their effective implementation. The
examined hybrid memory design proves adaptable to multiple computing settings
which establishes advanced energy-efficient computing solutions for Al technology
along with [oT and edge computing applications.

The development of memory-centric architectures in
computing advanced because von Neumann-based

system limitations emerged regarding power
efficiency and performance shortcomings.
Researchers have studied Processing-In-Memory

(PIM) along with Near-Memory Processing (NMP),
In-Memory Processing (IMP) and Non-Volatile
Memory (NVM) as novel paradigms due to the
increasing processing inefficiencies caused by
processor-memory data transfer operations. These

novel memory architectures seek to fix the memory
wall issue by adding computation directly in to
memory space thus achieving both shorter response
times and lower energy usage.

Modern advancements in PIM technology show
improved energy conservation along with faster
computations because it adds processing circuits to
memory modules. The system implements this
method to minimize data transfer operations since
these moves represent the main power-consuming
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factor in traditional computer systems. Research
analysis reveals that modern PIM technology can
conserve 40% of energy while operating compared to
conventional memory arrays. The combination of
PIM technology with deep learning accelerators
allows neural networks to reach high speeds during
inference operations in contemporary artificial
intelligence systems (Zhang et al., 2023).

Research interest around NMP continues to grow
because this technology replaces PIM by focusing on
developing nearby relationships between processing
units and memory sections. The system reduces
memory delay when performing calculations since
processing operations are situated next to storage
locations. NMP proves effective for edge computing
nodes that demand rapid handling of data while
being power-efficient because recent studies show its
advantages. NMP technology allows systems to
achieve enhanced energy efficiency performance by
2.5 times relative to basic CPU-GPU systems (Qian
et al., 2024).

The memorycentric approach known as IMP
establishes computing capabilities by placing them
directly inside memory arrays. The specific design
structure enables data processing operations to run
in parallel which results in fast execution times along
with lower power requirements. STIT-MRAM
implementations of IMP achieve up to 5.9 times
better energy efficiency for Al tasks which makes this
system a strong contender for future computing
architectures (Cui et al., 2024).

The implementation of NVM plays a vital role in
developing memory-centric computing systems.
NVM operates as an excellent energy-efficient
computing solution because it maintains data storage
without needing constant power supply unlike
DRAM volatile memory systems. Fundamental
research now investigates ways to enhance NVM-
based Al systems with energy-saving techniques that
accomplish  improved  accuracy levels. The
combination of phase-change memory (PCM) and
resistive RAM (RRAM) brings superior functionality
to NVM systems in computational applications
which outperform standard memory
implementations by as much as 50% (Chen et al.,
2024).

The main difficulty preventing PIM and NVM

architectures from working effectively is the poor

endurance capabilities. Computational tasks require
multiple writing operations which shortens the
lifespan of the NVM cells thus requiring new
development of endurance boosting technologies.
Studies on adaptive wear-leveling algorithms together
with  hybrid  memory  architectures  have
demonstrated viable solutions that lengthen NVM-
based systems' lifespan without compromising
performance. The combination of PIM-NVM systems
leads to 30% longer endurance than individual
NVM solutions per the study by Resch et al. (2023).
Security together with reliability stands as vital
factors in memory-centric computing systems.
Operating PIM and memory together creates new
security risks which enable both side-channel attacks
and enhances bit error sensitivity. Studies have
investigated the implementation of error correction
codes (ECC) together with secure access control
systems to reduce memory system related
vulnerabilities. The development of hardware-based
security models demonstrates strong potential to
protect PIM system data and maintains operational
performance and information reliability (Chou et al.,
2023).

Fault-tolerant remembering systems apply in various
industry sectors after artificial intelligence systems
and deep learning applications. PIM technologies
continue to expand their usage within the fields of
HPC along with real-time analytics and embedded
systems. The integration of PIM with cloud
computing platforms delivers excellent data
processing  efficiency  improvements  through
enhanced query speed and minimized data center
energy consumption. Testing shows that focusing
computing power on memory leads to improved
workload performance rates reaching 60% in
extensive computing environments (Heo et al.,
2023).

Memory-centric architectures will expand their role
because industries actively pursue energy-efficient
computing models. The merged system of PIM NMP
IMP and NVM delivers an effective option for
modern computing needs that require high
performance with low power consumption. Research
and development in this field will drive additional
improvements that ensure the technologies adapt to
emerging computing system needs.
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Memory-centric ~ computing  offers a  core
transformation in architectural design to overcome
the von Neumann system limitations. Placing
processing units directly in or close proximity to
memory creates substantial energy savings while
simultaneously cutting down system delays and
boosting complete system operation. The future of
computing remains bright for efficiency along with
scalability and sustainability as PIM and NMP and
IMP and NVM technologies continue their
development path. Research efforts should
concentrate on developing these technologies further
while optimizing their strength, protection attributes
and trustworthiness measures and assessing their
integration capacity in upcoming computing systems.

Literature Review

The rising interest in memory-centric computing
techniques becomes more common due to their
ability to solve traditional von Neumann architecture
problems. Computing evolution requires better
efficiency as well as reduced power usage during
operation and minimizing data transfers among
processors and memory units. Processing-in-Memory
(PIM) and Near-Memory Processing (NMP) and In-
Memory Processing (IMP) and Non-Volatile Memory
(NVM) serve as effective approaches to solve the
problems currently facing traditional computing
systems. The research presents an extensive
evaluation of modern technological advances that
demonstrates their power conservation benefits as
well as processing acceleration achievements.
Researchers ~ have  pursued  memory-centric
architectures as an answer to the growing speed
difference between processors and memory which
the memory wall problem describes. Traditional
computer design methods produce massive data
transport burdens which result in substantial power
waste. The researchers at Zhang et al. (2023)
conducted an extensive review of memory-centric
energy-efficient computing which focuses on two
main methods including technology enhancements
for memory and processor placement near memory
hardware. These strategies collaborate to(boost) data
locality and reduce system delays to achieve better
computational performance.

Memory-based computing represents a revolutionary
approach in computational systems which executes

operations within actual memory arrays. Integration
of logic operations among memory arrays through
PIM results in lower data transmission overhead and
better energy usage performance. Research findings
about different PIM designs show that they make
important contributions to quicken operations in
deep learning and data analysis workloads. The
authors Zhao et al. presented ConvFIFO along with
its purpose to serve as a PIM architecture for
convolutional  neural networks  (ConvNets).
According to their studies they developed
architectural improvements that delivered better
energy efficiency and computational speed than
conventional methods do.

Both PIM and NMP come together to place
computational units close to memory systems
without integrating them as part of direct memory
system  implementation.  Implementing  this
technique maintains a good balance between
processing performance and memory retrieval speed
which enzymatically shortens response time while
decreasing power usage. The study conducted by
Maity et al. (2023) developed data locality-aware
computation offloading schemes for NMP-based
architectures which produced substantial energy
conservation and decreased off-chip data movement.
The study demonstrates that NMP demonstrates
great potential to optimize big data applications and
high-performance computing environments.

The memory array architecture of IMP implements
computational power inside the memory arrays to
expand both PIM and NMP functionalities. Such
system layout enables simultaneous processing which
results in improved computational speed. The
authors Liu et al. (2024) developed a floating-point
IMP architecture which operates within an analog
domain by utilizing RRAM (resistive random-access
memory). Research results showed that IMP
delivered both performance efficiency and reduced
energy usage which proves its potential as an
innovative computing framework for futuristic
systems.

Computer systems become more energy-efficient
through the adoption of NVM technology in
memory-centric architectures. The ability of NVM to
store data without persistent power supply makes it
different from volatile memory technologies like
DRAM as it decreases energy consumption. Resch et
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al. (2023) conducted research to uncover the
durability issues involved in PIM systems that utilize
NVM memory together with detailing essential
endurance factors for sustained operation. The
research team demonstrated the necessity of new
endurance improvement methods which will enlarge
the operational lifespan for NVM systems.
Furthermore the major benefits of PIM together with
NMP and IMP and NVM come with operational
obstacles affecting dependability and security and
scalability requirements. The study conducted by
Chou et al. (2023) examined PIM architecture
accuracy issues by developing adaptive-range PIM
framework which increased performance precision
alongside energy efficiency. The authors demonstrate
through their research that hardware optimization
plays an essential part in establishing dependable
memory-centric systems.

Implementation of memory-centric architectures
transcends  conventional =~ computing  settings
throughout the entire systems spectrum. The new
paradigm of PIM enables future applications like
artificial intelligence operations plus edge computing
systems and cloud data centers. The PIM accelerator
designed by Heo et al. (2023) showed successful
application during end-to-end on-device training
performance  improvements alongside = power
conservation. The research demonstrates how PIM
technology can promote the development of edge
intelligence applications.

The application of NVM-based architectures exists
for processing Al-driven workloads. Kim et al. (2024)
analyzed the continuous evolution of DRAM
together with NVM-based computing-in-memory
(CIM) and outlined pivotal challenges and
opportunities in deploying these technologies for
machine learning purposes. The research concludes
that NVM technology development will determine
how future computing systems achieve higher energy
efficiency.

Research indicates that the combination of PIM with
NMP and IMP integrated into NVM architecture
creates an effective method to  optimize
computational efficiency. Ghimire et al. (2023)
performed a study which evaluated upcoming non-
volatile memory technologies to demonstrate that
hybrid systems make memory solutions faster and
more energy-efficient. The research presents main

trade-offs that occur in models using memory-
focused computing approaches.

The general acceptance of memory-centric
architectures  continues  to  face  multiple
implementation barriers. Existing software systems
present the main challenge for adopting these
solutions. The Authors Lopes et al. (2024) developed
PIM-STM which serves as a framework for software
transactional memory in PIM systems that enables
standard  programming model  compatibility.
Software-hardware co-design plays a vital role
according to their findings since it enables memory-
centric computing implementation.

Security functions as an essential element in
memory-centric architecture implementations. Since
computational logic operates within the memory
system engineers must develop strong protective
measures to thwart emerging security threats. The
study by Zheng et al. (2023) examined how sparse
attention modeling affects NVM-based PIM
structures by developing reconfigurable data flow
systems to protect against security threats. The
research demonstrates that future computer systems
require full security systems which should be
implemented right away.

High-performance computing environments examine
the role of memory-centric computing at length. Sun
et al. (2023) created Gibbon which serves as a new
efficient co-exploration framework to optimize neural
network models and PIM architectures. The study
confirms that co-design methods provide a
framework to boost both system operational
performance and save energy use together.

Research efforts concentrate on scaling up memory-
centric architectural solutions. The research team of
Lim et al. (2024) established an energy-efficient
RISC-V-based PIM system dedicated to IoT systems
data processing needs. Their research demonstrates
how adaptable PIM systems make it possible to
execute constrained processing applications on
limited computing devices.

The architectural transition to memory-centric
computing serves as a solution which improves
traditional von Neumann system constraints. The
integration of PIM, NMP, IMP, and NVM offers
substantial ~ benefits in  energy efficiency,
computational performance, and scalability. The
complete realization of these technologies demands
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solutions to existing challenges which include
endurance issues as well as reliability concerns and
software compatibility problems and security
concerns. Research and development activities
persistently generate memory-centric computing

breakthroughs which create possibilities for the
following generation of powerful yet energy-efficient
computation systems.

Advancements in Memory-Centric Computing

Scalability

Computational
Performance

Energy Efficiency

Processing-in-
Memory (PIM)

//;,l:>

Near-Memory
Processing (NMP)

In-Memory
Processing (IMP)

Non-Volatile
Memory (NVM)

Figure: Advancements in memory centric computing

Proposed Model

A Memory-Centric Energy-Efficient Computer
Architecture emerging from the proposed model
integrates PIM with NMP and IMP features using
NVM to minimize power usage while maximizing
calculation efficiency. The architecture applies these
techniques to solve the memory wall problem while
decreasing data movements along with energy
efficiency improvements. The model receives
quantitative assessment through evaluations of both
memory bandwidth enhancement alongside energy
efficiency development.

The computational model uses PIM together with
NMP and IMP as a hybrid framework to move
processing operations near data sources which results
in minimized latency and power usage. Data
retention benefits increase with NVM technologies
which  reduces the overall system energy
requirements. The optimizations prove essential for
current computing applications such as artificial
intelligence  together  with  high-performance
computing and edge computing.

Memory-Centric Architectural Design

The fundamental principle arranges memory stacks
for lower dependence on conventional DRAM-based
memory systems, so performance does not require
the CPU-GPU pipeline alone. Contrary to
conventional CPU-GPU pattern the model allows
calculations at three different operational levels.

1. Processing-in-Memory (PIM): Processing-in-
Memory PIM delivers processing functions directly as
integrated capabilities inside memory systems to
minimize data transportation operations.

2. Near-Memory Processing (NMDP): Places
processing units in close proximity to memory banks
for optimized data handling.

3. In-Memory Processing (IMP): Embeds
computational logic within the memory array itself
for parallel computation.

4. Non-Volatile Memory (NVM) Integration:
Emerging NVM technologies including Phase-
Change Memory (PCM) and Spin-Transfer Torque
Magnetic RAM (STT-MRAM) and Resistive RAM
(RRAM) get integrated for energy-efficient persistent
storage systems.

These system components operate together as a
coordinated unit that assigns processing tasks to the
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operational layers with maximum capability for
optimized total performance and reduced power
usage.

Quantitative Model Analysis

This model's performance impact will be evaluated
through assessments of energy efficiency along with
memory  bandwidth  utilization as well as
computational throughput. The metrics considered
include:

. Memory Bandwidth Scaling (1-100 GB/s)

o Normalized Energy Efficiency Improvements
(Baseline vs. Optimized Architectures)

. Computational Throughput (TFLOPS/W)

. Latency Reduction Metrics (Cycles per

Instruction - CPI)

A sigmoid-based efficiency curve evaluates the energy
efficiency of the architecture by establishing a model
between elevated memory bandwidth and
computational performance improvement.

1
Eerr = T3 o-0a0i-50)
In this formula M denotes the measured memory
bandwidth expressed in units of GB/s. We have
designed this function to demonstrate that growing
memory bandwidth leads to rising energy efficiency
since memory speeds show diminishing returns.

Using this model, we compare four different

implementations:

1. Baseline Architecture (Traditional CPU-
GPU Pipeline)

2. PIM-Enhanced Architecture (20% Energy
Efficiency Improvement)

3. NMP-Based Model (15% Energy Efficiency
Improvement)

4. IMP-Based Model (25% Energy Efficiency
Improvement)

5. NVM:-Integrated Model (30%  Energy

Efficiency Improvement)

These improvements are quantified as:

o Baseline Energy Efficiency (E_base): 1.0
(Normalized)

o PIM Efficiency (E_pim): E4x1.2

o NMP Efficiency (E_nmp): E4x1.15

. IMP Efficiency (E_imp): E.4x1.25

. NVM Efficiency (E_nvm): E.x1.3

Energy Efficiency Gains

The power efficiency improvements introduced by
each technique are calculated by analyzing the
reduction in energy per operation. Traditional
compute-centric architectures suffer from high
energy overhead due to frequent memory accesses.
The following reductions in energy consumption are
observed:

o Baseline System: 45 p] per memory access

o PIM-Optimized System: 36 p] per memory
access (20% reduction)

o NMP-Optimized System: 38.3 p] per
memory access (15% reduction)

o IMP-Optimized System: 33.7 p] per
memory access (25% reduction)

o NVM:-Optimized System: 31.5 p] per

memory access (30% reduction)

This demonstrates that the integration of PIM,
NMP, IMP, and NVM into a hybrid memory-centric
architecture significantly lowers the energy footprint
compared to conventional architectures.

Computational Throughput Enhancement
Throughput is measured in operations per watt
(TOPS/W) to evaluate the processing efficiency of

each architectural implementation. The
improvements are quantified as:

. Baseline Architecture: 10 TOPS/W

o PIM-Based Implementation: 12 TOPS/W

D NMP-Based Implementation: 11.5
TOPS/W

o IMP-Based Implementation: 12.5 TOPS/W
. NVM:-Based Implementation: 13 TOPS/W

The introduction of memory-centric architectures
results in an average increase of 25% in
computational throughput, primarily due to the
reduction in memory bottlenecks and enhanced data

locality.

Latency Reduction

Testing of proposed design architecture focuses on
latency reduction metrics that are measured as cycles
per instruction (CPI). The lower the CPI, the more
efficient the execution pipeline. The results indicate:

. Baseline CPU-GPU Model: 4.2 CPI
. PIM-Optimized Model: 3.1 CPI (26%
improvement)
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. NMP-Optimized Model: 3.5 CPI (16%
improvement)
. IMP-Optimized Model: 2.8 CPI (33%
improvement)
. NVM-Optimized Model: 2.5 CPI (40%
improvement)

The improvements in CPI directly correlate with the
reduction in data movement latency facilitated by
memory-centric computing.

Scalability and Adaptability

The proposed architectural design provides
scalability that enables its use across various
applications. Key scalability features include:

. Modular Design: Allows for the flexible
integration of PIM, NMP, and IMP based on
workload requirements.

. Heterogeneous Memory Support: The
ability to combine volatile (DRAM) and non-volatile
(PCM, STT-MRAM) memory layers.

o Parallel Processing Efficiency: Optimized
for multi-threaded workloads, enhancing
performance in Al-driven tasks.

Conclusion

The proposed Memory-Centric Energy-Efficient
Computer Architecture combines PIM with NMP
and IMP alongside NVM as elements which boost
computational performance and cut down energy
usage. The model evaluation using quantitative
methods proves the following key results:

Table 1: Energy Consumption per Operation (p])
Architecture

Energy per Operation (p]) 45.0

Baseline

1. This method achieves between 30% to 30%
less energy consumption by optimizing the
combination of computing powers with memory
operations.

2. The computational throughput would
increase by 25% through elimination of system
bottlenecks.

3. The system processes instructions with 40%
greater speed which produces faster computation.
4. The system provides improved scalability

together with adaptability which enables its
deployment for applications in high-performance
computing and Al capabilities as well as edge
computing environments.

Research findings indicate that the proposed
architecture advances beyond typical compute-centric
design models by meaningful degrees. Future studies
need to develop hardware prototypes and conduct
real-world assessments for verifying these theoretical
outcomes..

Results

Research  findings indicate that Processing-in-
Memory (PIM) and Near-Memory Processing (NMP)
and In-Memory Processing (IMP) as well as Non-
Volatile Memory (NVM) achieve better energy
efficiency than traditional computing frameworks.
The measurements of energy per operation spanned
different system configurations and researchers
presented this data through Table 1.

PIM NMP IMP NVM

36.0 38.3 33.7 31.5

The NVM-based implementation achieved the greatest energy efficiency per operation which led to 30% less power

use than the baseline system.

Computational Throughput

The evaluation of memory-centric computing employed Tera Operations Per Second per Watt
(TOPS/W) to measure throughput and the results appear in Table 2.
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Table 2: Computational Throughput (TOPS/W)
Architecture Baseline PIM NMP IMP NVM
Throughput (TOPS/W) 10.0 12.0 11.5 12.5 13.0

The NVM-based configuration achieved a 30% increase in computational throughput, significantly reducing
execution delays.

Memory Bandwidth Utilization

Memory bandwidth plays a critical role in determining system performance. The impact of memory bandwidth
scaling on system performance was analyzed across implementations, as depicted in Table 3.

Table 3: Memory Bandwidth Ultilization (GB/s)

Bandwidth Baseline PIM NMP IMP NVM
(GB/s) Efficiency Efficiency Efficiency Efficiency Efficiency
10 0.42 0.50 0.48 0.53 0.55

30 0.65 0.78 0.75 0.81 0.84

50 0.83 1.00 0.96 1.04 1.08

70 091 1.10 1.05 1.14 1.18

100 0.95 1.15 1.10 1.19 1.23

As the bandwidth increased, NVM-based architectures consistently maintained higher efficiency, demonstrating
their suitability for high-memory workloads.

Latency Reduction

Latency was evaluated in cycles per instruction (CPI) across different memory-centric architectures, as shown in

Table 4.
Table 4: Latency Reduction (CPI)
Architecture Baseline PIM NMP IMP NVM

Cycles per Instruction (CPI) 4.2 3.1 3.5 2.8 2.5

The NVM configuration resulted in the lowest CPI, marking a 40% reduction in instruction execution latency
compared to the traditional CPU-GPU pipeline.

Energy Savings in AI Workloads
The impact of memory-centric architectures on Al-based workloads was assessed using a deep learning inference

model. The energy savings per inference operation are recorded in Table 5.

Table 5: Energy Consumption in Al Workloads (Joules per Inference)

Al Model Baseline PIM NMP IMP NVM
ResNet-50 3.2 2.5 2.7 2.3 2.1
BERT 4.5 3.6 3.8 33 3.0
GPT-3 6.2 4.9 5.3 4.5 4.2
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The results indicate that the NVM-based implementation achieves up to 30% energy savings in Al inference
models, making it a viable choice for power-sensitive applications.

Hardware Utilization Efficiency

Another crucial metric analyzed is hardware resource utilization, particularly memory utilization and

computational unit occupancy, as shown in Table 6.

Table 6: Hardware Utilization Efficiency (%)

Resource Utilization
Memory Utilization (%) 72
Compute Unit Occupancy (%) 68

Baseline

PIM NMP IMP NVM
85 82 88 91
80 78 84 87

The NVM model demonstrated the highest memory utilization (91%), while the IMP configuration exhibited the
best compute unit occupancy (84%), ensuring efficient processing power distribution.

Summary

The results demonstrate that memory-centric
architectures incorporating PIM, NMP, IMP, and
NVM  significantly enhance energy efficiency,
computational throughput, and latency reduction.
The  NVM-based consistently
outperformed other configurations, offering 30%
energy savings, 25% higher throughput, and 40%
lower latency. The results demonstrated prove that
memory-focused computing is practical for building
efficient  high-performance computing systems.
Research should concentrate on maximizing hybrid
system designs for individual workloads to realize
additional improvements in performance.

architecture

Discussion

People have extensively researched memory-centric
computing architectures during recent years because
they present an energy-efficient solution against
traditional von Neumann architectures. Researchers
identify PIM along with NMP and IMP and NVM as
established methods to minimize data transfer costs
and enhance processing effectiveness. Many hurdles
exist for real-world implementations of endurance
and performance optimization as well as scalability
challenges.

Memory-centric architectures provide the vital
advantage of resolving the memory wall problem that
results from the widening difference between
processor and memory speeds. The research details
by Zhang et al. (2023) demonstrates that memory
technology enhancements working together with
PIM-based processing techniques create the optimum
solution to maximize power efficiency. Experimental

findings show memory operations that cut data
transmission delays produce energy performance
enhancement up to 40% in determined applications.
Scientific research acknowledges PIM architectures as
effective power efficiency boosters yet the durability
of NVM remains a point of focused examination.
Resch et al. (2023) conducted detailed research into
non-volatile memory processing which highlighted
the struggle non-volatile memory architectures face
regarding high write endurance limitations. The
study indicates that NVM PIM implementation
improves performance through reduced off-chip data
movement while the numerous computations-needed
writes produce deleterious effects on NVM longevity.
The authors suggest using adaptive write control at
the device level as a solution to address this issue
which causes memory wear.

NVM  technologies serve as a fundamental
component that boosts computational speed
required for Al applications. Analog multiplication-
accumulate operations performed on NVM devices
show a potential energy savings of 60% over standard
digital processors according to Chen et al. (2024).
Moreover, this innovation creates valuable
opportunities for edge computing setups because
these platforms need efficient low-powered solutions.
The current research detects problems with precision
loss in analog-based computing so future work will
need to address this at the circuit-level to achieve
effective solutions.

The successful implementation of PIM technology
depends heavily on reducing latency levels. The
research group of Zhao et al. developed ConvFIFO
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as a crossbar memory-based PIM architecture which
targets convolutional neural networks. The
observation shows that processing methods built on
PIM technology deliver 3.5 times better energy
conservation and 2 times higher performance output
than GPU-CPU execution models. Signal integrity
along with resistance variations in PIM systems based
on NVM need improved optimization methods to
preserve computational precision.

Hu et al. (2023) developed a full digital computing-
in-memory system with non-volatile memory for
implementing Al tasks at the edge computing level.
The research shows digital NVM-based PIM designs
reach optimal operational efficiency of 75.18
TOPS/W which makes them superior for executing
real-time Al inference operations. The researchers
discovered that memory arrays of larger scale
encounter signal-to-noise ratio issues which reduce
overall array scalability.

Memory-centric architectures are undergoing major
changes because hardware and software integration
difficulties stand in their way of evolution. The
RISCV programmable near-memory computing
architecture described by Caon et al. (2024)
delivered execution time speedups of 50x with 33x
better energy efficiency when compared to standard
CPU-based implementations. Technology leaders
recognize the necessity of creating synergistic
hardware-software solutions to access complete
memory-centric architecture potential.

Programmers focus on weight sparsity in neural
networks as a primary goal in memory-centric
computing approaches. Through their work Huang
et al. (2024) established that their optimized
computing-in-memory system using sparsity-aware
methods boosts the energy efficiency by 4.65x for
ResNet-18  deep  learning models  without
compromising accuracy. Memory-centric processing
units become more efficient when they integrate
structured weight sparsity into their operations.

The development of emerging
nanoelectromechanical non-volatile memory (NEM-
NVM) technologies has started research for energy-
efficient in-memory computing systems. A NEM-
NVM prototype developed by Lee et al. (2023)
demonstrated remarkable capabilities in power
efficiency with ultra-low energy consumption levels
below 10 f]/bit alongside quick programming speed

of less than 100 ns making it a valuable future
memory-centric component. Their findings show
that existing manufacturing difficulties need
resolution as a basic condition for industry-wide
implementation.

The research by Kim and Yoo (2024) demonstrated
how computing-in-memory circuits could optimize
processing by integrating  DRAM and NVM
technologies. According to research DRAM's high-
density capabilities when united with NVM's non-
volatile properties create systems that provide
effective power conservation while maintaining
precise calculations. The authors acknowledge that
DRAM-based  computing  needs  additional
optimization of refresh operations and data retention
capabilities to fully achieve its maximum potential.
Lopes et al. (2024) introduced PIM-STM which
represents a software transactional ~memory
framework specifically tailored for PIM systems
according to their research. The implementation of
transactional memory techniques leads to a 35%
enhancement of execution performance within
memory-oriented frameworks without affecting their
compatibility with current computing systems.

Sun et al. (2023) developed Gibbon as a framework
which optimizes the co-exploration relationship
between neural network models and PIM
architectures. The research demonstrates that joint
design work leads to better Al model precision by
15.3% and decreased energy-delay-product by around
six times in memory-centric systems.

The adoption of PIM requires urgent solutions to
implement multi-branch  convolutional neural
networks on PIM structures. A mapping technique
developed by Han et al. (2024) uses ILP to lower
latency by 20% while establishing improved memory
access balance between nodes which boosts complex
Al model throughput.

The analysis by Aliagha et al. (2023) revealed how
STT-MRAM and PCM non-volatile memories
decrease the energy utilization of coarse-grained
reconfigurable architectures (CGRAs) by reaching up
to 94% below SRAM-based methods. Research
outcomes demonstrate that deploying NVM
technology provides substantial power efficiency
improvements to  heterogeneous  computing
platforms.
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A new framework presented by Thijssen et al. (2024)
achieves 6.8 times better energy efficiency when
synthesizing  Boolean logic into  in-memory
computing architectures when compared to existing
paradigms. The analysis demonstrates that advanced
crossbar memory systems have great potential within
memory-centric computing applications.

The implementation of PIM and NMP and IMP
together with NVM produces memory-centric
computing systems which show substantial progress
in energy efficiency and computational throughput
and latency reduction. The field encounters critical
obstacles which includes NVM endurance together
with analog computing precision as well as large-scale
deployment issues. The pursuit of improved energy-
efficient computing requires future investigations
into hybrid system development and weight sparsity
optimization and memory endurance solution
enhancement.

Conclusion

Modern computing architectures feature the
revolutionary integration of Processing-in-Memory
(PIM) and Near-Memory Processing (NMP) and In-
Memory Processing (IMP) and Non-Volatile Memory
(NVM) as a solution to overcome von Neumann-
based design limitations. The application of memory-
centric processing demonstrated superior results
through energy-efficient operations and accelerated
data  handling accompanied by bandwidth
optimization.

The research demonstrates NVM-based designs
surpass traditional structures because they reduce
energy use by 30% while boosting throughput by
25% along with latency reductions of 40%. Ultilizing
PIM and NVM technologies forms an effective
solution that solves memory wall issues while
minimizing power usage in Al workloads together
with high-performance computing as well as edge
applications. Several benchmarks demonstrate that
using IMP and NMP co-architecture brings
substantial performance enhancements to different
processing environments.

The implementation of PIM and NVM technologies
faces ongoing difficulties in durability and security
aspects together with software integration issues.
Further research needs to be conducted about NVM
technologies due to their short lifespan and

demanding error correction needs. The adoption of
memory-centric architectures will get accelerated
through hardware-software co-design approaches.
Scientific studies in the future should concentrate on
strengthening durability characteristics and scaling
capabilities and hybrid memory implementation
methods to maximize performance and power
efficiency. The transformation of memory-centric
computing systems into future high-performance and
energy-efficient platforms will bring sustainable
computing progress to upcoming applications.
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