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Abstract—The rapid advancement of Deep Neural Networks
(DNNSs) has posed significant challenges in computational ef-
ficiency, memory access, and energy consumption. This paper
explores efficient hardware architectures tailored for DNN accel-
eration, focusing on their integration within modern computer
architecture. Specialised hardware accelerators such as FPGAs
and ASICs are analysed for their role in optimising parallelism,
dataflow, and memory hierarchy. Architectural techniques such
as systolic arrays, tensor processing units, and processing-in-
memory (PIM) are evaluated for their impact on performance
and power efficiency. Furthermore, memory bandwidth con-
straints and cache optimisations are discussed in relation to
their influence on instruction-level and thread-level parallelism.
Experimental comparisons highlight how architectural enhance-
ments, including sparsity-aware computations and approximate
computing, contribute to high-throughput, low-power Al pro-
cessing. Future research directions include the convergence of
neuromorphic computing and emerging memory technologies to
further enhance efficiency in Al-driven architectures. This paper
provides valuable insights into the intersection of deep learning
acceleration and modern computer architecture design.

Index Terms—Deep Neural Networks (DNNs), Hardware Ac-
celeration, Parallel Computing, ASIC.

|. INTRODUCTION

Deep Neural Networks (DNNs) demand high computational
power, making traditional processors inefficient for large-scale
Al workloads. Specialised hardware architectures, such as
FPGAs, ASICs, and GPUs, optimise dataflow, parallelism, and
memory access for improved efficiency. This paper explores
how architectural enhancements in accelerators address per-
formance bottlenecks in DNN execution.

A. Architectural Optimisations in DNN Accelerators

DNN accelerators leverage specialised architectures to en-
hance computational efficiency and minimise memory bot-
tlenecks. Systolic arrays, tensor cores, and vector processing
units enable high-throughput execution of matrix operations,
the backbone of deep learning. Custom dataflow architectures
optimise parallelism, reducing execution latency. Efficient
on-chip caching and memory tiling strategies improve data
locality, minimising costly external memory accesses. These
optimisations collectively enhance performance, scalability,
and energy efficiency in deep learning accelerators.
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B. Memory Hierarchy and Dataflow Optimisation for DNNs

Efficient memory management is crucial for accelerating
DNN:s, as frequent data movement creates performance bottle-
necks. Hierarchical caching, weight reuse, and activation com-
pression minimise external memory access, improving com-
putational efficiency. Processing-in-memory (PIM) and near-
memory computing reduce data transfer latency by performing
computations closer to the data. Advanced memory technolo-
gies like HBM (High Bandwidth Memory) and non-volatile
memory (NVM) enhance bandwidth and energy efficiency.
These optimisations ensure seamless dataflow, maximising
throughput in deep learning accelerators.

Il. LITERATURE REVIEW

The efficient design of hardware accelerators plays a crucial
role in improving the computational performance of deep
neural networks (DNNSs). Various architectural enhancements,
such as systolic arrays and tensor processing units (TPUS),
have been explored to optimise matrix multiplications, the core
operation in DNN workloads [1]. Custom dataflow architec-
tures have been introduced to improve parallelism, reducing
execution time and energy consumption [2]. Hardware accel-
eration using FPGA-based implementations has been studied
to provide flexibility in deep learning applications while en-
suring high efficiency [3]. These advancements demonstrate
the importance of optimising computer architecture to meet
the increasing demands of deep learning workloads.

Memory hierarchy and dataflow optimisations are critical
in reducing the latency and power consumption of DNN
accelerators. Efficient caching mechanisms, such as hierarchi-
cal caching and tiling strategies, help improve data locality
and minimise external memory accesses [4]. Processing-in-
memory (PIM) architectures have been proposed to reduce
data transfer overhead by performing computations directly
within memory units [5]. High-bandwidth memory (HBM)
and non-volatile memory (NVM) solutions have also been
explored to enhance data transfer efficiency in Al accelerators
[6]. These memory optimisations significantly impact the
overall performance of deep learning models, enabling faster
and more energy-efficient processing.

Reconfigurable computing and hardware-software co-design
approaches have been extensively researched to enhance DNN
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performance. FPGA-based deep learning accelerators provide
customisability and efficiency for Al workloads, allowing for
optimised processing pipelines [7]. The integration of domain-
specific architectures, such as those using custom RISC-V
extensions, has been explored to improve energy efficiency
and computational throughput [8]. Co-optimisation of software
algorithms and hardware designs has been shown to further en-
hance the adaptability of neural network accelerators, making
them suitable for edge Al and real-time inference applications
[9].

Emerging trends in DNN accelerators focus on novel com-
puting paradigms, such as in-memory and analog computing,
to further improve performance and efficiency. The use of
resistive RAM (ReRAM) and phase-change memory (PCM)
for neuromorphic computing has been studied to enable high-
speed, low-power execution of Al workloads [10]. The ISAAC
architecture, leveraging in-situ analog arithmetic in crossbars,
has been proposed to achieve high computational density with
reduced energy consumption [11]. Additionally, the adoption
of near-memory computing techniques has shown potential in
overcoming memory bandwidth limitations in Al accelerators
[12]. These advancements continue to shape the future of
efficient hardware architectures for deep learning.

Recent advancements in energy-efficient deep learning ac-
celerators have explored novel memory architectures and
approximation techniques to minimise power consumption.
The EDEN framework introduces approximate DRAM, which
reduces energy usage by 31% while maintaining inference
accuracy, demonstrating the impact of controlled precision
degradation in memory operations [13]. Similarly, research
on approximate computing-based accelerators has shown that
mapping DNN weights to low-power computing units can
achieve over 2x energy efficiency at the Multiply-Accumulate
(MAC) level without compromising model performance [14].
Additionally, emerging ferroelectric tunnel junctions (FTJs)
have been explored for efficient synaptic weight storage,
achieving 93% accuracy on the MNIST dataset, proving their
potential for low-power Al applications [15]. These studies
reinforce the need for hardware-aware energy optimisations in
next-generation deep learning accelerators, ensuring scalabil-
ity, efficiency, and high-performance Al computing.

Ill. POWER AND ENERGY EFFICIENCY IN DEEP LEARNING
ACCELERATORS

Power efficiency in deep learning accelerators is improved
by reducing redundant computations and minimising mem-
ory access overhead. Dynamic voltage and frequency scaling
(DVFS) adjusts power consumption based on workload inten-
sity. Neural network pruning removes unnecessary neurons and
connections, lowering computational demands. Processing-
in-memory (PIM) reduces data movement by performing
computations within memory. Non-volatile memory (NVM)
like ReRAM and PCM decreases energy usage by reducing
memory refresh cycles.
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A. Systolic Architecture

Systolic arrays optimise matrix multiplications by enabling
data to flow through a structured grid of processing el-
ements (PEs). This reduces memory access overhead and
improves throughput, making them ideal for DNN accelera-
tion. Hardware like Google’s TPU efficiently utilises systolic
architectures for high-performance computation. By reusing
weights and activations, systolic arrays achieve superior energy
efficiency. Their structured data flow significantly reduces
computational latency in deep learning workloads. Moreover,
their parallel processing capability enhances scalability for
large-scale neural networks. This makes systolic arrays a fun-
damental component in modern Al hardware design, ensuring
optimal performance.

Fig. 1 illustrates the structure of a systolic array, showcasing
the arrangement of processing elements (PEs) and the data
flow between them.
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Fig. 1. Grid of PEs for efficient matrix operations.

B. Processing-in-Memory

PIM reduces the von Neumann bottleneck by integrating
computation directly within memory cells, minimising data
movement. This approach accelerates DNN operations, par-
ticularly matrix-vector multiplications, by leveraging ReRAM
and DRAM-based processing. PIM-based architectures, such
as Samsung’s Al DRAM, drastically enhance energy effi-
ciency. By performing computations closer to data storage,
PIM improves bandwidth utilisation. This makes it highly
suitable for edge Al applications requiring low-power deep
learning acceleration.

The Fig.2 depicts the concept of Processing-in-Memory,
highlighting how computation is performed directly within
memory modules to reduce data movement and improve
efficiency.
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Fig. 2. Computation within memory to reduce data movement.

C. Near-Memory Computing for Low-Latency Neural Net-
works

Near-memory computing places compute units adjacent to
memory banks, reducing memory latency for DNN workloads.
This approach enhances data locality, improving real-time
processing in Al accelerators like NVIDIA’s Grace CPU.
By reducing data transfer overhead, NMC increases memory
bandwidth efficiency. It enables high-performance inference
for applications like autonomous systems and real-time com-
puter vision. NMC optimisations make deep learning hardware
more power-efficient and scalable for future Al architectures.
The Fig.3 provides an overview of Near-Memory Com-
puting Profiling and Offloading, illustrating the integration
of processing units close to memory to reduce latency and
enhance performance.

Fig. 3. Compute units placed near memory for low latency.

IV. DESIGN AND OPTIMIZATION OF ENERGY-EFFICIENT
DNN ACCELERATORS

Energy-efficient DNN accelerators are crucial for handling
the high computational demands of deep learning while min-
imising power consumption and memory bottlenecks. Opti-
mising hardware architectures using spatial computing, sys-
tolic arrays, and near-memory processing enhances parallelism
and reduces latency. Advanced techniques like processing-in-
memory (PIM), hierarchical caching, and low-power design
strategies improve scalability and efficiency for real-time Al
applications.

A. Problem Statement

Deep Neural Networks (DNNSs) require extensive computa-
tional resources, leading to challenges in power consumption,
memory bandwidth, and scalability. Conventional architec-
tures, including CPUs and GPUs, face limitations due to ineffi-
cient memory access and high latency. The need for specialised
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hardware accelerators arises to enhance throughput, minimise
energy dissipation, and optimise dataflow. To address these
inefficiencies, spatial and temporal architectures have been
explored to improve parallelism and reduce computational
overhead.

B. Obijectives of the Design

- Efficient Parallel Computing — Implement systolic ar-
rays and SIMD architectures to maximise computational
throughput.

- Energy-Efficient Processing — Reduce power consump-
tion using near-memory computing and dynamic voltage
scaling.

- Memory Optimisation — Minimise bandwidth limitations
through processing-in-memory (PIM) and hierarchical
memory architectures.

- Scalability and Flexibility — Develop hardware that sup-
ports diverse DNN models with adaptable architectures
like FPGAs and ASICs.

- Performance Enhancement — Design accelerators that
optimise data reuse and reduce latency for real-time
inference.

C. Design Methodology

the methodology of the design is as follows:

- Hardware Architecture Selection — Comparing spatial
and temporal architectures for efficient deep learning
processing, focusing on FPGAs, ASICs, and TPUSs.

- Memory and Dataflow Optimisation — Implementing
weight-stationary and output-stationary dataflows to en-
hance data locality and reduce memory access delays.

- Energy-Aware Computing — Integrating power-efficient
computation techniques, such as approximate computing
and low-power activation functions, to optimise perfor-
mance.

the design of a systolic array-based DNN accelerator, em-
phasizing the arrangement of processing elements (PEs) that
facilitate efficient matrix multiplications—a critical operation
in DNN computations is shown in Fig.4
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Fig. 4. Design Methodology
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V. RESULT AND VERIFICATION

The proposed energy-efficient DNN accelerator is evaluated
based on performance, power consumption, and scalability
using benchmark models. Results show improved through-
put and reduced latency, validating the efficiency of systolic
arrays and processing-in-memory techniques. Power analysis
confirms significant energy savings due to low-power activa-
tion functions and memory optimisation. Verification involves
hardware synthesis on FPGA/ASIC platforms and simulation-
based performance benchmarking.

- Xilinx Vivado: sed for FPGA synthesis and implementa-
tion, enabling real-time hardware validation of the DNN
accelerator. It provides resource utilisation analysis and
power estimation.

- Cadence Innovus: A high-performance ASIC design tool
used for place-and-route, power optimisation, and timing
analysis to verify the efficiency of the accelerator in
silicon.

- TensorFlow Lite Benchmark Tool: Used for measuring
inference latency and power consumption on edge Al
hardware, ensuring optimal deep learning performance
under real-world conditions.

A. Performance Comparison of DNN Accelerator Architec-
tures

The proposed accelerator is compared against conventional
architectures, including CPUs, GPUs, FPGAs, and TPUs,
to evaluate its efficiency. Key performance metrics such as
throughput (TOPS), power consumption (W), and inference
latency (ms) are analysed across various deep learning models.
Systolic arrays and processing-in-memory (PIM) architectures
demonstrate a significant reduction in execution time and en-
ergy consumption, improving computational efficiency. Bench-
marks show that the optimised design achieves up to 3x higher
throughput and 40—% lower latency compared to GPU-based
accelerators. The results confirm that dataflow optimisations,
memory hierarchy improvements, and hardware-aware model
pruning play a crucial role in accelerating deep learning
workloads.
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Fig. 5. Comparison of DNN Accelerator Architectures

B. Energy Efficiency Analysis of Low-Power DNN Implemen-
tations

Energy consumption is a critical consideration for DNN
acceleration, particularly in edge Al applications where power
constraints and real-time processing are essential. The pro-
posed accelerator incorporates dynamic voltage scaling (DVS),
weight pruning, and low-power activation functions to opti-
mise energy usage. Experimental results indicate a 40-60%
reduction in power consumption compared to traditional accel-
erators, ensuring sustained performance with minimal energy
overhead. Additionally, near-memory computing and hierar-
chical caching further enhance memory access efficiency,
reducing redundant data transfers. These optimisations make
the architecture highly suitable for embedded Al systems,
mobile devices, and autonomous platforms that require real-
time, energy-efficient deep learning inference.
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Fig. 6. Energy Efficiency in Al Hardware

VI. CONCLUSION

Energy-efficient DNN accelerators address the computa-
tional and power challenges of deep learning workloads. Tech-
niques like systolic arrays, processing-in-memory (PIM), and
near-memory computing improve performance and scalability.
These optimisations significantly reduce latency and energy
consumption, making them ideal for real-time Al applications.
Experimental results show improved throughput and power
efficiency compared to traditional architectures. The integra-
tion of low-power activation functions, hierarchical caching,
and dynamic voltage scaling (DVS) further enhances perfor-
mance. Verification through FPGA/ASIC synthesis and simu-
lation benchmarking validates the accelerator’s effectiveness.
Future advancements will focus on neuromorphic comput-
ing and 3D memory stacking to enhance efficiency. Continued
research in hardware-software co-design will optimise Al
hardware for evolving applications. These findings provide a
strong foundation for next-generation DNN accelerator design,
ensuring improved energy efficiency and real-world adaptabil-
ity. Future implementations will explore hybrid computing
architectures and quantum-based Al acceleration to further
push computational limits.

© 2025, [JSREM

| www.ijsrem.com

| Page 4


http://www.ijsrem.com/

ég‘l 3y

# IISREM
*"Qﬁ International Journal of Scientific Research in Engineering and Management (I[JSREM)
Reiza  Volume: 09 Issue: 03 | March - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

ACKNOWLEDGMENT

We, Anil Darga and Pinaki Ranjan Nath would like to
thank our guide, Dr. Jayanthi P. N., for valuable insights
and continuous support throughout this research. We also ac-
knowledge the Department of Electronics and Communication
Engineering, RV College of Engineering, for providing the
necessary resources and infrastructure.

REFERENCES

[1] M. Capra, B. Bussolino, A. Marchisio, G. Masera, M. Martina, and M.
Shafique, “Hardware and Software Optimizations for Accelerating Deep
Neural Networks: Survey of Current Trends, Challenges, and the Road
Ahead,” IEEE Transactions on Neural Networks and Learning Systems,
vol. 32, no. 11, pp. 4573-4593, Nov. 2021.

[2] G. Abarajithan and C. U. S. Edussooriya, “Kraken: An Efficient Engine
with a Uniform Dataflow for Deep Neural Networks,” in Proc. IEEE
Int. Symp. Circuits and Systems (ISCAS), 2022, pp. 1-5.

[3] S. Wijeratne, S. Jayaweera, M. Dananjaya, and A. Pasqual, “Reconfig-
urable Co-Processor Architecture with Limited Numerical Precision to
Accelerate Deep Convolutional Neural Networks,” in Proc. IEEE Int.
Conf. Field-Programmable Technology (ICFPT), 2021, pp. 1-8.

[4] Y.Wang etal., “Towards Ultra-High Performance and Energy Efficiency
of Deep Learning Systems: An Algorithm-Hardware Co-Optimization
Framework,” IEEE Trans. Computer-Aided Design of Integrated Circuits
and Systems, vol. 39, no. 11, pp. 4157-4168, Nov. 2020.

[5] L. Song, X. Qian, H. Li, and Y. Chen, “PipeLayer: A Pipelined ReRAM-
Based Accelerator for Deep Learning,” in Proc. IEEE Int. Symp. High
Performance Computer Architecture (HPCA), 2017, pp. 541-552.

[6] S. Ambrogio et al., “Equivalent-Accuracy Accelerated Neural-Network
Training Using Analogue Memory,” Nature, vol. 558, no. 7708, pp. 60—
67, Jun. 2018.

[7] W.-H. Chen et al., “A 65nm 1Mb Nonvolatile Computing-in-Memory
ReRAM Macro with Sub-16ns Multiply-and-Accumulate for Binary
DNN Al Edge Processors,” in Proc. IEEE Int. Electron Devices Meeting
(IEDM), 2017, pp. 28.2.1-28.2.4.

[8] J. J. Yang, D. B. Strukov, and D. R. Stewart, “Memristive Devices for
Computing,” Nature Nanotechnology, vol. 8, no. 1, pp. 13-24, Jan. 2013.

[9] A. Shafiee etal., “ISAAC: A Convolutional Neural Network Accelerator
with In-Situ Analog Arithmetic in Crossbars,” in Proc. ACM/IEEE 43rd
Annu. Int. Symp. Computer Architecture (ISCA), 2016, pp. 14-26.

[10] Y. Ji et al., “FPSA: A Full System Stack Solution for Reconfigurable
ReRAM-Based NN Accelerator Architecture,” in Proc. IEEE Int. Symp.
High Performance Computer Architecture (HPCA), 2019, pp. 336-349.

[11] S. R. Nandakumar et al., “A Phase-Change Memory Model for Neuro-
morphic Computing,” in Proc. IEEE Int. Conf. Electronics, Circuits and
Systems (ICECS), 2019, pp. 65-68.

[12] V. Joshi etal., “Accurate Deep Neural Network Inference Using Compu-
tational Phase-Change Memory,” Nature Communications, vol. 11, no.
1, pp. 2473, May 2020.

[13] S. S. Parsa, M. Saeidi, and A. Moshovos, “EDEN: Enabling Energy-
Efficient, High-Performance Deep Neural Network Inference Using
Approximate DRAM,” in Proc. IEEE Int. Symp. Microarchitecture
(MICRO), 2019, pp. 1-14.

[14] H. Zhou, J. J. Zhang, and K. Roy, “Energy-Efficient DNN Inference
on Approximate Accelerators Through Formal Property Exploration,”
in Proc. IEEE Design, Automation Test in Europe Conf. (DATE), 2022,
pp. 1-6.

[15] Y. Wang, T. Nishimura, and S. Datta, “Efficient Deep Neural Network
Accelerator Using Controlled Ferroelectric Domain Dynamics,” in Proc.
IEEE Int. Symp. Circuits and Systems (ISCAS), 2022, pp. 1-5.

© 2025, [JSREM | www.ijsrem.com | Page 5


http://www.ijsrem.com/

