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Abstract:

Current and voltage levels are random and critical for Al applications in edge devices since they have
high time sensitivity, and real-time processing is essential for accurate computation. The use of
modern semiconductor technologies such as low-power transistors, low-power memory hierarchy,
and efficient power circuits has brought hope for efficient power management. In this paper, some
emerging approaches to reducing energy consumption while achieving high performance of artificial
intelligence on edge devices are discussed. Some of the emerging technology frontiers we explore
include: The four discussed technologies are FinFETs, FD-SOI, near-threshold computing, and
heterogeneous architectures. Furthermore, it discusses power-conscious machine learning algorithms
and dynamic voltage and frequency scaling (DVFS) to improve power consumption. It should be
noted that the proposed framework has been further assessed by power consumption, calculations,
and dependability. Such findings imply that there is a notable time cut in energy demand with the
added benefit of real-time performance. This paper provides a perspective on what energy-efficient
neural network-based edge computing will look like in the future and gives the reader some
suggestions as to how those techniques can be implemented in future devices.

Keywords: Al-powered edge devices, Semiconductor techniques, FInNFETs, FD-SOI, Near-threshold
computing, DVFS, Power optimization, Heterogeneous architectures.

1. INTRODUCTION

The deployment of Al-based applications in edge computing has inferred a very high demand for energy-
efficient processing. [1-3] The goal of edge mobile devices such as loT sensors, self-governing systems, and
smart wearable devices is optimized computation along with power/frugal execution.

1.1. Power Consumption in AI Edge Devices

Thus, the energy consumption of Al edge devices is one of the essential aspects that affect their
performance, energy efficiency, and practical applicability. While cloud-based Al systems have resources,
including high-powered computing resources, Edge Al devices work under limited resources due to their
nature of operating in IoT sensors, mobile devices, and embedded Al systems. Thus, there are several
factors that are effective with the power consumption of these devices, such as computational capability,
data transfer capabilities, integration level, and optimization features.
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Figure 1: Power Consumption in Al Edge Devices

o Computational Complexity of AI Models: One of the most important factors that affect an Al
model’s energy consumption rates is the requirements in terms of computation. Deep architectures like deep
neural networks (DNNs) and transformers are complex in terms of performing extensive matrix
computations, involving multi-layered dissections and brainstorming processes, and dealing with vast
volumes of memory bandwidth, all of which are energy-demanding. Edge-optimized models, such as
MobileNet and TinyML models, are much lighter and utilize only a fraction of the power that a deeper
model would require while giving almost similar efficiency. Quantization strategies include quantizing
weights, activations, or both, while the other technique of model compression, known as pruning, removes
weights that contribute least to the final result and can be applied to either the initial layers of a model or the
last convolutional layers of it. The third technique, knowledge distillation, reduces the model complexity by
distilling all the information into a smaller model, thus greatly reducing the amount of computation needed.
. Data Transfer and Storage Requirements: Data handling is a critical factor that should be given
much emphasis in an effort to reduce power consumption in Al edge devices. Data movement from the
memory to the processing unit or the other way around requires high energy consumption, especially when
performing computation offloading on the cloud. The localized inference, which takes the data and runs the
inference locally without sending it to a base or a server, decreases the power consumption level. Other
strategies also help in reducing the data flow, such as memory on an integrated circuit, data compaction, and
data caching at the edge of the computer. However, it is also possible to strive to minimize the usage of
external storage and to optimize the requirements of memory access so that power savings can be improved.
o Semiconductor Fabrication Technology: Thus, the nature and type of semiconductor technology
incorporated into Al edge devices are significant in defining their power consumption capability. The
current advanced transistor structures include FinFET and FD-SOI, as most of them have less leakage
currents and are energy efficient than conventional CMOS structures. 7nm and 5nm nodes also lower power
consumption as they allow lesser operating voltage for Al computations. Advancements in neuromorphic
computing and non-volatile memory technologies have helped improve the energy of Al edge devices.

o Hardware Optimization Techniques: Al edge devices have been optimized with accompanying
techniques that trade-off concerning power aspects and productivity. The DVFS works in the sense that the
voltage that is provided by the power supply according to the requirements of a task now offers more energy
and power than is needed in low-intensity tasks to avoid wastage of energy. These include Google’s Edge
TPU, NVIDIA’s Jetson, and ARM’s Ethos-NPU, among others, which are highly efficient and perform
matrix computations with low power. Furthermore, the Age of Al model training involves utilizing ASIC
and FPGA to make the system more efficient by only computing unnecessary computations and taking care
of memory access patterns.

1.2. Role of Semiconductor Techniques

It has been identified that the progress in microelectronics semiconductor technology is crucial for
improving the power and performance density of Al edge devices. [4,5] In line with this, additional levels of
abstractions that facilitate efficient computation are required for Al workloads as the transistor architecture
and fabrication process become more powerful and efficient; circuit design methodologies have to be used
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efficiently. Semiconductor techniques like FInFET, FD-SOI near-threshold computing, and heterogeneous
integration are critical in reducing power consumption while enhancing Al performance.
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Figure 2: Role of Semiconductor Techniques

. FinFET Technology for Power Efficiency: FInFET is a new concept in the type of semiconductor
technology and is superior to typical planar CMOS transistors in terms of leakage current and gates. The
gate structure of FInFET provides three-dimensional (3D) control of the channel thus effectively lowering
power consumption while at the same time increasing the switching capability; therefore, it is suitable for
the AI edge devices. This has found extensive application in the current processors and Al accelerators to
perform deep learning inference using low power while incurring the least penalties on performance.

. FD-SOI for Low-Power Operations: Another type of low-power semiconducting technology is the
fully depleted silicon-on-insulator (FD-SOI) technology that minimizes the comprehension parasitic
capacitance and enables dynamic back-biased capability. This puts in a capability that allows edge
processors to manage power input levels depending on the workload needed by each SoC. FD-SOI chips are
most advantageous in ultra-low-power Al applications like wearables, IoT sensors and battery-assisted Al
devices.

. Near-Threshold Computing for Ultra-Low Power Al: Near-threshold computing (NTC) is one of
the semiconductor technologies that execute transistors just in their threshold range with minimal energy
consumption. This technique may lead to certain issues, such as slower switching rates but nonetheless is
perfect for these Al models that require low power, for instance, TinyML models, smart edge, and always-
on techniques. The use of NTC in Al hardware empowers the researchers to get high power while having
functional Al inference at a very low power level.

. Heterogeneous Integration for AI Acceleration: Heterogeneous integration basically means using
all of these different technologies, such as FinFET-based CPU, FD-SOI Al accelerator, low power memory
architecture and others, into one Al edge platform. It is useful for workload partitioning since certain Al
functions can be delegated to particular hardware units depending on power and computing volumes.
Chiplet architectures, along with the 3D stacking, make a heterogeneous integration a powerful technique
that provides more SoP with better power efficiency to handle heavier artificial intelligence workloads at the
edge devices.

2. LITERATURE SURVEY

2.1. Semiconductor Advancements in Edge Computing

. FinFET Technology and Power Leakage Reduction: Designing an IC that is integrated with
FinFET transistors has become an effective solution to reduce power leakage in advanced semiconductor
devices. [6-10] The FinFET structure is not a planar device, and it offers better control over the short-
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channel effects; therefore, the leakage current and power of the device are considerably less. As this
advancement is most suitable for edge computing where energy is a limitation, it will be beneficial here.
The FinFETs can perform sophisticated processing while using less power, thus making them the best in
power management plans.

J FD-SOI for Low-Power Operations: Another advancement in the field of advanced CMOS, which
is designed for low-power implementation, is the Fully Depleted Silicon-On-Insulator or FD-SOI. FD-SOI
transistors use an extremely thin layer of silicon substrate, thus lowering down the undesired parasitic
capacitances as well as leakage currents. It also has the ability to back-bias, which can control threshold
voltages so that less power consumption is used as needed. Because of its low power consumption, FD-SOI
is implemented in edge Al devices that need energy efficiency but not at the cost of performance.

o Near-Threshold Computing for Ultra-Low-Power AI Systems: Conventional near-threshold
computing (NTC) is a circuit operating strategy that minimizes the voltage level at which transistors in a
system function to levels near their threshold values to reduce both dynamic and static power consumptions.
This results in a reduction of power usage by up to 60%, but at the same time, it comes with the
disadvantages of increased latency and more variability in performance. However, in applications dedicated
to optimizing the Al edge, the amount of energy may not be as essential as in the case of speed, so NTC
offers the solution. NTC has been integrated into conventional methods of circuit design, during which
different innovations for Al that can work in environments with limited resources are being created.

2.2. Al-Based Power Optimization Techniques

. Machine Learning-Driven Power Management: ML methods are being applied for intelligent
power control in Edge computing systems in the present days. Since workload patterns and resource usage
can be estimated in advance, their load can be planned in advance, and power consumption can also be
optimized. Some of the techniques, like reinforcement learning and deep neural networks, assist in
identifying particular power states that could be optimally used based on performance and energy
consumption. One of the key benefits of employing deep learning for managing power in kernels of Al
workloads is the use of history and learning capability to minimize the use of power not required by the
machine learning kernels.

o Dynamic Voltage and Frequency Scaling (DVFS): DVFS is a powerful technique for power
management that controls voltage and frequency of operation as per the required computation. It saves a
significant amount of energy if the various processing requirements are low by decreasing the supply
voltage and the clock frequency. That being said it has a consequence of suffering moderate performance
issues. They incorporate DVFS approaches in their design to regulate power consumption while maintaining
reactiveness, making it an important aspect of real-time power management in edge computing systems.

o Energy-Efficient Al Hardware Accelerators: These include specialized accelerators like TPUs,
Tensor Processing Units and neuromorphic processors that are designed to optimize computational
efficiency with energy saving. These accelerators use state-specific techniques like Reduced Precision
Arithmetic and In-memory computation to perform Al load with low energy showing. The other is from the
development of chip and new circuit technology to enhance power density, which means that Al
accelerators are a significant part of edge Al

2.3. Research Gaps

J Lack of Hybrid Power Optimization Approaches: Some of the recent works done in the field of
power optimization consider only one particular technique at a time without combining it with other
techniques. The use of FinFETs, FD-SOI, frequency and voltage scaling, and machine learning-based power
management might help achieve optimum energy consumption along with the requisite performance. It’s
recommended that future works focus on designing novel power-saving schemes where different power-
saving techniques are switched in an optimal and adaptive manner depending on various edge computing
contexts.

o Need for Real-World Edge Device Benchmarks: An important, noted fact that should be taken
into consideration regarding most power optimization methods is the fact that they are generally tested and
are often evaluated within a controlled environment or simulated circumstance rather than a real-world-
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based environment. The lack of benchmarking protocols for reference against which to compare edge Al
devices further complicates efforts towards evaluating the real-world effectiveness of such power-saving
strategies. Future work could be aimed at the creation of more consistent benchmarking methods, initially
focusing on the power efficiency calculations based on real-world loading in the premises of edge
computing.

3. METHODOLOGY
3.1. Proposed Semiconductor-Based Power Optimization Framework

Figure 3: Proposed Semiconductor-Based Power Optimization Framework
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o Low-Power Transistor Selection (FinFET, FD-SOI): The key to achieving energy-efficient edge
computing is to identify the most suitable transistor technology as far as power consumption is concerned
without comprising its computational capabilities. [11-16] The main benefits of FInFET technology include
better control of the channel at the gates, which in turn reduces leakage current and increases the overall
system efficiency. It has a complex structure that facilitates high-density packaging that can support the
current artificial intelligence processing tasks. On the other hand, FD-SOI technology has dynamic back-
biasing options, which could be fine-tuned very well in order to balance the two factors: performance and
power consumption. Thus, the proposed framework aims to reduce energy consumption based on workload
demands by implementing the FinFET and FD-SOI transistors.

o Power-Aware AI Model Training: Generally, the training of artificial intelligence models is highly
demanding with regard to power, especially in the context of edge computing, where power is generally
restricted. To address the problem, the system incorporates the best power-aware training strategies to cut
down power consumption while effectively optimizing the model. Other strategies, such as quantization,
pruning, and knowledge distillation, improve Al models by minimizing the number of calculations needed
for inference. Moreover, the adaptation of the learning rate and means to organize tensor computations to
save energy in training a neural net is applied. Power awareness is integrated into the model design process
to guarantee that Al applications can run efficiently on low-power semiconductor chips.

o Implementation of DVFS-Based Real-Time Power Management: DVFES is an effective practice
that aims to reduce power consumption in edge computing devices while optimizing their performance. This
style in the proposed framework focuses on a DVFS scheme that has the ability to change voltage and
frequency dynamically depending on workload occurrence and the available resources. It is always able to
adjust the frequency and voltage; for instance, during a period of low computational load, the frequency is
below the normal value, but during high load, the frequency is high. Other advanced algorithms for DVFS
are ML-based power states, whereby workload fluctuations are predicted in advance, and the appropriate
power states are adjusted accordingly. This approach of real-time power management guarantees efficient
energy utilization and a reactive edge Al platform at the same time.
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3.2. Implementation Details
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Figure 4: Implementation Details

° Use of TensorFlow Lite for AI Inference Optimization: TensorFlow Lite, or TFLite, is an
optimized version of the TensorFlow software library for implementing artificial intelligence applications in
integrated circuits of loT devices and other digital devices. To realize this approach, the proposed
framework makes use of some of the TFLite features, particularly quantization and pruning. However,
quantization is beneficial for the Al models in conducting computations using a small number of bits (i.e., 8-
bit instead of 32-bit), hence minimizing memory size and energy consumption. Moreover, TFLite integrates
the hardware accelerator facility like NNAPI of Android, as well as GPU and TPU, which provide high-
speed inference in few power utilization. This makes it possible for the framework to run the AI models on
edge devices that may be limited in terms of their ability to handle computational tasks but have a great Al
capability through TFLite.

. Embedded System Integration with ARM Cortex Processors: Cortex processors from ARM are
incorporated in the majority of the embedded systems because they are energy efficient and they can be
scaled to different levels of performance. Specifically, the proposed framework is developed for the ARM
Cortex-A and Cortex-M Microprocessors series, which is favorable in end devices’ Al computation. Cortex-
A processors are capable of performing complex artificial intelligence computations that are offloaded to
hardware for Cortext-M processors, on the other hand, and are designed to be employed in applications that
require low power consumption and real-time processing. Utilizing ARM’s power control options, including
big. With LITTLE processing and power-saving modes, the application scales up the capacity of computing
power in response to power consumption. This integration makes it easy to deploy, implement and achieve
the best performance for Al inferences in the embedded edge platform.

. Adaptive Power Management Algorithms for Edge AI Tasks: To improve energy consumption,
the power management system is self-adjustable to the workloads, and it modulates the power usage rate to
be in line with the workload requirements. These algorithms utilize real-time information on CPU usage,
temperature, and the time it takes to make computations with an Al model, among others, in order to adjust
the voltage and frequency as well as sleep states. This is because of the development of the machine
learning-based predictive model, where it is possible to regulate the amount of power consumed where there
is less traffic and ramp up the processing power where there is high traffic. That way, a relative increase in
energy efficiency is achieved, and the thermal effect is mitigated while also elongating the battery life of the
edge devices.
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3.3. Experimental Setup
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Figure 5: Experimental Setup

. Processor: The evaluation is performed using the ARM Cortex-A76 processor, the representative of
a new generation of high-performance and energy-efficient CPU cores for edge servers and Al processing.
A76:Cortex Architecture-based Citan can be realized from dynamlQ technology, and it is optimized for
efficiency for the goal of deep learning and other Al applications. Built with supports for high power
management features like Dynamic voltage and frequency scaling (DVFS) along with efficient pipeline
implementation, Cortex-A76 is capable of handling real-time Al processing without much power loss. In
addition to Neon and other peripherals for ML-specific instructions, the processor effectively supports Al
applications that are run on the edge.

. Al Model: MobileNetV2 has been chosen for testing as it is designed to operate on the main idea of
deep convolutional neural networks while being lightweight, efficient, and able to provide high-speed
characteristics at edge devices. In turn, MobileNetV2 uses depth-wise separable convolutions and inverted
residuals, making the model less computationally intensive for depth-wise and spatial channel-wise
convolutions to be used in image classification and object detection tasks. Since the model is relatively
simple, it can be implemented to work on embedded processors, mostly the ARM Cortex-A76, making it a
perfect model for assessing power optimization. An evaluation of different mobileNetv2 sizes and
successive quantization is also carried out to observe how quantized computations were affecting the power
consumption as well as the inference rate.

J Power Measurement Tool: In order to measure the power consumption during the inference
process, the Texas Instruments (TI) Power Monitor is used in the experiment. These give an opportunity to
measure voltage, current, and power consumption, making it easier to determine efficiency in different
operations. The TI Power Monitor is connected to the test environment in order to record gauge power
fluctuations during various Al operations under optimizations, temperature, model quantization, voltage
scaling and adaptive power management. The data collected enables the analysis of the proposed power
optimization framework together with analyzing other opportunities for energy savings within Al at the
edge.

N WAIWIIEY International Journal of Innovative Research and Creative Technology (www.ijirct.org)




Volume 5 Issue 3 @ 2019 IJIRCT | ISSN: 2454-5988

3.4. Flowchart of Power Optimization Process

The power optimization process of the proposed framework thus enunciates the sequence of steps to select
the right low-power semiconductor technologies, Al inference optimization techniques, and dynamic power
management solutions. Therefore, the flowchart contains crucial steps which include the following:
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Figure 6: Flowchart of Power Optimization Process

o System Initialization: The edge device is turned on, and there is boot-up along with setting up the
processors (ARM Cortex-A76), module to use for Al (MobileNetV2), and power measurement instruments.
It also compiles base dependencies like TensorFlow Lite for the inference of artificial intelligence and
power management modules for change.

o Al Model Loading and Optimization: The Al model is loaded in memory; further, function
optimizations like quantization, pruning, or the utilization of accelerated libraries like ARM Neon, etc., are
done. Subsequently, the model’s computation needs are evaluated with respect to its power consumption,
which affects the power control measures made during the course of inference.

o Dynamic Voltage and Frequency Scaling (DVFS) Adjustment: Therefore, the system proposed in
this paper adaptively applies the DVFS mechanism to minimize power utilization according to the expected
load. In the case where the Al activity is complex in terms of computational demand, the system boosts the
clock frequency and the voltage at the same time to match this demand, yet in the low-demand case, the
frequency and the voltage are reduced to cut down the power consumption. This real-time preventive
control is very important in the attempt to balance the energy dimension with the power dimension.

o Al Inference Execution: After that, the original input data goes through the AI model (for
example, the process of image classification by introducing the MobileN2V2 model), and the inference
results are obtained. During the execution, the system constantly checks the usage of resources, the time
required for processing, and the energy consumed.

o Real-Time Power Monitoring and Adaptive Control: A power monitoring tool or a tool like the
TI Power Monitor acquires data on the voltage, current, and power demand at any time. Whenever the
power exceeds the defined limits, the power management algorithms optimize it by either slowing down the
CPU frequency, powering off the Intentional cores or putting it into power-saving modes.

o Performance and Power Evaluation: The amount of energy consumed by the system is also
balanced with the parameters such as inference time, accuracy, etc. If optimizations do not achieve the
efficiency goals, additional states may be explored, such as further aggressive quantization, changing DVFS
thresholds or using other low-power transistors, namely FD-SOI.

o Optimization Feedback Loop: The process is carried out cyclically so that power management
strategies can be alternated based on feedback received about their performance. It uses algorithms and
advanced power management for power-performance tradeoffs and boasts of machine learning derived from
the usage history.
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4. RESULTS AND DISCUSSION
4.1. Power Consumption Analysis
Table 1: Power Consumption for Different A1 Configurations

Configuration Power Consumption (mW)
Baseline AI Model 850
Optimized AI Model 450
Hybrid Optimization 320

Figure 7: Graph representing Power Consumption for Different AI Configurations
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o Baseline AI Model — 850 mW: The first one is a simple Al model that has not been optimized to

reduce the power consumed by the model during inference, and its power consumption stands at 850 mW.
This high power consumption is due to the absence of the DVFS and some other utilizing conventional
transistor structures. This leads to full utilization of the processor at every time and, hence, a waste of
energy when the computations are small. It is inefficient to implement such an architecture in energy-limited
devices at the edge because it is not feasible to implement energy management policies that help extend the
battery life and reduce the devices’ heat output.

J Optimized AI Model (DVFS + FinFET) — 450 mW: Thus, the power efficiency of the model is
significantly reduced to only 450 mW by using both DVFS and FinFET combination. FinFET transistors
offer better control of the gate, which in turn improves the leakage currents and, hence, the power
consumption. In addition, DVFS changes the voltage and frequency setting of the processor in the function
of real-time workloads while avoiding the consumption of energy when a lower processing ability is
adequate. Thus, 47.1% of power efficiency improvement was achieved in relation to the baseline model of
Al inference.

o Hybrid Optimization (FD-SOI + DVFS) — 320 mW: The optimized configuration involves
combining the FD-SOI and the DVFS to cut the power further to 320 mW. FD-SOI technique reduces the
use of power through a number of ways including reduction of the base parasitic capacitance and
accentuating a dynamic back-biasing that can adjust power according to load. When integrated with DVFS,
this scheme offers the most favorable power overhead-Al performance compared to all the other four
schemes and the baseline model: we obtain a power reduction of 62.4%. This would allow it to be used in
the most power-conscious Al applications like battery-powered edge and IoT devices.

4.2. Performance vs. Power Trade-offs

Another consideration is that energy efficiency has to be achieved in such a way that real-time inference is
not compromised in edge Al devices. On one hand using heavy power management, energy consumption
can be curtailed, but doing so may hamper the processing of Al tasks by adding some delay. The main
tradeoff is between power consumption and the inference time In real-time use cases such as self-driving
cars, medical diagnosis, and process control in industries. The first architecture called the baseline model,
utilizes the hlps43200 processor; it consumes the highest power at 850 mW because it lacks any power-
saving techniques and has the shortest inference time because the processor is fully utilized. However, this
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method is disadvantageous in the context of edge computing, where energy requirements are highly
prohibited. DVFS and FinFET technology used in the processor’s implementation brings power
consumption to 450 mW at the cost of slightly more time required for inference as the frequency of the
processor changes depending on the workload. Staying on this level of latency stays modest, which shows
that it is an optimal compromise between speed and power consumption. In the next step, utilization of both
FD-SOI and DVFS enhances energy consumption to as low as 320 mW and stands as the best. However,
this approach also faces a greater inference delay due to the extra power control mechanisms of FD-SOI that
encompass dynamic back-biasing. Thus, it can be seen that the delay is still within the range acceptable for
most Al applications but may need fine-tuning, especially for ultra-low-latency tasks in terms of both
performance and energy efficiency. This relationship can be depicted in the graph (Performance vs. Power
Trade-off) because the higher the ability to reduce power usage, the longer the time taken to make the
inference. The main realization is that, though it is achievable to enhance the measures of power saving
through further optimization, the time for inference may somewhat increase, which proves the necessity of
using an adaptive power control strategy depending on a particular application of the reconfigurable system.
There could be potential future developments in which existing and effective AI models could be used to
enhance the balance between these two goals.

4.3. Comparative Study with Existing Solutions
Table 2: Comparison of Power Optimization Techniques

Technique Power Reduction (%)
Traditional DVFS 50%

FinFET-based Al Optimization 35%

FD-SOI-based Al Optimization 40%

Proposed Hybrid Approach (FD-SOI + | 62.4%

DVES)

Power Reduction (%)

Power Reduction (%)

62.40%

50%

40%
35%

Traditional DVFS FinFET-based Al FD-SOl-based Al Proposed Hybrid
Optimization Optimization Approach (FD-SOI +
DVFS)

Figure 8: Graph representing Comparison of Power Optimization Techniques

o Traditional DVFS — 50% Power Reduction: Dynamic Voltage and Frequency Scaling, or DVFS
is one of the most popularly employed power optimization strategies in Al hardware. In this way, the
voltage and clock frequency of the processor are changed depending on the workload; thus, low power
consumption is achieved in idle time and during non-compute-intensive Al operations. This way, the energy
that is used is only 50% of that which is used under normal power consumption operations. However, if
only DVFS is applied, it will affect its inference performance because a low operating frequency results in
higher latency, especially when run in real-time for Al
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o FinFET-Based Al Optimization — 35% Power Reduction: FinFET technology helps improve the
power of devices in terms of power efficiency due to the exclusion of leakage currents and much better
control of the gates to reduce power consumption while boosting performance. Al processors implemented
with FinFET transistors are 35% less power-hungry compared to planar CMOS design, which is better for
edge Al inferencing. Although FinFETs offer structural changes, they do not adjust power supply according
to workloads, thus demonstrating less energy efficiency enhancements in comparison with DVFS
techniques.

o FD-SOI-Based AI Optimization — 40% Power Reduction: FD-SOI technology and associated
innovations, namely low-power technique and dynamic voltage back-biasing, add to power efficiency by
reducing parasitic capacitances. This leads to a 40 percent improvement for Al processors, while these
designs are based solely on FInFET technology. One benefit of the FD-SOI-based Al hardware is that the
power constraints may be adjusted in real-time, thereby enabling flexible workload variations. However, the
full effectiveness of FD-SOI can only be achieved when it is implemented with other types of DPM, like the
DVEFS.

o Hybrid Approach (FD-SOI + DVFS) — 62.4% Power Reduction: Analyzing all the results
obtained for saving power, the highest of 62.4% is found by combining FD-SOI with DVFS. By integrating
FD-SOI’s novel voltage back-biasing, which is different from the conventional method, with DVFS, which
works on frequency control in real time, the approach achieves low power consumption while maintaining
the accuracy of Al inference. Unlike other Traditional methods, this form of training achieves the perfect
balance of power usage speed; thus, it is suitable for real-time Al calculations, IoT, edge systems, and
battery-operated systems. To solve this issue, the authors introduce a combination of the mentioned
techniques to overcome the limits of each one and achieve a more reliable and efficient Al in terms of
power consumption.

4.4. Challenges and Limitations

Although the proposed use of FD-SOI and DVFS in the optimization solution is promising, there are a
number of issues that need to be considered before reallocating them to practical applications. The
complexity of combining two of these semiconductor technologies brings a lot of challenges regarding the
incorporation of FInFET and FD-SOI transistors in the best Al hardware. They work in manners distinctive
from the ordinary COMS architectures; as such, they require different manufacturing processes at additional
costs for development. That is why it can slow down the rates of popularization, especially when it comes to
Al devices that are powered by low-voltage processors. The other challenge is the incompatibility of the
hardware, which may lead to the development of new hardware that cannot be supported by the previous
hardware installed in the computer. Some of the fixed-function AI accelerators are not built to support the
DVFS, and thus, FD-SOI optimization may lead to interface challenges. In many Al processors, especially
those found in commercial ARM-based edge devices, the voltage, which may also affect the frequency of
the processor, is not changeable.

These processors need to be modified and adapted for real-time power scaling to achieve user-space scaling,
which is difficult due to the fundamental need to modify the firmware and a close coupling of software and
hardware. It was found that when power-saving across the whole of the computing stack is desirable to
achieve optimal results for hybrid power-saving approaches, further standardization of Al hardware is going
to be required. Moreover, it is proven that there are certain potential conflicts between performance and
power consumption. Although our method reduces the power consumption by 62.4% at the expense of
voltage and frequency scaling, the model might have a slightly slower inference time. High-end machine
learning and deep learning use cases like real-time video analytics or self-driving cars must control these
delays. Optimizing power consumption and performance consistency is indeed significant in supporting Al
processing, especially when applied in applications where timing is critical. Last but not least, the scalability
across different types of Al workloads is an issue as well. FD-SOI and DVFS efficiency has been influenced
by the model complexity, computation demands, and hardware platform. Although our presented solution
helps improve the performance of models such as MobileNetV2, it is possible that the larger models, like
transformer-based architectures, need a different strategy of power consumption control. Possible
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improvements include further development of adaptive Al power optimization architectures to work in
response to the model’s needs and the workload’s properties.

5. CONCLUSION

This research aimed at mapping cutting-edge semiconductor solutions for working in the field of Al-driven
devices’ energy efficiency in the context of limited resources. Consequently, with the advent of edge Al in
various fields, including self-driving cars, health care, and industrial IoT, power optimization without
degrading performance is critical. By adopting FinFET technology, FD-SOI, and DVFS, we were able to
realize huge power savings while maintaining adequate Al inference capability. These findings show that
FinFET transistors that provide strong gate control and have very low leakage currents reduce the overall
power consumption of a chip compared to planar CMOS technology. FD-SOI also improves power
consumption because of the switching of the back-biasing voltage that adapts to real-time operating
conditions. Furthermore, DVFS changes voltage and frequency and avoids most of the usage of processing
potential by reducing processor consumption when it is not needed. The application of all these techniques
led to the reduction of power usage by 62.4% without much hindering the efficiency of the real-time Al
system.

The test results confirmed the applicability of the improvement solution in our heterogeneous optimization
approach. The basic model of the design without implementation of power management consumed only 850
mW. By using DVFS and FinFET technology, the consumption was lowered to 450 mW, which entails a
47.1 % enhancement. The arithmetic mean of the power consumptions of the two optimized configurations
was the lowest at 320mW; this was a result of using both FD-SOI and DVFS together. Despite this and
despite such trade-offs occurring as much as within one clock cycle, the inference time remained within
acceptable levels for most real-time Al applications. Nevertheless, there are some challenges, which are
illustrated below: Problems in terms of compatibility with other hardware systems, complexity of design,
and scalability should be achieved on favourable ground before being implemented practically. Most of the
existing Al accelerators are not designed to support DVFS and FD-SOI technologies, and as such, they may
require an amendment of firmware and hardware to benefit from them. Additionally, the congestion control
of power optimization techniques based on different AI workloads and computational models could be
extended, thus creating the need for workload adaptive power management methods. Subsequent research
will focus on utilizing power-efficient Al types and implementing Al-led power control methods to control
phases of voltage and frequency in accordance with the demands of the tasks to be solved. Further,
extending this study to other larger Al models like transformer-based architectures would be beneficial for
analyzing the scaling of these optimizations further. This work builds upon the studies that connect the
progress of semiconductors to the effectiveness of Al workloads so that future edge Al frameworks can be
constructed.
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