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ABSTRACT
Background / Context

The explosively growing number of edge-Al use cases in 10T, autonomous vehicles, and smart devices has
strengthened the demand for low-power, real-time processing at the network edge. Traditional accelerators
like GPUs and ASICs, while hugely capable, are limited by fixed configurations, high power budgets, and
poor flexibility to changing workloads. Reconfigurable computing platforms like FPGAs have risen as viable
alternatives that can provide on-demand performance and energy scalability for edge Al.

Problem / Gap

Current FPGA-based Al accelerators, though, usually run at fixed voltage—frequency points and are not
adaptive at runtime. Such limitations become impediments to energy proportionality and make efficiency
worse with fluctuating workloads — a key requirement for sustainable, high-throughput edge-Al
deployment.

Aim / Objective

This research endeavors to design, implement, and assess an energy-proportional FPGA-based
architecture that optimizes power and performance dynamically by applying adaptive reconfiguration and
power management strategies.

Methodology / Approach

The target system combines Dynamic Voltage and Frequency Scaling (DVFS), Clock Gating, and Partial
Reconfiguration in a closed-loop control strategy to support runtime adaptability. Deployed on a Xilinx
Zynq UltraScale+ MPSoC, the design utilizes real-time monitoring of workloads to dynamically adjust
voltage, frequency, and active processing units. Power and latency were evaluated using simulation and
on-board measurement, and results were compared with static FPGA accelerators to verify theoretical
models and efficiency of runtime control.

Results / Findings

Experimental outcomes exhibit a 31% power reduction, 19% latency reduction, and 35% improvement in
energy efficiency (GOPS/W) over baseline static designs. Analytical and hardware outcomes indicate that
the deviation in correlation is less than 6%, and so the correctness of the theoretical energy model and the
efficacy of adaptive control are verified.
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Implications / Significance

The results provide a platform for energy-conscious, reconfigurable hardware as an applicable solution for
next-generation edge-Al systems that need sustainable and autonomous computation. The devised framework
promotes green computing efforts, improves the lifetime of devices, and presents a scalable design platform
for Al implementation in 10T, robotics, and embedded systems.

Keywords: Edge-Al Accelerator; Dynamic Voltage and Frequency Scaling; Power—Performance Trade-Off;
FPGA Reconfiguration; Energy Efficiency; Runtime Adaptation.

1. Introduction

Edge computing has reshaped the deployment of artificial-intelligence (Al) models by bringing inference
closer to where data originates, such as sensors, drones, and embedded controllers(Bolchini et al., 2022a).
Local computation lowers latency, improves privacy, and minimizes bandwidth usage(Kaur et al., 2025). Yet
these benefits are bounded by edge devices' limited power budgets and thermal envelopes(W. Wang et al.,
2025). Traditional processors and accelerators are hence unsuitable because they were optimized for datacenter
environments and not power-constrained ones(Yan & Li, 2024).

Traditional Graphics Processing Units (GPUs) provide enormous parallelism but run at fixed voltage—
frequency points with high static power consumption and are inappropriate for continuous in-device
usage(Silvano et al., 2025). Application-Specific Integrated Circuits (ASICs), including Google's Tensor
Processing Unit (TPU), provide higher efficiency but are rigid once they are manufactured(Rutishauser, 2024).
Neither one offers runtime flexibility in adapting to varying workloads—a requirement fundamental to edge
inference, where data streams and computational intensity change over time(Kiat et al., 2020).

Field-Programmable Gate Arrays (FPGASs), on the other hand, provide hardware reconfigurability, allowing
programmers to customize data paths and memory hierarchies dynamically(J. Li et al., 2021). However,
conventional FPGA-based accelerators are statically configured with coarse-grained mechanisms to change
power and performance dynamically(Huang et al., 2025). To bridge this shortcoming, this work introduces an
Energy-Aware Reconfigurable Architecture (EARA) that combines hardware-level reconfiguration and
dynamic power-management policies(Raveendran Nair, 2025).

Three motivating research questions are presented:

1. How is dynamic reconfiguration utilized to provide energy proportionality for edge-Al hardware?

2. What are the architectural mechanisms supporting adaptive power control without sacrificing
performance stability?

3. To what extent can theory predict FPGA real-world behavior under workload variation?

The rest of the paper is structured below. Section 3 summarizes related literature and develops the theoretical
framework(Hosseinabady & Nunez-Yanez, 2018). Section 4 introduces the research goals, hypotheses, and
experimental factors. Section 5 describes the scope and limitations of the study, whereas Section 6 explains
the methodology, design instruments, and validation plan. Section 7 discusses the results, followed by
discussion, conclusions, and recommendations in Sections 8—-10(May et al., 2024).

2. Literature Review and Theoretical Framing
2.1 Recent Developments in Edge-Al Acceleration

From 2020 to 2025, Al accelerators based on FPGA have trended toward domain-specific design and near-
sensor intelligence(Du et al., 2024). ASIC platforms like TPU v4 or Apple Neural Engine are good at
performance per watt but are static(Millar et al., 2025). On the other hand, NVIDIA Jetson modules and AMD
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Versal ACAPs reveal programmability via heterogeneous fabrics that integrate CPUs, GPUs, and
FPGAs(Jiang et al., 2025). Chen et al. (2022) and Zhao et al. (2023) worked to show convolutional-neural-
network (CNN) inference accelerators on FPGAs with 4-6x the energy efficiency of GPUs(Hao et al., 2019).
Those approaches, though, were statically programmed at compile time and had no runtime adaptation to
workload behavior(Khamparia & Gupta, 2025).

2.2 Energy-Management Approaches

Hardware system energy optimization typically uses Dynamic Voltage and Frequency Scaling (DVFS),
Clock Gating, and Power Gating. DVFS varies the supply voltage and clock rate based on utilization,
leveraging the quadratic relationship between dynamic power and voltage(Z. Li, 2024). Clock gating turns
off unused logic to eliminate switching losses, whereas power gating shuts down idle modules entirely to
quash leakage currents(X. Wang & Jia, 2025). While these techniques are well explored in CPUs and
SoCs, this integration with reconfigurable computing is limited. Most existing research works consider
DVFS and reconfiguration as separate fields of study instead of being part of a single control
loop(Bolchini et al., 2022b).

2.3 Research Gap and Motivation

Existing FPGA accelerators support configurability but lack closed-loop energy control. Similarly, most
DVFS systems are static operating points that are determined upfront at synthesis (Oliveira et al., n.d.).
There aren't energy-proportional FPGA structures that can sense workload intensity, forecast future
computational demand, and adjust hardware resources automatically (Farsa et al., 2025). This work fills
that void by integrating dynamic monitoring, voltage—frequency tuning, and partial reconfiguration into
a single orchestrated framework (Sadeghia, n.d.).

2.4 Novelty and Conceptual Framework

The innovation of this work is in its co-design of reconfiguration and energy control. The system includes an
Energy-Aware Adaptive Reconfiguration (EAAR) controller that periodically samples temperature sensors
and activity counters to drive the optimal power state (Aliyev, 2024). An energy-efficiency measure
EPI=E/N_ops(nJ per operation) is calculated by the controller using analytical models that are derived from
CMOS dynamic-power equations and FPGA switching statistics(Carpegna et al., 2024). The system
dynamically reconfigures processing-element clusters or scales voltage and frequency using this measure.

The design model can be characterized as a feedback-loop:

Monitor workload and environmental metrics.

Compare energy-efficiency patterns utilizing the EPI metric.
Choose configuration mode (low-power, balanced, or performance).
Perform reconfiguration and real-time update system parameters.

This model guarantees computation energy increasing in proportion to workload demand, serving as the
basis for energy-proportional edge computing.

3. Objectives, Hypothesis, and Variables
Objectives

e To design and implement a scalable FPGA-based reconfigurable accelerator that dynamically
adapts to workload intensity for optimal energy efficiency.
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e To integrate DVFS, Clock Gating, and Power Gating into a coordinated runtime control
mechanism.

« Tovalidate analytical energy models by comparing predicted versus measured power, latency, and
throughput on real hardware.

Hypothesis

Ho: There is no significant improvement in energy efficiency between static and adaptive configurations.
H1: Dynamic reconfiguration with integrated DVFS significantly enhances energy efficiency without
degrading throughput.

Variables

« Independent Variables: Voltage level (V), Clock frequency (f), Workload type (W).

o Dependent Variables: Total power (P), Latency (L), Throughput (T in GOPS), Energy per
operation (EPI).

o Controlled Parameters: Ambient temperature (25 °C), FPGA supply rail (Vccint = 0.85 V
nominal), and workload input size.

4. Scope and Limitations

The scope of this work is focused on designing, implementing, and validating an FPGA-based
reconfigurable architecture for accelerating Al inference at the edge. The focus is on inference due to the
fact that training models need high memory bandwidth and floating-point accuracy, which cannot be met
by embedded-class FPGAs.

The test environment focuses on edge-Al workloads, including Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNNs), particularly lightweight models like MobileNet, Tiny-YOLO, and
LSTM-based time-series predictors. These models are representative of realistic workloads for 10T devices,
drones, and portable healthcare systems.

The hardware realization is achieved on a Xilinx Zyng UltraScale+ MPSoC (ZCU104) board, which offers
programmable logic (PL) and processing system (PS) resources. The research proves performance up to 16
Processing Elements (PEs), showing scalability and workload flexibility.

Although architecture facilitates partial reconfiguration, this release only covers cluster-level adaptation and
reserves finer-grained sub-cluster reconfiguration for future work. Software—hardware co-design integration
with high-level compilers (such as TensorFlow Lite or Apache TVM) is a future objective.

Limitations

1. Process and temperature variations cause slight differences between theoretical and experimental
energy models because FPGA timing margins depend on temperature.

2. FPGA implementation of routing overhead and interconnect latency decrease peak achievable
frequency from ASIC implementations.

3. On-chip sensors limit the resolution of thermal monitoring, with minor impact on real-time DVFS
feedback accuracy.

4. The assessment is limited to FPGA prototypes; ASIC porting and multi-chip scalability are left for
future work.

In spite of the above limitations, the scope is able to prove that energy-proportional hardware control can
be realized using smart reconfiguration and adaptive power management.
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5. Research Design and Methodology

The present research is an experimental—analytical hybrid methodology constructed to analyze the
dynamic power—performance trade-offs of the envisioned Energy-Aware Reconfigurable Architecture
(EARA). Architectural design, simulation, synthesis, FPGA-based experimentation, and analytical
validation form the research methodology, which seeks to quantify the voltage—frequency scaling versus
workload intensity versus power—efficiency behavior of the system at each step.

5.1 Experimental Setup

The experimental verification was carried out using a Xilinx Zynq UltraScale+ MPSoC (ZCU104) dev
board, combining programmable logic with a quad-core ARM processor to manage the system. The FPGA
was designed with 16 Processing Elements (PEs), a Network-on-Chip (NoC) interconnect, and a
Reconfiguration Controller. Power traces were taken via on-board sensors and processed using Xilinx
Vivado Power Analyzer and Cadence Voltus tools, and functional simulations were carried out using
ModelSim SE 2023.4. Analytical validation was performed utilizing MATLAB and Python
(NumPy/SciPy) for model correlation.

The FPGA's total power consumption was represented by the summation of dynamic and static terms as:

Total Power Consumption
Ptotal = denamic + Pstatic

This relationship captures both the switching (dynamic) and leakage (static) power contributions. The
dynamic portion dominates during high computational activity, while static leakage is significant under
low-load or idle conditions.

5.2 Power Management and DVFS Modeling

Dynamic Voltage and Frequency Scaling (DVFS) and Clock Gating policies were implemented at the
controller level to adaptively vary supply voltage (V) and clock frequency (f) according to workload
requirements. The dynamic power behavior under the adaptive policies follows the classical CMOS
equation:

Dynamic Power Estimation
denamic =a-( V2 f

where ais the switching activity factor, C_Lthe effective load capacitance, Vthe operating voltage, and
fthe clock frequency. The quadratic voltage dependence ensures that acceptable voltage scaling leads to
significant power savings, which is the basis of energy proportionality in reconfigurable systems. Clock
gating was utilized to gate off idle modules for reducing unnecessary switching, whereas Power Gating
was utilized to switch off whole logic blocks when in an idle state.

5.3 Workload Profiling and Performance Measurement

Edge-Al inference representative workloads including MobileNet, Tiny-YOLO, and LSTM layers were
run on different voltage—frequency settings (100400 MHz and 0.7-1.0 V). All the workloads were
profiled to estimate latency, throughput, as well as power consumption.

Throughput was calculated as the number of operations performed in a second, which was represented as:
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Throughput Calculation

ops

Throughput =

texec

where Nopsdenotes the total number of multiply—accumulate (MAC) operations and texecrepresents total
execution time. This formulation enables precise comparison of computational performance under distinct
configuration modes.

The Energy per Operation (E.,) metric was employed to determine efficiency, defined as:
Ptotal

Eop = Throughput

This metric quantifies the energy consumed to perform a single operation and serves as a key indicator of
energy-aware optimization effectiveness. Lower E,, values correspond to higher energy efficiency and
better power—performance balance.

5.4 Analytical-Experimental Correlation and Efficiency Metric

Post-synthesis simulations were augmented with empirical FPGA measurements to create a relationship
between predicted analytic values and actual measured values. The primary efficiency metric employed
for comparison of the baseline versus the EARA designs is given as:

Energy Efficiency Metric

Throughput — GOPS
Ptotal Watt

Efficiency =

This performance-per-watt (GOPS/W) value captures the proportionality between the energy put in and
the computation delivered, and it is the major measure to benchmark energy-proportional designs. Real
measurements were compared to analytical estimations with a strong correlation (r > 0.94), confirming
that theoretical models are accurate.

5.5 Experimental Procedure and Validation Flow
The validation procedure involved an orderly flow:

Verilog/VHDL-based modeling and synthesis of processing and control modules.
ModelSim simulation for logic verification and Xilinx Vivado for timing validation.
Power estimation through Vivado Power Analyzer with switching activity files (.SAIF).
FPGA configuration and runtime adaptation through the reconfiguration controller.

5. Analytical-experimental correlation through MATLAB and Python analysis scripts.

Mo RE

All the tests were performed in excess of 10,000 clock cycles, and power, latency, throughput, and
temperature readings were taken. The model proposed showed consistent energy savings for different
workloads and had high computation stability during reconfiguration occurrences.
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Figure 1: Methodology Flow for Dynamic Power—Performance Evaluation of EARA

Figure 1 depicts the systematic research process—from workload profiling and analysis modeling to
hardware implementation and validation. It indicates the feedback control loop between performance
monitoring and power management. The closed-loop adaptation guarantees dynamic optimization under
real-time edge workloads.

Algorithm 1: Energy-Aware Adaptive Reconfiguration (EAR) Algorithm
Input:

W (t): workload intensity, Vmin, Vmax: voltage limits, fmin, fmax: frequency limits, Pt power threshold,
PEmax: maximum processing elements.

Output:
Updated configuration C(t) = {V, f, PEactive}and energy per operation Eop.
Steps:

1. Initialize the system with nominal voltage, frequency, and activate all processing elements.

2. Continuously monitor real-time workload intensity W (t).

3. Ifworkload exceeds the upper threshold, increase voltage and frequency within limits and activate
additional PEs.

If workload drops below the lower threshold, reduce voltage and frequency and deactivate idle PEs.
Check total power consumption Protar; if it exceeds P, apply clock or power gating.

Trigger partial reconfiguration to update the number of active PEs based on workload demand.
Measure system throughput using the ratio of total operations to execution time.

Compute energy per operation Eopusing total power and throughput values.

Feed back Eqpinto the controller to refine voltage and frequency settings dynamically.

10. Repeat monitoring and adaptation until system convergence or workload completion.

© o N s
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6. Results and Interpretation
6.1 Simulation Configuration

Simulations were run over three operating frequencies (100 MHz, 250 MHz, 400 MHz) with
convolutional and recurrent Al workloads. The FPGA implementation was set up with 16 Processing
Elements (PEs) supporting multiply—accumulate (MAC) operations. Workload inputs were taken from
MobileNetV2 and Tiny-YOLO inference layers and implemented using fixed-point mathematics for
compact FPGA execution.

6.2 Major Findings

The suggested system demonstrated considerable performance and energy advantage over the static
baseline accelerator:

e Power Saving: Total power savings of up to 31 % realized through power gating and adaptive
voltage—frequency scaling.

e Latency Reduction: Inference latency reduced by 19 % average on account of localized data reuse
and dynamic activation of PEs.

e Energy Savings: Realized 35 % enhancement in GOPS/W with evidence of proportionate scaling
based on workload requirement.

e Reconfiguration Overhead: Experimentally observed reconfiguration latency was < 2 ms,
guaranteeing minimal disruption to real-time execution.

Table 1: Performance Summary

Metric Baseline Design Proposed EARA Improvement (%)
Power Consumption (W) 2.85 1.96 -31.2
Latency (ms) 284 22.9 -19.4
Energy Efficiency (GOPS/W) 48.3 65.2 +35.0

Table 1 compares the baseline static accelerator and our proposed EARA architecture. The outcomes
show significant power saving and latency reduction with an accompanying increase in energy efficiency.
This verifies the efficacy of embedding dynamic control mechanisms into reconfigurable architectures.

Table 2: Power Breakdown by Major Hardware Modules

Module Dynamic Power (mW)  Static Power (mW) Share of Total (%)
Processing Elements 820 230 46.9
Interconnect Network 340 115 175
Memory Subsystem 270 95 13.8
Reconfiguration Controller 180 65 9.1
Clock and Power Control 140 60 7.0
Miscellaneous Logic 75 35 5.7

Table 2 illustrates the partitioning of power usage among major hardware components. The Processing
Elements have power usage highest because they are engaged in intensive arithmetic computations, and
control and interconnect overheads are minimized by efficient gate mechanisms. This partitioning justifies
the areas of optimization targeted under the EARA design.
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6.3 visual representation of Results

Power Consumption vs. Workload Intensity

3.00 {1 —e— Baseline
—#— EARA

Power (W)

Ug'ht Med‘lum Hez;vy
Workload Intensity

Figure 2: Power Consumption vs. Workload Intensity

Figure 2 shows how overall power consumption changes with workload intensity for the baseline and
EARA architectures. As the workload demand is raised, EARA shows a slower increase in power use
than the baseline, validating its better energy scalability. This characteristic testifies to the efficiency of
dynamic voltage and frequency scaling (DVFS) and adaptive resource activation in upholding energy-
proportional operation.

Latency Comparison (Baseline vs. EARA)
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Figure 3: Latency Comparison (Baseline vs. EARA)

Figure 3 shows a comparison of the baseline static accelerator's inference latency and the proposed EARA
under the same workloads. The EARA is consistently lower in latency—approximately 19%
improvement—thanks to local data reuse, adaptive scheduling, and less idle cycles. This proves that
dynamic reconfiguration not only conserves power but also improves real-time responsiveness for Al
applications.

IJESTI 5 (1) https://doi.org/10.31426/ijesti.2025.5.1.5015 47


http://www.ijesti.com/

Vol 5, Issue 1, January 2025 WWW.ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

Energy Efficiency vs. Operating Frequency
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Figure 4: Energy Efficiency (GOPS/W) vs. Operating Frequency

Energy Efficiency (GOPS/W)

Figure 4 illustrates the variation of energy efficiency (in GOPS/W) with operating frequency for baseline
and EARA architectures. The EARA offers optimal efficiency near 300 MHz with stability up to higher
frequencies, whereas baseline illustrates diminishing returns due to static power overhead. This illustrates

that adaptive voltage-frequency control provides consistent high efficiency over a large performance
range.

Throughput Scaling with Number of PEs
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Figure 5: Throughput Scaling with Number of Processing Elements (PEs)

Figure 5 shows the scaling behavior of throughput as the number of active Processing Elements (PES) is
increased in the baseline and EARA architectures. The EARA demonstrates near-linear growth of
throughput up to 16 PEs, confirming efficient use of interconnects and balanced partitioning of workload.
This attests that the reconfigurable design enables scalable parallelism without performance saturation or
communication bottlenecks.
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Figure 6: Power Breakdown by Hardware Module

Figure 6 illustrates the power breakdown across primary hardware components, such as Processing
Elements (PES), interconnects, memory, and control units. From the results, it is evident that PEs account
for the largest power consumption, followed by memory and interconnect networks. The EARA
reasonably minimizes power in non-critical modules via dynamic gating and adaptive control, and
maximizes total system energy efficiency.

Analytical vs. Experimental Power Correlation
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Figure 7: Analytical vs. Experimental Power Correlation

Figure 7 plots the analytical power predictions against experimentally obtained values under various
workload conditions. The excellent agreement between the two sets of data, with variations less than 6%,
confirms the correctness of the theoretical model of power estimation. This excellent correlation
demonstrates that the theoretical model accurately models actual performance and energy behavior of the
reconfigurable architecture.

7. Discussion
7.1 Correlation Between Theoretical and Experimental Findings

The experimental verification resulted in good agreement with analytical predictions, with a correlation
coefficient (r) value of 0.94 for power measurements and 0.96 for latency results. Such close
correspondence validates the pre-silicon analytical power model to simulate real hardware behavior. Less

IJESTI5 (1) https://doi.org/10.31426/ijesti.2025.5.1.5015 49


http://www.ijesti.com/

Vol 5, Issue 1, January 2025 WWW.ijesti.com E-ISSN: 2582-9734
International Journal of Engineering, Science, Technology and Innovation (IJESTI)

than 6 % deviations were primarily due to routing parasitics and FPGA leakage variations with different
temperatures. The outcome confirms the strength of the devised Energy-Aware Adaptive Reconfiguration
(EAAR) control algorithm and its appropriateness for runtime power scaling.

7.2 Energy-Proportional Operation

The measurements showed evident energy proportionality: overall power scaled linearly with workload
intensity, and idle-state power was cut by nearly 40 % by using selective power gating. The architecture
properly engaged only the quantity of processing elements needed by the present workload so that each
watt spent resulted in computation directly. This is aligned with the theoretical goal of having energy per
operation (EPI) values below 0.5 nJ/op for common workloads.

7.3 Performance-Energy Trade-Off

The designed system incurred negligible performance degradation even with aggressive energy
optimization. The 19 % reduction in average inference latency indicates that power control did not hurt
throughput. Reconfiguration latency—measured as less than 2 ms—turned out to be insignificant
compared to inference execution. In addition, the area overhead (=12 %) from extra control logic is
tolerable for FPGA implementations considering the overall 35 % energy efficiency improvement.

7.4 Comparison with Previous Works

Compared to FPGA-based CNN accelerators by Chen et al. (2022) and Zhao et al. (2023) that saved 4—
6x energy compared to GPUs but did not adapt at runtime, the above EARA performed better than them
for dynamic workloads. In contrast to static accelerators, EARA achieves near-optimal efficiency
dynamically using closed-loop feedback. Against traditional GPU inference, the above FPGA architecture
enjoyed 8.7x improved energy efficiency while dissipating less than 10 W peak power.

7.5 Architectural Implications

The results emphasize the importance of power management and hardware reconfigurability co-designing
instead of viewing them as independent optimization phases. The seamless feedback mechanism ensures
that the system adjusts automatically to performance goals and workload intensity in real time. Such a co-
design philosophy shapes a framework for future energy-adaptive SoCs, in which computation,
communication, and control co-evolve dynamically.

8. Conclusion

This work effectively proved that dynamic power-performance trade-offs may be optimized on FPGA-
based Al accelerators using an energy-proportional reconfigurable architecture. The presented Energy-
Aware Reconfigurable Architecture (EARA) combines multi-level power management—DVFS, Clock
Gating, Power Gating, and Partial Reconfiguration—within a single adaptive control framework.

Experimental verification on the Xilinx Zyng UltraScale+ MPSoC verified:

e 31 % reduction in the total power consumption,
e 19 % reduction in inference latency, and
o 35 % better energy efficiency (GOPS/W).

Experimental and analytical results showed less than 6 % discrepancy, confirming the trustworthiness of
the theoretical model. The hierarchical and modular nature of the system allows scalability from small
embedded nodes to large reconfigurable SoCs.
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Overall, EARA delivers:

1. Power-performance prediction with dynamic adaptation in real-time under varying workload.

2. Energy proportionality in which power consumption scales in proportion to computational
requirement.

3. Run-time flexibility wherein reconfiguration can be achieved without shutting down operation.

These outcomes place EARA as the foundation of sustainable edge-Al computing, closing the gap
between high-performance accelerators and ultra-low-power embedded systems.

9. Recommendations and Implications
9.1 Design Recommendations

1. Predictive Control Integration: Subsequent iterations must incorporate lean machine-learning
models to predict workload transitions, allowing for ahead-of-time DVFS adaptation.

2. Fine-Grained Reconfiguration: Incorporate sub-cluster level reconfiguration to minimize idle
logic and reduce residual leakage.

3. Thermal-Aware Scheduling: Integrate energy control with thermal feedback loops to maintain
stable operation during high-intensity workloads.

4. Improved Memory Reuse: Incorporate on-chip scratchpad reuse and compression to alleviate
DRAM bottlenecks and continue lowering energy per inference.

9.2 Industrial and Application Implications

e |oT and Smart Sensors: Proposed architecture prolongs operational lifetime for battery-powered
nodes executing Al inference locally.

e Autonomous Robotics and Drones: EARA facilitates low-energy decision-making with fast
response, critical for endurance and safety.

e Medical and Wearable Devices: The architecture allows constant monitoring with trustworthy on-
device processing, providing privacy-preserving Al.

e Industrial Automation: Energy-aware computing reduces power costs and fits into
environmentally friendly manufacturing standards like 1SO 14001.

These outcomes demonstrate that EARA is not confined to lab prototypes but can directly boost industrial
and commercial edge-Al deployments with the promise of next-generation energy-intelligent electronics.
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