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Abstract

Reconfigurable computing using Field-Programmable Gate Arrays (FPGAS) is rapidly emerging as a critical solution for
adaptive and efficient Al processing. The ability to dynamically adapt hardware resources to changing Al workloads
enables significant gains in energy efficiency, latency and throughput, especially for edge and real-time applications. In
this work, we present a novel Dynamically Reconfigurable Al Processor (DRAP) framework that leverages dynamic
partial reconfiguration (DPR), hardware-software co-design and multicast-optimized dataflow to address major
bottlenecks identified in recent literature. Real-time experiments on Xilinx Virtex-7 and Intel Stratix 10 NX platforms
demonstrate up to 12.6x higher TOPS/W efficiency and 38% lower inference latency compared to leading GPU solutions.
Our approach achieves 89% logic utilization and a 53.8% reduction in energy consumption for pruned convolutional
neural networks (CNNs) in video analytics. We validate our results with industry-relevant workloads and compare DRAP
to state-of-the-art methods, showing that our framework mitigates key gaps such as static resource allocation, inefficient
multicast handling and thermal bottlenecks. This paper provides a comprehensive analysis of dynamic hardware

adaptation strategies for FPGAs offering actionable insights for deploying adaptive Al at scale.
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1. Introduction

1.1 Motivation

Al workloads in domains such as autonomous vehicles, robotics and real-time analytics require a delicate balance of low
latency, high throughput and energy efficiency. Traditional fixed-function hardware (e.g., ASICs, GPUs) often fails to
provide the adaptability needed for rapid algorithm evolution and workload variability . FPGAs with their inherent
reconfigurability, offer a promising alternative, enabling hardware-level adaptation to evolving Al models and dynamic
sparsity patterns . However, existing FPGA-based Al accelerators often suffer from static configurations, inefficient
handling of runtime workload changes and high communication overheads in multi-chiplet systems .

1.2 Research Gaps

Recent studies have highlighted several critical gaps in current FPGA-based Al acceleration:
o Limited dynamic adaptability: Most designs use static bitstreams making it difficult to adapt to changing model
sparsity or new Al tasks at runtime .

e Memory and thermal bottlenecks: High multicast traffic and inefficient memory hierarchies limit scalability

and increase energy consumption .

o Inefficient pruning integration: Software-based pruning does not align well with FPGA memory and compute

architectures, leading to underutilization of resources .

1.3 Contributions

This paper addresses the above gaps with the following key contributions:
1. DRAP architecture: A dynamically reconfigurable Al processor with HLS-optimized tensor blocks and runtime
bitstream switching.

2. Adaptive data pipelining: An optimized dataflow that reduces network-on-chip (NoC) latency and improves

multicast efficiency.

3. Energy-aware pruning: Hardware-software co-design that aligns sparsity patterns with FPGA resources for

maximal energy savings.

4. Comprehensive validation: Real-time experiments on industry-standard platforms with direct comparison to

state-of-the-art accelerators.
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1.4 Paper Organization

Section 2 reviews recent literature and identifies research gaps. Section 3 details our methodology. Section 4 presents

experimental results. Section 5 discusses implications and industry relevance. Section 6 covers limitations and Section 7

concludes with future directions.

2. Literature Survey

Ref Year Key Findings Methodology | Research Gaps
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Research Gaps ldentified:

o Lack of fine-grained, runtime reconfiguration for sparsity and workload changes .
o Inefficient multicast and memory hierarchy in multi-chiplet systems .
e Thermal and energy bottlenecks at high throughput .

e Pruning and compression methods not co-designed with hardware .

3. Methodology

3.1 Dynamic Partial Reconfiguration (DPR)
DRAP employs dynamic partial reconfiguration to adapt hardware resources during runtime. The reconfiguration time is

given by:

Npits

Treconfig = Sroute

BICAP

where:

e Npits: Number of configuration bits (e.g., 2-8 MB for a typical region)
e  Bjcap: Internal Configuration Access Port bandwidth (e.g., 400 MB/s for Xilinx FPGAS)

®  §,oute: ROUtING and synchronization delay (<2 ps)

6
For a4 MB region, Tyeconfig = zomres + 2 X 1076 ~ 10.2 ms,

3.2 Hardware-Software Co-Design

e Pruning-aware pipeline: We encode sparsity masks directly into block RAM (BRAM), reducing weight
storage requirements:

S -1 Nnonzero
compression — + N
total
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e Heterogeneous scheduling: Convolutional layers are mapped to FPGA tensor blocks; fully connected layers

are offloaded to embedded ARM cores for flexibility .

3.3 Energy Optimization

Dynamic voltage and frequency scaling (DVFS) is applied based on workload prediction:

where:

denamic = (ZCVZf

e a: Activity factor (measured via on-chip counters)

e (: Effective capacitance (from tool reports)

e T Supply voltage (0.7-1.0 V)

e f: Clock frequency (100-400 MHz)

A lightweight ML model predicts optimal V /f settings for each workload phase .

3.4 Multicast-Aware Network-on-Chip (NoC)

We implement a modified XY routing algorithm with multicast prioritization:

Latencyyoc = z (trouter + tiink - Havg)

where Hg,,, is the average hop count, reduced by 19% using adaptive routing .

3.5 Validation Framework

4. Results and Findings

4.1 Performance Comparison

Platforms: Xilinx Virtex-7 VC709, Intel Stratix 10 NX.

Tools: Vivado HLS, Vitis Al, Intel Quartus Prime.

Benchmarks: ResNet-50, MobileNetV2, Transformer, LSTM.

Metrics: TOPS/W, LUT utilization, DDR bandwidth, latency, energy/inference.

Metric

DRAP (Stratix 10 NX)

Nvidia T4 GPU

Improvement

Throughput (TOPS)

8.2

0.34

24x
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Energy/Inference (mJ) = 4.3 52.1 12.1x
LUT Utilization (%) 89 N/A -
Inference Latency (ms) 2.1 3.4 38% lower

4.2 Sparsity Adaptation

For a 70% pruned ResNet-50 model:

. TOPS 5.6
Efficiency = W 71 0.79

Unpruned model: 1.5/7.1 = 0.21. Thus, pruning-aware adaptation yields a 3.76x efficiency gain.

4.3 Thermal Analysis

At 8 TOPS throughput, the FPGA's junction temperature stabilizes at 68°C (with copper heat spreader), which is 15°C

lower than comparable GPUs at similar throughput .

4.4 Multicast Efficiency

The adaptive NoC reduces average hop count from 5.8 to 4.7 and lowers multicast-induced latency by 27% compared to

baseline .

4.5 Real-Time Video Analytics

On a 1080p video analytics workload (ResNet-50), DRAP achieves 23 FPS at 10W compared to 7 FPS at 25W for the
Nvidia T4.

5. Discussion
5.1 Scalability

DRAP demonstrates strong scalability, supporting up to 18 chiplets organized in a 3x6 mesh topology. This architecture
achieves 92% inter-chiplet bandwidth utilization, a substantial improvement over prior multi-chiplet FPGA Al systems.
The high utilization is enabled by a custom multicast-aware Network-on-Chip (NoC) and efficient reconfiguration
strategies that minimize data movement overhead. This level of scalability ensures that DRAP can handle increasingly

complex Al workloads without sacrificing performance or throughput.

5.2 Energy and Thermal Management
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DRAP employs a combination of dynamic voltage and frequency scaling (DVFS) and pruning-aware mapping algorithms,
resulting in a 53.8% reduction in total energy per inference compared to baseline configurations. Moreover, thermal-aware
workload distribution and partial reconfiguration strategies ensure that thermal margins remain within safe operational
limits, even under sustained high-performance operation. This makes DRAP particularly well-suited for dense edge

deployments where thermal and energy constraints are critical.

5.3 Adaptability to Workload Changes

The use of dynamic partial reconfiguration (DPR) enables DRAP to switch between Al models in under 12 milliseconds
allowing the platform to quickly adapt to changes in application requirements or input data profiles. This responsiveness
supports evolving workloads such as context-aware robotics or adaptive medical diagnostics where real-time adaptation
is crucial for system accuracy and efficiency.

5.4 Multicast and Communication

Inter-chiplet communication often emerges as a key bottleneck in multi-chiplet Al acceleration. DRAP addresses this with
a multicast-aware NoC, which intelligently replicates and routes data with minimal latency and overhead. This design
significantly reduces communication congestion, improving system-level throughput and ensuring predictable latency,

which is essential for real-time Al inference and control applications.

5.5 Industry Relevance

DRAP's architecture and methodologies were validated through real-time applications including robotic simultaneous
localization and mapping (SLAM) and medical CT image reconstruction. In SLAM scenarios, DRAP achieved 23 frames
per second (FPS) at only 10W of power consumption while in medical imaging it processed a CT slice in 12 milliseconds,
meeting clinical real-time requirements. These results underscore DRAP’s applicability to safety-critical, high-

performance Al workloads across healthcare, autonomous systems and industrial automation.

5.6 Comparison with Existing Systems

Compared to state-of-the-art FPGA and GPU accelerators, DRAP offers:

o 12.6x Higher TOPS/W Efficiency: By combining pruning-aware co-design, dynamic voltage-frequency scaling
(DVFS) and efficient multicast-aware dataflow, DRAP achieves a substantial boost in throughput-per-watt making
it highly suitable for power-constrained edge environments.

o 38% Lower Latency: The platform’s dynamic partial reconfiguration enables rapid context switching and
optimized pipeline utilization reducing end-to-end inference latency by 38% compared to leading FPGA/GPU

alternatives.
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e 53.8% Reduction in Energy per Inference: Strategic hardware-software co-optimization including workload-
aware mapping and on-demand reconfiguration minimizes unnecessary compute and memory operations, resulting
in over half the energy savings during Al model execution.

e 15°C Lower Operating Temperature: DRAP's thermally aware workload placement and efficient data routing
mitigate hotspots and reduce thermal stress, maintaining system operation at temperatures significantly below
traditional accelerator platforms thus enhancing reliability and device lifespan.

6. Limitations

e Reconfiguration overhead: At >80% DSP utilization, partial reconfiguration time can impact real-time

guarantees for extremely bursty workloads.

e Pruning limits: Aggressive pruning (>85%) can degrade model accuracy by 4-6% requiring careful trade-off
analysis.

o Resource fragmentation: Dynamic bitstream switching can lead to underutilized logic in edge cases.

7. Conclusion

This work presents a comprehensive framework for dynamic hardware adaptation in FPGA-based Al accelerators. By
integrating dynamic partial reconfiguration, hardware-software co-design and multicast-aware dataflow, DRAP achieves
significant improvements in energy efficiency, latency and adaptability over existing solutions. Real-time experiments
validate the feasibility and industry relevance of our approach. Future work will focus on integrating 3D-stacked HBM,
quantum-inspired mapping and federated learning support for secure, scalable edge Al.

8. Future Scope

To further enhance the capabilities and applicability of the DRAP (Dynamic Reconfigurable Accelerator Platform)
framework, several forward-looking advancements are envisioned:

e 3D-Stacked HBM (High Bandwidth Memory) Integration: The incorporation of 3D-stacked HBM is a
promising direction to overcome bandwidth limitations inherent in traditional FPGA memory hierarchies. By tightly
coupling logic and memory through vertical integration, DRAP can achieve significantly higher memory throughput
and lower latency. This enhancement is particularly beneficial for memory-bound Al workloads such as
transformers and large-scale convolutional networks. Additionally, HBM’s inherent energy efficiency supports the

overall goal of low-power edge computing.

© 2025, IJSREM | www.ijsrem.com DOI: 10.55041/IJSREM48076 | Page 8



http://www.ijsrem.com/

A-_’_'I \33‘
b R
@ﬁm International Journal of Scientific Research in Engineering and Management (IJSREM)

W Volume: 09 Issue: 05 | May - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

e Quantum-Inspired Annealing for Workload Mapping: Future iterations of DRAP will explore quantum-
inspired optimization algorithms such as simulated annealing and quantum Boltzmann machines, to enable thermal-
aware and performance-optimal workload placement. These algorithms can efficiently navigate the high-
dimensional design space of partial reconfiguration by accounting for thermal constraints, power budgets and
interconnect congestion. Such an approach ensures that reconfigurable logic is utilized in the most balanced and

efficient manner extending the platform’s reliability and scalability.

o Federated Learning Support with Secure Reconfiguration: As edge Al systems become more decentralized,
supporting federated learning is crucial. DRAP aims to enable secure, dynamic reconfiguration in federated
environments by incorporating lightweight cryptographic protocols and trusted execution environments. This will
allow model updates and reconfigurable workloads to be distributed across multiple edge devices while preserving
data privacy and ensuring synchronization. The ability to reconfigure Al accelerators in response to federated

updates will also enhance model personalization and responsiveness.

o Automated Bitstream Generation for Rapid Model Adaptation: A key challenge in dynamic reconfiguration
is the time-consuming process of generating partial bitstreams. Future work will focus on developing an automated,
ML-driven bitstream compilation pipeline capable of transforming high-level Al models into optimized bitstreams
in near real-time. This will facilitate seamless adaptation to evolving Al architectures and enable DRAP to support
a wide variety of models including vision, NLP and reinforcement learning without manual intervention or

significant downtime.
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