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1. Introduction

Traditionally, Programmable Logic Controllers
(PLCs) have been widely used to implement digital
controllers in nuclear safety Instrumentation and
Controls (I&C) systems [1]. Field-programmable gate
arrays (FPGAs) have also emerged as an alternative
implementation platform, including for safety 1&C
systems in Small Modular Reactors (SMRs) [2,3].
Accordingly, relevant standards and regulatory guidance
have increasingly addressed the use of FPGA-based
controllers in nuclear safety applications.

FPGA development relies heavily on Electronic
Design  Automation (EDA) tools provided by
commercial vendors. Because these tools do not
themselves perform safety functions but generate design
artifacts that may affect the implementation of such
functions, NUREG/CR-6421 [4] classifies them as
indirect Commercial Off-the-Shelf (COTS) software.

In recent years, EDAs incorporating Artificial
Intelligence (AI) technologies have been introduced.
However, the use of Al techniques for the development
of FPGA-based controllers in nuclear safety I1&C
systems was not in the scope of existing COTS software
dedication approaches. This paper surveys commercial
tools and the recent studies on Al-enabled EDA,
including ASICs, due to the limitations of FPGA-
dedicated commercial tools and research. Based on the
survey, we briefly discuss the implications of applying
an existing COTS software dedication approach to Al-
aided FPGA development tools and identify areas that
may require additional considerations.

2. Background
2.1 Electronic Design Automation (EDA)

EDA comprises the software tools and related
technologies used to design and verify integrated
circuits, including FPGA-based designs [5,6]. Figure 1
illustrates a typical FPGA EDA flow, in which a high-
level design is transformed into Register-Transfer Level
(RTL), a synthesized netlist, and a placed-and-routed
design before bitstream generation and FPGA
configuration [7]. The main EDA processes, design
artifacts, and simulation activities are shown in orange,
green, and gray boxes, respectively.
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Figure 1. FPGA application design EDA flow [7]

2.2 NUREG/CR-6421-Based COTS Software
Dedication Approach

In nuclear safety I&C systems, dedication of COTS
software indirectly used for the development of FPGA-
based controller was challenging. Jung et al. [§]
proposed a four-step process for the dedication of both
direct and indirect COTS software based on
NUREG/CR-6421 [4].

The process first identifies the COTS software to
dedicate, then determine the safety category of the
COTS software by identifying the safety category of the
target system and the usage and safety category of the
COTS software. The acceptance criteria applied
according to the safety category of COTS software are
followed by the table related to the acceptance criteria
for indirect COTS software in [8].

Subsequently, the process refines each acceptance
criterion, selects and identifies appropriate acceptance
method(s) and techniques based on four acceptance
methods presented in EPRI NP-5652 [9]. The final step
is to apply the selected acceptance methods and
techniques. This approach can support appropriate
selection of acceptance methods and verification and
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Table I: Commercial Al-assisted EDA tools

Tool Manufacturer Al techniques Al-assisted functions Primary target
Vivado ML Edition [10] . . . . L
(Vivado Design Suite) Xilinx, AMD  Machine learning (ML) [13]  Congestion and delay estimation FPGA
Large language model 1) RTL code generation from
(LLM) [14], natural language inputs
Synopsys.ai Copilot [11] Synopsys Natural language processing 2) Formal test bench generation Mainly ASIC
(NLP) [15], from specifications
Generative Al [16] 3) Automated lint violation fixing
Aprisa Al [12] Siemens Generative Al RTL-to-GDS transformation General
semiconductor
Table II: Representative studies on Al-assisted EDA, adapted in part from [17]
EDA task Al techniques Representative studies Year
. ChipGPT [18], AutoChip [19], RTLLM [20],
RTLQ 22;;1%“ LLM ChipNeMo [21], ScaleRTL [22], REvolution [23], 2023-2025
& Spec2RTL-Agent [24], OpenLLM-RTL [25]
Verilog generation Multi-agent Al [26] VerilogCoder [27] 2025
HLS optimization LLM, RAG [28], agentic workflows TimelyHLS [29], LAAFD [30] 2025-2026
Logic synthesis and Reinforcement Learning (RL) [31], .
technology mapping Attention-based regression [32] ESE [33], AiMap+ [34] 2023-2024
CAD parameter tuning RL InTime [35] 2015
DREAMPIlace [38], MaskPlace [39],
RL, GNN [36], CNN [37], GraphPlanner [40], AlphaChip [41], i
Placement Neural network training TransPlace [42], Lee et al. [43], 2020-2025
Mirhoseini et al. [44], Agnesina et al. [45]
Routing and congestion CongestNN [47],
prediction CNN, FCN [46] Maarouf et al. [48], Al-Hyari et al. [49] 2018-2021
Hardware architecture NAS [50], .
exploration Bayesian optimization [51] AutoDNNchip [32] 2020
RTL bug verification Formal verification [53], LLM FVDebug [54], FLAG [55] 2025
Circuit logic generation ~ Boolean function approximation [56] Cheng et al. [57] 2024
Overall flow orchestration Agentic Al [58] AiEDA [59], ShortCircuit [60], VTR-LLM [61] 2023-2026
validation (V&V) techniques. 3.1 Commercial AI-Aided EDA Tools
The approach proposed by Jung et al. [8] provides the
basis for considering the dedication of Al-aided FPGA Several commercial EDA tools have recently
development tools in this study. The following section incorporated Al capabilities. Table I summarizes

surveys commercial Al-assisted EDA tools and related
research trends, after which Section 4 briefly discusses
Al-related assurance considerations that may need to be
addressed when applying the existing approach.

3. Survey of Al-Assisted EDA for FPGA
Development

This section deals with commercial Al-aided EDA
tools and studies on Al-assisted EDAs. However, due to
the limitations of current FPGA-dedicated commercial
EDA tools and studies, the scope of analysis has been
expanded to include the ASIC field.

selected tools that either directly support FPGA
development or provide Al-assisted capabilities
potentially relevant to future FPGA development
environments. These include Vivado ML Edition,
introduced in 2021 and subsequently incorporated into
the Vivado Design Suite [10] by AMD and Xilinx,
Synopsys.ai Copilot [11] by Synopsys, and Aprisa Al
[12] by Siemens.

Vivado directly targets FPGA implementation,
whereas Synopsys.ai Copilot and Aprisa Al primarily
support ASIC or broader semiconductor design flows.
Nevertheless, their capabilities in RTL generation,
verification, and optimization indicate how similar Al
functions could be incorporated into FPGA
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development environments. Commercial Al-assisted
tools specifically targeting FPGA development remain
limited.

3.2 Research Trends in Al-Assisted EDA

The application of Al to EDA has gradually evolved
from optimizing individual design tasks to supporting
and automating broader design workflows. Zang et al.
[17] surveyed 26 studies on agentic EDA published
between 2021 and 2025. Drawing partly on this survey,
Table II summarizes representative studies according to
the EDA tasks addressed and the Al techniques
employed [18-61]. The following discussion traces this
evolution from task-specific optimization to agentic
orchestration of the overall EDA flow.

Early Al-for-EDA approaches primarily applied
machine learning (ML) techniques to individual tasks,
such as placement [38-45], congestion prediction [47-
49], and design parameter optimization [35]. More
recently, advances in large language models (LLMs)
and generative Al have extended the application of Al
to generative and reasoning-intensive tasks, including
RTL/Verilog generation [18-25,27], verification [54,55],
and High-Level Synthesis (HLS) optimization [29,30].

Al is also increasingly being used to coordinate
multiple EDA tasks and optimize design outcomes
across broader workflows. More recent studies have
explored agentic EDA [59-61], in which Al agents
reason and plan, interact with existing EDA tools, and
iteratively refine designs based on tool feedback. This
trend suggests that the role of Al in EDA is expanding
from task-specific prediction and assistance toward
more active participation in the design workflow.

Overall, the survey reveals two notable trends. First,
conventional ML techniques are used primarily for task-
specific prediction and optimization, particularly in
backend activities such as parameter tuning, placement,
and congestion prediction [35,38-45,47-49], whereas
LLMs and generative Al are increasingly applied to
frontend activities such as RTL/Verilog generation,
HLS optimization, and verification [18-25,27,29,30,54,
55]. Second, recent research is expanding toward
agentic orchestration across multiple EDA tasks [59-61],
while commercial Al-assisted support specifically
targeting FPGA development remains limited [10-12].
Most generative and agentic capabilities are currently
demonstrated in research prototypes or tools primarily
targeting ASIC and broader semiconductor design flows.

This evolution also has implications for COTS
software dedication. As Al functionality expands from
isolated prediction and optimization to artifact
generation and autonomous design modification, Al
may exert more direct and extensive influence on
safety-related FPGA design outputs. At the same time,
establishing the provenance, reproducibility, and
validity of Al-generated or Al-modified outputs may
become more challenging.

4. Considerations for COTS Software Dedication

Previous work [8] addressed both direct and indirect
COTS software but did not explicitly consider Al-aided
development tools. Its categorization approach can still
be used to assess the safety significance of such tools
based on the safety category of the target system and
their intended use. However, the associated acceptance
criteria were developed for conventional COTS
software and do not explicitly address the following Al-
related assurance concerns:

1) Al behavior and performance — Al-enabled
functions may exhibit wvariable or uncertain
performance depending on input characteristics and
operational conditions.

2) Data and model assurance — The quality,
representativeness, provenance, and versioning of
the data and models may affect the reliability of
tool outputs.

3) Al-specific V&V — Additional V&V may be
needed to evaluate robustness, output variability,
uncertainty, and performance under previously
unseen or boundary conditions.

4) Configuration and change management — Changes
to models, training data, prompts, dependencies, or
tool configurations may alter tool behavior and
outputs.

5) Operating experience — Relevant operating
experience may be limited or may not remain
applicable as Al models and tool versions evolve.

6) Problem reporting and traceability — Problems and
generated outputs should be traceable to the
corresponding model, data, configuration, and tool
version.

These areas may therefore require additional

considerations when the approach is applied to Al-aided

FPGA development tools.

5. Conclusion

This study surveyed commercial tools and recent
research on Al-assisted EDA relevant to FPGA
development. The survey shows that the role of Al is
expanding from  task-specific  prediction and
optimization to artifact generation, design modification,
and workflow orchestration. Although the existing
COTS software categorization approach remains
applicable, its acceptance criteria do not explicitly
address several assurance concerns arising from these
expanded Al capabilities. Future work will examine
these concerns in relation to individual acceptance
criteria and develop a graded dedication approach
reflecting the role and influence of AI in FPGA
development.
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