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1. Introduction

Advances in artificial intelligence (AI) and robotics
are reshaping the industrial landscape, but their
sustainability hinges on a stable and large-scale power
supply [1]. Nuclear energy offers a viable solution to
meet growing demand while achieving carbon neutrality
[2]. In particular, the introduction of next-generation
nuclear power systems is dramatically increasing the
complexity of the operational and regulatory
environment. In this safety-critical environment,
integrating advanced Al-based systems can help improve
staff efficiency and support compliance with nuclear
regulatory documents.

Large language models (LLMs), such as GPT 5.2 and
Gemini 3.0 Pro [4,5], offer the advantage of fast
document processing speed, but the potential for
generating incorrect information poses a significant risk
in security-sensitive areas [6]. To mitigate this,
researchers have explored Retrieval-Augmented
Generation (RAG) to ensure accuracy by grounding Al
responses in technical documentation [7]. For instance,
Anwar et al. [8] demonstrated the necessity of RAG for
nuclear domain-specific data, and Lee et al. [9] explored
LLM agents for reactor operation assistance. While
previous research has demonstrated the potential of RAG,
the most appropriate LLM model to meet the strict
requirements of nuclear safety regulations remains to be
determined.

This study uses the International Atomic Energy
Agency (IAEA) safety standards document [3]. To
process this document for system design and evaluation,
two different chunking methods are used. The RAG
provided by LLM utilizes a common "token-based
chunking" approach [10]. The evaluation dataset was
generated using a "clause-based semantic chunking"
approach [11]. This method chunks documents into
clauses.

To quantify reliability, we utilize two key metrics:
citation accuracy and Bidirectional Encoder
Representations from Transformers (BERT) score [12].
These metrics prevent LLM-as-a-judge [13], enhancing
the objectivity of nuclear safety assessments. We
introduce RAG Quality Evaluation Score (RAG-QES), a
novel quantitative evaluation metric that integrates
citation accuracy and BERTScore. RAG-QES
comprehensively evaluates system performance in terms
of nuclear regulatory compliance.

Therefore, in this study, we benchmarked several
state-of-the-art (SOTA) models, including Gemini 3.0

Pro/Flash, GPT-5.2, and Claude Sonnet 4.5 [14], to
determine which LLM is most suitable for nuclear
regulatory documents.

2. Methodology

This study aimed to demonstrate the feasibility of
attaching RAG to commercial LLMs. The methodology
consists of (1) data generation, (2) experimental setup,
and (3) evaluation.

2.1. Data Generation

The evaluation requires Question-Answer (QA) sets.
The source of information for these QA sets is the [AEA
safety standards. To create these sets, we adopted a
semantic chunking strategy that explores the structural
components of regulatory documents, rather than the
typical token-based chunking approach. We first
analyzed the documents by clause, then chunked them
into sub-clauses within each clause. By separating
individual sub-clauses, we maintained the specific
context of each clause and avoided information loss or
semantic ambiguity that commonly occurs when
multiple sub-clauses are merged into a single chunk.
From the extracted chunks, we generated a total of 220
QA sets using Gemini 3.0 Pro.

2.2. Experimental Setup

This experiment evaluates all LLMs using the evaluation
dataset. The testing procedure is shown in Figure 1.

1.  RAG: Build a RAG pipeline for each regulatory
document using the LLM embedding model
recommended by the developer. Table 1 below
shows which embedding model was used for each
LLM.

2. QA: From the extracted sub-clauses, we generated a
total of 220 corresponding QA sets using Gemini 3.0
Pro to construct the evaluation dataset.

Table 1. Embedding models used

Model Name Developer Embedding model
Gemini 3.0 Pro Google gemini-embedding-001
Gemini 3.0 Flash Google gemini-embedding-001
GPT 5.2 OpenAl | text-embedding-3-small
Claude Sonnet 4.5 | Anthropic voyage-4-lite
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3. Evaluation: The target LLMs generate responses to
the prepared queries from the QA dataset. The
accuracy and semantic similarity of citations
between the responses generated by the LLM and
those in the dataset are evaluated. These scores are
used in RAG-QES.
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Fig 1. A workflow that shows the experiment progress.
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2.3. Evaluation Metrics

These metrics implemented an evaluation protocol to
verify logical reliability, and accuracy of citation sources
of the generated answers. The RAG system was
validated using the following two key metrics:

1. Citation Accuracy: To assess the reliability of the
references provided by the model, we evaluated
citation accuracy. We extracted the cited regulatory
numbers from the generated responses and
compared them with the actual source clause
numbers.

2. BERTScore: Instead of relying on simple word
matching, we used BERTScore to evaluate how
well the generated responses retain the meaning of
the actual answers. This metric calculates the
semantic similarity between the model-generated
answers and the answers in Section 2.1, capturing
subtle contextual differences.

To provide a holistic assessment of the model's
trustworthiness and accuracy, we introduced the RAG-
QES (Eq 1). This metric is a weighted sum of semantic
similarity and reliability.

(Eq 1) RAG-QES= w,{CA} + w,{BERT}

{CA} indicates citation accuracy. A match between
the subclause regulation numbers earns 1 point, a match
between only the requirement numbers earns 0.5 points,
and no match earns 0 points. {BERT} indicates the
normalized BERTScore. Since the score distribution
ranges from approximately 0.8 to 1.0, normalization was
performed to  improve  evaluation  accuracy.
Normalization was performed using Eq 2.

Eq 2. {BERT}Z BERTScore—0.8
1-0.8
Since both citation accuracy and semantic accuracy
are important, we set the weights to w;=0.5 and w,=0.5
for calculation.

3. Results

This section presents the normalized BERTScore,
citation accuracy, and RAG-QES evaluation results for
the four LLMs (Gemini 3.0 Pro, Gemini 3.0 Flash, GPT-
5.2, and Claude Sonnet 4.5). All experiments were
conducted under identical conditions using the QA sets.

Figure 2 illustrates the distribution of normalized
BERTScore, which quantifies the semantic similarity
between the generated responses and the ground truth.
Gemini 3.0 Pro recorded the highest median score,
indicating a strong baseline performance in capturing
technical semantics. Based on median score, Gemini 3.0
Flash ranks next, followed by Claude Sonnet 4.5.
Meanwhile, GPT-5.2 has the most outliers and the lowest
median.
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Fig 2. Normalized BERTScore distribution of LLMs

Figure 3 presents the citation accuracy, a metric
assessing whether the model references the correct
regulatory provision. Claude Sonnet 4.5 achieved the
highest reliability with a score of 0.62, followed by
Gemini 3.0 Flash and Gemini 3.0 Pro. Conversely, GPT-
5.2 recorded the lowest score of 0.46, demonstrating a
high frequency of incorrect citations compared to the
other models.
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Fig 3. Average citation accuracy of the LLMs.

Figure 4 displays the comprehensive RAG-QES
results, integrating both semantic and citation metrics.
The highest median RAG-QES score was observed in
Claude Sonnet 4.5, reflecting consistent overall
performance. GPT-5.2, however, recorded the lowest
overall and minimum scores, indicating the widest
performance gap among the tested models.
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Fig 4. Distribution of RAG-QES for LLMs
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4. Discussion & Conclusion

As shown in Table 2, recent benchmarks such
as Massive Multitask Language Understanding (MMLU)
-Pro assess the ability of an inference engine to solve
complex inference tasks. Therefore, models with high
MMLU-Pro scores are expected to demonstrate semantic
understanding (high normalized BERTScore) in a
complex regulatory environment. The results in Figure 2
support this hypothesis, revealing alignment between the
models' overall MMLU-Pro rankings and their median
normalized BERTScore rankings. Gemini 3.0 Pro
achieved the highest median normalized BERTScore,
demonstrating a capability to interpret technical nuances.

As shown in the median score rankings in Table 2,
Gemini 3.0 Flash and Claude Sonnet 4.5 followed in that
order. GPT-5.2 exhibited the lowest median scores and
two outliers, indicating instability in semantic inference.
This correlation suggests that a model's general MMLU-
Pro performance can serve as a reliable predictor of its
semantic accuracy in specialized technical applications.

Table 2. MMLU-Pro Score

Model Name Developer Score
Gemini 3.0 Pro Google 89.8
Gemini 3.0 Flash Google 89.0
GPT 5.2 OpenAl 85.9
Claude Sonnet 4.5 Anthropic 87.5

Figure 3 shows the results of evaluating citation
accuracy. Key factors determining citation accuracy in a
RAG system include the data chunking method, the
retrieval performance of the embedding model, and the
LLM's ability to adhere to prompt constraints. In this
study, the same chunking method was applied as a
control variable to all four target LLMs. Therefore, the
difference in citation accuracy between models was
expected to be primarily proportional to the objective
performance of the embedding model and the language
model's ability to adhere to guidelines. The specific
metrics for these capabilities are provided in Table 3 for
the retrieval embedding benchmark (RTEB) scores,
which evaluate how accurately the model finds relevant
documents, and Table 4 for the instruction following
benchmark (IFBench) scores, which measure the model's
precision in executing specific formatting and logical
constraints, alongside Figure 5 which displays the
common prompts. However, the actual evaluation results
differed from these expectations. Claude Sonnet 4.5
achieved a citation accuracy of 0.62, while GPT-5.2
achieved 0.46, a difference difficult to explain based on
prior metrics. Explicit evaluation metrics and controlled
environments alone cannot fully explain this discrepancy,
suggesting the existence of underlying factors that
influence final citation performance. These findings
indicate that existing benchmark scores cannot fully

Table 3. RTEB Score

Model Name Developer | Overall | English
gemm"‘(’)’(‘;‘?eddmg' Google | 7585 | 71.02
text-embedding-3- OpenAl | 5924 | 53.98

small

voyage-4-lite VOX?ge 75.07 71.23

Table 4. IFBench Score

Model Name Developer Score
Gemini 3.0 Pro Google 70.4
Gemini 3.0 Flash Google 78.0
GPT 5.2 OpenAl 65.2
Claude Sonnet 4.5 Anthropic 573
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account for the evaluation results. Specifically, since
IFBench evaluates models outside of a RAG
environment, it cannot serve as an absolute predictor of
citation performance. Consequently, there is a clear need
for a novel benchmark specialized for RAG-based
compliance.

system_prompt = """You are a strict compliance auditor for IAEA Safety Standards.
finswer based **ONLY** on the provided [Context].

[Citation Rules - STRICT]

1. *¥Sub-clause Number:** You MUST cite the exact paragraph number (e.g., *¥3.14%F, ¥ef )4,

2. **Requirement ID:** If applicable, cite the Requirement number (e.g., Requirement 12).

3, *¥Format:** Start your answer with the citation tag like [Source: Requirement 12, Para 3.14].
4, **Consistency:** Do not omit the number if it appears in the text.

Fig 5. Prompt Content

Figure 4 presents the evaluation results using RAG-
QES, a metric designed to score system performance by
assigning equal weight to semantic alignment and
citation accuracy. While Gemini 3.0 Pro excels at
interpreting complex regulatory logic, its median score is
not the highest among the evaluated models. In contrast,
Claude Sonnet 4.5 demonstrates outstanding consistency
and response reliability, as evidenced by its highest
median score and overall narrow distribution. These
findings indicate that advanced reasoning capabilities
alone are insufficient to guarantee strict regulatory
compliance. Achieving optimal RAG performance
requires the synergistic integration of multiple variables,
including a high-performance inference engine and an
accurate, domain-optimized embedding model.

This study aimed to analyze the information
processing and compliance capabilities of SOTA LLMs
in relation to nuclear regulatory documents. To
overcome the subjectivity and bias of the 'LLM-as-a-
judge' approach, this study introduced RAG-QES, a
novel quantitative evaluation metric that combines
citation accuracy and normalized BERTScore to
comprehensively assess nuclear regulatory compliance.
Using this metric, we empirically benchmarked SOTA
commercial models, including Gemini 3.0 Pro/Flash,
GPT-5.2, and Claude Sonnet 4.5, under the stringent
conditions of nuclear safety regulations, providing a
practical basis for identifying the most appropriate model
for this application. While this experiment evaluated
RAG performance using the recommended embedding
models for each LLM, the stringent data security and
closed-network requirements of nuclear facilities pose
fundamental limitations on the practical application of
these commercial cloud-based LLMs. Therefore, future
research will focus on developing and optimizing local
LLMs specialized for nuclear regulatory compliance.
These local models will be evaluated using the proposed
RAG-QES metric and compared with the baseline
performance of the commercial models established in
this study.
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