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Abstract

In the field of coal mine safety, traditional large language models (LLMs) face issues such
as poor knowledge timeliness, lack of traceable evidence, and susceptibility to halluci-
nations when handling complex knowledge-intensive tasks. To align with the human-
centric principles of Industry 5.0 and meet the strict compliance requirements of Industrial
Regulatory Technologies (RegTechs), this study aims to enhance the performance of a
Retrieval-Augmented Generation (RAG)-based coal mine safety compliance system. A
comprehensive coal mine knowledge dataset (CMK) is constructed to serve as a dynamic
RegTech knowledge base. Based on the RAG framework, a two-stage retrieval structure
is designed and optimized, transforming the generative Al into a safe, constrained rea-
soning core. Also, a hard-negative ranking dataset (CMK-R) is developed to support the
evaluation of the reranking model and mitigate the risk of semantic hallucinations. The
proposed approach adopts Dmeta-embedding-base and BGE-rerank-base as backbone
models and applies fine-tuning, teacher—student structured distillation, and Matryoshka
Representation Learning (MRL) to improve efficiency and reduce energy consumption.
Experimental results demonstrate that the proposed CMS-base model achieves FAHR,
MRR@10, and mAP scores of 93.48, 95.59, and 95.63, respectively, indicating that the system
can retrieve the correct safety regulation or operational clause at the top ranks with high
reliability. Furthermore, the lightweight variant reduces inference time by over 60%, and
accuracy degradation remains below 1% even when the vector dimension is compressed
to 64, significantly facilitating Edge Intelligence deployments. This robust, human-centric
framework provides a scalable industrial Al solution for real-time safety compliance and
decision support.

Keywords: retrieval-augmented generation; coal mine safety; two-stage retrieval; knowledge
distillation; lightweight optimization

1. Introduction

The transition from Industry 4.0 to Industry 5.0 marks a profound paradigm shift in
manufacturing and industrial processes. While Industry 4.0 prioritized hyper-automation,
Industry 5.0 emphasizes a human-centric, sustainable, and resilient approach, leveraging
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technology to empower workers rather than replace them. In high-risk industries such
as coal mining, on-site operations demand strict compliance with operational thresholds,
procedural sequences, and continuously updated safety regulations. RegTechs are applied
to verify compliance in these complex industrial processes, ensuring that industry practices
meet basic regulatory requirements and protecting worker safety.

Traditional end-to-end LLMs often rely on implicit parametric knowledge, leading
to limited knowledge timeliness and fatal hallucinations in domain-specific tasks. RAG
mitigates these limitations by introducing an external, updatable, non-parametric knowl-
edge base to LLMs, allowing traceable evidence and grounding for knowledge-intensive
tasks [1,2].

Globally, RAG has attracted considerable research attention in multiple domains.
Lewis et al. [1] first formalized RAG as a framework that demonstrated significant im-
provements in factual consistency for open-domain question answering (QA). Subsequent
studies optimized the retrieval component through dense vector models and hybrid re-
trieval strategies that integrate sparse and dense representations [3,4]. Researchers have
explored efficiency-oriented techniques, including late interaction architectures, adaptive
index compression, and vector quantization for large-scale retrieval [5,6]. In specialized
fields like biomedicine, finance, and law, tailored RAG frameworks have been created to
support domain adaptation and to operate effectively under strict latency constraints [7-9].

In the coal mine domain, on-site QA tasks demand strict compliance with operational
thresholds, procedural sequences, clause identifiers, and clearly defined responsibility
boundaries. Regulations, operational procedures, equipment manuals, and accident re-
ports are frequently updated, posing additional challenges to maintain accuracy and
consistency of knowledge. Given these characteristics, the updateability and traceability
advantages of RAG make it an essential technical pathway for intelligent QA, risk as-
sessment, and emergency decision support in mining operations. Existing studies focus
on building QA systems that relate to regulations, equipment knowledge, and blasting
operations. Wang Ying et al. [10] proposed a QA framework based on multi-task reading
comprehension centered on coal mine safety regulations, improving adaptability and ro-
bustness in professional contexts. Dong Yaxin [11] designed a QA system for coal mine
equipment that integrates intent recognition, knowledge retrieval, and response generation,
demonstrating the feasibility of knowledge-graph-driven QA in specialized domains. Sun
Jiayi et al. [12] developed a knowledge-graph-enhanced QA system for precise retrieval
and reasoning over safety procedures and emergency plans. Zhu et al. [13] implemented
an end-to-end RAG system that combined dense retrieval and generative responses for coal
mine safety QA tasks. Also, the open source CoalQA project [14] integrates multi-source
heterogeneous mining knowledge through a Neo4j knowledge graph and LangChain,
supporting real-world applications of intelligent QA.

By constructing a domain-specific knowledge base, optimizing retrieval-generation
pipelines and improving semantic understanding, RAG-based coal mine safety QA systems
are evolving from functional prototypes to reliable, production-ready systems. However,
most existing studies depend on open source retrieval models without reproducible or
systematic solutions for hybrid retrieval, index compression, risk-aligned reranking, or end-
to-end evaluation.

In industrial Edge IoT (IloT) environments, RAG systems must overcome challenges
related to large index sizes, high latency, and high resource consumption. In industrial
and mining contexts, the challenges of RAG implementation manifest themselves as mea-
surable and optimizable engineering problems. Under conditions involving millions of
long documents, strict domain terminology, and cross-version clause retrieval, systems
must maintain both high recall and precision while satisfying low-latency requirements
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in production environments. Although uncompressed dense retrieval achieves strong
recall, the resulting large index size and high search cost hinder deployment in resource-
constrained settings [15,16]. Techniques such as model distillation and dimensionality
reduction can effectively compress model size with minimal performance degradation, yet
fine-grained parameter tuning is still required to ensure stability across heterogeneous hard-
ware and high-concurrency deployments [17,18]. Large-scale indexes and the high cost of
updates continue to be key obstacles to system maintainability, and although multi-vector
representations enhance semantic coverage, they also substantially raise GPU memory
usage and storage overhead [19-21].

Overall, three gaps are still not adequately addressed. First, existing coal mine safety
QA studies mainly focus on functional system construction, while reproducible domain-
specific retrieval datasets with detailed quality control are still limited. Second, most RAG
systems rely on general-purpose embedding and reranking models, which may not capture
safety-critical terminology, numerical thresholds, and cross-version regulatory expressions
in coal mine documents. Third, existing RAG studies usually emphasize answer accuracy,
while less attention is paid to latency, storage overhead, vector compression, and evidence-
grounded refusal mechanisms required for industrial edge deployment.

This paper bridges the gap between sophisticated generative Al and resource-constrained
industrial edge environments. The main contributions of this study are as follows:

1. A coal mine safety knowledge dataset (CMK) and a hard-negative reranking dataset
(CMK-R) are constructed for domain-specific retrieval and compliance-oriented eval-
uation. Due to restrictions associated with the original data sources, the complete
datasets are not publicly released; instead, detailed dataset statistics, construction
procedures, and evaluation settings are provided to ensure reproducibility.

2. A two-stage retrieval framework is developed by fine-tuning Dmeta-embedding-base
and BGE-rerank-base on coal mine safety data, improving the retrieval of safety-
critical clauses and operational requirements.

3. Knowledge distillation and Matryoshka Representation Learning are incorporated to
reduce inference latency and vector storage while maintaining retrieval performance,
enabling resource-constrained industrial deployment.

4. A constrained generation and refusal mechanism is designed to ensure that generated
answers are grounded in retrieved evidence, preserve safety-critical numerical values,
and avoid unsupported compliance suggestions.

2. Related Theories
2.1. Industry 5.0 and Industrial RegTech

Industrial processes are inherently complex and strictly regulated. RegTechs con-
sist of digital applications aimed at simplifying data collection and compliance checking.
Within the Industry 5.0 framework, RegTech serves as a macro-level auditing tool and
a micro-level operational assistant. Integrating Generative Al into Industrial RegTech
requires rigorous safeguards against inaccuracies. Our RAG approach incorporates Ex-
plainable Al principles by treating retrieved text chunks as a strict chain of evidence for the
generative process.

2.2. Retrieval-Augmented Generation and Embedding Models

RAG architecture connects a semantic retrieval engine with a generative language
model. Mainstream industrial RAG systems adopt a two-stage retrieval framework, which
consists of an initial bi-encoder for recall and a subsequent cross-encoder for reranking.
In the first stage, efficient bi-encoder models such as DPR [4] and Contriever [3] perform
large-scale recall. In the second stage, cross-encoder models such as ColBERT [22] rerank
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the retrieved candidates to enhance precision and contextual alignment. The proposed
system optimizes both stages specifically for the syntactic and semantic nuances of coal
mine safety literature.

2.3. Recent Advances in Retrieval-Augmented Generation

Recent RAG frameworks mainly improve retrieval flexibility, reasoning ability, or
generation reliability. GraphRAG constructs knowledge graphs and community sum-
maries from private corpora to support global and multi-hop question answering over
large document collections [23]. Its strength lies in relational reasoning and corpus-level
summarization, but it also introduces additional graph construction and maintenance costs.
Self-RAG improves factuality by enabling the language model to decide when to retrieve
and to critique its own generations through reflection tokens, which is particularly useful
for open-domain generation scenarios [24]. Adaptive RAG dynamically selects retrieval
or generation strategies according to query complexity, reducing unnecessary retrieval
and balancing cost and answer quality [25]. Corrective RAG further introduces a retrieval
evaluator to detect low-quality retrieved passages and trigger corrective retrieval actions,
thereby improving robustness against retrieval failures [26].

As summarized in Table 1, GraphRAG focuses on graph-based global reasoning,
Self-RAG introduces self-reflection mechanisms for improving factuality, Adaptive RAG
dynamically selects retrieval strategies according to query complexity, and Corrective RAG
improves robustness through retrieval correction. In contrast, the proposed framework
targets safety-critical industrial applications, where retrieval accuracy, evidence traceability,
conservative generation, and deployment efficiency must be jointly optimized. Therefore,
the framework integrates domain-specific retrieval enhancement, evidence-grounded gen-
eration, refusal control, and edge-oriented optimization through knowledge distillation
and embedding compression.

Table 1. Comparison between representative RAG frameworks and the proposed framework.

Framework Retrieval Generation Evidence Edge Application S »
Enhancement Control Grounding Deployment pplication Scenario
GraphRAG v 3 A 3 Global k'novx{ledge reasoning and multi-hop
summarization
Self-RAG v v v : Open—domaln factual generation with
self-reflection
Adaptive Dynamic retrieval strategy selection
v v A VAN . .
RAG according to query complexity
Corrective v v v _ Robust retrieval through low-quality
RAG evidence detection and correction
Provosed Safety-critical industrial compliance with
P v v v v lightweight retrieval and edge
Framework

deployment

v': Explicitly supported; A: Partially supported or implementation-dependent; — Not a primary design objective.

2.4. Model Training and Evaluation Metrics

Training methods for embedding models generally include unsupervised contrastive
learning, supervised positive—negative pair construction, and multi-task joint training
strategies. Among these, contrastive learning aims to maximize similarity between seman-
tically related text pairs while minimizing similarity between unrelated ones, thus enabling
the model to capture semantic structures effectively from unlabeled corpora [27]. In su-
pervised settings, positive and negative pairs can be constructed from question-answer
pairs, title-body pairs, or abstract—text pairs, significantly enhancing the model’s ability to
capture sentence-level semantic relationships.
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For embedding model performance evaluation, common metrics include First Article
Hit Rate (FAHR), Mean Reciprocal Rank (MRR), and mean Average Precision (mAP).

3. CMK Dataset

The CMK dataset was systematically crawled from the Coal Mine Safety Production
network, yielding 53,821 valid text pairs after deduplication and data cleaning. It spans five
primary categories: coal mine knowledge, management, operational procedures, technical
measures, and regulations & standards.

3.1. Multi-Level Pagination Crawling

This work focuses on knowledge related to coal mine safety, encompassing multiple
aspects such as laws and regulations, mine management, operational procedures, and tech-
nical measures. The target data are distributed across multiple directories and pages on
the website. A multi-level pagination crawling strategy was employed to systematically
acquire the target text information.

Figure 1 presents the four-stage web crawling pipeline. In Step 1, first-level category
pages are located from the website’s homepage, representing broad coal mine safety themes.
In Step 2, each first-level page is parsed to obtain the URLs of second-level subcategories.
Step 3 iterates through paginated lists within each subcategory to gather the URLs of
relevant target articles. In Step 4, each target article is downloaded, HTML tags are stripped,
and the title, category labels, publication information, and main content are extracted and
saved as a structured text pair. During post-processing, invalid pages, duplicate URLSs,
empty articles, and documents with abnormal lengths are filtered out.
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Figure 1. Process of multi-level pagination crawling for the CMK dataset.

3.2. Construction of the CMK Dataset

The collected data were stored in the form of text pairs, shown as Figure 2. A text is
composed of id, tagl, tag2, title and context, tagl refers to the top-level category and tag2
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refers to the lower-level category. To ensure data quality, we performed duplicate removal,
empty-field filtering, HTML tag cleaning, abnormal-length filtering, and manual sampling
inspection. A stratified random subset of 5000 samples, comprising 1000 samples from each
category, was independently examined by two domain-aware annotators. Three quality
dimensions were considered: category correctness, title-context consistency, and regulatory
relevance. The observed agreement rates were 97.38%, 95.76%, and 95.30%, respectively.
The corresponding Cohen’s kappa coefficients were x = 0.95, x = 0.92, and x = 0.91,
with an average agreement coefficient of & = 0.93. These results indicate almost perfect
inter-annotator agreement. All disagreements were resolved through discussion, and an
additional domain expert was consulted when necessary.

{"id" /S, "tagl" : —RITRE, "tag2": ZHITRE, "title" B, "context" AR}
{"id": 1,"tagl": "R{EHIE", "tag2": "{EHFE", "title": "BHHINE
EREARREME" , "context": "EHENINZEHARRENE—. ESRTEL. FHE
ERTFERTEESSI1200/2%200, DSI140/230/3%400 0] {45 BH T SIHAVIRE
B, 2. AMIZBAEN EAESSI1200/2%200, DSI140/230/3%400E5FEHAL MR

Figure 2. Storage format showing an example of text pairs in the CMK dataset.

Table 2 presents the statistical properties of the CMK dataset. Coal mine knowledge
and management make up the largest share, mirroring the real-world distribution of
safety-related information in mining environments. Although regulations and standards
constitute a smaller portion, they are particularly crucial because they include safety-critical
compliance requirements and numerical limit values. To assess whether CMK is appro-
priate for retrieval-based tasks, we examined the length distributions of documents and
queries. The average document length is about 337 tokens, whereas queries average around
20 tokens. This pattern aligns with real-world coal mine safety consultation use cases,
in which users generally pose brief operational questions and expect the system to retrieve
comparatively lengthy regulatory excerpts. The dataset was partitioned into training, vali-
dation, and test sets using an 8:1:1 split, while preserving a consistent distribution across
all subsets.

Table 2. Statistics of the CMK dataset.

Number of Percentage Average Average

Category Samples %) 8 Context Length  Query Length  Main Content Description
P ? (Tokens) (Tokens)
Coal Mine Basic mining knowledge, terminology,
Knowledge 15,326 28.48 286 186 geological and production knowledge
. Safety management systems,
Coal Mine 13,482 25.05 315 19.4 responsibility allocation, inspection
Management
procedures

Operational 10,864 2018 342 201 Star}dard operatm'g procedurgs, '
Procedures equipment operation, worker instructions
Technical 8076 1537 368 213 Gas control, vent1.lat10n, prevention and
Measures control technologies
Regulations & 5873 10.92 395 07 Natlor}al regulatl.ons, safety standards,
Standards compliance requirements
Total 53,821 100.00 337 20.4 -

4. Two-Stage Retrieval Model

In a single-stage retrieval framework, retrieval results are obtained solely by com-
puting the vector similarity of text embeddings, as illustrated in Figure 3 (steps 1 and 2).
The two-stage retrieval framework extends this process by introducing an additional Step
3. After obtaining the Top-K candidate texts from the initial retrieval stage, a reranking
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model is applied to reorder these candidates based on relevance, thereby producing the
final ranked results.

All Documents

Query Embedding Vector
DB

@ top_k=10

The most relevent record

Figure 3. Two-stage retrieval flowchart.

In this study, an embedding model, denoted CMS-base, was developed by fine-tuning
an open source general-purpose embedding model on the CMK dataset. To enhance effi-
ciency, the model incorporates teacher-student structured distillation and MRL, enabling
improved inference performance and reduced storage requirements without compromis-
ing retrieval accuracy. Building upon the CMK dataset, a CMK-R dataset was further
constructed using the CMS-base model to improve the effectiveness of the reranking stage.

All experiments were conducted on a computing platform equipped with an Intel
Xeon Gold 5318Y CPU (2.10 GHz) and an NVIDIA A40 GPU. The software environment
comprised Python 3.8.11, the PyTorch 1.13.1 deep learning framework, and CUDA 11.7.
A fixed-length text segmentation strategy was used, segmenting the corpus into chunks of
300 tokens with a sliding window of 50-tokens to preserve contextual continuity between
segments. All vector similarities mentioned in this paper are computed by using cosine
similarity. All experiments were repeated with five random seeds. We report the mean and
standard deviation of FAHR, MRR@10, and mAP.

4.1. Embedding Model and Green Computing Optimization

The Dmeta-embedding-base model was fine-tuned using Multiple Negatives Symmet-
ric Ranking Loss. To adhere to green computing principles and reduce energy overhead
in continuous monitoring scenarios, teacher—student structured distillation was applied,
compressing the 12-layer model into smaller variants. To address the bandwidth constraints
of IIoT edge devices, MRL, which allows the model to retain critical semantic features at
lower dimensions was incorporated. This adaptive capability means that a wearable smart
mining lamp can transmit a highly compressed 64-dimensional vector over a constrained
network, rather than the standard 768-dimensional vector, drastically reducing latency and
network congestion.

4.1.1. Fine-Tuning of the Embedding Model

The Dmeta-embedding-base model is an open source semantic representation
model released by Beijing Zhipu Al It employs a bi-encoder architecture and outputs
768-dimensional dense vectors. The model is specifically designed for text vectorization
and semantic retrieval tasks and is suitable for retrieval-augmented generation, semantic
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search, similarity computation, and knowledge inference in both Chinese and mixed Chi-
nese-English contexts.

Table 3 shows the hyperparameter configuration used to fine-tune the embedding
model. During the fine-tuning process, a Warmup learning rate strategy is applied, with the
number of Warmup steps set to 10% of the total training steps. This approach allows
the model to start with a relatively low learning rate during the initial training phase
to maintain the stability of deeper layers [28]. As training progresses, the learning rate
gradually increases to the predefined value, thereby accelerating the convergence of the
model and improving the training performance.

Table 3. Fine-tuning parameter settings for the embedding model.

Parameter Value

Base Model Dmeta-embedding-base

Train Batch Size 16

Epochs 20

Loss Function Multiple Negatives Symmetric Ranking Loss
Learning Rate 2x107°

Scheduler Warmup Linear Schedule

Warmup Steps 5384

Evaluation Steps 2692

During training, the model was evaluated on the validation set after each epoch. The
evaluation metrics included FAHR and MRR@10 (Mean Reciprocal Rank of the Top-10
retrieved texts). Among these, FAHR was adopted as the primary reference metric for
model selection to preserve the optimal checkpoint.

As illustrated in Figure 4, both the FAHR and MRR@10 improved consistently be-
tween epochs in the validation set. The fine-tuned model achieved its most significant
performance gain after the first epoch, followed by gradual and steady improvements in
subsequent epochs.

—=— MRR@10
—4— FAHR
100.00%

95.00%
90.00%
85.00%
80.00%

75.00%

01234567 8 91011121314151617181920
epoch

Figure 4. FAHR and MRR@10 trends on the CMK validation dataset during training.

The model obtained after 20 epochs of training was selected as the final model, called
the CMS-base. A comparative evaluation was conducted between the CMS-base model and
the original base model on the CMK test dataset. Table 4 presents the results. Compared to
the base model, the CMS-base achieved notable performance improvements, with FAHR
increased by 18.07, MRR@10 increased by 14.89, and mAP improved by 14.64.
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Table 4. Comparison of CMS-base and base model results.
Model FAHR MRR@10 mAP
Dmeta-embedding-base 75.41 4 0.18 80.70 £ 0.21 80.99 £+ 0.23
CMS-base 93.48 & 0.15 95.59 & 0.13 95.63 = 0.14

4.1.2. Inference Time Optimization—Model Distillation

Model distillation is a machine learning model compression technique that is used to
transfer knowledge from a large teacher model to a smaller student model. The student
model is obtained by retaining a subset of the layers of the teacher model, and it is trained
to mimic the teacher by minimizing the mean squared error (MSE) between the vector
representations generated by both models, as shown in Equation (1). Here, n denotes the
dimensionality of the embedding vectors. v; and 9; represent the corresponding elements
of the vectors generated by the student model and teacher model, respectively. By learning
to replicate the behavior of the teacher, the student model can achieve relatively high
performance, as illustrated in Figure 5.

1 n A2
MSE = Z%(Ui —0;) 1
iz

Teacher sentence vector

TeaCher — 04 21 08 12
Model 4 2. B —l
Hello world! MSE Loss
\ Student —» 028 97 32 . 4 14T
Model

Student sentence vector

Figure 5. Schematic diagram showing the model distillation.

In this study, the title and context texts from the CMK training dataset were used as
training data for the model distillation, while those from the CMK validation dataset were
used as validation data. The original CMS-base model contains 12 hidden layers. Based on
this, subsets of layers were retained to construct three student models: CMS_4_layers with
layers [1, 4, 7, 10], CMS_6_layers with layers [0, 2, 4, 6, 8, 10], and CMS_8_layers with layers
[0,1,3,4,6,7,9,10].

As shown in Figure 6, the MSE values between the student and teacher models contin-
uously decreased and became stable after the third epoch, indicating that the performance
of the student models was gradually approaching that of the teacher model.

50 I 4-layers
T 6-layers
45

8-layers

MSE(*100)

T T T T T T T T T TT ™
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

epoch

Figure 6. MSE trends during training of student and teacher models.
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The performance of the three student models on the CMK test set is shown in Table 5.
Compared with the teacher model, the student models achieved a substantial reduction
in model size and a significant improvement in inference efficiency, while maintaining
retrieval effectiveness within an acceptable range of degradation.

Table 5. Model distillation training results.

Model Size (Params) FAHR MRR@10 mAP Time Cost
CMS-base 411 M 9348 £0.15 9559 £0.13 9563 +£0.14 101.87s+1.24s
CMS_8_layers 297 M 9335+ 0.16 9550+0.14 9555+0.14 71.11s+0.96s
CMS_6_layers 241 M 9270 £ 0.18 95.024+0.17 95.07 +=0.16 55.64s+0.83s
CMS_4_layers 184 M 9229 +£0.21 94.66 £020 9472 4+0.20 40.39s+0.69s

4.1.3. Vector Storage Optimization with MRL

When the knowledge base contains a large number of documents, the storage of text
embeddings constitutes a significant portion of the overall storage overhead. To address
this, this work adopts the MRL method, which aims to optimize storage by reducing the
dimensionality of text embeddings while preserving their representational capacity as
much as possible.

The core idea of MRL is to evaluate the semantic quality of truncated embeddings at
different dimensions during training, enabling the model to retain the most critical features
for semantic discrimination in lower dimensions. This allows a dynamic trade-off between
vector compression and semantic preservation.

CMS-base was used as the base model, with Multiple Negatives Symmetric Ranking
Loss as the loss function. The embedding dimension of the CMS-base is 768, and the target
lower dimensions were set at 64, 128, 256, and 512. During training, the FAHR metric in
the CMK validation set was used as the primary reference to determine the optimal model
for checkpoint saving. The trends of FAHR and MRR@10 over 20 epochs are illustrated
in Figure 7.

-i—- MRR@10
100.00% FAHR

95.00% r.,..m..—’-'-l—"-.-.'H'H'H

90.00%

85.00%

80.00%

75.00%

70.00%

9 1011121314151617 1819 20
epoch

O =
-
N -
w -
g
o -
o o
~N -
o o

Figure 7. FAHR and MRR@10 trends over 20 epochs during MRL.

The model trained for 20 epochs was selected as the final CMS-mrl model. Its perfor-
mance at different embedding dimensions is presented in Table 6. When the embedding
dimension was reduced, the model performance degradation did not exceed 1%, thereby
achieving storage optimization within an acceptable range of accuracy loss.
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Table 6. Performance metrics for Matryoshka embedding training.
Model Vector Dim. FAHR MRR@10 mAP

CMS-base 768 93.48 + 0.15 95.59 £ 0.13 95.63 + 0.14
CMS_mrl_512dim 512 93.02 £ 0.16 95.31 £ 0.15 95.34 £+ 0.15
CMS_mrl_256dim 256 93.02 £+ 0.17 95.25 £ 0.16 9529 £ 0.16
CMS_mrl_128dim 128 92.76 + 0.18 95.00 £ 0.18 95.04 + 0.19
CMS_mrl_64dim 64 92.57 +0.20 94.81 + 0.19 94.87 + 0.19

4.2. Reranking Model for Hallucination Mitigation

To ensure the LLM receives only highly relevant context, the CMK-R dataset was built
by mining hard negatives from the base model’s Top-10 recall list. The BGE-rerank-base
model was fine-tuned on this dataset to act as a strict filter before the generative phase.

4.2.1. Construction of the CMK-R Dataset

In the context of embedding-based retrieval, irrelevant texts ranked at the top positions
are referred to as hard negatives, while relevant texts are treated as positives. The task of
the reranking model is to effectively distinguish positives from hard negatives and re-order
the Top-N texts recalled by the retrieval model.

In this study, the CMS-base model was applied to the CMK training set to construct the
data set for reranking, namely CMK-R. For model evaluation, independently partitioned
CMK validation and test datasets were used to measure retrieval performance, thereby
avoiding overfitting caused by overlap between the CMK-R and training samples. Figure 8
shows the construction process of the CMK-R dataset.

! .H Relevant

Passage (Pos)
>
l
Embedding Model Topl0 hard\
. negative

example A
All Passage (neg)

v

Result

Figure 8. Construction process of the CMK-R dataset.

The construction of the CMK-R dataset followed four main steps:

1.  Obtaining initial retrieval results. For each query, the CMS-base model was used to
retrieve the Top-10 candidate texts from the CMK data set.

2.  Positive example annotation. According to the original annotations, the relevant
standard text corresponding to each query was defined as the positive example.

3.  Hard negative mining. From the Top-10 retrieval results, after excluding the positive
example, the top-ranked texts that are semantically similar to the query but actually
irrelevant were selected as hard negatives.

4. Construction of triplet samples (query, positive, hard negative). Each query was
paired with its corresponding positive and hard negative samples to form a training

instance. The storage format is {“query”: “xxxxx”, “pos”: [“xxxxx”], “neg”: [“xxxxx",
“xxxxx”, ... ]}.
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4.2.2. Fine-Tuning of the Reranking Model

In this study, BGE-rerank-base was selected as the base model and fine-tuned on the
CMK-R dataset for 10 epochs with a batch size of 64. The FAHR metric on the validation
set was used as a reference indicator to determine the optimal checkpoint. As illustrated
in Figure 9, the evaluation metrics tended to stabilize after the second epoch. The model
obtained after the sixth epoch was adopted as the final CMS-Reranking model.

—a—FAHR
100.00% —e—MRR@10
98.00%

96.00%
94.00% /
92.00% ¢

90.00%
88.00%
86.00%
84.00%
82.00% T T T T T T T T T 1

P P

epoch
Figure 9. Performance trends of the reranking model during training.

The performance of CMS-Reranking was compared with the BGE-rerank-base baseline
model in the validation set, and the results are shown in Table 7. Compared to baseline,
CMS-Reranking achieved improvements of 6.24 in FAHR, 4.45 in MRR@10, and 4.43 in mAP,
demonstrating its effectiveness in enhancing reranking performance.

Table 7. Reranking training results.

Model Training Strategy FAHR MRR@10 mAP

BGE-rerank-base No domain fine-tuning 8793 +0.18 91.75+0.16 91.78+0.17
BGE-rerank-base + random negatives Random-negative fine-tuning 91.86 £0.20 94.72 £0.18 94.75 +0.18
CMS-Reranking Hard-negative fine-tuning 9417 £ 0.14 96.20 £ 0.13 96.21 £ 0.13

4.3. Generative Core and Prompt Engineering

In the generative stage, the LLM is not treated as an open-ended text generator, but as a
constrained reasoning core for regulation-grounded industrial assistance. Its primary func-
tion is to transform the evidence retrieved by the two-stage retrieval module into concise,
structured, and traceable answers for coal mine safety compliance support. To align with the
Industrial RegTech objective of this study, the generative module is designed under three
principles: evidence grounding, constrained answer generation, and explicit source attribution.

4.3.1. Query Processing and Answer Generation Workflow

The complete generative workflow consists of five steps:

1.  Query normalization. The user query is cleaned and normalized to reduce wording
variation while preserving domain terminology.

2. First-stage retrieval. CMS-base retrieves the Top-10 semantically relevant passages
from the CMK knowledge base.

3. Second-stage reranking. CMS-Reranking re-orders the candidate passages and selects
the Top-5 evidence passages for generation.

4.  Prompt construction. The system prompt, user query, and evidence passages are
assembled into the constrained generation template.
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5. Answer generation and output formatting. The LLM generates the final answer,
which is then returned together with its evidence references.

This design is particularly important in coal mine safety scenarios, where incorrect
threshold values, incomplete procedural steps, or fabricated regulatory references may lead
to severe operational risks. The generative core is used as a context-bounded compliance
assistant, whose output is restricted by prompt-level control rules and evidence-aware
formatting requirements. The end-to-end pipeline was implemented in the Dify open
source framework.

4.3.2. Prompt Engineering Strategy

To reduce hallucinations and improve compliance reliability, a constrained prompt
engineering strategy was designed. The prompt consists of four parts: system instruction,
task definition, retrieved evidence context, and answer format constraints. The complete prompt
templates are provided in Appendix A.

1.  System instruction. The model is assigned the role of a coal mine safety compliance
assistant. It is instructed to provide only regulation-grounded answers and to avoid
unsupported assumptions.

2.  Task definition. The user question is reformulated as a compliance-oriented query,
emphasizing that the response should identify the relevant rule, threshold, procedure,
or operational requirement.

3. Retrieved evidence context. The top-ranked text passages returned by the two-stage
retrieval module are inserted into the prompt as the only valid evidence source. Each
passage is prefixed with an index number to facilitate citation and traceability.

4. Answer format constraints. The model is explicitly required to generate a brief and
precise answer, cite the corresponding evidence passage or clause when possible,
and refuse to answer when the retrieved context is insufficient.

Table 8 summarizes the key components of the proposed prompt design and their
corresponding objectives in the generative stage. Compared with unconstrained prompting,
this strategy reduces the possibility that the model supplements missing facts using its pre-
trained knowledge, which is especially important for industrial questions involving gas con-
centration thresholds, power-cut conditions, evacuation rules, and operating procedures.

Table 8. Prompt design for the generative core.

Component

Description Objective

System role

Task prompt
Evidence input
Passage indexing
Answer constraint
Numeric
preservation
Conflict handling
Refusal policy
Source attribution
Brevity control

Defines the model as a safety compliance assistant
Formulates the query as a regulation-oriented task
Provides retrieved passages as the sole evidence source Grounds answers in external regulations
Labels passages with identifiers

Requires concise and evidence-based responses

Preserves original threshold values and wording

Prefers more specific regulatory evidence

Returns fallback output when evidence is insufficient
Retains clause numbers or source-aware references
Limits unnecessary output expansion

Restricts open-ended generation
Focuses on thresholds, rules, and procedures

Supports traceability and citation
Improves factual consistency

Avoids safety-critical paraphrasing errors

Reduces ambiguity in generation
Mitigates hallucinations

Enhances explainability and auditability
Reduces token cost and latency

4.3.3. Constrained Generation and Refusal Mechanism

A core objective of the generative design is to prevent the model from producing
plausible but unverified safety instructions. A refusal mechanism was incorporated into the
prompt policy. The model is instructed to return a conservative fallback response whenever
one of the following conditions occurs:
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* no retrieved passage directly answers the question.

* the evidence passages contain conflicting threshold values or ambiguous procedural
conditions.

¢ the retrieved content is descriptive but does not contain an explicit operational rule.

Under these conditions, the model does not generate a speculative answer. Instead, it
outputs a standardized response indicating that the current evidence is insufficient and that
further manual verification is required. This conservative strategy is consistent with the
human-centric principle of Industry 5.0, where the Al system assists rather than replaces
human safety judgment.

In addition, the model is instructed to preserve critical numerical values exactly as
stated in the retrieved evidence. This is necessary because safety compliance queries
often depend on small numeric differences, such as alarm thresholds, power-cut values,
or ventilation parameters. Even minor paraphrasing errors may alter the operational
meaning of the answer.

4.3.4. Evidence Formatting and Source Attribution

To improve interpretability, the retrieved evidence is normalized before being inserted
into the prompt. Specifically, each passage is assigned a unique evidence identifier and
ordered according to the final ranking score. When possible, the title or local metadata
of the original source is retained to strengthen source awareness. This formatting enables
the LLM to generate answers in an evidence-aware manner and simplifies subsequent
manual inspection.

For regulation-intensive questions, the model is encouraged to include explicit trace-
able references such as “according to Passage [2]” or “the retrieved regulation indicates that
...”". If the retrieved text contains clause numbers or article identifiers, these are preserved
in the generated answer. In this way, the output is not merely fluent natural language, but a
traceable compliance-oriented response that supports Industrial RegTech requirements.

5. Experiments and Results
5.1. Baselines

In this section the CMS base model is compared with several widely used open
source embedding models, such as the BM25 algorithm, GTE [29], BGE [30], and others.
These models are known for their strong generalization and transferability in natural
language processing tasks and have been widely applied to semantic retrieval, question
answer systems, and multimodal alignment scenarios. Using FAHR, MRR@10, and mAP
as evaluation metrics, experiments were conducted on the CMK test set. The results of each
model are summarized in Table 9.

As shown, CMS-base significantly outperforms BM25 and other embedding models in the
CMK test set, indicating that domain-specific fine-tuning is critical for coal mine safety retrieval.

Table 9. Performance comparison of various embedding models.

Model FAHR MRR@10 mAP

BM25 74.63 + 0.00 79.80 + 0.00 80.08 + 0.00
gte-large-zh 80.14 4+ 0.22 84.30 + 0.25 84.52 + 0.24
bge-large-zh-v1.5 84.10 + 0.20 88.06 &+ 0.23 88.21 4+ 0.21
stella-large-zh-v3-1792d 84.23 +£0.19 87.80 + 0.20 87.97 + 0.21
alime-embedding-large-zh 82.86 + 0.24 86.55 + 0.26 86.72 £ 0.25
xiaobu-embedding 86.36 = 0.17 86.92 + 0.19 87.08 + 0.20
acge_text_embedding 73.68 = 0.28 79.26 £+ 0.30 79.58 £+ 0.29
CMS-base 93.48 £ 0.15 95.59 £ 0.13 95.63 + 0.14
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5.2. Implementation Details of the Generative Module

To ensure the reproducibility of the proposed RAG framework, the implementation
details of the generative module are provided in this section. The generative module is
responsible for producing compliance-oriented answers based on retrieved evidence passages.

In our experiments, the large language model receives only the retrieved regulatory
evidence and user queries as input. The model is instructed to generate answers strictly
based on the provided evidence and to refuse answering when the retrieved information is
insufficient, contradictory, or does not contain explicit safety requirements.

The embedding retriever first retrieves the top-10 candidate passages from the CMK
knowledge base. These candidates are subsequently processed by the CMS-Reranking
module, and the top-5 ranked passages are used as evidence for final answer generation.

The inference configuration and decoding parameters are summarized in Table 10.

Table 10. Implementation details of the generative module.

Item Setting

LLM Qwen2.5-7B-Instruct

Deployment Local inference

Framework Dify

Temperature 0.0

Top-p 0.9

Maximum generation 512 tokens

length

Retrieved candidates Top-10 passages retrieved by CMS-base

EV1den<?e passages for Top-5 passages after CMS-Reranking

generation

Decoding strategy Greedy decoding

R . No direct evidence, conflicting evidence, or no explicit
efusal trigger

operational rule

5.3. Ablation Study

Table 11 presents the ablation results of the proposed lightweight two-stage RAG
framework. The test data set consisted of three hundred questions from the coal mine
safety examination with standard references and answers. The questions were selected
using a stratified sampling strategy and covered the five major categories. Each category
contained 60 questions. The expanded evaluation set included numerical-threshold ques-
tions, procedural-sequence questions, equipment-specific questions, responsibility and
management questions, emergency-response questions, and insufficient-evidence ques-
tions. An LLM-as-a-judge protocol was used to evaluate the generated responses in terms
of answer correctness and relevance.

The CMS-Reranking module provides the largest individual improvement, increasing
answer accuracy from 73.7% to 85.7%. This demonstrates that domain-specific hard-
negative optimization is more effective than random-negative training for distinguishing
semantically similar safety regulations. A representative comparison of the retrieved
passages and generated answers before and after applying CMS-Reranking is provided in
Appendix B.

The distilled models maintain competitive answer accuracy while reducing model
complexity. Among them, CMS-6-layer achieves 83.7% accuracy, showing that moderate
model compression can preserve most retrieval and generation capability. The MRL vari-
ants further demonstrate that embedding compression introduces only limited performance
degradation, with the 128-dimensional configuration achieving 84.0% accuracy.
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The complete framework achieves the best performance with an accuracy of 87.0%
and a relevance score of 0.890. Removing prompt constraints decreases accuracy to 81.7%,
indicating that evidence-bounded generation and refusal control are essential for preventing
unsupported answers in safety-critical scenarios.

Table 11. Ablation study of the proposed lightweight two-stage RAG framework.

Hard- Prompt Answer
Variant Negative Distillation MRL c P Relevance
Rerankin onstraint  Accuracy
8

CMS-base X X X X 73.7% 0.821
CMS-base + random-negative reranker Partial X X X 79.0% 0.843
CMS-base + CMS-Reranking v X X X 85.7% 0.881
CMS-8-layer + CMS-Reranking v v X X 85.0% 0.877
CMS-6-layer + CMS-Reranking v v X X 83.7% 0.865
CMS-4-layer + CMS-Reranking v v X X 82.3% 0.853
CMS-mrl-512dim + CMS-Reranking v X v X 85.3% 0.879
CMS-mrl-256dim + CMS-Reranking v X v X 84.7% 0.874
CMS-mrl-128dim + CMS-Reranking v X v X 84.0% 0.867
CMS-mrl-64dim + CMS-Reranking v X v X 83.3% 0.858
Full framework: CMS-6-layer + MRL-128dim + o

CMS-Reranking + constrai}r,‘led prompt v v v Y 87.0% 0.890
Full framework without prompt constraint v v v X 81.7% 0.848
Full framework without refusal mechanism v v v Partial 84.3% 0.864

5.4. Error Analysis

Although the proposed two-stage RAG framework achieves strong retrieval and gener-
ation performance, several failure cases were still observed during the evaluation. To better
understand the limitations of the system, we manually analyzed the incorrect cases in the
test set and grouped them into five major error types: retrieval miss, reranking error, incom-
plete generation, evidence conflict, and refusal failure. As shown in Table 12, retrieval miss
was the dominant error category, accounting for 30.8% of all incorrect responses. These
cases mainly occurred when user queries contained informal expressions, domain abbrevi-
ations, or terminology that differed from the wording used in the corresponding regulatory
clauses. Although the embedding model was fine-tuned on coal mine safety data, semantic
differences between operational language and formal regulatory language remained a
major source of retrieval failure. Reranking errors accounted for 23.1% of all errors. These
errors typically involved passages that were highly similar in terminology and numerical
content but differed in equipment type, installation location, or operational context. Incom-
plete generation accounted for 20.5% of all errors. In these cases, the correct evidence was
successfully retrieved, but the generated response omitted one or more safety requirements.
This problem was most common in questions whose reference clauses contained multiple
thresholds, sequential actions, or parallel compliance conditions. Checklist-style prompting
and explicit completeness constraints may therefore improve the generation of multi-item
answers. Evidence conflicts and refusal failures each accounted for 12.8% of all errors.
Evidence conflicts primarily resulted from differences among regulatory versions, authority
levels, or operational contexts. Refusal failures occurred when the retrieved passages
were topically related to the query but did not provide a sufficiently explicit operational
rule. These findings indicate that future improvements should incorporate regulatory
version metadata, evidence-authority ranking, conflict-resolution rules, and more reliable
evidence-sufficiency detection.

Overall, retrieval and reranking errors jointly accounted for 53.9% of all errors. This
finding indicates that fine-grained evidence selection remains the main performance
bottleneck. Generation- and refusal-related errors accounted for 33.3%, demonstrat-
ing that correct retrieval alone does not guarantee a complete and safe compliance
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response. The quantitative analysis therefore further supports the combined use of
domain-specific retrieval, hard-negative reranking, constrained generation, and conserva-

tive refusal mechanisms.

Table 12. Error analysis of the proposed RAG framework.

Percen . . Im n Saf . e .
Error Type ercentage Main Cause Representative Example PaCt.o Safety Possible Mitigation
of Errors Compliance
The user query and The query uses ”gas The correct regulatory . Introduce domain

. alarm threshold”, clause may not appear in .

regulation text use . . synonym expansion,
. . o . . whereas the regulation the Top-K retrieved e
Retrieval miss 30.8% different terminology, " : . query rewriting,

L R .. uses “methane sensor candidates, leading to X
abbreviations, or implicit . . . and hybrid sparse—-dense
expressions alarm concentration incomplete or incorrect retrieval stratesies

P threshold”. evidence selection. &
Hard negatives contain
highly similar A passage concerning an Construct

sy . Sy passag N The LLM may apply a equipment-aware,
terminology, equipment upper corner gas sensor .

. o . . correct threshold to an location-aware,
Reranking error  23.1% names, or numerical is ranked above the . . -
. p incorrect equipment type  and numerical hard

thresholds, making passage for a “return . K . .

. . . ” or operational scenario. negatives for reranking
fine-grained airway gas sensor”. optimization
discrimination difficult. P '

The retrieved evidence The evidence specifies Incomplete safety .
: . both alarm and power-cut . . . Apply checklist-style
contains multiple safety instructions may mislead J.
Incomplete o X thresholds, but the . prompts and explicit
. 20.5% requirements, but the operators and omit .
generation generated answer reports i . multi-item completeness
LLM only outputs part of critical compliance .
S . only the power-cut . constraints.
the required information. requirements.
threshold.
Retrieved passages One passage provides a The model may select an Incorporate version
. ; A metadata, validity
. originate from different general national outdated, less . E .
Evidence o - . o information, authority
X 12.8% regulatory versions, threshold, while another authoritative, K
conflict . o . ranking,
standards, or operational  specifies a stricter or contextually . .
: ) : . and conflict-resolution
contexts. enterprise-level threshold.  inappropriate regulation. .
mechanisms.
Retrieved evidence is A descriptive passage The model may generate .

. L2 . Strengthen evidence

semantically related but about gas monitoring is unsupported compliance L& .
. o . . i T . sufficiency detection and
Refusal failure 12.8% does not contain an retrieved, but no specific advice instead of refusing N
. . - . . confidence-based refusal
explicit operational threshold or action an insufficiently olicies
requirement. requirement is provided.  supported request. P ’
Total 100.0% - 39 incorrect cases - -

Note: The full framework correctly answered 261 out of 300 questions, resulting in 39 incorrect cases. The percent-
age of errors is calculated using the 39 incorrect responses as the denominator.

6. Conclusions

In this work, the concepts of Industry 5.0 and Industrial RegTech are operationalized

as concrete system design requirements. Human-centricity is embodied in the refusal
mechanism and evidence attribution, ensuring that the Al system assists rather than
replaces human safety decisions. Sustainability is achieved through model distillation and
MRL-based vector compression, which lower inference latency and storage costs. Resilience
is ensured by the updatable CMK knowledge base and a two-stage retrieval process,
enabling regulatory knowledge to be refreshed without retraining the LLM. RegTech-
specific needs are met via traceable evidence passages, preservation of numerical thresholds,
and compliance-focused answer formatting.

This study also has several limitations. First, the CMK dataset is primarily built from
text-based coal mine safety documents, and does not yet integrate multimodal resources
such as equipment schematics, monitoring trend curves, or accident images. Second,
the current evaluation relies on offline test sets and coal mine safety examination questions,
which may not adequately reflect real-time interactions in underground environments.
Third, although a refusal mechanism is incorporated, the system still cannot fully avoid hal-
lucinations when the retrieved evidence is incomplete or outdated. Fourth, the framework
has not been deployed in an actual coal mine edge-computing setting characterized by
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unstable networks, constrained hardware, and simultaneous users. In future work, we plan
to expand the system toward multimodal RAG, regulatory version tracking, and validation
through field deployment.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence
BERT Bidirectional Encoder Representations from Transformers
BGE BAAI General Embedding

BM25 Best Matching 25
CMK Coal Mine Knowledge dataset
CMK-R  Coal Mine Knowledge Reranking dataset

CMS Coal Mine Safety
CUDA Compute Unified Device Architecture
DPR Dense Passage Retrieval

EMNLP  Empirical Methods in Natural Language Processing
FAHR First Article Hit Rate

GTE General Text Embeddings

GPU Graphics Processing Unit

LLM Large Language Model

mAP mean Average Precision

MRL Matryoshka Representation Learning
MRR Mean Reciprocal Rank

MSE Mean Squared Error

NLP Natural Language Processing

QA Question Answering

RAG Retrieval-Augmented Generation

RegTech  Regulatory Technologies
TLA Three Letter Acronym

Appendix A. Prompt Templates for Evidence-Constrained Generation

To improve the reproducibility of the generative stage, this appendix provides the
complete prompt templates used in the proposed evidence-constrained RAG framework.

Appendix A.1. System Prompt

You are a coal mine safety compliance assistant. You must answer only
according to the retrieved evidence passages. Do not use unsupported
prior knowledge. Preserve all numerical thresholds, clause names, and
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procedural conditions exactly as stated in the evidence. If the evidence
is insufficient, conflicting, or does not contain an explicit operational
rule, respond that the current evidence is insufficient and manual

verification is required.

Appendix A.2. User Prompt Template

Question: {user_query}

Retrieved evidence:
[1] {passage_1}
[2] {passage_2}
[3] {passage_3}
[4] {passage_4}
[6] {passage_5}

Please provide a concise compliance-oriented answer. Cite the evidence
passage numbers. If no passage directly supports the answer, refuse to

answer.

Appendix A.3. Refusal Template

The retrieved evidence is insufficient to provide a reliable coal mine
safety compliance answer. Manual verification of the relevant regulation

or operating procedure is required.

Appendix B. Representative Comparison of Retrieval and Answer
Generation Results

Question

Reference Answer

What are the alarm and power-cut evacuation thresholds for gas concentration in the return
airway?
>1.0% for alarm; >1.5% for power cut and evacuation

CMS-base

Passage 1: When the gas concentration in the return airway reaches , non-intrinsically safe
power should be cut off automatically and personnel evacuated. . .

Passage 2: The alarm value can be set by enterprises as needed, appropriately adjusted
according to mine conditions. ..

Passage 3: Parameters for methane monitoring in the upper corner differ from those in the
return airway,with an example alarm threshold of 0.8%. . .

Passage 4: Local fan power cut-off: 1.5% for power cut and evacuation, 1.2% for early
warning. . .

Passage 5: Gas sensor calibration and log management: weekly function tests, zero calibration
before shifts. . .

Answer: 1.5% for power cut and evacuation (incorrect)

CMS-base +
CMS-Reranking

Passage 1: Return airway parameter table:

Passage 2: The alarm value ; enterprises may set stricter thresholds but
not relax them; monitoring system should trigger audio-visual alarms. . .
Passage 3: Conditions for power restoration after cut-off:

Passage 4: Handling of false alarms and sensor malfunctions (not related to thresholds). ..
Passage 5: Monitoring points: return airway, local fan outlets, etc., should be continuously
monitored,

Answer: >1.0% for alarm; >1.5% for power cut and evacuation
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