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Abstract: The Port State Control (PSC) inspection of liquefied natural gas (LNG) carriers is
crucial in maritime transportation. PSC inspection requires rapid and accurate identifica-
tion of defects with limited resources, necessitating professional knowledge and efficient
technical methods. Knowledge distillation, as a model lightweighting approach in the
field of artificial intelligence, offers the possibility of enhancing the responsiveness of LNG
carrier PSC inspections. In this study, a knowledge distillation method is introduced,
namely, the multilayer dynamic multi-teacher weighted knowledge distillation (MDMD)
model. This model fuses multilayer soft labels from multi-teacher models by extracting
intermediate feature soft labels and minimizing intermediate feature knowledge fusion. It
also employs a comprehensive dynamic weight allocation scheme that combines global
loss weight allocation with label weight allocation based on the inner product, enabling
dynamic weight allocation across multiple teachers. The experimental results show that the
MDMD model achieves a 90.6% accuracy rate in named entity recognition, which is 6.3%
greater than that of the direct training method. In addition, under the same experimental
conditions, the proposed model achieves a prediction speed that is approximately 64%
faster than that of traditional models while reducing the number of model parameters by
approximately 55%. To efficiently assist in PSC inspections, an LNG carrier PSC inspection
knowledge graph is constructed on the basis of the recognition results to quickly and
effectively support knowledge queries and assist PSC personnel in making decisions at
inspection sites.

Keywords: port state control inspection; knowledge graph; knowledge distillation; multilayer
soft label fusion; dynamic multi-teacher weight allocation

1. Introduction

The maritime transportation of liquefied natural gas (LNG) is becoming a trend
in global clean energy transportation [1]. Owing to the strict construction standards
imposed on LNG carriers, maritime transportation of LNG is relatively safe. However,
these standards do not guarantee that desirable performance can be maintained throughout
the operational lifespan of these vessels. Generally, an LNG carrier is regarded as defective
if its hull, equipment, or operational safety is significantly below the standards required by
the conventions or if the crew members are unfamiliar with their duties.

Compared with other types of vessels, LNG carriers feature specialized safety and

cargo maintenance equipment, such as specific detection and cargo handling systems
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designed to maintain the cargo temperature. Consequently, inspection of these vessels
requires surveyors to possess a higher level of expertise and more specialized knowledge,
including the details of safety equipment, the configuration of fire-fighting systems, and the
pressure thresholds of equipment [2]. Notably, even minor defects can lead to catastrophic
consequences, posing a threat not only to the safety of the crew but also potentially causing
severe damage to the vessel. Therefore, developing a specialized approach to address the
complex knowledge challenges encountered by LNG carriers during Port State Control
(PSC) inspections is vital.

PSC plays a crucial role in ensuring the safety and security of maritime transportation.
Various studies have been conducted to assess the effectiveness and factors influencing the
implementation of PSC regimes. Xiao and colleagues examined the effectiveness of the new
inspection regime for PSC by applying the Tokyo MoU [3]. Yuan and colleagues identified
important factors influencing the implementation of independent PSC regimes using the
analytical hierarchy process (AHP) to develop a framework for assessing priority factors [4].
Fan and colleagues utilized Bayesian network modeling to evaluate the effectiveness of PSC
inspections [5]. Additionally, Sanlier and colleagues analyzed PSC inspection data in the
Black Sea region [6], while Emecen and colleagues assessed the similarities between PSC
regimes based on the performance of flag states using hierarchical clustering methods [7].
Yan and colleagues developed an artificial intelligence model for ship selection in PSC
based on detention probabilities [8], and Wang and colleagues incorporated deficiency data
into the analysis of risk factors influencing PSC inspections [9]. Furthermore, Yang and
colleagues used Bayesian network-based TOPSIS to aid dynamic detention risk control
decisions in PSC [10]. Yan and colleagues investigated the influence of COVID-19 on PSC
using inspection data [8]. Demirci and colleagues focused on intelligent ship inspection
analytics by mining ship deficiency data for PSC purposes [11]. Shu and colleagues investi-
gated the effects of sea ice on vessel routing and velocity by assessing the spatiotemporal
correlations between Sea Ice Concentration, Sea Ice Thickness, Sea Ice Volume, and Auto-
matic Identification System data along the Northeast Passage [12]. Liu and colleagues [13]
and Chen and colleagues [14] have provided valuable insights into navigational safety and
ship trajectory analysis, which are integral to enhancing PSC effectiveness. Their work
complements existing studies on PSC, aiming to improve maritime safety and security.

The annual report of the 2023 Tokyo Memorandum of Understanding (Tokyo MoU)
recorded increases in Port State Control (PSC) inspection rates, defect detection rates,
and detention rates. For example, a certain Chinese maritime authority conducted PSC
inspections on 14 liquefied gas carriers. Among them, 10 vessels (7 LNG and 3 LPG) were
detained due to an average of 10.7 defects per vessel, including 4 critical defects, resulting in
a detention rate as high as 71.43%. These vessels had an average age of 25.9 years, and their
detention defects were primarily concentrated in areas such as the statutory certificates,
load lines, fire protection systems, life-saving equipment, and cargo piping systems of the
ships, with a particular emphasis on their exposed deck areas. In one case, an LNG carrier
had accumulated water and bubbles at the junction of its discharge pipe and the cover of
its temperature sensor circuitry, which triggered an alarm when a portable explosive gas
detector measured a methane concentration of approximately 4%, which was ultimately
attributed to damage to the internal packing box.

Knowledge graphs have become a significant area of interest in both industry and
academia, with a focus on exploiting diverse, dynamic, and large-scale collections of
data [15]. These graphs represent structural relations between entities and have been recog-
nized as a crucial research direction towards cognition and human-level intelligence [16].
Various research efforts have been made to enhance the capabilities of knowledge graphs,
such as knowledge reasoning over knowledge graphs [17], fake news detection using
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knowledge-driven multimodal graph convolutional networks [9], and bridging knowledge
graphs to generate scene graphs [18]. One key aspect of knowledge graphs is their represen-
tation of learning, acquisition, and applications [16]. Knowledge acquisition, particularly
knowledge graph completion, has been a significant area of focus in recent research. Meth-
ods such as embedding methods, path inference, and logical rule reasoning have been
explored to enhance knowledge graph completion [16]. Liu developed a deep learning
knowledge extraction model (BERT-MCNN) for extracting the information required for
front-line management from China’s marine pollution control-related laws and regulations,
effectively supporting the on-site decision-making of PSC inspectors [19]. Gan and col-
leagues employ knowledge graph technology to integrate various sources of knowledge
for Flag State Control (FSC) inspections [20]. Gan and colleagues introduce a novel knowl-
edge graph construction method to investigate ship collision accidents, highlighting the
interconnections among critical accident factors [21]. The study compiles 241 ship collision
investigation reports from 2018 to 2021, sourced from the China Maritime Safety Adminis-
tration (CMSA) website. Ref. [22] developed a graph neural network model (MIDG-GCN)
for predicting the causes of maritime vessel traffic accidents based on accident investiga-
tion reports, effectively aiding maritime authorities in quickly identifying accident factors
and guiding decision-making in accident investigations. Zhang constructed a knowledge
graph for PSC inspections of LNG carriers and developed a knowledge graph-based rec-
ommendation model (PT-KGCN) for predicting and recommending inspection items to
improve the efficiency and accuracy of PSC inspections [23]. Liu’s research, by constructing
a PSC inspection knowledge graph and using evolutionary game theory to analyze the
internal evolutionary dynamics of ship populations, proposed a knowledge graph-based
PSC inspection support decision-making strategy, which effectively improved the accuracy
of inspections and resource utilization efficiency, providing new insights for the research
on maritime supervision informatization and ship safety management [24]. This method
aims to utilize the basic information provided by the knowledge module and the language
module to mutually assist each other in generating embeddings for entities in the text and
to create context-aware initial embeddings for entities and relationships in the knowledge
graph. In summary, while knowledge graphs offer numerous opportunities for advancing
research and applications, they also present challenges that need to be addressed. Under-
standing the structural relationships between entities, enhancing knowledge acquisition
and completion methods, and fusing contextual information from language understanding
are key focus areas in current knowledge graph research [25].

However, constructing knowledge graphs typically requires substantial computational
and storage resources, which are impractical for many practical applications. In particular,
high-performance deep learning models demand even more resources, limiting their appli-
cation to devices with limited capabilities. Furthermore, pretrained language models have
excessively long training times and do not offer a significant speed advantage in actual
prediction tasks. Therefore, to better apply pretrained language models in engineering
practice, it is necessary to consider the resource constraints of most users and develop new
large-scale pretrained models to maximize their value. The research and industrial commu-
nities are seeking methods to construct lightweight pretrained models while maintaining
their performance.

Among the most notable successes in the NLP field are ChatGPT, based on GPT-3.5,
and GPT-4 from OpenAl, which have exerted a significant influence not only on the Al
research community but also far beyond it. Studies on constructing such models have
yielded various methods, among which reducing the number of model parameters is the
most common approach [26]. Reducing the number of model parameters can be achieved
through techniques such as pruning to remove redundant connections and parameters or
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through applying methods such as low-rank decomposition. The emergence of knowledge
distillation (KD) technology offers a novel method for compressing pretrained language
models, realizing knowledge transfer from large models to smaller ones through the con-
cept of “distillation”. Compared with pruning and quantization, knowledge distillation
can transfer knowledge from a teacher network, ensuring the accuracy of the student
network after implementing compression. It offers greater flexibility and ease of imple-
mentation, and it does not rely on specific hardware. Pruning may result in information
losses, whereas quantization may diminish the performance of the constructed model. Tian
and colleagues introduced the concept of Contrastive Representation Distillation, which
focuses on maximizing mutual information between teacher and student models [27]. Chen
and colleagues proposed Online Knowledge Distillation with Diverse Peers (OKDDip),
which involves two-level distillation with multiple auxiliary peers and a group leader [28].
Goldblum and colleagues highlighted the vulnerability of small neural networks produced
through knowledge distillation to adversarial attacks [29], while Tang and colleagues cate-
gorized teachers’ knowledge into three hierarchical levels to study its effects on knowledge
distillation [30]. Cheng and colleagues presented a method to quantify and analyze task-
relevant and task-irrelevant visual concepts encoded in intermediate layers of deep neural
networks to explain the success of knowledge distillation [31]. Xu and colleagues discussed
practical ways to exploit noisy self-supervision signals for distillation [32]. Allen-Zhu and
colleagues developed a theory showing that ensemble and knowledge distillation in deep
learning work differently from traditional learning theories, especially in the presence of a
multi-view data structure [33]. Zhang and colleagues proposed two knowledge distillation
methods for object detection, leading to significant improvements in average precision [34].
Zhao and colleagues introduced Decoupled Knowledge Distillation (DKD) to address
issues with the classical KD loss formulation [35]. Yang and colleagues introduced an
open-source knowledge distillation toolkit for natural language processing to facilitate
the implementation of knowledge distillation in NLP tasks named Textbrewer [36]. Fi-
nally, Zhang and colleagues presented self-distillation as a novel technique to improve
the efficiency and compactness of neural networks by addressing the limitations of model
deployment due to the growth of computation and parameters [37]. In KD, a complex
teacher model guides a simpler student model to accomplish knowledge transfer and
construct a lightweight model. Moreover, multi-teacher KD methods require consideration
of the performance differences between teachers to achieve dynamic guidance among them,
which is an important direction in the field at present.

To increase the efficiency and accuracy of PSC inspections for LNG vessels, a finely
tuned KD technique has been adopted for inspection model optimization. This technique
has demonstrated significant advantages in terms of professional performance. Specifically,
after intensive training using a substantial amount of PSC inspection data, the distilled
model is capable of accurately identifying unique risk factors and potential safety hazards
for LNG vessels, substantially improving the targeting and effectiveness of inspections. The
model focuses on optimizing the inspection process for the characteristics of LNG vessels,
streamlining nonessential inspection procedures, and effectively reducing the number of
inspection cycles while ensuring strict compliance with all safety regulations. During the
PSC inspection process, historical data are utilized by the model to accurately identify
and classify potential defects, providing scientific support for vessel maintenance and
management. The model offers real-time decision-making support for PSC inspectors,
reducing human error through data analysis and enhancing the consistency and fairness of
inspections. As PSC inspection standards evolve and maritime technology advances, the
model continuously learns, integrates new inspection cases, adapts to industry changes,
and consistently performs at the forefront of PSC inspections for LNG vessels. In summary,
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this model, which is based on KD technology, provides efficient and precise support for
PSC inspections of LNG vessels, ensuring the safety and reliability of LNG transportation
while enhancing the professionalism and scientific nature of the entire inspection process.

2. Methods

This section outlines a knowledge extraction framework for PSC inspections of LNG
vessels. First, a teacher-student model is selected, followed by the integration of multilayer
soft labels from multiple teacher models. Finally, the weights of multiple teachers are
dynamically allocated. A deep learning-based KD model is proposed—the multilayer
dynamic multi-teacher weighted KD (MDMD) model.

2.1. Multilayer Soft Label Knowledge Fusion
2.1.1. Intermediate Feature Soft Labels Extraction Method

In KD, the student model is required not only to learn the final prediction outcomes
of the teacher model but also to learn the features of the intermediate layers. Traditional
methods focus on the soft target knowledge of the output layer, but in tasks such as
NER, intermediate features are equally important. Therefore, a customized knowledge
distillation strategy is necessary to ensure that the student model can learn key information.

Studies have shown that relying solely on output feature learning is insufficient,
as the capacity difference between the teacher and student models at the intermediate
layers affects knowledge transfer. To address this problem, researchers have proposed
the intermediate feature KD, which involves extracting the intermediate layer features
of the teacher model to guide the learning of the student model, thereby improving
its performance.

FitNets is one of the earliest methods to utilize intermediate feature knowledge from a
teacher model [38]. The proposed method refines this process by encouraging the interme-
diate layers of the student model to approximate the outputs of the teacher model, thereby
learning feature representations more effectively and reducing the model size without
compromising performance. The key concept is to align the hidden layers of the student
model with those of the teacher model, enabling the student to predict outputs similar to
the teacher’s hidden layers. In this way, the student model can learn the feature representa-
tions of the teacher model at the intermediate layers, thereby enhancing its overall learning
efficiency and performance. This approach effectively promotes the student model’s ability
to closely approximate the teacher model while maintaining a smaller size. The loss for
the student model to learn the intermediate hidden layers of the teacher model is defined
in Equation (1).

Litint(Wauided, Wr) = % |15(; Wptint) — 7 (119 (X Waided ); Wr) |2 )

where Wphint is a part of the weights of the first 1 layers of the teacher model and Wgyided
represents the weights of the first g layers of the student model. The output u is the feature
output. The regression function r is designed to address the mismatch in dimensions
between the hidden layers of the teacher and student models. The initial g layers of the
student network, when processed through this regression function, are expected to yield
intermediate hidden layer feature outputs that closely resemble the first & layers of the
teacher model. After the student model has learned the intermediate features from the
teacher model, the original knowledge distillation loss is then applied to perform KD across
the entire network.
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2.1.2. Minimizing Intermediate Feature Knowledge Fusion

In the KD model training process, there are two major challenges: the high computa-
tional cost and the reduction in model generalizability. To overcome these challenges, this
paper introduces a novel strategy that reduces computational complexity by minimizing
intermediate features, thereby facilitating more effective hierarchical learning by the model.

The objective is to streamline the computational process by simplifying the intermediate
features while integrating multisource knowledge to enhance the model’s generalizability.
This strategy initially focuses on the fundamental characteristics of the data and shallow
features and then progressively transitions to more complex characteristics. This approach
significantly mitigates the computational burden in the early stages of training, as shallow
features typically encapsulate the basic information of the data, whereas deeper features reveal
higher-level abstract concepts. Through this shallow-to-deep learning approach, the model
can progressively understand the deeper structure of the data while maintaining performance.

In the multi-teacher distillation framework, knowledge fusion is achieved through
independent forward propagation. Each teacher network processes the data independently,
generating its own output vectors. To align outputs of different dimensions, methods
such as linear mapping are employed to ensure that all outputs reside within the same
dimensional space. On this basis, instead of a simple average, a weighted average is
employed to process the outputs of all teacher models under the assumption that each
teacher model contributes differently to the predictions. By fusing the knowledge from
each teacher model, comprehensive weights are allocated to compute prediction outputs.
This method not only provides consensus predictions for all categories but also offers a
more robust and comprehensive guidance signal to the student network, thus enhancing
its performance, understanding, and generalizability when handling complex tasks.

A set of learning schemes for fusing knowledge on the basis of the layer characteristics
of the teacher and student models is introduced in this paper. Initially, raw data are
processed through the embedding layer of the teacher model to be transformed into
vector representations. The data are subsequently processed through 12 encoder layers
to progressively obtain more advanced feature representations. Attention mechanisms
are introduced between each encoder layer to enhance the model’s focus on the critical
parts of the input data, thereby improving the efficiency of feature extraction. This feature
information is transmitted to the student model, which has only 6 encoder layers, in an
arithmetic sequence through hidden layers. Notably, owing to the absence of attention
mechanisms but the presence of hidden layers in the embedding layer, the transmission
sequences of the hidden and attention layers differ. Each encoding layer of the student
model learns from different encoding and attention layers of the teacher model, achieving
effective knowledge transfer and distillation. The multilayer soft label knowledge fusion is
shown in Figure 1 and Equation (1).

Teacher Student

AN
G
(Cws )

CCw )
| |
CCw )
| I T
Cw ) |
I |
i : I
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<—!\V(iuh!cd :

difference |

|

Figure 1. Multilayer soft label knowledge fusion.
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The procedure for the multilayer soft label knowledge fusion process entails the
following steps: Initially, knowledge is selected from the teacher model. Subsequently, the
selected knowledge is subjected to a minimization of differences. Finally, an appropriate
number of layers within the student model are chosen for the learning process.

2.2. Dynamic Multi-Teacher Weight Allocation Method

To increase the efficiency of the student model during the learning process and
strengthen its ability to recognize confusing samples, a comprehensive soft label scheme
is introduced. This scheme combines the model’s overall performance with its learning
capability for specific samples. The framework consists of two key components: first, by
analyzing the correlation between the soft labels and hard labels of the teacher model,
global weights are calculated; second, by computing the inner product of the student
model’s predictions with those of the teacher model, the similarity of the student model’s
predictions to the teacher model’s predictions is measured; then, the respective weights are
obtained. By fusing these two sets of weights, a weighted sum of the soft labels from each
teacher model can be achieved, resulting in a comprehensive soft label.

The implementation of this scheme not only ensures the model’s generalizability
across different types of entity recognition tasks but also further enhances the overall
performance of the model by improving the recognition accuracy for specific entities. In
this manner, the student model can maintain efficient learning while more accurately
identifying and distinguishing confusing samples, thereby improving its performance in
practical applications.

2.2.1. Global Loss Weight Allocation

To enhance the model'’s ability to learn from challenging samples, a method involving
the dynamic adjustment of global teacher weights is introduced. During the training
process, the student model dynamically adapts its learning approach, transitioning from
initially focusing on learning soft labels to learning the true labels. The specific formulas
are shown in Equations (2) and (3).

w —w X e
Whard(€) = Wstart + (Wstar E Eﬂd) ()

(wend — ngtart) xXe 3)

where wy,,,4(e) is the weight of the hard label loss at training step e, wy,(e) represents the

Wd (e) = Wstart —

weight of the KD loss at training step e , Wy, is the initial value of the KD loss weight,
Wepg is the final value of the KD loss weight, and E is the total number of training steps.

Two functions are defined: one for calculating the hard label loss weight and the
other for the KD loss weight. The hard label loss function assigns a weight that increases
linearly with the current training step (epoch), while the KD loss function assigns a weight
that decreases linearly with each epoch. In the initial training phase, the student model
primarily learns from soft labels, which aids the model in learning the overall knowledge
distribution of the teacher model. As training progresses, the student model gradually
shifts to primarily learning true labels, which helps the model focus more on challenging
samples and enhances its recognition capabilities. This strategy can help the model balance
generalizability and accuracy. In the early stages of training, the focus on soft labels helps
improve the model’s generalizability, while in the later stages of training, the focus on true
labels helps to improve the model’s accuracy.
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2.2.2. Label Weight Allocation Based on the Inner Product

In the KD process, the rational allocation of sample weights is crucial for improving
model performance. To enhance the model’s learning capability for challenging samples,
the dynamic temperature distillation method is applied to adjust the temperature parameter
to assign higher weights to these samples, thereby improving their learning efficiency.
However, how to more effectively distribute sample weights remains a challenge. Focal
loss-style weights (FLSWs) offer an innovative solution by assigning weights on the basis
of the learning difficulty of each sample. This approach ensures that challenges samples are
assigned higher weights, thereby strengthening the model’s ability to recognize them [39].

In this work, which is based on the FLSW method, an improvement is made to the
sample weights by replacing them with the total weight of each label for calculation. This
improvement enhances the model’s generalizability across different labels and its accuracy
in identifying challenging samples. The specific formula is shown in Equation (4).

w=1-v-1)7 4)

where w; is the weight for label [, v is the student model’s prediction for sample x , ¢ is
the teacher model’s prediction for label I , and v is a hyperparameter used to control the
focus of the FLSW for challenging samples. When the student model’s prediction for labels
differs significantly from the teacher model’s prediction, the value of v - t is smaller, and
the value of (1 — v - t)7 is larger, which results in the label being assigned a higher weight.
When the student model’s prediction for label [ is similar to the teacher model’s prediction,
the value of v - t is larger, and the value of (1 — v - t)” is smaller, leading to a lower weight
for sample x .

The core concept of the FLSW method involves performing an inner product operation
between the predictions of the student and teacher models for the same sample. This
operation generates a value ranging from —1 to 1, which is used to measure the similarity
between the student and teacher model predictions. Using this inner product value,
the FLSW method assigns a sample weight. The magnitude of the weight is directly
proportional to the discrepancy in the predictions. Specifically, when the prediction of the
student model significantly differs from that of the teacher model, the inner product value
is smaller, and the sample weight is larger; conversely, when the predictions are similar, the
inner product value is larger, and the sample weight is smaller.

During the actual training process, most samples are correctly predicted by the model,
resulting in smaller sample weights. To address this issue, the FLSW method introduces
normalization techniques to scale the weights, making their values comparable and con-
trollable. Experiments have shown that the FLSW method can significantly enhance the
performance of KD models, particularly in recognizing challenging samples.

2.2.3. Comprehensive Dynamic Weight Allocation Scheme

To effectively leverage the unique strengths of each teacher model for different labels,
a set of soft label weights tailored for specific languages is designed for each teacher model,
with a focus on the performance of each teacher model on labels of varying lengths and
complexities. The accuracy of the teacher models is calculated for each label to obtain the
teacher model’s label advantage weights, which are then used to adjust the soft labels. The
specific process is shown in Equations (5)—(7).
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where WII\/I]- represents the weight of model M; on label I, aéwj represents the recognition
accuracy of model M]- on label I, and 7 is the number of teacher models.

Wi = Wy - Wi, (6)

where W}, is the weight of model M on label !, considering the advantages of each label
and the global features.
n
Pl=3 Py, Wy, 7)
i=1

where P! is a comprehensive soft label that fuses the label advantage for label /, while Wzlvl
indicates the independent soft label of model M; for label I. This approach biases the soft
labels for each tag toward the teacher model that performs best for that particular label. By
integrating global relevance weights and specific label weights, customized comprehensive
soft labels are generated for each label. This blending strategy enables the student model to
not only learn the most effective information from each label but also maintain sensitivity
to global features. This approach not only improves the model’s accuracy for specific labels
but also enhances the model’s ability to generalize to different label features.

2.3. Construction of the Multilayer Dynamic Multi-Teacher Weighted Knowledge Distillation Model

In the field of natural language processing (NLP), RoBERTa-wwm-ext and BERT-base-
Chinese are two models that have been pretrained using vast amounts of Chinese language
data and demonstrated exceptional performance. These models are selected as the teacher
models. Additionally, MutiLingBERT is a pretrained model based on multilingual data
training that excels at handling multilingual tasks. All three models are based on the
transformer architecture, but they differ in training strategies and details, giving each a
unique performance profile in NLP tasks.

The bidirectional encoder representations from the transformers (BERT) model, with its
bidirectional transformer structure, are capable of capturing deep bidirectional contextual
information within text [40]. In contrast, RoBERTa is an improved version of BERT that
enhances model performance by adjusting pretraining strategies and hyperparameters.
RoBERTa employs a dynamic masking strategy during the pretraining process. This strategy
increases the model’s difficulty when predicting masked words, thereby improving the
overall performance of the model [41]. In summary, BERT excels at handling short entities,
whereas RoBERTa demonstrates better generalizability, effectively dealing with longer,
more extensive entities.

Next, the long short-term memory network addresses the issues of vanishing and
exploding gradients in the training process of traditional recursive recurrent neural net-

_>
work (RNN) structures. The bidirectional LSTM extracts hidden layer states h; and

Zt from the forward and reverse layers of the LSTM network for the input sequence
at(t =1,2,--- ,n). The input sequence enters the embedding layer to obtain the embedded
sequence x¢(t =1,2,--- ,n), which, after being input into the LSTM layer, yields feature
vectors hf containing contextual information. Moreover, the dictionary feature embed-
ded sequence g;(t =1,2,- - - ,n), after being input into the LSTM layer, results in feature
vectors hf containing boundary information. These two sets of BiLSTM networks are
independent of each other and do not share any parameters; thus, they can be formalized
as defined in Equation (8).
X X
hi = BiLSTM| hy 1, hy_q, %

. 8 g (8)
W = BiLSTM( hyiq, hy_1, 8
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The conditional random field (CRF) is then utilized to identify the optimal annotation
order of words within entities to form entities. BiLSTM extracts long-distance textual infor-
mation but does not excel in recognizing the sequential information between adjacent tags.
In contrast, CRF can predict the optimal sequence of tags on the basis of the dependency
relationships between labels [42]. To increase the accuracy of the prediction results, this
study employs cross-entropy as the loss function, training the model by predicting the
probability of tags approaching the true labels.

When discussing the construction of student models, there are two main KD student
models to choose from. DistillBERT, a lightweight transformer model [43], achieves most
of BERT’s performance while using fewer parameters, making it suitable for environments
with limited resources. It employs the transformer encoder architecture, with a multilayer
perceptron as the output layer. Another model, TinyBERT, has a reduced number of encoder
layers and hidden layer dimensions. The original BERT model may contain 12 or 24 encoder
layers. However, in TinyBERT, there are only 4 encoder layers. Moreover, since its hidden
layer dimension is 312, as opposed to BERT’s 768, mapping methods need to be adopted
during the distillation process to accommodate the dimensional difference.

Figure 2 shows the implementation steps of the MDMD model, which commences
with inputting prelabeled text data into a pretrained teacher model for fine-tuning, resulting
in a finely calibrated teacher model. The process then splits into two concurrent phases. In
the first phase, intermediate feature soft labels from the teacher model are extracted, and
knowledge integration across multiple layers of these soft labels is achieved by reducing
the discrepancies between these features, ensuring that the student model absorbs the
advanced abstract features of the teacher model. In the second phase, a holistic, dynamic
weight allocation strategy is employed to integrate the global loss weight distribution with
the label weight distribution based on the inner product of the prediction outcomes to
dynamically adjust the weights of the multi-teacher models. These processes occur in
tandem, collectively improving the learning efficiency of the student model. Once these
steps are finalized, distilled knowledge is utilized to train the student model thoroughly. In
the end, the trained MDMD model can transform unstructured text data into structured
information, thereby constructing a knowledge graph for PSC inspections of LNG vessels.

Deficiency Inspection Record
Handling Record

label W Semi '_I " .
'\ |== | Structured

b, o souctured [ ARIEZ| |

— label; W, ‘ ‘ |
ezl W Workflow Mapping Direct Mapping

v v :

labels Ws |

Dynamic weight Unweighted S .

Inner Product : o |

Dynamic muti learning v |

o, neoa i

m Teacher |

1 .

g f —p 0000000000000 O0 |

i |

5 > i

Ml‘l‘nmlzc o6 0 006 0606 !

difference : |

Student !

Figure 2. Architecture of the proposed knowledge distillation model.

For example, when detecting anomalies in LNG cargo tank pressure control systems,
multiple teacher models first extract the content that they consider to be potential anomalies.
These models subsequently score the provided results. The student model dynamically
learns from the integrated outcomes of the teacher models in the anomaly detection task
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based on these scores. In the end, the student model identifies the anomalous entities that
it deems acceptable, which will be used as the final anomaly detection results.

3. Experiments and Results
3.1. Dataset Preparation

In the current field of maritime regulation research, there is a lack of annotated datasets
specifically targeting regulatory texts. This study is based on the practice of PSC inspections
in China and focuses on the conventions of the International Maritime Organization (IMO)
currently signed by China and relevant regulations published domestically. The constructed
dataset is sourced from existing laws, regulations, departmental rules, and international
conventions, as detailed in Table 1. This dataset includes documents related to PSC
inspections such as the “Code for the Construction and Equipment of Ships Carrying LNG
in Bulk”, “Code on the Use of Natural Gas as Marine Fuel”, “Technical Regulation System
for Ships and Marine Facilities”, “International Convention on Standards of Training,
Certification and Watchkeeping for Seafarers, 1978 (STCW Convention), “International
Convention for the Safety of Life at Sea (SOLAS)”, “International Safety Management (ISM)
Code”, and text content crawled from maritime-related websites.

Table 1. Regulations contained in the dataset.

Regulations from China

Regulations from IMO

Maritime Traffic Safety Law of the People’s Republic of China STCW Convention, Part A, Chapter V

Marine Environmental Protection Law of the People’s Republic of

IGC Code, Chapter 18

China

Ports Law of the People’s Republic of China IGC Code, Chapter 2
Inland Rwer Tr‘afﬁc Safety Management Regulations of the People’s ISM Code, Chapter 7
Republic of China

Ship Crew Regulations of the People’s Republic of China ISM Code, Chapter 13

Regulations on Safety Supervision and Management of Dangerous

Goods Carried by Ships

SOLAS Convention, Regulation II-2/19.4

Waterborne Transport Regulations for Dangerous Goods SOLAS Convention, Regulation IV/18.2

Marine Environmental Protection Law of the People’s Republic of

China (repeated)

SOLAS Convention, Regulation 1/12

Through detailed manual screening and processing of these texts, a total of 2558 unstruc-
tured data entries are obtained. These collected data exist in the form of single-sentence rule
content, with no fixed length or topic restrictions, and contain many technical terms reflecting
the specific content of the rules.

In the NER task, entities within these unstructured data are annotated for model
training. The “BIO” annotation method is employed to label entity data, where “B” is the
beginning of an entity (Begin), “I” indicates the inside of an entity (Inside), and “O” is
used to mark nonentity text. Additionally, the unstructured text data collected from the
professional domain are preprocessed for the NER task.

3.2. Parameter Setup

The experimental parameter settings are shown in Tables 2 and 3. The character
embeddings are set to 768 dimensions to ensure compatibility with the teacher model’s
embedding layer. On the basis of the maximum sentence length of the text data, sentences
in each batch are limited to 150 characters. These sentences, along with word embeddings,
constitute the text embedding matrix. To fully exploit the potential of the model, the
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number of training rounds, or epochs, is set to 100. This setting implies that each data point
will be used multiple times for model training, thereby promoting deeper learning of the
knowledge within the data.

Table 2. Teacher parameter setting for the experiment.

Parameter Type Number
Embedding matrix (Max_len,768)
Batch size 16
Training epoch 100
Learning rate 1x107°
Deep learning framework PyTorch 2.1.0

Table 3. Student parameter settings for the experiment.

Parameter Type Number
Batch size 16
Training epoch 100
Temperature 10
Hard_label_weight 0.3
Kd_loss_weight 0.7

For batch processing, a batch size of 16 is chosen. This parameter determines how
many batches the data are divided into for simultaneous training. The choice of batch size
has a direct effect on hardware resource consumption and training speed: a larger batch
size results in higher hardware consumption and typically faster training speed.

The distillation configuration for the student model is shown in Table 3. To ensure the
smooth progress of the distillation process, the batch size, training epochs, and learning rate
are kept consistent with those of the teacher model. Additionally, the learning temperature
during distillation is set to 10, the hard_label_weight is 0.3, and the kd_loss_weight is
0.7. The selection of these hyperparameters is analyzed and discussed in detail in the
following sections.

To validate the performance of the DistillBERT model in NER tasks, teacher mod-
els are considered comparable models. Among the deep learning-based methods, the
directly trained TinyBERT model, TinyBERT-BiLSTM-CRF model, TinyBERT-BiGRU-CRF
model, DistillBERT-BiLSTM-CRF model, and DistillBERT-BiGRU-CRF model are selected
for comparison.

3.3. Accuracy Assessment

In the assessment of model accuracy, the precision, recall, and F1 score metrics are
used to comprehensively measure the effectiveness of the model. The specific formulas are
shown in Equations (9)-(11). Precision measures the correctness of the model in identifying
various entity or relationship labels, i.e., the model’s ability to accurately identify the target
categories without error. Recall measures the model’s ability to cover all relevant entities or
relationship labels in the identification process, i.e., the efficiency of the model in finding
all actually existing target categories. The F1 score is the harmonic mean of precision and
recall and is employed to evaluate the overall performance and stability of the model.

Specifically, true positive (TP) refers to the actual number of entities or relationship
labels correctly identified by the model as the i category. False positive (FP) refers to the
number of entities or relationship labels from other categories that the model incorrectly
identifies as the i category. False negative (FN) refers to the number of entities or relation-
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ship labels that the model fails to correctly identify but should actually be categorized as
the i category. n represents the total number of entity or relationship label categories.

. 1 TP;
precision = E; m (9)
TP;
recall = =y ——L 10
1’112. (TP; + FN;) (19)
Fl— 2 x Precision x Recall (1)

Precision + Recall

In the model evaluation phase, the performance metrics, computational efficiency,
and architectural complexity of the model are carefully considered. The specific formulas
are shown in Equations (12) and (13). The time cost for the model to make predictions
is quantified by precisely recording the time interval between the start and end of the
prediction process. For the statistics of the model parameters, since different models do not
use a unified vocabulary, to facilitate comparison, the vocabulary parameters are excluded
from the total number of model parameters, thereby accurately calculating the actual size
of the model’s parameters. This step helps to effectively control the model size and reduce
the demand for computational resources.

TPrediction = TEnd — Tstart (12)

Prodel = Protal — P Vocabulary (13)

3.4. Results
3.4.1. Comparison of Results Among Various Models

The results of each model are shown in Figure 3. In this study on model performance
evaluation, a variety of training strategies were implemented to compare and analyze dif-
ferent model architectures. Specifically, TinyBERT and its variants, as well as the traditional
models, were subjected to conventional direct training methods. DistillBERT variants were
also subjected to distillation training methods. Notably, the DistillBERT model underwent
a dual training process that included both direct training and distillation training.

These models were exhaustively compared and analyzed in terms of key evaluation
metrics: model parameter size (in millions), inference speed (in tenths of a second), and
F1 score, as shown in Equations (11)-(13). Although the DistillBERT model showed
minimal differences in parameter size and inference time between direct and distillation
training, it achieved a 6.3-point improvement in the F1 score through distillation training
compared with that of the direct training version, fully demonstrating the significant effect
of the distillation method in enhancing model performance. This performance increase
is attributed mainly to the effective transfer of knowledge from the teacher model to the
student model during distillation, which improves the model’s efficacy without increasing
model complexity or inference latency.

First, in terms of model parameter size, the TinyBERT series models contained only
4.83 M parameters, making them the most compact models. In contrast, the traditional
models had a parameter count of up to 95.51 M, placing them among the models with the
largest parameter counts. The DistillBERT model has a parameter size of 19.144 M, which
is slightly larger than that of TinyBERT but more advantageous than the other models.

Second, in terms of inference speed, the TinyBERT series models also exhibited ex-
cellent performance. In particular, the TinyBERT (train) model required only 8.52 ds for
inference, whereas the other traditional models had longer inference times, such as 54.01 ds
for BERT-BiLSTM-CREF, 57.28 ds for RoBERTa-BiLSTM-CREF, and 57.91 ds for MutiLingBERT-
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BiLSTM-CRF. Compared with that of the other models, the DistillBERT models trained
with both methods had a similar speed of 19 ds, which was advantageous.
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Figure 3. Result for different models.

Finally, regarding the F1 score, the RoOBERTa-BiLSTM-CREF (train) model achieved the
best performance, with a score of 92.21, followed by the DistillBERT (distill) model, which
employed the distillation method and achieved an F1 score of 90.62. The TinyBERT series
models yielded relatively low F1 scores.

Considering these three key dimensions, the DistillBERT series of models achieved an
excellent balance between model efficiency and performance. In particular, the DistillBERT
(distill) model, after optimization through the distillation method, significantly improved
its F1 score to 90.62 while maintaining the original parameter size and prediction speed,
demonstrating outstanding accuracy and efficiency balance.

Therefore, on the basis of the conclusions of this comparison, the DistillBERT (distill)
model was selected. Although its parameter size and inference time are similar to those
of the TinyBERT series models, the DistillBERT (distill) model significantly outperformed
the TinyBERT series in terms of the F1 score, highlighting its clear performance advantage.
Moreover, compared with the traditional models, the DistillBERT (distill) model also
performed better in terms of parameter size and inference time, achieving the optimal
balance between model efficiency and performance.

3.4.2. Results Graph

A total of 8512 valid triplets were extracted. The extracted knowledge of LNG carrier
PSC inspections is stored in the graph database Neo4j. Nodes represent the head entities
or tail entities, whereas edges denote the relationships between head and tail entities.
Storing this information in a graph database enables rapid querying and pinpointing of
knowledge, offering effective utilization for practical scenarios to aid in inspections. A
partial knowledge graph of the steering gear compartment area is shown in Figure 4.
The constructed knowledge graph comprehensively covers multiple critical areas of ship
safety management and operations, including issues such as failure of the main boiler fuel
oil pressure alarm, the absence of gas detectors, and the poor condition of the gas fuel
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automatic shutdown system, as well as details related to maintenance, inspection, and
emergency response preparation of the steering gear installation.

17130

Figure 4. F1 Storage of the results with a triple in Neo4j (partial).

The knowledge graph illustrates a system with various entities and concepts, as well
as the relationships between them. Entities represent specific objects or components within
the system, such as ventilation equipment, rudders, and hydraulic systems. Concepts, on
the other hand, represent functions or attributes of the system, such as steering control
and relief valves. The relationships in the constructed graph describe the connections
between entities and concepts, including dependencies, cause-and-effect relationships, and
hierarchical relationships. These relationships form the structure of the graph, helping us
understand how the different parts of the system interact with each other.

For example, within the inspection region of a steering control system, several critical
inspection projects are undertaken to maintain the integrity and reliability of the steering
mechanisms. One such project involves verifying the operational status of the power
supply of the steering gear, ensuring that both the main and emergency power sources are
functioning correctly. This is crucial for maintaining control of the vessel during normal
operations and in emergency situations. Another key inspection point is the examination
of the control system of the steering gear, where inspectors check for any signs of wear,
damage, or malfunctions that could impair its steering capabilities. These inspections are
complemented by routine tests concerning the response time and accuracy of the steering
system, which are essential for ensuring the maneuverability of the vessel and its safety
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at sea. Any identified deficiencies are promptly recorded and addressed while adhering
to the strictest safety standards and regulations. These contents not only reveal existing
safety hazards and compliance issues but also provide detailed guidance for crew training,
equipment maintenance management, and correct responses in emergency situations.
Furthermore, the graph emphasizes the importance of interdepartmental collaboration,
providing a basis for the continuous improvement of ship safety management. This ensures
the safe operation of vessels under various conditions, effectively prevents accidents, and
protects personnel and property.

4. Discussion
4.1. Comparison of Traditional Model Discrepancies

To compare the performance of different models across various labels, a radar chart
was implemented as a visualization tool to intuitively display the performance differences
between the BERT, RoBERTa, and MutiLingBERT models. The label quantity and F1 score
for each label in the test dataset for each model are shown in Figures 5 and 6, respectively.
The specific data are shown in Table 4.

- BERT RoBERTa MutiLingBERT DistillBERT

Inspection items

Inspection points / \ Total

Ship facilities Handling decisions

Regulation
Figure 5. F1 score for different labels in the test dataset.

Handling decisions: 110 — Inspection items: 86
Regulations: 71

Ship facilities: 455

Inspection points: 1010

Figure 6. Quantity for different labels in the test dataset.
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Table 4. F 1 score and quantity for different labels in the test dataset.

Label
Model Regulations Handling Inspection Inspection Ship Facilities Total (1732
71) Decisions (110)  Points (1010) Items (86) (455) otal (1732)
BERT 96 100 91 99 87 91
RoBERTa 96 100 92 98 90 92
MutiLingBERT 92 98 91 98 87 91
DistillBERT 95 100 92 99 89 90

The radar chart shows that the performance of the RoBERTa model is relatively
balanced across the labels, particularly for the “inspection points” and “ship facilities”
labels, which have significantly high scores. This result indicates that the RoBERTa model
has a strong ability to handle longer and extensible entities. However, on other labels, such
as “inspection items”, “handling decisions”, and “regulations”, the RoBERTa model’s scores
are not outstanding, revealing certain limitations. Nevertheless, since inspection points
and ship facilities include a rich set of content, the overall performance of the RoBERTa
model remains the most impressive.

In contrast, the BERT model’s performance across the labels shows marked unevenness,
with both strong and weak areas. Specifically, for the “inspection items”, “handling
decisions”, and “regulations” labels, the BERT model’s scores surpass those of the RoBERTa
model, indicating its advantage in handling short entities and common entities.

The MutiLingBERT model shows significant advantages in dealing with non-English
entities, but in terms of overall performance, the difference in performance compared with
that of the BERT model is not pronounced.

On the basis of the above analysis, through radar chart analysis of the performance of
the BERT, RoBERTa, and MutiLingBERT models across the evaluation labels, the following
conclusions are drawn. The RoBERTa model excels with respect to the “inspection points”
and “ship facilities” labels, indicating its strengths in handling complex and extensible
entities, and despite being less impressive on other labels, its overall effect is still significant.
The BERT model has stronger capabilities with respect to the “inspection items”, “handling
decisions”, and “regulations” labels and particularly excels in handling short and common
entities, outperforming the RoBERTa model. The MutiLingBERT model stands out in
handling English entities, with an overall performance comparable to that of the BERT
model. These results reveal the applicability and limitations of different models in various
application scenarios.

Similarly, the radar chart also shows that the DistillBERT model, which undergoes
distillation, performs relatively well across the labels, also performing well in terms of
the “inspection points” and “ship facilities” labels, with high scores observed. This find-
ing indicates that the DistillBERT model also has strong capabilities in handling longer
and expandable entities. Although it scores lower for “inspection items”, “handling deci-
sions”, and “regulations”, showing some limitations, the overall effectiveness of the Distill-
BERT model is still commendable because of the importance of “inspection points” and
“ship facilities”.

Further observation reveals that the DistillBERT model, which undergoes dynamic
multilayer knowledge distillation learning, performs evenly across all labels, proving
that the distillation process successfully inherits the strengths of the larger model across
different labels in the smaller model.

Within the domain of Port State Control inspections, model precision is of paramount
importance, as even subtle differences in the F1 metric can have cascading effects, poten-
tially resulting in irremediable safety risks. It is imperative that the model employed for
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PSC inspections exhibits high levels of accuracy and reliability across all labeled dimen-
sions to avoid any form of performance bias. The integration of a student model that
has been trained to embody the respective strengths of multiple teacher models confers
a competitive edge for ensuring comprehensive and effective inspection outcomes. This
approach guarantees a balanced and nuanced assessment, which is critical for ensuring the
integrity of PSC inspection protocols.

For example, during the PSC inspection process, inspectors utilize model outcomes to
efficiently review the fire extinguishing system in LNG cargo holds. The model highlights
critical nodes such as the fire extinguishing agent storage tanks, control valves, sensors,
and nozzles, which are essential components for the system’s operation. With the model,
inspectors can conduct targeted examinations of these nodes to ensure they are functioning
properly. The model also elucidates the relationships between the sensor’s detection of a fire
signal, the transmission of information to the control valve, and the control valve’s response
to release the extinguishing agent, aiding inspectors in comprehensively understanding the
system’s workflow. Furthermore, the model presents a logical chain, for instance, in cases
where the sensor fails to detect a fire signal or the control valve is unable to activate due to
a malfunction. Inspectors can swiftly identify these potential fault points. This approach
enables inspectors to promptly detect deficiencies in the fire extinguishing system within
LNG cargo holds, thereby ensuring the safety of the vessel.

4.2. Comparison of Distillation Model Discrepancies

The model distillation was explored via a meticulous comparison of various carefully
designed distillation models, including TinyBERT, TinyBERT-BiLSTM-CREF, and TinyBERT-
BiGRU-CRE, as well as DistillBERT, Distill BERT-BiGRU-CRF, and DistillBERT-BiLSTM-CRE.
In the process of identifying the most suitable distillation model, three core dimensions
were comprehensively considered: the model’s parameter scale, the required training
duration, and the model’s accuracy. The specific data are shown in Table 5.

Table 5. Results for different distilled models.

Model F1 Score
TinyBERT (distill) 82.39
TinyBERT-BiLSTM-CRF (distill) 85.87
TinyBERT-BiGRU-CREF (distill) 85.36
DistillBERT (distill) 90.62
DistillBERT-BiLSTM-CREF (distill) 89.21
DistillBERT-BiGRU-CREF (distill) 88.90

Specifically, the TinyBERT model achieves an F1 score of 82.39. As a lightweight trans-
former model based on BERT, TinyBERT is recognized for its compactness and speed while
achieving a performance similar to that of BERT but with a significantly reduced number of
parameters. By preserving BERT’s preprocessing layer, the BERT model was utilized to en-
code the input text, thus outputting data rich in semantic information. TinyBERT achieves
extreme parameter reduction and has the fastest training speed among all the candidate
models. However, the accuracy of TinyBERT is not satisfactory, suggesting that while
miniaturized models offer clear advantages in deployment efficiency and computational
resource consumption, these benefits often come at the cost of model performance.

Next, the TinyBERT-BiLSTM-CRF model, which has a larger parameter scale than
the DistillBERT model and requires approximately twice the training time, was examined.
Despite the increased model complexity of TinyBERT-BiLSTM-CREF, its F1 score is only
85.87, which is significantly lower than that of DistillBERT. This phenomenon indicates



J. Mar. Sci. Eng. 2025, 13, 426

19 of 24

that, at the same parameter scale, DistillBERT is more effective at retaining the knowledge
of the original model.

Attention was then turned to the TinyBERT-BiGRU-CRF model, which has a reduced
parameter scale compared with that of TinyBERT-BILSTM-CRF and a similar training time.
However, TinyBERT-BiGRU failed to meet expectations in terms of critical accuracy, with
an F1 score of 85.36, which did not surpass that of DistillBERT.

Finally, the DistillBERT model does not overly increase in terms of the parameter scale
and has a relatively short training time. Most importantly, it demonstrates exceptional
performance in terms of accuracy, with an F1 score as high as 90.6214, which is significantly
higher than those of both TinyBERT-BiLSTM-CRF and TinyBERT-BiGRU-CRE. This result
fully illustrates that DistillBERT successfully retains the essence of the original model’s
performance while maintaining a moderate model size.

Additionally, the models that combine DistillBERT with BiLSTM and BiGRU, were
investigated. These models achieve F1 scores of 89.21 and 88.90, respectively. Although
these two models yield slightly lower F1 scores than the standalone DistillBERT model
does, they still exhibit high accuracy.

In summary, under the same experimental conditions, when a distillation model was
selected, the DistillBERT model achieved the best balance among the parameter scale,
training duration, and accuracy. While TinyBERT is small and fast, its insufficient accu-
racy makes it unsuitable for scenarios with high-performance requirements. Although
TinyBERT-BiLSTM-CRF and TinyBERT-BiGRU-CRE, as well as DistillBERT-BiLSTM-CRF
and DistillBERT-BiGRU-CREF, increase in terms of parameter scale and time, their im-
provement in accuracy is not significant. Therefore, after weighing the efficiency and
performance of the models, it was ultimately decided to adopt DistillBERT as the preferred
distillation model.

4.3. Sensitivity Analysis of the Distillation Model Hyperparameters

In KD, the temperature parameter plays a core role. This parameter is responsible for
adjusting the smoothness of the soft labels (i.e., the softmax probability distribution) output
by the teacher model [10]. In the calculation of knowledge distillation loss, the outputs
of both the teacher and student models need to be adjusted in terms of the temperature
value. A higher temperature increases the smoothness of the outputs, causing the model
to exhibit greater uncertainty in predictions. This adjustment is beneficial for the student
model to learn a broader range of information from the teacher model. Typically, when the
temperature value exceeds 1, the distribution of soft labels becomes smoother, aiding the
learning process of the student model. Conversely, when the temperature approaches 0,
the soft labels tend toward hard labels (i.e., one-hot encoding), which reduces the amount
of information the student model can learn.

Another critical hyperparameter is hard_label_weight, which represents the weight of
the true labels (hard labels) in the total loss function. This weight determines the relative
importance between the loss from true labels and the soft label loss provided by the teacher
model when training the student model. When the hard_label_weight is low, the student
model relies more on the teacher model’s output; when it is high, the student model relies
more on the actual training labels.

Similarly, kd_loss_weight is also an important hyperparameter that determines the
weight of the soft label loss from the teacher model’s output in the total loss function.
The higher the kd_loss_weight is, the more the student model depends on the teacher
model output during training. There is a ratio relationship between kd_loss_weight and
hard_label_weight, and together, they determine the relative emphasis the student model
places on the soft labels from the teacher model and the true labels during training.
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As shown in Figure 7, the following trends can be observed: as the temperature
increases, the F1 score clearly first increases but then decreases. Specifically, as the tem-
perature parameter gradually increases from a lower value, the F1 score steadily increases
until it reaches its peak at a temperature of 10, indicating that the student model achieves
optimal performance at this temperature. Beyond this point, the F1 score begins to decline,
suggesting that too high a temperature may lead to a decrease in model performance.

91

— 89
o9}
—

» — 88
Q
o
2]
®

— 86

84

Figure 7. Result for hyperparameter sensitivity in distillation models.

Similarly, for the ratio parameter (the ratio of hard_label _weight to kd_loss_weight),
the F1 score shows a similar pattern. As the ratio parameter increases from a lower value,
the F1 score gradually improves and reaches its peak at a ratio of 3:7, indicating that at this
ratio, the student model achieves the best learning effect by combining hard and soft label
information. When the ratio parameter is further increased, the F1 score starts to decrease,
suggesting that a higher ratio may not be beneficial for improving model performance.

Notably, when the temperature parameter is set to 6, and the ratio is 1:1, the F1
score reaches 87.7 and does not follow the usual pattern of increasing or decreasing. This
phenomenon may indicate that the experimental results have reached a local optimal state.
Under this specific configuration, the model may have found the optimal solution for a
particular dataset or task environment. This case suggests that there may be multiple
locally optimal combinations of parameters in the KD process. Therefore, it cannot be ruled
out that other locally optimal parameter configurations may appear in other datasets or
different experimental settings, emphasizing the need to consider a variety of factors and
finely tune and validate parameters when optimizing models.

In conclusion, through precise adjustment of the temperature and ratio parameters
in the KD process, the performance of the student model can be effectively improved.
Specifically, when the temperature parameter is set to 10, and the ratio parameter is set to
3:7, the model exhibits the best performance, with an F1 score of 90.6. Therefore, in practical
applications, these two parameters should be adjusted according to the specific scenario to
achieve the optimal model performance.

5. Conclusions

In PSC inspections of LNG carriers, the comprehensive application of complex reg-
ulatory knowledge presents a challenge. This study introduces an MDMD model. This



J. Mar. Sci. Eng. 2025, 13, 426

21 of 24

model involves first selecting the teacher-student model and then, while fusing the knowl-
edge from multiple layers of soft labels in the multi-teacher model, dynamically allocating
the weights among the multiple teachers. The experimental results indicate that the
DistillBERT model trained with a KD approach outperforms the directly trained Distill-
BERT model by 6.3 percentage points in terms of the F1 score, with a prediction speed
increase of approximately 64% compared with those of the traditional BERT-BiLSTM-CREF,
RoBERTa-BiLSTM-CRE, and MutiLingBERT-BiLSTM-CRF models and a reduction in model
parameters of approximately 55% compared with those of conventional models. Thus, this
model achieves an optimized balance between efficiency and performance.

Through sensitivity analysis of hyperparameters, we determined the impacts of tem-
perature and scaling parameters on model performance. The model exhibited optimal
performance when the temperature parameter was set to 10, and the scaling parameter was
3:7, providing a basis for parameter tuning in practical applications.

By constructing a knowledge graph, we can assist PSC inspectors in efficient infor-
mation retrieval and decision-making. The model extracts knowledge and constructs a
graph based on LNG vessel safety management laws and regulations, which has been
verified with actual inspection data, demonstrating high accuracy. The findings of this
study contribute to enhancing the efficiency of PSC inspections and addressing the complex
challenges of onsite inspections. Additionally, shipowners and crew members can use this
to strengthen safety management and prevent accidents. We hope that this method will
contribute to vessel safety management from an inspection perspective, reducing the risk
of accidents.

This study has certain limitations. First, the precision of the model needs further
improvement. Although the current model achieved reasonable accuracy and stability,
further optimization is needed. Second, there is a need to expand the sources of regulatory
knowledge. This study relies heavily on data sourced from Chinese regulatory frameworks,
limiting its generalizability to global PSC inspections. The current study is primarily based
on Chinese laws and regulations. Future studies should incorporate more international
regulations and conventions, with the aim of exploring new ways to prevent accidents
through PSC inspections and providing strategic recommendations for the management of
the shipping industry. Given the impending adoption of the IMO MASS Code, subsequent
studies should consider incorporating PSC procedures for autonomous ships into knowl-
edge graphs. Given the high-stakes nature of PSC inspections, explainability mechanisms
should be explored to ensure regulatory transparency. The paper does not address the
dynamic evolution of maritime regulations. The current knowledge graph relies on fixed
versions of international conventions and historical Chinese inspection cases. However,
maritime rules are frequently revised in practice due to technological advancements or
lessons from accidents. A static knowledge graph would struggle to adapt to additions,
deletions, or modifications of regulatory clauses, risking conflicts between the system’s
outputs and the latest legal requirements.

The research outcomes offer tangible benefits for maritime companies and crew mem-
bers alike. From a corporate perspective, the model enhances PSC inspection readiness,
thereby minimizing operational delays and financial losses attributable to inspection fail-
ures. The Al-driven deficiency prediction capability can optimize maintenance schedules
and bolster the operational reliability of LNG carriers. Furthermore, the data-driven in-
sights derived from PSC inspection records can be leveraged to refine vessel management
policies and improve compliance with international regulations.

For the crew, the knowledge graph serves as a user-friendly resource for visualizing
inspection criteria, thereby mitigating workload and improving on-site safety. The capabil-
ity to preemptively identify irregularities in critical systems, such as cargo handling, gas
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detection, and fire suppression, substantially augments risk mitigation efforts. Additionally,
by simplifying the comprehension of complex maritime regulations, the knowledge graph
empowers seafarers with the requisite knowledge to respond to inspection requirements
more effectively.

These practical advantages collectively enhance PSC inspection preparedness and
contribute to the overarching goal of safer and more efficient LNG carrier operations.
The fusion of domain-specific knowledge with advanced Al techniques provides a solid
foundation for further research and development.
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