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 a b s t r a c t

Ship trajectory prediction (STP) is a critical research focus for enhancing maritime traffic situa-
tional awareness and supporting navigational decision-making in intelligent transportation sys-
tems. The accuracy and robustness of prediction models significantly affect maritime safety and 
shipping efficiency. Despite advances driven by Automatic Identification System (AIS) data and 
deep learning techniques, key challenges remain unresolved, including dynamic multi-ship inter-
action modelling in complex marine environments, multi-scale temporal dependency reasoning, 
trajectory uncertainty quantification, and effective integration of maritime domain knowledge. 
Existing methods based on Large Language Models (LLMs) improve generalisation through pre-
trained knowledge but fall short in real-time interaction topology modelling, geospatial seman-
tic representation, and uncertainty estimation. To address these limitations, this paper proposes 
LLM4STP, a novel LLM-driven multi-feature fusion method for STP. LLM4STP establishes a new 
paradigm by deeply integrating LLMs with maritime domain knowledge to collaboratively pre-
dict ship trajectories. The model features an adaptive graph-masked Transformer to dynamically 
capture ship interaction topologies, hierarchical temporal reasoning to jointly model local ma-
noeuvring behaviours and macroscopic navigational intent, and an innovative fusion of Gaussian 
probability distribution heatmaps with GeoHash-based geospatial encoding to quantify trajectory 
uncertainty while preserving semantic continuity. Experiments on three representative water ar-
eas demonstrate that LLM4STP consistently outperforms nine state-of-the-art (SOTA) methods, 
as validated by key metrics including Average Displacement Error (ADE), FrÃ©chet Distance 
(FD), and Final Displacement Error (FDE). Moreover, the few-shot learning experiments demon-
strate that LLM4STP can match the performance of models trained on the full dataset using only 
20% of the training data, highlighting its efficiency and strong adaptability in data-scarce envi-
ronments. The ablation studies empirically validate the significance and distinct contribution of 
each component within the proposed model architecture. This study integrates LLM into maritime 
traffic scenarios, making significant contributions to enhancing the robustness, accuracy, and in-
terpretability of STP in high-interference environments. The source code is openly accessible at 
https://github.com/Joker-hang/LLM4STP.
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1.  Introduction

Ship trajectory prediction (STP) serves as a foundational component of intelligent shipping systems (Zhang et al., 2022; Bai 
et al., 2024), with significant applications in maritime traffic situational awareness (Liu et al., 2025; Li et al., 2023b), collision risk 
assessment (Xu et al., 2025), and navigational path optimisation (Zhao and Zhao, 2024). While model-based methods effectively 
capture the physical characteristics of ship motion, they often struggle to adapt to complex and dynamic marine environments (Jiao 
et al., 2021). The widespread application of the Automatic Identification System (AIS) and the digital transformation of the global 
shipping industry (Chen et al., 2024; Shu et al., 2025) have generated vast volumes of dynamic maritime data. This has accelerated 
the advancement and transformative application of deep learning-based methods in maritime research and operations (Bi et al., 2024; 
Yao et al., 2024). The dynamic information recorded by AIS, such as ship position, speed, and heading, enables models like Long 
Short-Term Memory (LSTM) Networks (Li et al., 2024b,c) and Convolutional Neural Networks (CNNs) (Lee and Park, 2024) to capture 
temporal dependencies in ship movement patterns. However, challenges persist in real-world marine scenarios, including frequent and 
dynamic multi-ship interactions (Cao et al., 2024), significant trajectory uncertainty (Li et al., 2024a), and difficulties in integrating 
multi-source heterogeneous data such as weather (Kim et al., 2023), navigation regulations (Yang et al., 2024c), and operational 
semantics (Yu et al., 2021). These factors cause bottlenecks for traditional deep learning models, often leading to extractions of 
decoupled spatio-temporal characteristics and inadequate modelling of long-term temporal dependencies (Yang and Pei, 2023; Mo 
et al., 2024).

Recently, Large Language Models (LLMs) have emerged as a promising paradigm for trajectory prediction, leveraging their pow-
erful contextual reasoning capabilities and extensive pre-trained knowledge (Peng et al., 2025). Several studies have begun exploring 
their potential in the maritime domain. For example, Nguyen et al. (2024) proposed TM-LLM, which incorporates token and motion 
embedding layers to capture both local and global patterns in sequential AIS data. These embeddings are subsequently fused through a 
convolutional layer to ensure compatibility with the LLM input. Similarly, Chen et al. (2025) utilised LLMs to interpret ship navigation 
behaviours and infer multiple navigation intentions semantically. By leveraging a Transformer architecture, the framework effectively 
associates key waypoints with inferred intent information, enabling more consistent and accurate long-term trajectory forecasting. 
However, current LLM-driven approaches still face several critical challenges: (1) They often fail to incorporate rich semantic infor-
mation, such as spatial interactions between vessels, probabilistic trajectory distributions, and geographic context, thereby limiting 
the full potential of LLMs in capturing maritime dynamics. (2) Most methods do not provide an end-to-end prediction framework, 
using LLMs primarily for intention inference while relying on separate transformer-based modules for trajectory prediction. This 
fragmented design reduces efficiency and model coherence. (3) Few studies have explored the few-shot learning capabilities of LLMs 
in STP, overlooking their potential to achieve high performance and adaptability even with limited training data.

To address these challenges, a novel LLM-driven multi-feature fusion method, LLM4STP, is proposed for STP. LLM4STP systemat-
ically tackles critical issues such as dynamic interaction modelling, multi-scale temporal processing, and uncertainty quantification 
through a unified and deeply integrated architecture. Specifically, the prompt project encodes maritime domain knowledge (e.g., wa-
terway restrictions and weather alerts) into structured embeddings. To accurately capture dynamic ship interactions, a graph-masked 
spatial Transformer mechanism is developed, employing adaptive distance thresholds to construct real-time interaction topologies. 
To simultaneously preserve local manoeuvring details and global navigational patterns, a hierarchical temporal modelling paradigm 
is proposed, combining local convolutional processing with global LLM-based reasoning. To handle trajectory uncertainty and main-
tain geographic semantic continuity, a dual modelling system using Gaussian heatmaps and Geohash-based hierarchical encoding is 
introduced, converting physical space perturbations into learnable feature representations. Through a five-fold feature embedding 
mechanism, LLM4STP achieves the first deep integration of semantic, spatial, temporal, probabilistic, and geographic information for 
trajectory prediction.

The proposed model is evaluated on three representative AIS datasets: Chengshan Jiao Promontory area (CSJ), Caofeidian water 
area (CFD), and Tianjin Port water area (TJP). These regions were chosen for their distinct characteristics and operational scenarios, 
encompassing complex geographical features, high-intensity maritime traffic, and diverse navigational challenges (Li et al., 2023a).

Comparative experimental results demonstrate that LLM4STP consistently outperforms nine state-of-the-art (SOTA) methods in 
key evaluation metrics, including Final Displacement Error (FDE), Average Displacement Error (ADE), and FrÃ©chet Distance (FD). 
Furthermore, the discussion of LLM4STP’s performance under few-shot learning settings has been strengthened. Experimental results 
reveal that LLM4STP achieves performance comparable to models trained on the full dataset even when using only 20% of the training 
data, highlighting its strong generalisation ability and data efficiency. Additionally, ablation studies confirm the effectiveness and 
contributions of each module within LLM4STP.

The innovative contributions of this paper can be summarised as follows:

(1) Develop a spatial Transformer for dynamic relationship modelling. A graph-masked spatial attention mechanism is developed to 
dynamically construct ship interaction topologies based on adaptive distance thresholds. By integrating multi-head self-attention, 
the method enables accurate quantification of complex and evolving spatial interactions, effectively overcoming the limitations 
of traditional approaches in capturing dynamic ship interactions.

(2) Introduce a hierarchical temporal modelling approach. A “Local Convolution-Global LLM” hybrid module is introduced for 
time-series processing. By using a patching operation, the model achieves hierarchical temporal representation, preserving local 
motion details while simultaneously leveraging the global temporal reasoning capabilities of pre-trained LLMs to capture long-
term navigation patterns.
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(3) Establish a dual modelling system for probability uncertainty and geographic semantic continuity. A probabilistic modelling 
network using 2D Gaussian heatmaps is developed, combined with a Geohash-based hierarchical encoding mechanism. This 
framework transforms positional uncertainty into learnable feature vectors, enhancing model robustness in complex marine 
environments while maintaining the continuity of geographic semantics.

(4) Propose LLM4STP, a LLM-driven multi-feature fusion framework for STP. A novel multi-feature fusion framework is proposed, 
integrating semantic, probabilistic, geohash, local, and spatial embeddings to comprehensively represent multi-source heteroge-
neous data. This pioneering fusion achieves the first deep coupling between large language models and STP, addressing long-
standing limitations in traditional models and advancing the application of LLMs in maritime intelligent systems.

The remainder of this paper is organised as follows: Section 2 provides a systematic review of current trajectory prediction studies 
based on deep learning and LLMs and summarises the main research gaps. Section 3 presents the model framework and the design of 
multiple embedding modules. Section 4 describes the experimental details and analyses the results. Section 5 discusses the implications 
of this study, and Section 6 concludes this paper.

2.  Literature review

Deep learning-based STP has become a mainstream research direction in intelligent transportation systems. Architectures such as 
CNNs, LSTMs, and Gated Recurrent Units (GRUs) have proven effective in capturing spatiotemporal features and long-term depen-
dencies within trajectory data, particularly for scenarios with relatively regular ship movement patterns (Li et al., 2023a). However, 
with the rise of LLMs, their powerful capabilities in contextual reasoning and complex sequential data processing have gradually 
driven their application in STP (Liu et al., 2024b). In contrast to conventional deep learning models, LLMs serialise trajectory in-
formation into tokenised sequences, enabling them to capture complex contextual dependencies and model trajectory uncertainties 
more effectively, particularly in highly dynamic marine environments.

To reflect the evolving landscape of STP, this paper categorises the development of trajectory prediction into two major categories: 
deep learning-based trajectory prediction and LLM-based trajectory prediction, focusing on differences in model architectures, data 
processing strategies, optimisation methods, and application scenarios.

2.1.  A systematic review of deep learning approaches

Deep learning has significantly advanced STP, contributing to enhanced maritime traffic safety, improved shipping efficiency, and 
the development of intelligent transportation systems. It is crucial in scenarios including collision avoidance, route planning, and 
maritime monitoring.

To investigate research trends, this study retrieved related publications from the Web of Science (WoS) Core Collection (Mongeon 
and Paul-Hus, 2016) using the search terms: (“TS = ship trajectory prediction or TS = vessel trajectory prediction) and (TS = deep 
learning”). As of May 11, 2025, a total of 181 SCI-related papers were retrieved. Among these, 177 highly relevant publications from 
2020 to 2025 were analysed using the CiteSpace software (Chen, 2006), resulting in thematic keyword clustering (Fig. 1) and timeline 
visualisations (Fig. 2).

As shown in Fig. 1, the keywords cluster into eight thematic clusters. Cluster #0 (Trajectory) data forms the foundation of STP, 
with AIS data serving as the primary data source. AIS data, praised by Yang et al. (2019) for its transformative potential, has become 
the foundation of the digital era in shipping. Beyond AIS data, Cluster #4 (maritime track association) reflects efforts to integrate 
multi-source trajectory data for enhanced predictive capabilities. For instance, Gülsoylu et al. (2024) combined AIS data with maritime 
images, ship speed, and heading information to establish baselines for ship detection and STP. Xiao et al. (2024) developed an adaptive 
multimodal prediction model that integrates AIS and environmental data, improving the precision of the prediction through the fusion 
of historical and environmental characteristics.

Clusters #3 (STP), #6 (long-sequence forecasting), #7 (Long short-term memory) and #3 (attention mechanism) focus on method-
ological developments. Long-sequence forecasting (#6) can effectively capture long-term dependencies in ship trajectory data, sig-
nificantly improving the forecasting of future trajectory trends. Xiong et al. (2024) has employed the Informer model for long-term 
trajectory prediction.

Attention mechanisms (#2) are widely used. For example, Xue et al. (2024) proposed the G-Trans technique based on the Trans-
former architecture and feature clustering, and Yoo et al. (2024) combined GRU with attention mechanisms for fishing vessel trajectory 
prediction. Lin et al. (2023) proposed TTCN-Attention-GRU by embedding attention layers within hierarchical temporal CNNs. Some 
researchers have also combined attention mechanisms with LSTM (#7) to predict STP (Zhang et al., 2021; Zhou et al., 2024).

Clusters #1 (maritime safety) and #5 (anomaly detection) represent the application scenarios for STP tasks. Zhang et al. (2022) 
highlighted that STP is one of the most important topics for safe, intelligent, and efficient maritime transportation. Zaman et al. (2024) 
laid the groundwork for deep learning’s adoption in trajectory prediction aimed at enhancing maritime traffic safety. Additionally, 
numerous researchers have applied STP for anomaly detection (#5). For instance, Xie et al. (2024) integrated DBSCAN-based trajec-
tory clustering with attention-based trajectory prediction to effectively identify anomalous behaviours in ship movements. Similarly, 
Hu et al. (2022) employed deep reinforcement learning algorithms to train trajectory anomaly detection models.

As depicted in Fig. 2, AIS trajectory (#0) data emerged as a pivotal foundation for STP. By recording dynamic ship information, 
such as position, speed, and heading, AIS data provides essential inputs for understanding vessel movement patterns and forecasting 
future trajectories. Yang et al. (2019) highlighted that AIS data has immensely enriched maritime research, serving as a fundamental 
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Fig. 1. Keyword clustering of STP papers based on deep learning.

Fig. 2. Keyword timeline of STP literature based on deep learning.
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data pillar of the field. Tu et al. (2017) further delved into AIS data sources and their correlation with ship navigation, underscoring 
their significance in trajectory prediction and their broad applicability in tasks such as anomaly detection, collision prediction, route 
estimation, and path planning.

With technological advancements, the research focus has shifted from merely collecting AIS data to developing data models for 
extracting trajectory (#0) information for more accurate trajectory prediction. In recent years, particularly since 2023, AI-driven 
models have been widely adopted for trajectory prediction. Deep learning, a key branch of AI, has rapidly gained prominence in this 
domain. Its strong capabilities in feature extraction and complex data pattern modelling have unlocked new possibilities for STP. 
Many deep learning techniques, including LSTM (#7), GRU, and attention mechanisms, have been incorporated into this field. For 
instance, Wang et al. (2025) introduced a switching input LSTM model to enhance prediction flexibility. Chen et al. (2022) integrated 
forward GRU and backwards Bi-GRU networks to improve trajectory fitting accuracy through bidirectional scaling. Shin and Yang 
(2025) systematically compared Bi-GRU, Bi-LSTM, and Transformer models for STP in port environments.

Among deep learning innovations, attention mechanisms (#2) have attracted particular interest in maritime trajectory forecasting. 
Inspired by the human visual attention system, attention mechanisms dynamically allocate computational focus to the most infor-
mative segments of input data, improving model sensitivity and efficiency. Building on conventional recurrent architectures such as 
LSTM and GRU, researchers have introduced attention modules to better capture key features and dynamic variations within vessel 
trajectories.

Recent advancements demonstrate integrated strategies combining deep learning models with attention mechanisms. Li et al. 
(2024b) developed an Attribute Correlation Attention (ACoAtt)-LSTM framework, embedding AIS data with attribute-aware attention 
modules for improved prediction performance. Zhao et al. (2024) proposed a dual-attention end-to-end neural network architecture 
that synergises LSTM units with attention mechanisms. Liu et al. (2024d) innovatively combined CNN architectures with attention-
enhanced GRU networks, achieving not only higher predictive accuracy but also improved model interpretability, offering new 
perspectives for understanding decision-making mechanisms in maritime trajectory systems.

While conventional temporal models often struggle to capture inter-vessel interactions in multi-ship scenarios, spatiotemporal fea-
ture fusion networks have emerged as a promising solution. These architectures enable comprehensive representation by integrating 
temporal evolution patterns with spatial inter-ship interaction mechanisms, thus better reflecting the dynamics of complex mar-
itime environments. Notable implementations demonstrate progressive methodological innovations: Zhang et al. (2023) developed 
a Spatiotemporal-Aware Graph Attention Network (ST-GAT) based on LSTM, incorporating spatiotemporal attention to dynamically 
weigh critical time phases and spatial relationships, thereby enhancing predictive accuracy and robustness. Liang et al. (2022) ap-
plied Spatiotemporal Graph Convolutional Networks (ST-GCN) to jointly model spatial relationships through graph operations and 
temporal dependencies. Zeng et al. (2024) advanced this paradigm by combining graph convolutional networks with GRU and atten-
tion mechanisms, particularly excelling in long-sequence processing and complex interaction scenarios. Liu et al. (2024c) introduced 
a hybrid model combining graph attention networks with Transformer architecture, enabling probabilistic trajectory distribution 
prediction and uncertainty quantification, thereby enhancing operational reliability in practical applications. These developments 
have propelled rapid progress in spatiotemporal fusion-based prediction technologies, enabling not only more accurate trajectory 
forecasting but also a deeper understanding of ship interaction patterns, offering novel technical solutions for intelligent shipping 
systems, traffic management, and maritime safety (#1).

In conclusion, the maritime trajectory prediction domain has undergone transformative advancements. The integration of AIS 
data with advances in deep learning and the emergence of novel spatiotemporal fusion networks have substantially enhanced both 
prediction accuracy and operational efficiency. Furthermore, they provide robust technical support for sustainable development 
in maritime safety (#1), anomaly detection (#5), shipping optimisation, and marine resource management (Zhang et al., 2022; 
Capobianco et al., 2022). However, trajectory prediction methods based on deep learning models still fail to integrate knowledge 
from fields such as meteorology and navigation rules.

2.2.  LLM-based trajectory prediction methods

As LLMs advance rapidly, scholars have explored their application to trajectory prediction, injecting new vitality into this tradi-
tional research domain. Fig. 3 illustrates the parallel development of LLMs and their application to trajectory prediction tasks over 
time.

The upper part of Fig. 3 delineates the evolutionary trajectory of LLMs development. The emergence of LLMs has achieved remark-
able breakthroughs in two critical dimensions: parameter scaling and model capability. The proposal of the Transformer architecture 
(Vaswani et al., 2017) established a foundational framework for subsequent breakthroughs by enabling efficient capture of long-
range dependencies through the self-attention mechanism. In 2019, Generative Pre-trained Transformer (GPT)-2 (Radford et al., 
2019) demonstrated the substantial potential of LLMs in multi-task generalisation, marking the first step toward broad cross-domain 
applicability. GPT-3 (Brown et al., 2020), whose unprecedented 175-billion parameters successfully overcame few-shot learning lim-
itations, empirically validates the pivotal role of scaling law in performance enhancement. This breakthrough solidified the widely 
recognised positive correlation between parameter scale and model efficacy. By 2022, GPT-3.5 achieved a paradigm shift from pure 
text generation to marking the first step toward broad cross-domain applicability.

Between 2023 and 2024, technological competition intensified, leading to dual paths of multimodal integration and domain-
specific optimisation. Models such as Qwen (Bai et al., 2023) and its successor Qwen 2 (Yang et al., 2024a) demonstrated superior 
performance in Chinese linguistic optimisation, advancing Natural Language Processing (NLP) applications in Sinophone contexts. 
Concurrently, Large Language Model Meta AI (LLaMA) 2 (Touvron et al., 2023) and LLaMA 3 (Dubey et al., 2024) achieved enhanced 
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Fig. 3. Timeline of LLM development and its applications in trajectory prediction.

training efficiency and performance through innovative architectural designs that transcend traditional parameter constraints. GPT-4 
(Achiam et al., 2023) expanded perceptual dimensionality via cross-modal integration, while DeepSeek-V3 (Liu et al., 2024a) pio-
neered trillion-parameter modelling through sparse training methodologies. The year 2024 marked the inception of the reasoning 
era with GPT o1 (Wu et al., 2024), introducing Chain of Thought (CoT) mechanisms to enhance logical reasoning. By 2025, models 
such as Qwen 3 (Yang et al., 2025), Deepseek r1 (DeepSeek-AI et al., 2025), Gemini 3 and GPT-5 had further improved task perfor-
mance, inference speed, and model transparency, democratising access to high-performance LLMs through cost-efficient open-source 
initiatives.

The lower part of Fig. 3 details the evolution of LLMs applications in trajectory prediction. In 2023, researchers began exploring 
LLMs for time-series forecasting, laying the groundwork for trajectory prediction advancements. For instance, Time-LLM (Jin et al., 
2023) proposed reprogramming time-series inputs as textual prototypes to align with frozen LLMs, leveraging their inherent sequence 
modelling strengths. Meanwhile, LLM4TS developed a dual-stage aggregation framework to integrate multi-scale temporal patterns 
into pre-trained LLMs, significantly enhancing model interpretability for time-specific patterns and enabling more precise forecasting 
architectures. The year 2024 witnessed exponential growth in LLM-driven trajectory prediction research. Traj-LLM (Lan et al., 2024) 
pioneered LLM-driven trajectory generation by capturing historical motion and environmental semantics without explicit prompt 
engineering. Spatial-Temporal (ST)-LLM (Liu et al., 2024b) introduced spatiotemporal embeddings, representing sensor data as se-
mantic tokens and capturing both spatial and temporal dependencies in traffic prediction. Traffic Prediction LLM (TPLLM) (Ren et al., 
2024) advanced this domain through a hybrid architecture combining CNN-based sequence embedding layers and GCN-based graph 
embedding layers, optimising inputs for LLMs. Meanwhile, the Traffic flow Prediction model based on LLM (xTP-LLM) (Guo et al., 
2024) introduced an explainable framework by converting multimodal traffic data into natural language descriptors, enabling LLMs 
to account for external factors and provide human-interpretable traffic predictions. In addition, Nguyen et al. (2024) proposed a new 
model called TM-LLM, designed for STP using historical AIS data.

By 2025, LLM-based trajectory prediction methods had diversified further. LLM for personal Mobility generation (LLMob) (JIAWEI 
et al., 2025) proposed an agent-based LLM framework for personalised mobility generation, promoting user-specific transportation 
service innovations. Generative Planning with 3D-vision language pre-training (GPVL) (Li et al., 2025) applied 3D vision-language 
pre-trained models for autonomous driving planning, demonstrating the practical deployment potential of LLMs in complex dynamic 
environments. These developments highlight LLMs’ growing capability to simultaneously address key challenges in trajectory predic-
tion, including improving forecast accuracy, enhancing computational efficiency, and enabling real-world deployment in intelligent 
transportation systems. Furthermore, Chen et al. (2025) develops a new framework that integrates semantic cognition with context-
aware intention modelling, thereby enhancing the accuracy of long-term STP.

Overall, the evolution from early Transformer-based LLMs to current multimodal, domain-specialised models demonstrates their 
transformative potential across both natural language processing and trajectory prediction domains. Specifically, innovations such 
as sparse encoding, spatiotemporal reasoning, and multimodal data fusion have significantly expanded LLMs’ applicability for in-
telligent traffic management, autonomous navigation, and personalised mobility solutions. Continued refinement and innovation in 
LLM technologies are poised to drive further expansion in trajectory prediction and beyond, unlocking new opportunities for indus-
trial transformation, societal advancement, and the resolution of complex real-world challenges through intelligent computational 
frameworks.

2.3.  Research gaps

Despite significant advancements in STP research, the detailed review reveals four critical research gaps requiring urgent resolu-
tion:
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(1) Limitations in dynamic interaction topology modelling. Most existing trajectory prediction methods rely on static attention mech-
anisms or fixed adjacency matrices to model spatial relationships between ships. These approaches exhibit limited adaptability 
to real-time, evolving interaction patterns in maritime traffic. In dynamic scenarios, such as abrupt speed changes or emergency 
collision avoidance, static models fail to capture the changing nature of ship encounters accurately. This fundamental mismatch 
between static modelling and the inherently dynamic maritime environment significantly restricts model generalisation in com-
plex scenarios.

(2) Deficiency in multi-scale temporal feature decoupling. Current data-driven models often process ship trajectory sequences at a sin-
gle temporal scale, lacking effective coordination between local motion details and broader navigation patterns. This single-scale 
approach fails to reflect the multi-level temporal characteristics of maritime navigation, which spans microscopic manoeuvres, 
mesoscopic route planning, and macroscopic navigation intentions. As a result, existing models suffer from cumulative prediction 
errors manifesting as both local distortions and global deviations, ultimately degrading overall prediction accuracy.

(3) Lack of trajectory uncertainty quantification. Prevailing methods predominantly adopt deterministic prediction frameworks, 
offering limited means for quantitatively characterising the uncertainties introduced by variable marine environmental factors 
such as weather conditions and ocean currents. The absence of uncertainty quantification impairs models’ ability to assess 
prediction reliability and limits their effectiveness in supporting risk-aware maritime decision-making.

(4) Insufficient maritime domain knowledge transfer. Existing research demonstrates inadequate transfer of structured maritime 
transportation knowledge into predictive models. In particular, current existing approaches fail to effectively assimilate multi-
modal domain information, such as waterway restrictions, meteorological warnings, and vessel operation semantics. This de-
coupling between domain-specific semantics and numerical trajectory data impairs models’ cognitive reasoning capabilities in 
complex navigation environments, ultimately constraining prediction robustness and interpretability.

3.  Methodology

In the STP task, assuming there are 𝐵 ships in the water area at time step 𝑡, the position of ship 𝑖 at time step 𝑡 is denoted as 𝑥𝑡𝑖. The 
observation time window is defined as 𝑇𝑜𝑏𝑠, and the prediction time window is defined as 𝑇𝑝𝑟𝑒𝑑 . The observed trajectory, predicted 
and ground-truth future trajectory are formally defined in Eqs. (1) - (3), respectively:

𝑋𝑜𝑏𝑠 = {𝑥𝑡𝑖 ∣ 𝑖 ∈ {1, 2,… , 𝐵}, 𝑡 ∈ {𝑡0, 𝑡0 + 1,… , 𝑡0 + 𝑇𝑜𝑏𝑠 − 1}} (1)

𝑋𝑝𝑟𝑒𝑑 = {𝑥̂𝑡𝑖 ∣ 𝑖 ∈ {1, 2,… , 𝐵}, 𝑡 ∈ {𝑡0 + 𝑇𝑜𝑏𝑠, 𝑡0 + 𝑇𝑜𝑏𝑠 + 1,… , 𝑡0 + 𝑇𝑜𝑏𝑠 + 𝑇𝑝𝑟𝑒𝑑 − 1}} (2)

𝑋𝑔𝑡 = {𝑥𝑡𝑖 ∣ 𝑖 ∈ {1, 2,… , 𝐵}, 𝑡 ∈ {𝑡0 + 𝑇𝑜𝑏𝑠, 𝑡0 + 𝑇𝑜𝑏𝑠 + 1,… , 𝑡0 + 𝑇𝑜𝑏𝑠 + 𝑇𝑝𝑟𝑒𝑑 − 1}} (3)

where 𝑋𝑜𝑏𝑠 ∈ ℝ𝐵×𝑇𝑜𝑏𝑠×𝐶 and 𝑋𝑝𝑟𝑒𝑑 ∈ ℝ𝐵×𝑇𝑝𝑟𝑒𝑑×𝐶 represent the observed trajectories and predicted future trajectories of all 𝐵 ships in 
the water area, respectively. 𝐶 denotes the feature dimension of the trajectories. The goal of STP is to accurately forecast the future 
path of each ship within a given maritime scene using historical trajectory data. Mathematically, this task involves developing a 
prediction model  that can generate a predicted future trajectory 𝑋𝑝𝑟𝑒𝑑 ∈ ℝ𝐵×𝑇𝑝𝑟𝑒𝑑×𝐶 that closely approximates the ground-truth 
future trajectory 𝑋𝑔𝑡. This requires modelling the temporal, spatial, and behavioural dynamics of ships to achieve precise and reliable 
trajectory prediction.

This section elaborates on LLM4STP, an innovative LLM-driven STP model. By deeply integrating LLMs with maritime domain 
knowledge, this approach establishes a novel paradigm for STP, leveraging multi-dimensional feature fusion to enhance predictive 
accuracy. Section 3.1 presents an overview of the model architecture, emphasising its core components and innovative design fea-
tures. Section 3.2 explores the use of prompt engineering to effectively incorporate diverse maritime data into structured prompts, 
enabling the model to leverage rich domain knowledge during prediction. Section 3.3 discusses the approach to uncertainty mod-
elling, addressing the inherent unpredictability in ship movements. Section 3.4 introduces a Geohash-based method for capturing 
the geographical semantic continuity of ship trajectories, enhancing spatial awareness. Section 3.5 examines the spatial interaction 
modelling among vessels, capturing the influence of nearby ships on trajectory patterns. Section 3.6 details the approach for local 
temporal modelling, focusing on short-term behavioural patterns in ship trajectories. Section 3.7 outlines the complete feature fusion 
and decoding process, integrating multiple sources of information for accurate trajectory prediction.

3.1.  Overview

STP presents significant challenges due to the high complexity and uncertainty inherent in maritime navigation. The LLM4STP 
framework, as illustrated in Fig. 4, is designed to enhance prediction accuracy by integrating multi-dimensional data through a 
structured three-stage approach, including a feature embedding module, a feature fusion and decoding module, and an output layer. 
The key components are described as follows:

(1) Prompt Embedder. STPs are influenced by diverse textual contexts, such as nautical zone descriptions, meteorological conditions, 
and waterway topology. Traditional models often struggle to capture the deep semantic relationships within this textual data. 
The Prompt Embedder addresses this limitation by leveraging pre-trained LLM tokenisers to convert textual descriptions into rich 
contextual embeddings, laying a robust foundation for semantic comprehension. This approach captures the nuanced impact of 
contextual factors on ship movements, enhancing overall prediction accuracy.

(2) Uncertainty Embedder. Maritime environments are inherently unpredictable, with trajectory uncertainties arising from factors 
such as weather conditions, traffic density, and ocean currents. This module systematically encodes these stochastic influences 
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Fig. 4. The proposed LLM4STP framework.

using a CNN to extract features from probabilistic trajectory data. This module generates embedding vectors that explicitly 
represent uncertainty characteristics, ensuring the model effectively accounts for unpredictable elements in ship trajectories.

(3) Geohash Embedder. Accurate spatial representation is crucial for trajectory prediction. The Geohash Embedder hierarchically 
encodes geospatial information using Geohash algorithms, preserving locational hierarchies and neighbourhood relationships. 
By converting Geohash strings into structured embeddings, this module efficiently captures spatial features while resolving 
challenges associated with direct spatial data processing.

(4) Local Temporal Embedder. To capture fine-grained temporal dynamics, the Local Temporal Embedder partitions input sequences 
into localised patches, generating embeddings that reflect short-term, high-resolution temporal patterns. This localised processing 
enhances the model’s sensitivity to transient spatiotemporal features, significantly improving its ability to predict rapid changes 
in ship movements.

(5) Spatial Embedder. Spatial dynamics, including relative ship positions, headings, and collision-avoidance behaviours, are captured 
using a Spatial Transformer network. This component learns complex spatial interactions and dependencies between vessels, 
enabling the model to account for interactive behaviours that are often overlooked in traditional approaches.
The concatenated embeddings from these modules are processed by the pre-trained LLM, which performs global trajectory mod-

elling and cross-modal feature integration. The LLM’s multi-head attention mechanisms remain frozen to preserve extensive language 
understanding, while fine-tuning is applied to adapt the model for the specific task of STP. This approach effectively integrates 
multimodal inputs, leveraging the LLM’s powerful semantic comprehension and contextual modelling capabilities to produce re-
fined trajectory representations. Finally, the output layer transforms these refined embeddings into accurate time-series predictions, 
completing the prediction pipeline.

3.2.  Prompt embedder

Prompt embeddings play a crucial role in enhancing STP by providing the model with comprehensive contextual information 
about the dataset and prediction task. This approach integrates key details such as dataset descriptions, task specifications, weather 
conditions, channel characteristics, and statistical features of input trajectories, including minimum and maximum positions, median 
position, average speed, average acceleration, and acceleration trends. This structured information guides the model to consider 
richer semantic context during prediction, as illustrated in Fig. 5.

The prompt embedding process involves converting this diverse textual input into a structured numerical format that pre-trained 
LLMs can effectively process. Initially, the input text 𝑃  is tokenised to generate a sequence of tokens {𝑝1, 𝑝2,… , 𝑝𝑛}, where 𝑛 is the 
total number of tokens. Each token 𝑝𝑖 is mapped to a 𝑑-dimensional embedding vector 𝑒𝑖 through the pre-trained Token Embedder, 
forming an embedding matrix 𝑋𝑃  as shown in Eq. (4).

𝑋𝑃 = 𝑇 𝑜𝑘𝑒𝑛𝐸𝑚𝑏𝑒𝑑𝑑𝑒𝑟(𝑇 𝑜𝑘𝑒𝑛𝑖𝑠𝑎𝑡𝑖𝑜𝑛(𝑃 )) (4)
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Fig. 5. Prompt example: < > is based on task-specific configuration.

Fig. 6. Trajectory probability modelling.

This transformation converts the input text 𝑃  into a structured numerical representation 𝑋𝑃 ∈ ℝ𝐵×1×𝑑 , where 𝑑 is the dimension of 
the hidden layer of the pre-trained Transformer block. This process ensures that the model receives semantically enriched, contextually 
aware input features, enhancing its ability to capture the complex dynamics of ship trajectories.

3.3.  Uncertainty embedder

In dynamic maritime environments, ship trajectories are subject to significant uncertainty due to factors like ocean currents, 
sudden wind shifts, and variable weather conditions. These stochastic influences can significantly impact prediction accuracy if not 
properly modelled. To address this challenge, the Uncertainty Embedder uses probabilistic modelling techniques to explicitly quantify 
trajectory uncertainties, providing a more robust foundation for trajectory prediction (Gong et al., 2025).

Typically, a two-dimensional Gaussian distribution is used to represent the probability density of a ship’s position at a specific 
moment, capturing both the mean positions and the associated uncertainties in spatial coordinates, as expressed in Eq. (5).

𝑝(𝑥, 𝑦) = 1
2𝜋𝜎𝑥𝜎𝑦

exp

(

−1
2

[

(

𝑥 − 𝜇𝑥
𝜎𝑥

)2
+
( 𝑦 − 𝜇𝑦

𝜎𝑦

)2
])

(5)

where 𝑥 and 𝑦 is the longitude and latitude of ship. 𝜇𝑥 and 𝜇𝑦 are the means of the ship positions, and 𝜎𝑥 and 𝜎𝑦 represent the 
standard deviations.

This probabilistic representation is then processed through a CNN to generate uncertainty embeddings 𝑋𝑈 ∈ ℝ𝐵×1×𝑑 , effectively 
capturing the probabilistic nature of ship movements. The complete modelling process is outlined in Table 1 and illustrated in Fig. 6.

By analysing these probability distributions, the model gains a more nuanced understanding of the uncertainties inherent in ship 
trajectories, improving its ability to predict future paths under uncertain conditions.
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Table 1 
Trajectory uncertainty modelling network calculation process.
 Layer  Input Size  Output Size  Description
 Input 𝑇𝑜𝑏𝑠 × 𝐶 𝐻 ×𝑊 × 1  Input heatmap from lon and lat
 Conv2d 𝐻 ×𝑊 × 1 𝐻 ×𝑊 × 𝑚  Kernel size = 3 × 3, stride = 1, padding = 1
 MaxPool 𝐻 ×𝑊 × 𝑚 𝐻∕2 ×𝑊 ∕2 × 2𝑚  Max pooling with kernel size 2 × 2
 Conv2d 𝐻∕2 ×𝑊 ∕2 × 2𝑚 𝐻∕2 ×𝑊 ∕2 × 2𝑚  Kernel size = 3 × 3, stride = 1, padding = 1
 Adaptive AvgPool 𝐻∕2 ×𝑊 ∕2 × 2𝑚 1 × 1 × 2𝑚  Adaptive average pooling to reduce size to 1 × 1
 Linear Layer 1 × 1 × 2𝑚 1 × 1 × 𝑑  Projects features to the output dimension

Note:𝐻 and 𝑊  are the length and width of the heatmap, respectively. 𝑚 is the number of channels.

Table 2 
Geohash modelling network structure.
 Layer  Input Size  Output Size  Description
 Linear Layer 𝐵 × 𝑇𝑜𝑏𝑠 × 𝐺𝑒𝑜𝑠𝑖𝑧𝑒 𝐵 × 𝑇𝑜𝑏𝑠 ×𝑀  Transforms input features to a hidden representation
 Conv1D Layer 𝐵 × 𝑇𝑜𝑏𝑠 ×𝑀 𝐵 × 32 ×𝑀  Applies 1D convolution to capture local patterns
 ReLU Activation 𝐵 × 32 ×𝑀 𝐵 × 32 ×𝑀  Introduces non-linearity to the model
 Conv1D Layer 𝐵 × 32 ×𝑀 𝐵 × 1 ×𝑀  Further processes features with another convolution
 Linear Layer 𝐵 × 1 ×𝑀 𝐵 × 1 × 𝑑  Projects features to the output dimension

Note:𝑀 is the hidden size and 𝑑 is the output size.

Fig. 7. Geohash modelling.

3.4.  Geohash embedder

Geospatial data is a critical component in ship trajectory analysis, as it captures the locational context necessary for accurate 
prediction. The Geohash Embedder converts continuous geographic coordinates into discrete, grid-based representations using the 
Geohash encoding system. This approach effectively partitions the Earth’s surface into grid cells, each represented by a unique 
alphanumeric code, facilitating efficient spatial data processing. A schematic diagram of the GeoHash modelling process is illustrated 
in Fig. 7.

The Geohash encoding process captures hierarchical spatial relationships by progressively subdividing latitude and longitude coor-
dinates, generating variable-length strings where character count reflects spatial resolution. The encoded data 𝑋𝐺𝑒𝑜 ∈ ℝ𝐵×𝑇obs×𝐺𝑒𝑜𝑠𝑖𝑧𝑒

is processed using a multi-stage network architecture, as described in Algorithm 1 and detailed in Table 2. This architecture includes 
a linear projection layer for high-dimensional feature extraction, followed by 1D convolutional layers paired with ReLU activation 
functions to capture fine-grained spatiotemporal patterns.

This network is designed to perform multi-level feature extraction and transformation, converting raw Geohash-encoded trajec-
tories into spatiotemporally rich representations, denoted as 𝑋𝐺 ∈ ℝ𝐵×1×𝑑 , which are subsequently fed into the LLM as formulated 
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Algorithm 1 Geohash encoding for trajectory data.
Input: Trajectory data 𝑡𝑟𝑎𝑗 ∈ ℝ𝐵×𝑇𝑜𝑏𝑠×2, precision 𝑝
Output: Encoded trajectory tensor 𝑒𝑛𝑐𝑜𝑑𝑒𝑑_𝑡𝑟𝑎𝑗 ∈ ℝ𝐵×𝑇𝑜𝑏𝑠×𝑝×2

1: Extract latitude and longitude sequences from 𝑡𝑟𝑎𝑗
2: Latitude Encoding:
3: Initialize minimum and maximum values for latitude: 𝑙𝑎𝑡_min = 0, 𝑙𝑎𝑡_max = 1
4: Initialize a Boolean tensor 𝑙𝑎𝑡_𝑏𝑖𝑡𝑠 to store the binary representation
5: for each bit position 𝑖 from 1 to 𝑝 do
6:  Calculate midpoint 𝑙𝑎𝑡_𝑚𝑖𝑑 = 𝑙𝑎𝑡_min+𝑙𝑎𝑡_max

2
7:  Create a mask where latitude values are greater than 𝑙𝑎𝑡_𝑚𝑖𝑑
8:  Update 𝑙𝑎𝑡_𝑏𝑖𝑡𝑠[𝑖] with the mask
9:  Update 𝑙𝑎𝑡_min and 𝑙𝑎𝑡_max based on the mask
10: end for
11: Longitude Encoding:
12: Initialize minimum and maximum values for longitude: 𝑙𝑜𝑛_min = 0, 𝑙𝑜𝑛_max = 1
13: Initialize a Boolean tensor 𝑙𝑜𝑛_𝑏𝑖𝑡𝑠 to store the binary representation
14: for each bit position 𝑖 from 1 to 𝑝 do
15:  Calculate midpoint 𝑙𝑜𝑛_𝑚𝑖𝑑 = 𝑙𝑜𝑛_min+𝑙𝑜𝑛_max

2
16:  Create a mask where longitude values are greater than 𝑙𝑜𝑛_𝑚𝑖𝑑
17:  Update 𝑙𝑜𝑛_𝑏𝑖𝑡𝑠[𝑖] with the mask
18:  Update 𝑙𝑜𝑛_min and 𝑙𝑜𝑛_max based on the mask
19: end for
20: Combine the binary representations: 𝑒𝑛𝑐𝑜𝑑𝑒𝑑_𝑡𝑟𝑎𝑗 = stack([𝑙𝑎𝑡_𝑏𝑖𝑡𝑠, 𝑙𝑜𝑛_𝑏𝑖𝑡𝑠], 𝑑𝑖𝑚 = −1)
21: return 𝑒𝑛𝑐𝑜𝑑𝑒𝑑_𝑡𝑟𝑎𝑗

in Eq. (6). This approach effectively captures navigation patterns and vessel behavioural dynamics, significantly improving predic-
tion accuracy and reliability in maritime trajectory analysis. The hierarchical architecture systematically abstracts both fine-grained 
spatial variations and long-term temporal dependencies, providing a robust foundation for intelligent maritime surveillance and 
decision-making systems.

𝑋𝐺 = 𝐶𝑜𝑛𝑣1𝐷(𝑅𝑒𝐿𝑈 (𝐶𝑜𝑛𝑣1𝐷(𝐿𝑖𝑛𝑒𝑎𝑟(𝑋𝐺𝑒𝑜)))) (6)

3.5.  Spatial embedder

Ship navigation involves complex, dynamically evolving spatial interactions between vessels, making it essential to capture these 
interdependencies for accurate trajectory prediction. The Spatial Embedder addresses this by integrating a spatial Transformer ar-
chitecture with a Sparse Attention Gated (SAG) module, as depicted in Fig. 8. This module autonomously generates adaptive graph 
masks to represent ship-to-ship spatial correlations without requiring prior knowledge of inter-ship distances. Its self-attention mech-
anism dynamically weights pairwise interactions through multi-head attention operations, effectively aggregating multi-dimensional 
feature information across ship trajectories.

Given an input trajectory 𝑋𝑜𝑏𝑠, the Query (𝑄), Key (𝐾) and Value (𝑉 ) matrix are calculated from 𝑋𝑜𝑏𝑠 by linear transformation.

𝑄,𝐾, 𝑉 = 𝑋𝑜𝑏𝑠𝑊𝑜 + 𝑏𝑜 (7)

where 𝑊𝑜 is the learnable weight matric and 𝑏𝑜 is the bias term.
The spatial attention score is calculated as Eq. (8):

𝐴𝑡𝑡𝑛𝑠 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝑄𝐾𝑇
√

𝑑

)

(8)

where 
√

𝑑 is a scaling factor used to stabilise the gradient, and 𝐴𝑡𝑡𝑛𝑠 is the interaction matrix between ships.
In the maritime traffic scenario, the SAG selectively masks irrelevant interactions in the interaction matrix, reducing unnecessary 

calculations and improving model efficiency. The SAG calculation formula is as follows:

𝑤 = 𝑅𝑒𝐿𝑈 (𝐴𝑡𝑡𝑛𝑠 − 𝑆𝑖𝑔𝑚𝑜𝑖𝑑(𝐶𝑜𝑛𝑣(𝐴𝑡𝑡𝑛𝑠))) (9)

where 𝑤 is the output of SAG module.
The interaction matrix 𝐴𝑡𝑡𝑛𝑠 undergoes convolution to capture regional interaction patterns, with a sigmoid function adaptively 

generating a threshold for each interaction pair. This threshold differentiates significant and minor interactions: pairs with attention 
scores above the threshold are considered impactful, while those below are suppressed to reduce noise. To preserve the initial sparsity 
and prevent gradient interference in the zero-value regions, a Norm-Softmax function is applied. This approach locks the sparse 
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Fig. 8. Spatial embedder.

structure, avoiding attention leakage from numerical perturbations while accurately redistributing the non-zero weights. The specific 
calculation is as follows:

𝑤𝑛 = 𝑁𝑜𝑟𝑚𝑆𝑜𝑓𝑡𝑚𝑎𝑥(𝑤) =
𝑒𝑤𝑗 − 1

∑𝑁
𝑗 (𝑒𝑤𝑗 − 1) + 𝜀

(10)

where 𝜀 prevents division by 0, 𝑁 represents the number of ships at the same time. 𝑤𝑛 is the output of the Norm-Softmax function.
The Norm-SoftMax function ensures sparsity, and the generated sparse interaction weight matrix is multiplied by 𝑉  and per-

forms linear projection to obtain the representation of the spatial relationship feature of the fused ship 𝑋𝑠 ∈ ℝ𝐵×𝑇obs×𝐶 , as shown in
Eq. (11).

𝑋𝑠 = (𝑤𝑛𝑉 )𝑊𝑠 + 𝑏𝑠 (11)

where 𝑊𝑠 is the weight matric and 𝑏𝑠 is the bias term.

3.6.  Local temporal embedder

The Local Temporal Embedder is designed to capture short-term temporal dynamics in ship trajectory data while reducing com-
putational complexity. It achieves this by partitioning the time series into fixed-length local windows, which focus on short-term 
interactions and trends. This approach improves training efficiency and model performance by concentrating on localised temporal 
variations rather than the entire sequence. The main steps in this process are illustrated in Fig. 9 and described as follows:

(1) Instance normalisation. The input longitude/latitude (lon/lat) time-series data is first processed through instance 
normalisation to eliminate scale discrepancies and stabilise the training process. This step removes the influence of out-
liers and ensures consistency in the temporal data, resulting in normalized features, 𝑋𝑛𝑜𝑟𝑚 ∈ ℝ𝐵×𝑇obs×𝐶 , as shown in
Eq. (12).

𝑋𝑛𝑜𝑟𝑚 = 𝐼𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑁𝑜𝑟𝑚(𝑋𝑜𝑏𝑠) +𝑋𝑠 (12)

(2) Patching for local time window processing. The normalised sequence 𝑋𝑛𝑜𝑟𝑚 is then segmented into smaller, fixed-length patches, 
allowing the model to focus on localised temporal dependencies. The patching operation divides the time series into multiple windows, 
each of length 𝑃 , and the number of windows is 𝑤𝑛 =

⌊

𝐿−𝑃
𝑆

⌋

+ 1. 𝑆 represents the step size between windows. The specific calculation 
of 𝑋𝑃  is shown in Eq. (13).

𝑋𝑃 = 𝑃𝑎𝑡𝑐ℎ𝑖𝑛𝑔(𝑋𝑛𝑜𝑟𝑚) (13)

where 𝑋𝑃 ∈ ℝ𝐵×𝑤𝑛×𝑃𝑎𝑡𝑐ℎ, 𝑃𝑎𝑡𝑐ℎ represents the length of each patch.
(3) Local temporal feature extraction. To capture the short-term temporal dynamics within each patch, the patch embeddings are 

processed through two layers of 1D convolution with ReLU activation, as shown in Eq. (14).
𝑋𝑡 = 𝐶𝑜𝑛𝑣1𝐷(𝑅𝑒𝐿𝑈 (𝐶𝑜𝑛𝑣1𝐷(𝐿𝑖𝑛𝑒𝑎𝑟(𝑋𝑃 )))) (14)
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Fig. 9. Local time interaction.

This multi-layer convolution captures the local temporal relationships, generating the final temporal embeddings 𝑋𝑡 ∈ ℝ𝐵×𝑤𝑛×𝑑 , 
effectively reducing the sequence length from 𝐿 to 𝑤𝑛 and enhancing the model’s ability to capture both short-term variations and 
long-term temporal dependencies.

3.7.  Feature decoding and prediction

The framework generates four distinct embedding representations: 1) Prompt embeddings 𝑋𝑃  encode contextual information, 
including waterway descriptions, meteorological data, and trajectory background, providing the model with essential semantic con-
text, 2) Uncertainty embeddings 𝑋𝑈  contextual information, including waterway descriptions, meteorological data, and trajectory 
background, providing the model with essential semantic context, 3) Geohash embeddings 𝑋𝐺 encode spatial information using hier-
archical grid-based encoding, preserving geospatial relationships and spatial semantic continuity, and 4) Local Temporal embeddings 
𝑋𝑡 focus on short-term temporal patterns, capturing localized, time-dependent interactions within the trajectory sequence. These 
multimodal embeddings are concatenated along the feature dimension to form the composite embedding 𝐸 ∈ ℝ𝐵×(𝑤𝑛+3)×𝑑 .

The composite embedding 𝐸 is then processed by a pre-trained LLM architecture to model global temporal dependencies using 
multi-head attention (MHA) mechanisms. E is linearly projected into Q, K, and V matrices, as defined in Eq. (15):

𝑄 = 𝐸𝑊𝑄, 𝐾 = 𝐸𝑊𝐾 , 𝑉 = 𝐸𝑊𝑉 (15)

where 𝑊𝑄,𝑊𝐾 ,𝑊𝑉  are learnable weight matrices that transform the embeddings into multiple attention heads, allowing parallel 
processing of spatial and temporal relationships. Each head independently calculates the attention score, capturing different aspects 
of the input sequence. The outputs from all attention heads are concatenated and linearly transformed to obtain the final result 𝑋𝑚, 
as shown in Eq. (16).

𝑋𝑚 = 𝑀𝐻𝐴(𝑄,𝐾, 𝑉 ) = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥

(

𝑄𝐾𝑇
√

𝑑

)

𝑉 (16)

Finally, 𝑋𝑚 is processed through the feed-forward network (FFN) to obtain the final prediction result 𝑋𝑝𝑟𝑒𝑑 , as shown in Eq. (17).
𝑋𝑝𝑟𝑒𝑑 = 𝐹𝐹𝑁(𝑋𝑚) = 𝑅𝑒𝐿𝑈 (𝑋𝑚𝑊1 + 𝑏1)𝑊2 + 𝑏2 (17)

where 𝑊1 and 𝑊2 are the weight matrices and 𝑏1 and 𝑏2 are the bias terms.
To ensure task-specific adaptation without overfitting, the framework freezes most of the parameters in the pre-trained LLM, 

including the MHA and FFN, while only fine-tuning position embeddings and layer normalisation parameters. This approach maintains 
the generalisation capabilities of the pre-trained model while adapting it to the unique characteristics of STP.

The model is trained using the Mean Squared Error (MSE) as a loss function, quantifying the average squared difference between 
the predicted and actual trajectory points. MSE provides a precise evaluation metric for assessing the model’s prediction accuracy, as 
defined in Eq. (18).

𝑀𝑆𝐸 = (𝑋𝑝𝑟𝑒𝑑 −𝑋𝑔𝑡)2 (18)
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4.  Experimental results and analysis

4.1.  Experimental datasets and dataset preprocessing

The study leverages AIS data collected in June 2022 from three critical maritime areas in China’s Bohai Bay: the CFD water 
area (longitude 118◦25’E–118◦92’E, latitude 38◦72’N-39◦10’N), the CSJ water area (longitude 122◦58’E-123◦17’E, latitude 37◦16’N-
37◦75’N), and the TJP water area (longitude 117◦7’E-118◦7’E, latitude 38◦7’N-39◦1’N). This study selects the Caofeidian (CFD), 
Chengshan Jiao Promontory (CSJ), and Tianjin Port (TJP) water areas in China’s Bohai Bay as study regions for STP. The three 
datasets are visualised in Fig. 10. These areas are chosen for their unique features and significance in maritime transportation. CFD 
and TJP are major ports with high traffic density and diverse vessel types, creating complex navigation scenarios. CSJ, as a promontory, 
imposes geographical constraints that shape vessel routes, providing a controlled environment for studying regulated traffic flow. 
The high-quality AIS data from these areas, after preprocessing, ensures reliable input for model training. Collectively, they cover 
port operations, coastal navigation, and open-water convergence zones, offering comprehensive datasets to address challenges in 
maritime safety and efficiency. The raw AIS dataset comprises both dynamic attributes (e.g., latitude/longitude, speed, course) and 
static attributes (e.g., MMSI number, vessel type), which were refined into a high-reliability trajectory dataset through a multi-stage 
preprocessing pipeline.

To address inherent AIS data challenges, such as noise, missing values, and spatiotemporal inconsistencies, a comprehensive 
preprocessing strategy was employed. First, kinematic constraints were applied via a multidimensional threshold detection method. 
This included a 3𝜎-criterion to filter out anomalous position data, such as points located beyond port boundaries or on land, and 
physical thresholds to eliminate unrealistic speed records (e.g., speeds exceeding 50 knots). Additionally, only navigation status 

Fig. 10. Dataset visualisation.
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Table 3 
Baseline Models for STP.
 Model  Core Mechanism  Reference
 Bi-LSTM  Bidirectional LSTM capture temporal dependencies from both directions.  (Schuster and Paliwal, 1997)
 Bi-GRU  Bidirectional GRU mitigate gradient vanishing through gating mechanisms.  (Rana, 2016)
 Mamba  Efficient long-sequence modelling via state space models.  (Gu and Dao, 2023)
 Transformer  Self-attention mechanism captures global spatiotemporal dependencies.  (Vaswani et al., 2017)
 STAR  Spatiotemporal attention dynamically integrates spatiotemporal features.  (Yu et al., 2020)
 Social-LSTM  Extends LSTM with social pooling layers to model group interactions.  (Alahi et al., 2016)
 Social-STGCNN  Spatiotemporal graph convolution combine social interactions.  (Mohamed et al., 2020)
 ST-MGT  Integrates graph convolution and Transformer for dynamic topology learning.  (Liu et al., 2024c)
 iTransformer  Enhances Transformer with channel-independent time series modelling.  (Liu et al., 2023)

fields indicating active movement (“Under way using engine” and “Under way sailing”) were retained, excluding stationary data 
from anchored or moored vessels. Second, trajectories with over 20% missing values or time gaps exceeding 5 m were classified as 
low-quality and removed from the dataset. For the remaining high-quality trajectories, cubic spline interpolation was used to mitigate 
temporal discontinuities caused by inconsistent AIS broadcast frequencies. Finally, the interpolated trajectories were resampled at 
a uniform 10-s interval to ensure temporal consistency across the dataset, providing a robust foundation for subsequent trajectory 
prediction analysis.

4.2.  Evaluate metrics and baselines

To systematically evaluate the performance of LLM4STP, this study selected 9 baseline methods spanning three categories: classical 
time-series models, attention-based models, and spatiotemporal graph neural networks, as outlined in Table 3. All baseline models 
were trained and evaluated on the same dataset under identical experimental conditions, strictly adhering to the parameters and 
configurations specified in their original papers to ensure a fair and reproducible comparison. The learning rate for the experiment 
was set to 1e-4, and the Adam optimiser was used during training. The LLM backbone used in LLM4STP is the pre-trained GPT-
2 (Small), configured with a hidden size of 768 and three hidden layers. The choice of three hidden layers was made based on 
experimental results, as detailed in Appendix A. The 𝐺𝑒𝑜𝑠𝑖𝑧𝑒 value was set to 40.

To ensure a robust and unbiased evaluation, all comparison models were trained on the designated training set, with the validation 
set used solely for hyperparameter tuning and monitoring convergence, and the test set reserved for final performance assessment. This 
procedure provides a fair measure of each model’s generalisation capability. To preserve the temporal integrity of vessel movements, 
the earliest timestamp across all trajectories was taken as the start point and the latest as the endpoint, and the data were partitioned 
chronologically into training (70%), validation (20%), and test (10%) sets. This sequential split prevents future data from leaking 
into the training process and is particularly critical for spatiotemporal prediction tasks. By maintaining this natural temporal order, 
the reliability of the model’s predictive performance is preserved.

The evaluation framework incorporates three key metrics to capture the spatio-temporal consistency and accuracy of the predicted 
trajectories from multiple perspectives: ADE, FDE, and FD. ADE measures the overall path alignment by calculating the average 
Euclidean distance between predicted and actual trajectories across all time steps, providing a comprehensive assessment of the 
model’s path-following accuracy. FDE focuses specifically on the final positioning accuracy, measuring the Euclidean distance between 
the predicted endpoint and the true target location, making it particularly relevant for applications where precise endpoint estimation 
is critical. FD serves as a composite metric that jointly considers both spatial proximity and temporal consistency. It evaluates the 
geometric similarity and motion coherence of the predicted trajectories, offering a more holistic assessment of the model’s ability to 
capture complex path dynamics. These indicators jointly construct a multilevel evaluation system, providing a quantitative basis for 
model optimisation and comparative research. The mathematical formulations for these metrics are listed in Eqs. (19) and (21).

𝐴𝐷𝐸 = 1
𝑇

𝑇
∑

𝑡=1

√

(𝑝𝑟𝑒𝑑𝑡𝑥 − 𝑔𝑡𝑡𝑥)2 + (𝑝𝑟𝑒𝑑𝑡𝑦 − 𝑔𝑡𝑡𝑦)2 (19)

𝐹𝐷𝐸 =
√

(𝑝𝑟𝑒𝑑𝑇𝑥 − 𝑔𝑡𝑇𝑥 )2 + (𝑝𝑟𝑒𝑑𝑇𝑦 − 𝑔𝑡𝑇𝑦 )2 (20)

𝐹𝐷 = min
𝜋∈Π𝑇

𝑇
max
𝑡=1

√

(𝑝𝑟𝑒𝑑𝑡𝑥 − 𝑔𝑡𝑡𝑥)2 + (𝑝𝑟𝑒𝑑𝑡𝑦 − 𝑔𝑡𝑡𝑦)2 (21)

where 𝑇  denotes the total number of time steps in the predicted trajectory, while 𝑝𝑟𝑒𝑑 and 𝑔𝑡 represent the predicted trajectory 
generated by the model and ground-truth trajectory, respectively.

4.3.  Quantitative analysis

The proposed LLM4STP framework demonstrates superior performance in STP by integrating multimodal feature embedding with 
pre-trained language models. As demonstrated in Table 4, this model achieves SOTA results on all evaluation metrics (ADE, FDE, and 
FD) for both CFD and CSJ datasets, while maintaining competitive second-best performance on the TJP dataset. With 65M parameters 
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Table 4 
Comparison of the trajectory prediction results with SOTA methods on three waters for 
ADE, FDE and FD (in nautical miles).

Model
 CFD  CSJ  TJP
 ADE  FDE  FD  ADE  FDE  FD  ADE  FDE  FD 

 Bi-LSTM  0.24  0.41  0.41  0.27  0.46  0.46  0.26  0.49  0.50 
 Bi-GRU  0.23  0.40  0.41  0.24  0.43  0.43  0.27  0.51  0.51 
 Mamba  0.18  0.36  0.37  0.15  0.30  0.30  0.21  0.38  0.39 
 Transformer  0.22  0.38  0.38  0.22  0.43  0.45  0.26  0.48  0.48 
 STAR  0.17  0.33  0.34  0.14  0.28  0.28  0.20  0.44  0.45 
 Social-LSTM  0.19  0.37  0.37  0.21  0.39  0.40  0.23  0.42  0.43 
 Social-STGCNN  0.16  0.33  0.34  0.15  0.26  0.27  0.19  0.38  0.39 
 ST-MGT  0.14  0.30  0.31  0.13  0.27  0.27  0.16  0.36  0.36 
 iTransformer 0.12 0.28 0.28 0.11  0.26 0.27  0.11  0.30  0.31 
 LLM4STP (Ours)  0.09  0.26  0.27  0.10  0.26  0.26 0.12 0.31  0.31 

and an average inference time of 32ms (measured on an RTX 3090), the LLM4STP model is optimised for real-time maritime prediction 
tasks, ensuring both accuracy and efficiency. This performance advantage can be attributed to the following key components:

(1) Prompt Embedder module leverages a pre-trained tokeniser to deeply encode the semantic context of waterway topology and 
meteorological information. It reduces ADE to 0.09 and 0.10 on the CFD and CSJ datasets, respectively, representing over a 62.5% 
error reduction compared to conventional Bi-LSTM models. This result highlights the critical importance of contextual understanding 
for accurate maritime environment perception.

(2) By employing Gaussian distribution heatmaps combined with CNN architectures, the Uncertainty Embedder module cap-
tures the probabilistic distribution of ship trajectories, achieving an FDE of 0.26 on the CFD dataset-an improvement of 6.9% over 
the second-best iTransformer model. This design effectively mitigates the impact of external disturbances, such as sudden weather 
changes, by incorporating robust probabilistic modelling.

(3) Geohash-Spatial Embedder synergistically integrates hierarchical geocoding with spatial Transformer networks, significantly 
enhancing the model’s effectiveness in modelling spatial relationships. It achieves an FD of 0.26 on the CSJ dataset, outperforming 
the graph convolution-based Social-STGCNN model by 7.1%, thereby providing a more comprehensive representation of complex 
ship movement patterns.

Collectively, these innovations address critical gaps in conventional trajectory prediction methods by improving semantic context 
comprehension, uncertainty quantification, and spatial interaction representation. The LLM4STP framework sets a new benchmark 
for predictive accuracy in complex marine environments, offering a robust solution for next-generation maritime intelligence systems.

4.4.  Few-shot learning analysis

LLMs, trained on vast and heterogeneous corpora, exhibit a pronounced capacity for few-shot learning, enabling generalisation 
from a small number of training samples. This capability arises from their extensive pre-training, which imparts a rich representation 
of structural and semantic patterns, allowing accurate inference even under conditions of data scarcity.

To validate the few-shot learning capability of LLM4STP, experiments were conducted on the TJP dataset. The results are shown 
in Table 5, revealing the following insights:

(1) Monotonic performance improvement: Model accuracy improves consistently across all key metrics (ADE, FDE, FD) as the 
proportion of training data increases from 5% to 20%, reflecting the expected benefit of additional data in capturing trajectory 
patterns and reducing generalisation error.

(2) Exceptional data efficiency: LLM4STP achieves performance statistically comparable to models trained on the full dataset when 
utilising only 20% of the available data. This result highlights its superior capacity for knowledge transfer and efficient utilisation of 
limited training samples.

The demonstrated few-shot learning ability of LLM4STP is of particular significance in the maritime domain, where trajectory 
data may be incomplete, sparse, or subject to reporting delays. The capacity to maintain high predictive accuracy under such con-
straints enables more reliable real-time decision-making, enhances navigational safety, and supports the development of data-efficient 
intelligent maritime transportation systems.

4.5.  Visualisation analysis

The visualisation analysis further supports the effectiveness of the LLM4STP framework in accurately predicting ship trajectories 
under complex maritime conditions. As demonstrated in Figs. 11 and 13, which cover three distinct waterways, LLM4STP (represented 
by green lines) consistently generates predicted trajectories that align closely with the actual ground truth paths (represented by red 
dashed lines). This alignment is particularly evident at critical navigational points, such as waterway intersections, sharp turns, and 
port approach zones.

Several key observations from the visualisation results reinforce the advantages of the LLM4STP framework:
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Table 5 
Performance comparison under different missing ratios (5%, 10%, 20%).

Methods
 5%  10%  20%
 ADE  FDE  FD  ADE  FDE  FD  ADE  FDE  FD

 Bi-LSTM  0.864  1.321  1.331  0.785  1.287  1.291  0.575  0.874  0.874
 Bi-GRU  0.844  1.226  1.229  0.775  1.252  1.291  0.567  0.862  0.869
 Mamba  0.721  1.078  1.278  0.679  1.071  1.085  0.472  0.795  0.799
 Transformer  1.101  1.612  1.623  0.954  1.304  1.305  0.694  1.047  1.054
 STAR  1.021  1.507  1.507  0.794  1.104  1.108  0.554  0.847  0.847
 Social-LSTM  0.759  1.085  1.089  0.641  0.957  0.953  0.421  0.638  0.638
 Social-STGCNN  0.527  0.831  0.835  0.414  0.687  0.683  0.251  0.478  0.481
 ST-MGT  0.692  1.037  1.037  0.597  0.883  0.883  0.404  0.695  0.695
 iTransformer  0.534  0.847  0.847  0.515  0.817  0.817  0.247  0.472  0.472
 LLM4STP (Ours)  0.133  0.356  0.356  0.128  0.322  0.322  0.126  0.314  0.316

Fig. 11. Visualisation of trajectory prediction results in the CSJ water area dataset.

(1) Superior localisation and spatial awareness. The Geohash Embedder effectively converts latitude-longitude coordinates into 
hierarchical grid structures, preserving fine-grained spatial relationships. This approach significantly improves localisation accuracy 
in dense traffic areas, where precise positioning is crucial. For example, in the CSJ (Fig. 11) and TJP (Fig. 13) water areas, LLM4STP 
demonstrates superior vessel trajectory alignment, reflecting its capacity to accurately capture localised spatial patterns that are often 
inadequately represented by conventional models.

(2) Dynamic interaction modelling. The Spatial Embedder incorporates self-attention mechanisms that capture complex, dynamic 
inter-vessel interactions without requiring explicit distance thresholds. This design enables the model to autonomously learn context-
specific collision-avoidance protocols, reducing the risk of trajectory overlap and navigational conflicts. In a two-ship interaction 
scenario within CSJ waters (Fig. 11), LLM4STP produces smoother and more accurate aligned trajectories compared with baseline 
models, including STGCNN and STAR.

(3) Long-horizon prediction stability. Unlike conventional models, which often exhibit erratic deviations at extended prediction 
horizons, LLM4STP maintains trajectory continuity beyond 6-nautical-mile forecasts. This stability is critical for long-term route 
planning and real-time traffic management, offering significant operational benefits for autonomous shipping systems. In contrast, 
models such as STAR (purple curves) and STGCNN (black curves) display substantial directional drift, indicating weaker long-term 
spatial coherence and limited adaptability to complex maritime environments.

Overall, these visual comparisons clearly demonstrate that LLM4STP effectively captures both short-term manoeuvring behaviours 
and long-term navigational intent, providing robust, context-aware trajectory predictions. This capability underscores the value of 
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Fig. 12. Visualisation of trajectory prediction results in the CFD water area dataset.

Fig. 13. Visualisation of trajectory prediction results in the TJP water area dataset.

the model’s multi-modal feature fusion and pre-trained knowledge transfer mechanisms, positioning LLM4STP as a leading solution 
for next-generation maritime traffic management and autonomous navigation systems.

4.6.  Ablation study

To comprehensively assess the contributions of each module within the LLM4STP framework, an ablation study was conducted, 
comparing the full model against five distinct variants. These variants were designed by systematically removing one embedding 
module at a time, allowing for a precise evaluation of each component’s impact on overall model performance across multiple 
maritime datasets. The tested variants include:
(1) LLM4STP-w/o-P: Excludes the Prompt Embedder responsible for integrating contextual semantic information from waterway 

descriptions, meteorological data, and operational background.
(2) LLM4STP-w/o-U: Excludes the Uncertainty Embedder, which captures probabilistic features and prediction confidence, crucial 

for handling dynamic and uncertain maritime environments.
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Table 6 
The result of the ablation study.

Model
 CFD  CSJ  TJP
 ADE  FDE  FD  ADE  FDE  FD  ADE  FDE  FD 

 LLM4STP-w/o-P  0.09  0.27  0.27  0.10  0.26  0.27  0.12  0.33  0.33 
 LLM4STP-w/o-U  0.11  0.29  0.29  0.12  0.30  0.31  0.13  0.34  0.35 
 LLM4STP-w/o-S  0.10  0.28  0.28  0.11  0.28  0.28  0.14  0.35  0.35 
 LLM4STP-w/o-G  0.10  0.28  0.28  0.10  0.26  0.27  0.13  0.33  0.34 
 LLM4STP-w/o-L  0.13  0.30  0.31  0.13  0.32  0.33  0.15  0.37  0.37 
 LLM4STP  0.09  0.26  0.27  0.10  0.26  0.26  0.12  0.32  0.32 

(3) LLM4STP-w/o-S: Excludes the Spatial Embedder, which models inter-vessel spatial interactions through hierarchical geocoding 
and self-attention mechanisms.

(4) LLM4STP-w/o-G: Excludes the Geohash Embedder, which encodes geospatial semantic continuity through hierarchical grid en-
coding, preserving fine-grained spatial relationships.

(5) LLM4STP-w/o-L: Excludes the Local Temporal Embedder, which captures short-term temporal dependencies and vessel manoeu-
vring dynamics.

The removal of the Prompt Embedder (w/o-P) had a relatively minor impact on the ADE for the CFD and CSJ datasets, reflecting 
the robustness of the core spatial and temporal encoding mechanisms. However, on the TJP dataset, the absence of the Prompt 
Embedder increased the Final Displacement Error (FDE) from 0.32 to 0.33 (+3.1%), indicating that textual semantic cues are critical 
for accurately capturing complex waterway rules and navigation constraints.

Excluding the Uncertainty Embedder (w/o-U) resulted in the most substantial increase in FDE across all datasets, with an av-
erage rise of 9.2%. The TJP dataset experienced the most pronounced impact, with FDE increasing from 0.32 to 0.35 (+9.4%). 
This highlights the critical role of probabilistic uncertainty modelling in maintaining trajectory prediction reliability under variable 
environmental conditions, such as sudden weather changes and unpredictable vessel movements.

The Spatial Embedder (w/o-S) demonstrated a significant influence on trajectory accuracy, particularly in high-density traffic 
scenarios. Its removal increased the ADE on the TJP dataset from 0.12 to 0.14 (+16.7%), suggesting that the spatial Transformer 
network is more crucial for capturing vessel interaction behaviours than the static geospatial encoding provided by the Geohash 
Embedder (w/o-G), which only caused an 8.3% increase in ADE. This indicates that dynamic spatial feature extraction is essential 
for modelling real-time vessel interactions, where precise collision-avoidance and proximity awareness are critical.

The Local Temporal Embedder (w/o-L) was found to be the most critical module, as its exclusion resulted in the most substantial 
performance degradation across all metrics. For instance, on the CFD dataset, the FDE increased from 0.27 to 0.31 (+14.8%), a 2–3 
times greater impact than the removal of any other module. This underscores the decisive role of fine-grained temporal segmentation 
in capturing vessel manoeuvring patterns, particularly in congested or complex maritime environments.

The results demonstrate that each component of the LLM4STP framework plays a distinct yet complementary role in enhancing 
prediction accuracy. The Prompt Embedder facilitates nuanced contextual understanding, the Uncertainty Embedder ensures robust 
performance in dynamic settings, the Spatial and Geohash Embedders capture critical spatial relationships, and the Local Temporal 
Embedder is crucial for short-term behavioural modelling. Together, these modules establish a comprehensive, multi-modal frame-
work that significantly outperforms conventional approaches in maritime trajectory prediction.

5.  Implications

The LLM4STP framework introduces a novel technical paradigm for STP, providing significant benefits to a wide range of maritime 
stakeholders, including ship operators, port authorities, technology developers, regulatory bodies, and researchers. The practical 
implications can be broadly categorised as follows:

(1) Ship operators and fleet managers. The fusion of semantic, spatial, and probabilistic information significantly strengthens 
prediction reliability and accuracy under complex maritime conditions. This improvement reduces the risk of incidents arising from 
human error and provides a more reliable basis for operational decision-making. Enhanced predictive accuracy facilitates dynamic 
route optimisation, collision risk assessment, and fuel-efficient voyage planning, enabling operators to avoid congestion, lower fuel 
consumption, and reduce overall operating costs. By leveraging more precise trajectory forecasts, ship operators can make evidence-
based navigational decisions, thereby mitigating operational risks and strengthening fleet-wide safety performance.

(2) Port authorities and maritime traffic controllers. The framework’s precise trajectory predictions enable better management of 
port traffic, reducing congestion and optimising berth allocation, leading to more efficient port operations. The ability to assess and 
predict vessel movements in real time also enhances the effectiveness of emergency response strategies, particularly in cases of me-
chanical failure, extreme weather, or security threats. Additionally, the integration of multimodal data, including spatial and semantic 
features, supports comprehensive situational awareness, which is crucial for maintaining safe and efficient maritime operations.

(3) Technology developers and maritime system integrators. The modular architecture and efficient feature fusion mechanism 
of the LLM4STP framework provide a robust foundation for developing next-generation autonomous maritime systems, including 
Unmanned Surface Vessels (USVs) and remotely operated ships. The framework’s ability to integrate diverse data sources, such as 
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Geohash encodings and probabilistic embeddings, sets a new benchmark for maritime AI system design. This technical blueprint 
has the potential to accelerate the commercialisation of intelligent navigation systems, providing scalable designs for autonomous 
operations.

(4) Regulatory bodies and maritime safety organisations. The framework’s focus on uncertainty quantification and long-term 
sequence prediction supports the development of risk mitigation strategies, aligning with evolving international safety regulations 
for autonomous ships. Data-driven insights generated from the model can inform regulatory frameworks, ensuring that emerging 
technologies are effectively integrated into the maritime industry. Additionally, the improved predictive capabilities support the 
development of stricter safety standards and operational guidelines for autonomous vessels, enhancing overall maritime safety.

(5) Researchers and academic institutions. The proposed framework serves as a valuable reference for ongoing academic studies in 
the field of maritime AI, spatiotemporal modelling, and multi-modal data integration. The methodologies demonstrated in this study, 
such as Geohash encoding and uncertainty modelling, can be extended to other transportation systems, including autonomous vehi-
cles and urban traffic management. Furthermore, the framework encourages interdisciplinary collaboration between data scientists, 
maritime engineers, and AI researchers, fostering innovation in intelligent maritime systems.

(6) Logistics and supply chain managers. Accurate trajectory predictions enable better planning of cargo arrival times, reducing 
port waiting times and improving overall supply chain efficiency. The framework’s emphasis on route optimisation and congestion 
management can lead to significant fuel savings and reduced operational costs. Additionally, improved reliability and predictability 
of shipping schedules contribute to more consistent supply chain operations, enhancing customer satisfaction and competitiveness.

(7) Maritime insurers and risk analysts. The detailed uncertainty quantification provided by the framework offers a more accurate 
assessment of navigational risks, supporting better underwriting and risk pricing. The ability to model high-risk scenarios in real-time 
can reduce the likelihood of costly maritime incidents, benefiting both insurers and ship operators. Insights from the model can also 
inform predictive maintenance strategies, reducing unexpected equipment failures and enhancing overall vessel reliability.

6.  Conclusions

This paper presents LLM4STP, a groundbreaking framework that addresses critical challenges in STP by integrating LLMs with 
maritime domain knowledge. The framework systematically overcomes four long-standing limitations in the field: dynamic interaction 
modelling, multiscale temporal dependency decoupling, trajectory uncertainty quantification, and domain knowledge integration. By 
doing so, it establishes a new paradigm for intelligent maritime navigation, significantly enhancing both predictive accuracy and 
operational reliability.

At its core, the framework introduces a graph-masked spatial Transformer that dynamically constructs ship interaction topologies 
using adaptive distance thresholds. This innovative approach captures real-time spatial interactions among vessels, providing a more 
accurate representation of complex maritime environments. Building on this spatial foundation, the hierarchical temporal architecture 
combines local convolutional operations with the global sequence reasoning capabilities of LLMs. This design supports joint inference 
of localised manoeuvre details and broader navigational intentions, effectively capturing both micro- and macro-scale trajectory 
dynamics.

To address the inherent uncertainties in maritime environments, LLM4STP incorporates a novel dual-mode uncertainty modelling 
system, integrating Gaussian heatmaps for probabilistic assessment and GeoHash-based geospatial encoding for precise spatial rep-
resentation. This approach ensures robust performance even in volatile maritime conditions. Furthermore, the framework pioneers 
the deep fusion of numerical trajectory data and textual domain knowledge (e.g., weather alerts, waterway regulations) through a 
comprehensive five-dimensional embedding system. LLMs act as semantic bridges, aligning multimodal features to create a unified, 
context-rich representation of the maritime environment.

Extensive experimental validation across three benchmark maritime regions demonstrates the framework’s superior performance, 
achieving SOTA results in both prediction accuracy and operational efficiency. Few-shot learning experiments show that LLM4STP 
significantly outperforms other models in terms of generalisation with limited data. Ablation studies further quantify the individual 
contributions of each module, highlighting the synergistic benefits of the integrated approach.

Beyond immediate applications in collision avoidance, route optimisation, and traffic management, LLM4STP sets the stage for 
broader LLM-driven cognitive reasoning in transportation systems. Future extensions could include multimodal sensor fusion, edge-
computing deployments, and real-time decision support, positioning this framework as a foundational technology for autonomous 
maritime operations. By unifying linguistic reasoning with spatiotemporal prediction, LLM4STP redefines the role of foundation mod-
els in maritime intelligence, offering both methodological breakthroughs and practical pathways toward fully autonomous shipping 
ecosystems.
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Appendix A.  Performance comparison of stacked transformer layers.

The GPT-2 (Small) model comprises a stack of 12 Transformer layers. The number of layers is a key architectural hyperparameter 
that directly affects the model’s ability to capture complex data dependencies and its computational efficiency. To determine an ap-
propriate network depth for the present task, a comparative experiment was performed by varying the number of stacked Transformer 
layers.

As reported in Table A.1, models with only one or two layers exhibited unsatisfactory performance, indicating insufficient capac-
ity to learn and generalise from the data. Conversely, models with five or six layers demonstrated a tendency to overfit, reflecting 
excessive model complexity relative to the available training set. Models with three and four layers achieved comparable prediction 
accuracy; however, the four-layer configuration incurred noticeably higher computational cost, limiting its suitability for real-time 
applications. Considering the trade-off between accuracy, generalisation ability, and computational efficiency, a three-layer Trans-
former architecture was selected as the optimal configuration for this study.

Table A.1 
Performance comparison of stacked transformer layers.

Layers
 CSJ  ZS  TJP
 ADE  FDE  FD  ADE  FDE  FD  ADE  FDE  FD

 1  0.11  0.28  0.28  0.11  0.26  0.27  0.13  0.33  0.34
 2  0.09  0.27  0.27  0.10  0.26  0.26  0.12  0.31  0.31
 3  0.09  0.26  0.27  0.10  0.26  0.26  0.12  0.31  0.31
 4  0.09  0.26  0.27  0.10  0.26  0.26  0.12  0.31  0.31
 5  0.10  0.28  0.29  0.12  0.27  0.27  0.12  0.32  0.32
 6  0.10  0.28  0.29  0.12  0.27  0.27  0.12  0.32  0.32
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