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Abstract. Testing the hardware and software of marine vessels in field 
trials is a necessity to avoid technical and environmental catastrophes. 
Conducting tests with large vessels is costly. Multiple realistic domain 
descriptions based on past missions could increase the value of simula-
tion tests, reducing the need for expensive field tests. In this paper, we 
generate scenarios from unstructured Incident Response Plan (IRP) doc-
uments using Large Language Models (LLMs), converting them to stan-
dard structured planning programs. The two synthesized marine test-
domain datasets contain approximately 90% parsable, 75% solvable, and 
57% correct planning programs. 

Keywords: Mission Planning · Test Domain Scenarios Generation · 
Large Language Models (LLMs) · Marine Vessels 

1 Introduction 

Autonomous Underwater Vehicles (AUVs) are unmanned underwater platforms 
used for gathering data in scientific and commercial applications [ 4]. AUV soft-
ware and hardware must be reliable to avoid hazardous disasters. Testing is a 
standard method to ensure this reliability. Unfortunately, creating interesting 
scenarios in the simulator that emulate dynamic real-world problems is a chal-
lenging task. To solve it, experts must systematically gather potential failure 
scenarios and analyze their possible causes based on past missions. These data 
are scarce, scattered, and rarely cited properly. Collection, summarization, and  
analysis of these data can help to generate more useful scenarios for underwater 
robots. We propose to generate these scenarios as Planning Domain Definition 
Language (PDDL) programs. PDDL provides a formal and efficient framework 
for solving complex planning problems across various domains. Its expressiveness 
and scalability make it ideal for real-world applications with long-term horizon 
autonomy like robotics and logistics. 
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Use Case. A Tester is responsible for proposing different test scenarios based on 
existing devices and current environmental circumstances. Testers of such com-
plex systems utilize expert knowledge to provide test scenarios for specific vehi-
cles, devices that need to attach to the vehicle, and external disturbances forced 
on the vehicle by the mission’s location. Preparing such test scenarios manu-
ally is time-consuming. Automating test scenario collection can assist testers in 
designing challenging situations. 

To address this use case, we propose scenario generation based on Incident 
Response Plans (IRPs) using Large Language Models (LLMs). Our goal is to 
reduce the knowledge gap between an expert leader and technician. In this short 
paper, we ask this research question: How LLMs can assist scenario generation 
for testing marine missions? 

We collect a dataset of multiple publicly available IRP documents. An IRP 
document is “formally approved by the senior leadership team, that helps your 
organization before, during, and after a confirmed or suspected security inci-
dent” [  11]. We translate these unstructured documents into a meaningful, struc-
tured program for a high-level task-planning language. We give IRP documents 
to the GPT4 model prompting with Generic Questions. Then, we extract Specific 
Questions from responses generated for Generic Questions to improve answers. 
Finally, we translate unstructured documents into structured, high-level task 
planning models PDDL format. We experimentally evaluate the quality of this 
automatic translation. 

Fig. 1. The Proposed Framework to generate PDDL-based plans out of IRPs 

Related Work. Several authors have used LLMs to assist in generating scenar-
ios for autonomous systems. ChatScene, an LLM-based system, creates safety-
critical driving scenarios for autonomous vehicles, increasing collision rates by 
15% during testing and reducing them by 9% when fine-tuning models with its 
scenarios [ 12]. The LLMScenario framework employs LLMs with prompt engi-
neering, chain-of-thought reasoning, and feedback tuning to generate complex 
scenarios for better testing of autonomous vehicle modules like motion prediction 
and planning [ 3]. SeGPT leverages ChatGPT and foundation models to generate 
diverse and complex driving scenarios, enhancing research in autonomous vehi-
cle intelligence. By using prompts and advanced infrastructure, SeGPT demon-
strates the ability to create varied scenarios for improving trajectory prediction 
algorithms [ 9]. In this work, we also extract scenarios from different IRPs and
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leverage the obtained information to create planning domain programs. How-
ever, the focus is on testing missions in an open underwater environment rather 
than on autonomous driving. 

Nouri and coauthors [ 10] present an LLM-driven prototype that automates 
the specification of safety requirements in autonomous driving by refining tasks 
in Hazard Analysis and Risk Assessment. The COWP framework enhances 
robots’ task planning using common sense from LLMs, improving success rates 
in handling unforeseen situations and completing tasks [ 5]. In recent work, Zuo 
and his colleagues translate textual descriptions to PDDL files and provide a 
dataset and benchmark for two Blockworld and Gripper domains [ 13]. In our 
proposed framework, we generate various domains of task planning using PDDL 
from marine mission IRPs in two new domain planning datasets. 

Table 1. The Generic Questions for scenario generation with the average number of 
feeding generated responses to LLM model for both datasets 

No. Generic Questions #feedback (Avg) 
1 What is vehicle vessel name? 1.0 
2 What is vehicle vessel type? 1.0 
3 What is the main purpose of the cruise report? 1.0 
4 What is the duration of the mission? 2.58 
5 What are the existing tasks in this mission, the duration of 

each task, and whether the task was successful or failure? 
1.85 

6 What are all the tasks in this mission? 1.0 
7 What components/devices/sensors used in this mission and 

for how long? 
1.0 

8 What is the application of the mission? 1.0 
9 What is the mission location? 1.65 
10 What is the visibility of the environment and how to measure 

it? 
1.6 

11 What is signal acoustic condition/ multibeam? 1.13 
12 What is the temperature of water on the surface? 2.3 
13 What is the temperature of water in depth? 2.37 

2 Proposed Framework 

Figure 1 summarizes the proposed framework. The goal is to create different 
marine testing scenarios, expressing them in the domain description format 
of PDDL. We first collect IRP documents available online in two datasets: 
GEOMAR-Kiel 1 (51 documents) and NOAA 2 (30 documents). We use chunking
1 https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels. 
2 https://repository.library.noaa.gov. 

https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://www.geomar.de/en/centre/central-facilities/geomar-research-vessels
https://repository.library.noaa.gov
https://repository.library.noaa.gov
https://repository.library.noaa.gov
https://repository.library.noaa.gov
https://repository.library.noaa.gov


310 M. M. Kashani et al.

and splitting, followed by embedding, to build the semantic search, employing 
OpenAI’s latest text embedding model. Once the document is prepared, we pose 
the questions listed in Table 1 using a private chat mode of GPT4o. We use 
prompt engineering to guard responses and reduce hallucinations. In the follow-
ing, we lay out the Design of Scenarios which involves utilizing Generic Scenarios 
and Specific Scenarios, to subsequently allow for Planning Program Generation. 

Fig. 2. Workflow generating a PDDL-based program from IRPs. .α is the relevant 
information from .IRP1, . β represents relevant information from .IRP2, .α1 and .β1 are 
the responses of an LLM extracted from the sections . α and . β

Generic Scenario: Most scenarios consist of selecting a type of vehicle, listing 
the names of components attached to the vehicle, and, more importantly, defin-
ing the capabilities of those components. Mission location and environmental 
circumstances are vital to establishing consistent experimental methodologies. 
This approach allows us to provide a generic scenario template by filling in blanks 
based on responses to the questions in Table 1. 

Specific Scenario: Specific circumstances vary due to different setups and con-
figurations. To tailor each scenario, we derive unique questions from responses 
to generic questions 5, 6, and 7. These are crucial for translating templates into 
PDDL programs. We refine responses by constraining the prompts. For instance, 
if question 5 yields answers about tasks (actions) and duration but leaves “task 
status unspecified ”, we use prompt engineering to identify and address these gaps. 
This filtered response is then posed as a new question to the GPT model with 
updated prompts, resulting in a refined answer. Q 8–13 are mostly used for study 
purposes.
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Planning Program Generation: Each synthesized PDDL file includes a Domain 
and a Problem. The  Domain description gathers general information about pos-
sible sensors (vehicle and devices), potential actions, and the effect of executing 
them. Responses to both generic and specific questions are translated, tem-
plated, and converted into a PDDL Domain file. We generate a single Prob-
lem file to validate the generated Domain file. In principle, more Problem files 
can be generated-details in our GitHub repository (https://github.com/remaro-
network/marineLLM-PDDL). Figure 2 illustrates the PDDL-LLM translation 
workflow from IRP documents. Finally, we test the generated plans to exam-
ine parsability (using the Val tool [ 8]), solvability (using FastForward planner, 
Optic-clp [ 1],  and LPG-td [  2]), and the correctness of generated plans in expert 
judgment. 

3 Preliminary Results 

We evaluate the results in terms of parsability, solvability, and correctness of 
generated PDDL files (Fig. 3), and the quality of the generated plans (Fig. 4). 

Figure 3 shows that (a), 96.1% of generated plans are parsable for the 
GEOMAR-Kiel dataset, and 96.6% for NOAA dataset. The solvability of these 
datasets is respectively 80% and 76.6%. Semantic correctness is defined as solv-
ing an existing Problem in the planning program. For these two data sets it 
is measured to be 60% and 57% respectively. One of our contributions is the 
use of Specific Questions. In Fig. 3(b), we present their impact on solvability: 
with the mean of 19.31% and 16.02% for the GEMARO-Kiel and the NOAA 
datasets, respectively. In Fig. 3(c), we demonstrate the success of using Specific 
Questions. According to the plot, increasing the number of questions and feed-
ing generated responses can improve results by an average of 28.73%. However, 
excessively increasing the number of questions is not reasonable. For example, 
increasing the number of semi-repetitive questions to 8 only results in a 10–15% 
improvement. 

Fig. 3. (a) Evaluation of the plan generation module with both generic and specific 
questions. (b) Improvement of solve-ability of planning problems generated with Spe-
cific and Generic Questions vs just Generic Questions. (c) Solvability for different 
number of Specific questions for GEOMAR-Kiel 

We investigate the effectiveness of a PDDL-based planning dataset (Fig. 4). 
Unlike most studies that rely on graph polymorphism or similarity equivalence
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to benchmark result [ 13], we focus on the diversity of the generated scenarios. 
We compare the similarity of generated PDDL-based plans inspired by vari-
ous scenarios. First, the PDDL planning code is tokenized and embedded using 
CodeBERT [ 6] to obtain embeddings. A pooling strategy, such as mean pooling, 
is then applied to create a single vector representing the entire PDDL code [ 7]. 
Finally, the distance between vectors for all scenarios is computed using various 
metrics: Euclidean (L2) distance, which ignores vector magnitude and direction; 
Cosine similarity, which focuses on vector direction; Wasserstein distance, which 
considers both magnitude and direction; and BERTScore, an advanced metric for 
evaluating text quality using BERT embeddings to capture contextual nuances. 
Wasserstein distance, particularly suitable for comparing probability distribu-
tions like, scatters similarity values more effectively across generated planning 
scenarios than other metrics, while L2 distance shows a broader range of inter-
val values, as illustrated in Fig. 4, considering 7 out of 55 sample scenarios of 
GEOMAR-Kiel. 

Fig. 4. Comparison of generated plans using L2, Cosine, Wasserstein, and BERTScore 

Discussion. In this paper, we generate scenarios from past IRPs and trans-
late them into structured planning programs, presenting results on parseability, 
solvability, correctness, and scenario diversity. A key limitation is the lack of 
fine-tuning of the CodeBERT model for PDDL programs, which could improve 
both accuracy and diversity metrics. 
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