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ABSTRACT 

Computational modelling in geothermal engineering 
presents many opportunities for improved automation and 
validation. For example, manually editing configuration files 
and meshes for computational modelling is time-consuming 
and error-prone. In this study, we explore the potential of 
using large language models (LLMs) to automate typical 
tasks in geothermal engineering, focusing on generating and 
modifying structured simulation inputs (in JavaScript Object 
Notation or JSON format) for Waiwera, a modern 
geothermal simulator. However, these artificial intelligence 
(AI) tools come with risks in an engineering context, where 
precision, reliability and accuracy are crucial. Hence, we 
consider both syntactic validity and semantic accuracy of 
LLM generated configuration files. This article first reviews 
various core concepts of LLM workflows and AI engineering 
relevant to geothermal engineering. We then present 
preliminary results of experiments using LLMs for various 
geothermal modelling tasks, in particular knowledge base 
retrieval and JSON generation. We consider both open-
source and commercial LLMs (e.g., OpenAI GPT-4o, Meta 
LlaMA 3.3, DeepSeek R1) and discuss progress towards 
developing a validation framework and implementing AI 
engineering techniques to improve performance. Initial 
results indicate improved knowledge retrieval through 
retrieval-augmented generation (RAG) and consistent 
generation of structurally valid JSON inputs by LLMs, with 
minor sensitivity in smaller files. Ultimately, we aim to 
develop a "virtual geothermal assistant" that improves 
accessibility and efficiency in geothermal simulation, while 
documenting best practices for LLM integration in 
engineering workflows.  

1. INTRODUCTION 

Prior to the emergence of large language models (LLMs), 
neural networks (NNs) were already widely applied in 
various engineering domains, including geothermal 
engineering (Puppala et al., 2023). For instance, neural 
networks implemented in an optimisation algorithm 
demonstrated the ability to identify optimal placement of 
injection well (Akin et al., 2010). In this context, NNs have 
been used to extract patterns and detect trends that are often 
too complex for humans or conventional computational 
methods to identify. They offer several key advantages, 
including adaptive learning, self-organisation, real-time 
processing, and fault tolerance (Han et al., 2021; Torres-
Huitzil & Girau, 2017).  

LLMs are advanced deep learning architectures pretrained 
on a large amount of available data (Zhao et al., 2025). At 
their core, transformers are neural network architectures that 
use encoder-decoder components and a self-attention 
mechanism to identify the most relevant parts of a text 
sequence, enabling them to extract semantic meaning and 
capture contextual relationships (Vaswani et al., 2017). 
Transformers engage in self-supervised learning - a process 
that enables them to infer linguistic patterns, grammatical 
structures, and factual knowledge from raw data without 
explicit human-labeled supervision (Kotei & 
Thirunavukarasu, 2023). 

Geothermal reservoir simulation is a critical tool in designing 
and managing geothermal energy systems (M. O’Sullivan et 
al., 2001; M. O’Sullivan & J. O’Sullivan, 2025). Modern 
simulators like Waiwera, an open-source geothermal flow 
simulator developed at the University of Auckland’s 
Geothermal Institute, allow engineers to model complex 
subsurface flows and heat transfer, but rely heavily on 
detailed configuration files (in JavaScript Object Notation, 
also known as JSON format) to define simulation parameters, 
physical properties, boundary conditions, initial states, and 
mesh geometries (Croucher et al., 2020). Manually editing 
these input files is a complex and error-prone process that 
demands both domain expertise and careful attention to 
software-specific syntax, increasing the risk of mistakes such 
as incorrect unit conversion and missing required fields, 
which can lead to simulation failures. 

LLMs offer a promising avenue for the automation of 
translation processes to significantly streamline geothermal 
workflows. LLMs have demonstrated the ability to parse 
natural language and generate structured outputs, including 
code and data formats, in various domains (Liang et al., 
2025). If an LLM can reliably convert an engineer’s 
description into a syntactically correct and physically 
meaningful Waiwera JSON input, it has the potential to 
reduce the effort and expertise needed to set up simulations. 
However, applying LLMs in engineering contexts poses 
unique challenges: the output must be correct in structure (to 
satisfy the JSON schema and simulator requirements) and 
accurate in content (to reflect the true physical scenario 
without hallucinated or omitted parameters). Programs 
incorporating LLMs into their design typically lie on a 
spectrum from 'workflows' at one end to 'agents' at the other, 
indicating the degree to which the LLM is responsible for 
key decisions. As this classification is better viewed as a 
spectrum rather than a sharp distinction, such programs are 
often collectively referred to as agentic systems. This 
motivates our approach of implementing an agentic system 
for Waiwera, where the LLM is augmented with tools and is 
capable of autonomously selecting appropriate tools, 
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generating search queries, and deciding what information to 
retain in memory.  

This paper first presents a review of the key components 
involved in constructing an agentic LLM workflow, 
beginning with prompt engineering and progressing to 
advanced optimisation techniques such as retrieval-
augmented generation (RAG) and model fine-tuning, 
situated within the context of geothermal engineering 
applications. We then consider preliminary progress towards 
implementing these ideas in a geothermal engineering 
context. 

2. PROPRIETARY MODELS VS. OPEN-SOURCE 
MODELS 

Proprietary models are LLMs whose weights, architectures, 
and underlying code are not publicly accessible. These 
models are known for their strong generalisation capabilities, 
high accuracy in following complex instructions, and ability 
to process long contexts. Example models include Google’s 
Gemini series, OpenAI’s GPT family, and Anthropic’s 
Claude models (Google, n.d.; OpenAI, n.d.; Anthropic, n.d.-
b). However, these models may incur significant costs 
depending on the API usage and may raise data privacy 
concerns. 

In contrast, open-source models have publicly available 
weights, enabling local deployment and task-specific fine-
tuning (Huyen, 2024). This offers advantages such as greater 
adaptability, transparency, user control and data protection. 
However, the process for fine-tuning still requires substantial 
computational resources - such as high-end GPUs and 
technical expertise for effective deployment (Alammar & 
Grootendorst, 2024). Notable examples of open-source 
models include Meta’s LLaMA, Mistral’s Mixtral, and 
Alibaba’s Qwen (Meta, n.d.; Mistral AI, n.d.; Alibaba Cloud, 
n.d.).  

Recent benchmark evaluations have shown that some open-
source models now match or outperform proprietary models 
across coding and reasoning tasks. For example, Qwen 2.5-
Max has equalled or surpassed fine-tuned proprietary models 
such as GPT-4o-0806 and Claude-3.5-Sonnet-1022 on 
benchmarks including Arena-Hard, LiveCodeBench, and 
GPQA-Diamond (Qwen Team, 2025). These results 
highlight open-source models as cost-effective, high-
performance alternatives for research and production use. 

Given these advantages, our work prioritises the use of open-
source models where possible and explores their 
performance across a range of scales (from 1.5B to 70B 
trainable parameters). Trainable parameters (or weights) are 
the numerical values within a neural network that are 
iteratively adjusted during training to minimise the 
difference between the model’s predictions and the true 
outcomes. They define how input data is transformed as it 
passes through the network, ultimately shaping the model’s 
ability to recognise patterns, make predictions, and 
generalise to new data. Model size is particularly important 
in this context: smaller models are faster and cheaper to run 
but may struggle with complex reasoning tasks, whereas 
larger models typically exhibit stronger generalisation, 
reasoning, and instruction-following abilities, albeit at 
higher computational cost. This trade-off motivates the 
exploration of design patterns, workflows, and optimisation 
techniques that can maximise the utility of both small and 
large models - a topic addressed in the following sections. 

3. AGENTIC SYSTEMS AND COMMON DESIGN 
PATTERNS 

Systems that incorporate LLMs can be positioned along a 
spectrum, ranging from structured ‘workflows’ to fully 
autonomous ‘agents’, reflecting the degree of decision-
making delegated to the model. A workflow follows a 
prespecified sequence in which LLMs and external tools are 
coordinated through predefined steps and deterministic code 
paths (Anthropic, 2024). Typically, this involves retrieving 
relevant context, then calling the model with that context to 
generate the desired output. In contrast, LLM-based agents 
grant the model greater autonomy, enabling it to dynamically 
select tools, determine action sequences, and manage 
memory or retrieval strategies to achieve a task. They may 
pause for human input at checkpoints or under uncertainty, 
operating in a feedback loop with external tools. This 
underscores the importance of intuitive toolsets, clear 
documentation, and operational safeguards such as iteration 
limits. As this is a spectrum rather than a strict classification, 
systems are often grouped together as ‘agentic systems’, 
typically consisting of an LLM with tool-calling, memory 
management, and retrieval capabilities that enable adaptive 
planning and execution with minimal hard-coded 
intervention (Anthropic, 2024). 
 
We aim to develop an agentic system for the Waiwera 
geothermal simulator that can: (1) answer queries about 
geothermal concepts, the Waiwera documentation, and, if 
applicable, the provided Waiwera model; and (2) modify 
existing JSON files based on natural language instructions, 
enabling quick edits like adjusting rock properties or 
boundary conditions without manual changes. 
 
3.1 Prompt chaining workflow 

Prompt chaining is a workflow strategy that decomposes a 
task into a series of sequential steps, where the output of each 
step is used as input for the next LLM invocation, as shown 
in Figure 1 (Anthropic, 2024). This approach improves the 
accuracy, traceability, and modularity of the final output, 
although it may increase latency. It is particularly useful for 
complex interactions with structured files like JSON, where 
different parts of the file may require independent 
modifications across multiple LLM calls. In such cases, the 
initially generated or partially edited JSON file can be passed 
to a subsequent LLM call for semantic validation or 
refinement, enabling a more controlled and interpretable 
editing process. This workflow is also applicable to the 
JSON modification feature, where a user may request 
modifications like “change the permeability of all basalt rock 
types to 1.5 md” or “increase the bottom boundary mass flow 
by 10%”. These commands are decompose into steps such as 
locating relevant entries, applying transformations, and 
verifying changes. 

 

 

Figure 1: The prompt chaining workflow (from 
Anthropic, 2024). 
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3.2 Evaluator-optimiser workflow 

Another workflow is the evaluator-optimiser loop, in which 
an initial LLM call generates a candidate response, and a 
secondary LLM call evaluates it against predefined criteria, 
providing feedback or adjustments (Anthropic, 2024). This 
iterative process is particularly effective in scenarios where 
well-defined evaluation criteria exist, and iterative 
refinement is essential for enhancing output quality.  

This workflow applies to the JSON validation process, where 
the evaluator can be an LLM, a tool-based function (such as 
a JSON schema validator), or a combination of both. 
Modifications on the JSON file are performed iteratively to 
ensure that the content is structurally and contextually 
accurate, as depicted in Figure 2. The validation process 
involves the LLM Call Evaluator assessing whether the 
generated JSON is structurally and semantically correct, 
while the LLM Call Generator refines the output based on 
the evaluator’s feedback. 

 

 
Figure 2: The evaluator-optimiser workflow (from 
Anthropic, 2024). 
 

 
3.3 Tool use  

The capabilities of LLMs can be enhanced by integrating 
tools that enable the agent to perceive its environment and 
perform actions. According to Huyen (2024), tools can be 
classified into three categories: tools that perform knowledge 
augmentation, tools that extend capability, and tools that 
enable the agent to act on its environment. 
Knowledge augmentation tools provide models with access 
to external resources, helping to construct context and 
improve responses while reducing hallucinations. Examples 
of such tools include text retrievers, image retrievers, SQL 
executors, and web browsing tools. Capability extension 
tools address the inherent limitations of LLMs by expanding 
their functionality. These tools might include a calendar, 
code interpreter, calculator, or translator. Finally, tools that 
allow agents to act upon their environment enable the agent 
to perform actions that modify data sources, such as writing 
or updating information. 

In practice, tools are implemented as functions that can be 
called based on user queries. Function calling generally 
works by first creating a tool inventory, where each tool is 
defined by its input and output parameters. By specifying 
which tools an agent can access, multiple tools can be used 
per query through an API call. 

4. AI ENGINEERING TECHNIQUES 

To address the challenge of generating correct simulation 
inputs, we explore several AI engineering techniques. In this 
section, we outline the approaches under consideration and 

relate them to existing literature and examples in similar 
fields. 

4.1 Optimising LLMs  

Methods for optimising LLMs for a given task can be 
broadly divided into two categories: those that utilise the 
ability of the LLMs to learn purely from text-based 
instructions (prompting) without updating parameters, and 
those that involve directly updating the models’ weights. The 
former approach is often referred to as prompt engineering 
or prompt optimisation, while the latter is known as fine-
tuning. Although computationally this represents a key 
distinction, optimising compound workflows or pipelines 
involving LLMs often involves both aspects, and recent 
work has looked at how to carry out both tasks 
simultaneously (Soylu et al., 2024). Below we discuss these 
two broad classes of approach in more detail. 

4.1.1 Prompt engineering 

Prompt engineering is the practice of designing inputs to 
LLMs to guide them toward producing accurate, relevant, 
and well-structured outputs. In this section, we discuss three 
key techniques, system prompting, chain-of-thought 
prompting, and few-shot learning, which help control model 
behaviour, improve reasoning quality, and align outputs with 
task requirements. 

System prompting is another important prompt engineering 
technique. A system prompt provides overarching 
instructions that define the model’s role, behaviour style, and 
constraints throughout the interaction. Many model 
providers emphasise that integrating system prompts into an 
LLM agent can improve performance (Huyen, 2024). For 
example, Anthropic (n.d.-a) documentation emphasises: 
“Use system prompts to define Claude’s role and personality. 
This sets a strong foundation for consistent responses.” 
Additionally, they recommend “When setting up the 
character, provide detailed information about the personality, 
background, and any specific traits or quirks. This will help 
the model better emulate and generalize the character’s traits.” 
(Anthropic, n.d.-a). For Waiwera simulations, we may 
integrate system prompting to anchor the model effectively: 
"You are a geothermal-engineering expert using the 
Waiwera geothermal simulator. Your job is to answer 
questions about Waiwera and generate valid simulation-
ready JSON files for Waiwera that strictly follow the 
provided JSON schema.” Such role assignment ensures 
responses are domain-appropriate and consistent.  

We can encourage the model to “think” on a prompt for 
longer, through what is commonly known as Chain-of-
Thought (CoT) prompting. CoT means explicitly asking the 
model to think step by step, guiding it towards a more 
systematic approach to problem solving. In an experiment 
conducted by Wei et al. (2022), CoT improved the 
performance of LaMDA, GPT-3, and PaLM on MAWPS 
(Math Word Problem Solving), SVAMP (Sequence 
Variation Analysis, Maps, and Phylogeny), and GSM-8K 
benchmarks. In the context of assisting JSON generation for 
Waiwera, rather than asking the model to directly output the 
final JSON immediately, we can prompt it to break down the 
task. For example, the first step involves extracting key 
parameters from the description (domain size, boundary 
values, sources, etc.), then in a subsequent step, assemble 
these into the JSON structure.  

The final prompt engineering technique is few-shot learning. 
Few-shot learning refers to teaching a model to learn from 
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examples in the prompt. Each example provided in the 
prompt is called a shot. The number of examples provided to 
the model is limited by the context length; the more examples 
there are, the longer the prompt will be, increasing the 
inference cost (Huyen, 2024). In the paper that introduced 
GPT-3 written by Brown et al. (2020), it was demonstrated 
that LLMs can learn the desirable behaviour from examples 
in the prompt, even if this desirable behaviour is different 
from what the model was originally trained to do. For GPT-
3, few-shot learning showed significant improvement 
compared to zero-shot learning (no examples supplied). It is 
notable that in some use cases, larger models can perform 
well even with few examples, due to more robust instruction-
following capabilities. As highlighted in a study by 
Microsoft, few-shot learning only led to limited 
improvement compared to zero-shot learning on GPT-4 and 
a few other models (Zhong et al., 2023). In the context of this 
project, we will aim to balance the number of examples with 
model size, experimenting across a range of LLMs to 
identify the most effective trade-off between accuracy and 
efficiency. 

4.1.2 Fine-tuning and custom models 

Fine-tuning updates a model's weights by continuing the 
training of a pretrained base model on a domain-specific 
dataset (Huyen, 2024). The primary advantage of fine-tuning 
lies in its potential to enable the model to internalise domain-
specific conventions and requirements, thereby improving 
performance over prompt-based approaches with general-
purpose models. For example, an open-source foundation 
model could be fine-tuned on a curated geothermal dataset to 
enhance its fluency in Waiwera-compatible JSON syntax 
and parameter specification. 
Despite its potential, fine-tuning presents several practical 
challenges. It typically requires a substantial number of high-
quality training examples to mitigate risks such as overfitting 
or the hallucination of irrelevant content (Yu et al., 2020). 
Fine-tuning also demands considerable computational 
resources and careful hyperparameter tuning to prevent the 
model from undergoing catastrophic forgetting - a 
phenomenon where the LLMs forget previously learnt 
information when training on a specialised task (Luo et al., 
2025). Furthermore, there is a risk that a fine-tuned model 
may become overly specialised, exhibiting strong 
performance only on tasks closely aligned with its training 
data while struggling with out-of-distribution inputs (Yu et 
al., 2020). 

A promising approach that we plan to consider in future work 
is LoRA (Low-Rank Adaptation) on smaller models to 
reduce resource demands and make experimentation 
tractable on available hardware. LoRA is a parameter-
efficient fine-tuning (PEFT) method introduced by Hu et al. 
(2021). Prior work by this author has shown that LoRA can 
match full fine-tuning performance while training only a 
small fraction of parameters. Instead of updating all the 
LLM’s parameters, LoRA adds small trainable matrices into 
certain layers of the network. Only these matrices are 
updated during training, while the original weights remain 
fixed, lowering memory and computation requirements.  

4.2 Knowledge retrieval via retrieval-augmented 
generation (RAG) 

RAG is a technique where the model is supplied with 
relevant reference materials (retrieved from a knowledge 
base) alongside the prompt (Hicke et al., 2023). The idea is 
to give the LLM access to domain-specific information it 

might not have fully encoded, such as Waiwera’s 
documentation or examples of valid configurations. In this 
study, we create a knowledge repository that includes the 
Waiwera documentation and a library of example JSON 
fragments for various boundary conditions, source terms, etc. 
RAG often employs methods such as vector databases, 
which encode documents into numerical representations 
(called embeddings) that capture semantic meaning. The 
system can then perform an efficient similarity search to 
identify the most relevant information, such as sections from 
the Waiwera documentation that explain how to specify 
parameter values. These snippets are then appended to the 
prompt context given to the LLM.  

By using RAG, we aim to reduce hallucinations and improve 
the accuracy of the model’s response by providing more 
relevant context (Ayala & Bechard, 2024). However, it is 
notable that RAG provides little help in improving the 
model’s deep reasoning abilities; rather, it provides relevant 
external context to address any knowledge gaps from the 
LLM’s training data, hence, improving the likelihood of 
producing accurate answers (Liu et al., 2024). The model is 
less likely to invent non-existent parameter names or 
physically impossible values if it can refer to the actual 
documentation. For example, if a user describes a boundary 
condition, the retrieval fetches the section describing 
boundary conditions from the Waiwera documentation to be 
supplied as context.  

Literature supports the efficacy of RAG in domain-specific 
applications. For instance, an LLM was fine-tuned to 
specialise in building energy modelling using the EnergyPlus 
simulator, leveraging domain-specific data from RAG to 
guide its generation process and achieving promising results 
in producing valid building energy models (Jiang et al., 
2024). RAG is also appealing because it avoids retraining the 
model from scratch with new data; instead, it injects 
knowledge on-the-fly. This means the system can easily 
update if Waiwera’s specifications change or if we extend to 
new scenarios, simply by updating the documentation. One 
challenge with RAG is managing the prompt length: as the 
amount of retrieved content increases, it can overwhelm the 
model’s limited context window, leading to degraded 
performance beyond a tipping point (Jin et al., 2025). We 
will need to carefully select or truncate retrieved information 
to keep it relevant. 

4.3 JSON streaming 

Directly prompting an LLM to read, process, or generate 
complete files via a single prompt often leads to truncation, 
formatting errors, or overly long outputs that exceed the 
model’s context window (Hosseini et al., 2024; Huyen, 
2024). These limitations highlight the need for more 
controlled approaches. 

To address this, an incremental JSON streaming (iJSON) 
approach can be useful to divide large JSON structures into 
manageable segments, ensuring syntactic validity at each 
step (Tobar, 2025). The iJSON method consists of two main 
components: (1) incremental input streaming, where the 
LLM processes large JSON inputs in sections, enabling it to 
fully comprehend all parameters alongside their context; and 
(2) incremental output generation, which involves generating 
JSON progressively, validating each chunk iteratively to 
maintain correctness. A potential extension includes 
incremental JSON editing, where the model would 
selectively update a particular section of the existing JSON 
structure without regenerating the entire file. This iJSON 
strategy aligns with recommended best practices, ensuring 
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reliable integration of LLM-generated JSON outputs into 
complex engineering workflows, while remaining model-
independent and straightforward to implement. 

4.4 Structured output control 

LLMs generate text by predicting the next statistically likely 
token in a non-deterministic manner (Zhong et al., 2024). 
Consequently, their outputs can be variable and 
unpredictable, which poses challenges for seamless 
integration into automated workflows. To reduce this 
concern, techniques for structured output control such as 
controlled generation and schema-driven generation 
approach can be used by ensuring the outputs follow a 
predictable pattern. 

4.4.1 Controlled generation 

Controlled generation constrains model output using 
templating engines, where prompts are written with 
placeholders that the model must fill in. Libraries such as 
Outlines (Willard & Louf, 2023) and LMQL (Beurer-Kellner 
et al., 2023) guide LLM outputs using templates, which act 
like forms with “holes” for the model to fill in (Zhong et al., 
2024). These templates provide structure and direction, 
guiding model outputs toward desired properties such as 
style, tone or structure. However, this guidance is not strictly 
enforced, meaning the model’s response may deviate slightly, 
as the templates function as more of a structured suggestion 
rather than a binding rule. 

4.4.2 Schema-driven generation 

A stronger guarantee can be achieved through schema-driven 
generation, where outputs are constrained by a formal 
schema or object specification language (most often JSON) 
(Zhong et al., 2024). This approach ensures that outputs are 
not only structured but also parsable and machine-readable.  

Libraries such as Outlines (Willard & Louf, 2023) and 
Instructor (Liu & Contributors, 2024), and frameworks like 
LangChain (Chase, 2022) and LlamaIndex (Liu, 2022), have 
abstracted this process for end users. These tools allow users 
to define an output schema - often using data validation 
libraries such as Pydantic (Colvin et al., 2025) - and 
internally translate this schema into natural language 
prompts that instruct the LLM to return outputs in a parsable 
format.  

5. PRELIMINARY RESULTS  

5.1 Model comparison 

A selection of open-source and proprietary models were each 
prompted once under default LLM settings. Their outputs 
were then manually evaluated for alignment with the 
Waiwera documentation using three prompts designed to 
assess both instruction-following ability and contextual 
accuracy. The first and third prompts focused on simple 
factual recall from the documentation, while the second 
tested the models’ ability to reproduce provided information: 

 
1. What is the data type for a thermodynamics object in a 

Waiwera JSON file? 
2. Return the first JSON example from the provided 

context file. 
3. What method of simulation mesh does Waiwera use? 

 

The resulting responses were compared against the 
documentation to determine their correctness and relevance. 

Table 1 presents a comparative analysis of model 
performance across the three prompts. A check mark 
indicates a correct, contextually appropriate response, while 
a cross denotes an incorrect output, typically due to context 
limitations or hallucinated information. 

The results in Table 1 indicate that smaller models tested 
significantly underperformed compared to larger models, 
highlighting the influence of model scale on response quality. 
This suggests that larger models tend to be more reliable and 
consistent overall, aligning with prior observations in the 
field (Brown et al., 2020). Smaller models often require more 
extensive fine-tuning and task-specific prompting to 
approach the performance of larger models (Carammia et al., 
2024). Therefore, if their outputs are to be made comparable, 
future work in this project will focus on exploring fine-
tuning and prompt optimisation strategies, since smaller 
models offer a more cost-effective and scalable alternative. 

Table 1: Performance of LLMs on basic prompting task 

 

5.2 RAG implementation  

To implement RAG, we first processed the Waiwera 
documentation, stored as reStructuredText (.rst) files within 
the Waiwera Github repository (Croucher, n.d.), for 
compatibility with automated querying. For this purpose, the 
document conversion tool Pandoc was installed locally 
alongside the Python program to facilitate the conversion of 
the documentation. This setup enabled the automated 
transformation of .rst files into Markdown (.md) format, 
ensuring that future updates to the repository documentation 
could be seamlessly incorporated into the system. 

After conversion, the Markdown content was segmented into 
coherent chunks based on paragraph breaks. These segments 
were then transformed into vector embeddings and stored in 
Chroma, an open-source vector database (Chroma Core 
Contributors, 2025). During inference, the retrieval system 
searches these embeddings to identify relevant contextual 
information, which is subsequently provided to the agent to 
support accurate and informed response generation. 

To further enhance the agent’s reasoning abilities, we 
employed DSPy’s Chain-of-Thought (CoT) module into the 
prompting framework (Khattab et al., 2023). This 
mechanism guided the agent to perform step-by-step 
reasoning to produce well-structured and context-aware 
responses. We tested the effectiveness of RAG implemented 
with DSPy’s CoT module by feeding the LLMs with several 
prompts and comparing the outputs with the Waiwera 
documentation. The first three prompts are simple quizzes 
about Waiwera, while the last four prompts require more 
complex responses, where the LLMs are expected to perform 
some reasoning before generating their responses:  



Proceedings 47th New Zealand Geothermal Workshop  
11 -13 November 2025  
Rotorua, New Zealand  

ISSN 2703-4275   

1. What is the default output fluid fields for water, carbon 
dioxide and energy ("wce")? 

2. What is the data type for a thermodynamics object in a 
Waiwera JSON file? 

3. What is the value type for boundaries JSON object as a 
Waiwera JSON input? 

4. In a two-phase system, why can't pressure and 
temperature be used as independent primary variables, 
and what is the role of vapour saturation instead? 

5. How do phase changes affect the choice of primary 
variables, and what challenges might this present in the 
numerical solution? 

6. What is the role of the vector 𝑹(𝑡, 𝒀) in the time 
evolution equation, and how does it interact with the 
mass and energy balances? 

7. Why does Waiwera use a finite volume mesh, and how 
does this relate to the conservation equations? 
 

Comparing model performance without RAG 
implementation (Table 2) and with RAG implementation 
(Table 3), we see that when the LLMs are provided with the 
full context of the Waiwera documentation, the agent 
consistently generated coherent and logically reasoned 
outputs.  

Table 2: Documentation-based question answering 
without RAG 

 

 

Table 3: Documentation-based question answering with 
RAG 

 
 

5.3 Generating structurally valid JSON 

There are two components to validating a Waiwera 
configuration file: schematically and semantically. This 
experiment focuses on whether LLMs are capable of 
producing structurally-valid JSON files without using 
specialised libraries, regardless of the content of the file. 
Schema validation matters as it can prevent potential silent 
errors. These errors can be ignored by Waiwera without a 
warning, but schema validation will catch it. It also 
guarantees run-time stability as invalid structure could cause 
Waiwera to crash or misinterpret data. 

For a Waiwera JSON file to be schematically valid, it must 
conform to the formal Waiwera schema that defines the 
allowed structure, types, and constraints for every field in the 
input file. The Waiwera schema (input_schema.json), found 

in the Waiwera Github repository (Croucher, n.d.), is a file 
that formally defines what a valid Waiwera input JSONs 
looks like such as types, allowed values, nesting, and 
constraints. Additionally, all required fields must be present 
e.g. mesh is mandatory if a mesh object is defined.  

Each of the models in Table 4 were given a prompt for a 
simple geothermal reservoir twice: “Create a JSON file for a 
geothermal model to be used in Waiwera simulation. The 
geothermal reservoir has physical dimensions of 16 km by 
14 km (horizontal dimensions) by 5 km (depth). The top 
boundary condition consists of constant pressure of 1 bar and 
constant temperature of 25 degrees C. The total flow rate of 
the source input is 100 kg/s with an enthalpy of 1,100 kJ/kg. 
Use 'placeholder.msh' as the mesh file. Just output the JSON 
without any comments.” 

To ensure structural validity, the generated JSON output was 
validated against the Waiwera schema. First, the JSON string 
and the schema definition were loaded. Next, a custom 
validation function was applied, which passed both objects 
to the jsonschema library (Berman, 2025). The function then 
checked compliance with the schema, returning any 
structural mismatches or formatting errors. As shown in 
Table 4, some of the smaller models showed signs of 
variability in structural accuracy. Whereas the larger models 
performed promisingly. Upon examining the structurally-
valid JSON outputs, we noticed that the parameter values 
from the prompt were all realised and placed in the right 
place.  

Table 4: Generation of structurally valid JSON files by 
LLMs 

 
 

6. CONCLUSION 

This paper presents preliminary progress toward the 
development of a geothermal agent designed to streamline 
common modelling tasks, including answering Waiwera and 
simulation-related queries, translating natural language 
descriptions into valid JSON configuration files, and editing 
existing configurations. Key AI engineering techniques, 
such as RAG, were employed to ground outputs in 
Waiwera’s documentation, while CoT prompting enhanced 
the agent’s reasoning and produced more structured, context-
aware responses. Looking ahead, the project will focus on 
curating a dataset of <description, JSON> pairs to enable 
systematic prompt optimisation and fine-tuning using the 
DSPy framework. The ultimate objective is to deliver a 
robust “virtual geothermal assistant” that lowers the barrier 
to simulation setup, reducing time, effort, and the level of 
specialised expertise required for geothermal modelling. 
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	ABSTRACT
	Computational modelling in geothermal engineering presents many opportunities for improved automation and validation. For example, manually editing configuration files and meshes for computational modelling is time-consuming and error-prone. In this s...
	1. Introduction
	Prior to the emergence of large language models (LLMs), neural networks (NNs) were already widely applied in various engineering domains, including geothermal engineering (Puppala et al., 2023). For instance, neural networks implemented in an optimisa...
	LLMs are advanced deep learning architectures pretrained on a large amount of available data (Zhao et al., 2025). At their core, transformers are neural network architectures that use encoder-decoder components and a self-attention mechanism to identi...
	Geothermal reservoir simulation is a critical tool in designing and managing geothermal energy systems  (M. O’Sullivan et al., 2001; M. O’Sullivan & J. O’Sullivan, 2025). Modern simulators like Waiwera, an open-source geothermal flow simulator develop...
	LLMs offer a promising avenue for the automation of translation processes to significantly streamline geothermal workflows. LLMs have demonstrated the ability to parse natural language and generate structured outputs, including code and data formats, ...
	This paper first presents a review of the key components involved in constructing an agentic LLM workflow, beginning with prompt engineering and progressing to advanced optimisation techniques such as retrieval-augmented generation (RAG) and model fin...
	2. PROPRIETARY MODELS VS. OPEN-SOURCE MODELS

	Proprietary models are LLMs whose weights, architectures, and underlying code are not publicly accessible. These models are known for their strong generalisation capabilities, high accuracy in following complex instructions, and ability to process lon...
	In contrast, open-source models have publicly available weights, enabling local deployment and task-specific fine-tuning (Huyen, 2024). This offers advantages such as greater adaptability, transparency, user control and data protection. However, the p...
	Recent benchmark evaluations have shown that some open-source models now match or outperform proprietary models across coding and reasoning tasks. For example, Qwen 2.5-Max has equalled or surpassed fine-tuned proprietary models such as GPT-4o-0806 an...
	Given these advantages, our work prioritises the use of open-source models where possible and explores their performance across a range of scales (from 1.5B to 70B trainable parameters). Trainable parameters (or weights) are the numerical values withi...
	3. AGENTIC SYSTEMS AND COMMON DESIGN PATTERNS
	3.1 Prompt chaining workflow

	Prompt chaining is a workflow strategy that decomposes a task into a series of sequential steps, where the output of each step is used as input for the next LLM invocation, as shown in Figure 1 (Anthropic, 2024). This approach improves the accuracy, t...
	3.2 evaluator-optimiser workflow
	Another workflow is the evaluator-optimiser loop, in which an initial LLM call generates a candidate response, and a secondary LLM call evaluates it against predefined criteria, providing feedback or adjustments (Anthropic, 2024). This iterative proce...
	This workflow applies to the JSON validation process, where the evaluator can be an LLM, a tool-based function (such as a JSON schema validator), or a combination of both. Modifications on the JSON file are performed iteratively to ensure that the con...
	3.3 Tool use

	The capabilities of LLMs can be enhanced by integrating tools that enable the agent to perceive its environment and perform actions. According to Huyen (2024), tools can be classified into three categories: tools that perform knowledge augmentation, t...
	Knowledge augmentation tools provide models with access to external resources, helping to construct context and improve responses while reducing hallucinations. Examples of such tools include text retrievers, image retrievers, SQL executors, and web b...
	In practice, tools are implemented as functions that can be called based on user queries. Function calling generally works by first creating a tool inventory, where each tool is defined by its input and output parameters. By specifying which tools an ...
	4. AI ENGINEERING TECHNIQUES

	To address the challenge of generating correct simulation inputs, we explore several AI engineering techniques. In this section, we outline the approaches under consideration and relate them to existing literature and examples in similar fields.
	Methods for optimising LLMs for a given task can be broadly divided into two categories: those that utilise the ability of the LLMs to learn purely from text-based instructions (prompting) without updating parameters, and those that involve directly u...
	4.1.1 Prompt engineering
	Prompt engineering is the practice of designing inputs to LLMs to guide them toward producing accurate, relevant, and well-structured outputs. In this section, we discuss three key techniques, system prompting, chain-of-thought prompting, and few-shot...
	System prompting is another important prompt engineering technique. A system prompt provides overarching instructions that define the model’s role, behaviour style, and constraints throughout the interaction. Many model providers emphasise that integr...
	We can encourage the model to “think” on  a prompt for longer, through what is commonly known as Chain-of-Thought (CoT) prompting. CoT means explicitly asking the model to think step by step, guiding it towards a more systematic approach to problem so...
	The final prompt engineering technique is few-shot learning. Few-shot learning refers to teaching a model to learn from examples in the prompt. Each example provided in the prompt is called a shot. The number of examples provided to the model is limit...
	4.1.2 Fine-tuning and custom models
	Fine-tuning updates a model's weights  by continuing the training of a pretrained base model on a domain-specific dataset (Huyen, 2024). The primary advantage of fine-tuning lies in its potential to enable the model to internalise domain-specific conv...
	Despite its potential, fine-tuning presents several practical challenges. It typically requires a substantial number of high-quality training examples to mitigate risks such as overfitting or the hallucination of irrelevant content (Yu et al., 2020). ...
	A promising approach that we plan to consider in future work is LoRA (Low-Rank Adaptation) on smaller models to reduce resource demands and make experimentation tractable on available hardware. LoRA is a parameter-efficient fine-tuning (PEFT) method i...
	4.2 Knowledge retrieval via retrieval-augmented generation (RAG)
	RAG is a technique where the model is supplied with relevant reference materials (retrieved from a knowledge base) alongside the prompt (Hicke et al., 2023). The idea is to give the LLM access to domain-specific information it might not have fully enc...
	By using RAG, we aim to reduce hallucinations and improve the accuracy of the model’s response by providing more relevant context (Ayala & Bechard, 2024). However, it is notable that RAG provides little help in improving the model’s deep reasoning abi...
	Literature supports the efficacy of RAG in domain-specific applications. For instance, an LLM was fine-tuned to specialise in building energy modelling using the EnergyPlus simulator, leveraging domain-specific data from RAG to guide its generation pr...
	Directly prompting an LLM to read, process, or generate complete files via a single prompt often leads to truncation, formatting errors, or overly long outputs that exceed the model’s context window (Hosseini et al., 2024; Huyen, 2024). These limitati...
	To address this, an incremental JSON streaming (iJSON) approach can be useful to divide large JSON structures into manageable segments, ensuring syntactic validity at each step (Tobar, 2025). The iJSON method consists of two main components: (1) incre...
	4.4 Structured output control
	LLMs generate text by predicting the next statistically likely token in a non-deterministic manner (Zhong et al., 2024). Consequently, their outputs can be variable and unpredictable, which poses challenges for seamless integration into automated work...
	4.4.1 Controlled generation
	Controlled generation constrains model output using templating engines, where prompts are written with placeholders that the model must fill in. Libraries such as Outlines (Willard & Louf, 2023) and LMQL (Beurer-Kellner et al., 2023) guide LLM outputs...
	4.4.2 Schema-driven generation
	A stronger guarantee can be achieved through schema-driven generation, where outputs are constrained by a formal schema or object specification language (most often JSON) (Zhong et al., 2024). This approach ensures that outputs are not only structured...
	Libraries such as Outlines (Willard & Louf, 2023) and Instructor (Liu & Contributors, 2024), and frameworks like LangChain (Chase, 2022) and LlamaIndex (Liu, 2022), have abstracted this process for end users. These tools allow users to define an outpu...
	5. PRELIMINARY RESULTS
	5.1 Model comparison
	A selection of open-source and proprietary models were each prompted once under default LLM settings. Their outputs were then manually evaluated for alignment with the Waiwera documentation using three prompts designed to assess both instruction-follo...
	1. What is the data type for a thermodynamics object in a Waiwera JSON file?
	2. Return the first JSON example from the provided context file.
	3. What method of simulation mesh does Waiwera use?
	The resulting responses were compared against the documentation to determine their correctness and relevance. Table 1 presents a comparative analysis of model performance across the three prompts. A check mark indicates a correct, contextually appropr...
	The results in Table 1 indicate that smaller models tested significantly underperformed compared to larger models, highlighting the influence of model scale on response quality. This suggests that larger models tend to be more reliable and consistent ...
	5.2 RAG implementation
	To implement RAG, we first processed the Waiwera documentation, stored as reStructuredText (.rst) files within the Waiwera Github repository (Croucher, n.d.), for compatibility with automated querying. For this purpose, the document conversion tool Pa...
	After conversion, the Markdown content was segmented into coherent chunks based on paragraph breaks. These segments were then transformed into vector embeddings and stored in Chroma, an open-source vector database (Chroma Core Contributors, 2025). Dur...
	To further enhance the agent’s reasoning abilities, we employed DSPy’s Chain-of-Thought (CoT) module into the prompting framework (Khattab et al., 2023). This mechanism guided the agent to perform step-by-step reasoning to produce well-structured and ...
	1. What is the default output fluid fields for water, carbon dioxide and energy ("wce")?
	2. What is the data type for a thermodynamics object in a Waiwera JSON file?
	3. What is the value type for boundaries JSON object as a Waiwera JSON input?
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	5. How do phase changes affect the choice of primary variables, and what challenges might this present in the numerical solution?
	6. What is the role of the vector 𝑹(𝑡,𝒀)   in the time evolution equation, and how does it interact with the mass and energy balances?
	7. Why does Waiwera use a finite volume mesh, and how does this relate to the conservation equations?
	Comparing model performance without RAG implementation (Table 2) and with RAG implementation (Table 3), we see that when the LLMs are provided with the full context of the Waiwera documentation, the agent consistently generated coherent and logically ...
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