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1 Additional Related Work

1.1 LLM Applications to Chemistry

There have been various studies on how LLMs can be used in the context of chemistry. One example
task that they are used for is molecular design. More specifically, they are used for modifying a part of
the molecule such that the resulting structure optimizes a desired property while making sure that other
properties remain similar. Liu ez al.'!' adopted a multi-modal approach, creating the MoleculeSTM model,
which simultaneously learns from both the chemical structures and textual descriptions of molecules to
assist in this task.

LLMs are also widely used in research on molecular property prediction. SMILES-BERTZ, ChemBERTa",
and ChemBERTa-2% are instances of LLMs that were all built to map the SMILES (Simplified Molecular
Input Line Entry System) notation”, which is used to represent chemical structures with ASCII strings,
to natural language and vice versa. By using this model, molecular properties could be predicted from a
given SMILES notation.

In contrast, code synthesis for chemistry simulations has been relatively unexplored. The most rel-
evant previous study to our work is the previously mentioned one conducted by Hocky and White®. In
their research, they utilized the Codex model” to generate input files for the Gaussian software package.
However, their approach involved the generation of Python scripts, which in turn were used to create
Gaussian input files, rather than directly producing the Gaussian input files themselves. In a small ex-
plorative experiment, they report three trials of Codex generating code to create a Gaussian input file
for a single point calculation based on a supplied comment. In doing so, they prompted the model to
use the rdkit library to get proper coordinates for the molecules. They found that the generated code
rarely had syntax mistakes and showed that the model had some basic chemistry knowledge. However,
it often failed in obvious ways like not importing a necessary library or expecting a different data type to
be returned by a function. Their study differs from our work in that we are tailoring an LLM directly to
generate code for the DSL in question. Moreover the study focused at exploring the ability of Codex to
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help chemists in their research and, in doing so, ran the model limited times with some basic prompting.
Our study differs from this in that we provide a full case study on building the optimal system with the
aim of getting to improved performance over the current state-of-the-art general purpose LLM’s with
respect to ORCA input file synthesis.

While there is next to no research on DSL-synthesis like ours, there are various examples of LLMs
being used for code synthesis in chemistry for general purpose programming languages. White et al.’®
assessed the general chemistry knowledge of various LLLMs like Codex and both the GPT-3.5 variants
code-davinci-002 and text-davinci-003. They had the models solve chemistry problems posed as
coding tasks across different domains in chemistry and chemical engineering. The authors manually
created these problems by making use of their expertise in the field. Their research demonstrated that
LLM:s possess the capability to generate accurate code across diverse topics in computational chemistry,
including the creation of chemical simulations.

Additionally, they discovered valuable prompt engineering strategies for future investigations. For
instance, these strategies include pre-importing relevant libraries before requesting code completion and
incorporating copyright notices at the beginning of prompts, as to encourage the model to generate more
professional code.

Boiko et al.” proposed an advanced model called Coscientist. Given a user prompt, a planner mod-
ule based on GPT-4 determines whether and how to use either of the following modules: Web Searcher,
Documentation Searcher, Lab Automation, Code Execution. The planner is the model used for code
synthesis. It uses the described modules to determine and write the Python code necessary to perform
the chemistry experiment. Moreover, it is used to change the written code to handle software errors in
case they appear. As a proof of concept, they showed that the model was able to write working code for
six tasks, including controlling a robotic liquid handler and performing Suzuki and Sonogashira cross-
coupling reactions. M. Bran et al.'V also proposed an even more sophisticated LLM chemistry agent
called ChemCrow that is able to make use of 18 tools. These tools range from general utilities, such
as web search, to specialized ones, including molecular tools that can convert molecule names to their
SMILES representations and safety tools that assess whether a molecule is explosive or not. ChemCrow
uses a ReActH' based workflow to reason about what tools to use given a user prompt. In short, this
entails using a chain-of-thought reasoning® process with basic action plan generation'312,

1.2 Synthetic Data Generation in Code Synthesis

Synthetic Data Generation (SDG) is the process of creating artificial data that mimics the features, struc-
tures, and statistical attributes of data from the desired distribution. It encompasses a wide range of
methodologies, like data augmentation'®, making use of generative models'” and making use of statisti-
cal models like Gaussian Mixture Modelling%.

Direct generation of data for code synthesis has long been receiving academic attention, with early
heuristics like genetic algorithms® and graph modelsY seeing some success. More modern approaches
tend to make use of generative models to model the underlying data distribution of a programming lan-
guage and sample from it to generate new data. Yin and Neubig?!, for instance, proposed a model
that specifically considers the syntax of the target programming language. An encoder-decoder model
(LSTM as encoder, standard RNN as decoder) first generates an AST, which represents the structure of
the code, and then converts the AST into actual code. They make use of a grammar model that defines



the valid ways to generate an AST based on the programming language’s syntax rules and showcase
effective Python code generation. There are also various studies that focus on synthetic generation of
DSL code. Parisotto ef al.? used a Recursive-Reverse-Recursive Neural Network to encode and expand
a partial program tree into a full program tree in a DSL for regular expression-based string transforma-
tions. Shin ez al.*> argue that this type of approach can result in poor generalization to unseen data and
propose a method for creating DSL training datasets with a more uniform distribution. They achieve this
by controlling and evaluating the bias of synthetic data distributions, defining salient random variables
that capture desired features of the program and input spaces (such as the number of parentheses in a
calculator expression) and specifically manipulating their distributions. They demonstrate an increase in
cross-distribution test accuracy, albeit with a slight decrease in on-distribution test accuracy.

In our case, we are generating both ORCA input files and the input prompt of a user, which can be re-
garded as a description of the code. Alon et al.** proposed a model for generating code-descriptions with
their code2seq model. It uses a sequence-to-sequence model that encodes code as ASTs. The decoder is
trained, using attention mechanisms, to generate a description based on the encoded representation of the
AST. They evaluate their model on Java code summarization and C# code captioning and show substan-
tial generalisation performance across different programming languages. A very similar work by Karia
et al.*' changed the code2sec architecture slightly by incorporating a Transformer into it. Allamanis
et al.*% used a bimodal model to perform both code captioning and source code retrieval given a caption.
While they train the model on a synthetic dataset to test the ability of the model to learn, they never
translate this model trained on synthetic data to real-world performance. They do, however, show that the
model is capable of code captioning for two C# datasets, outperforming baseline models. Note that code
captioning for DSLs, to our knowledge, has yet to be researched. Nevertheless, the two most recently
mentioned papers were able to create real-world datasets through gathering natural language questions
and the corresponding code snippet from StackOverflow and Do Net Perls. For further reading on SDG
techniques, we refer the reader to Bauer et al. Z1

1.3 Prompt Engineering

Prompt engineering has become an essential way to make optimal use of the capabilities of LLMs, also
in code synthesis. We distinguish between mere prompt engineering techniques and comprehensive
frameworks for prompt formatting. Prompt engineering techniques involve adding helpful snippets to a
prompt and can always be incorporated into already formatted prompts. On the other hand, full frame-
works provide structured guidelines on how to format a prompt effectively. In this study, we highlight
the techniques used and their application in code synthesis.

As mentioned previously, White er al.® found that LLMs were better able to code the solution to
chemistry problems when relevant libraries were imported in the initial code snippet and when copyright
notices were incorporated as comments at the top of the code to be completed. Similarly, OBrien et al.%®
studied how the presence of TODO comments impacted the quality of GitHub Copilot’s generated code,
and found that its inclusion can actually cause the model to regenerate problematic code described in the
TODO comments. These studies show how LLMs (which in essence are next-token-prediction models)
can easily be manipulated with prompting techniques to target certain patterns they learned in their train-
ing data. Even including simple phrases like “imagine you are” can guide the model to generate more
contextually rich and creative responses=”. Wang et al.* showed in a study of CodeBERT that the order



of tokens, even if they have the same semantics, can greatly influence model performance. Additionally,
they showed that the prompt length is important as well, and that longer prompts do not always improve
performance. Furthermore, Brown et al.*!' showed that using few-shot learning, which entails showing
the model examples of the target task in its context window, can match state-of-the-art fine-tuned systems
in various tasks such as question answering.

Aside from using similar prompting techniques to those described above, reasoning-based-prompt
engineering is a large part of the prompt engineering part of our research. Reasoning-based-prompt engi-
neering entails having a model first reason about the problem at hand, before generating a solution. One
popular prompting framework in this space is Chain-of-Thought (CoT)"2. It has been demonstrated that
when LLMs generate a chain-of-thought, a series of intermediate reasoning steps, their performance in
various tasks significantly improves#3233 Duye to its success, there have been various studies proposing
extensions and variants of CoT=%, including ones aimed at code synthesis=>. Chain of code=¢ tried to ex-
tend upon CoT by leveraging code-writing and having the LLM write pseudocode for different subtasks
to make them ’think in code’. Similarly, Structured Chain of Thoughts3Z prompts the LLM to incorpo-
rate program structures into the reasoning steps and to have the LLM describe what part of the program
should be used in what structure.

Other methodologies take a less linear approach when compared to CoT. Tree-of-Thought=® has the
LLM manage a tree-like structure of intermediate reasoning steps where different "thoughts’ are consid-
ered paths to a final solution. It allows for search algorithms to be used on the LLM’s thought process and
can allow for the LLM to evaluate different reasoning chains in getting to a final solution. Dainese et al.>”
used this approach to aid in generating Python code for model-based reinforcement learning. A similar
approach is Graph-of-Thought (GoT)*” prompting, which, instead of sequentially modelling thoughts,
takes on a more non-linear approach. It tries to have the LLM formulate its reasoning as a directed graph,
which is a structure that has in the past been shown to aid in program synthesis**#2, As LLMs have been
shown to be especially prone to hallucinations in code synthesis***%, prompt engineering techniques de-
signed to mitigate this have also been explored. Our work investigates Chain of Verification (CoVe)*>,
which prompts an LLM to have a second look at the responses they give and have them consider whether
they made any mistakes. Kouemo Ngassom et al.*® managed to increase the amount of executable code
generated by LLMs by 13% over the previous state-of-the art using CoVe. Through creating an AST out
of the LLM’s code, and asking several verification questions for each node in the AST, they try to correct
potential mistakes in the generated code.

Note that tuning prompts to get to optimal results is, even when using a prompting methodology, a
considerable task in itself. Liu er al.%? proposed to continuously adjust prompts with a separate frozen
LLM and measure whether performance increases for different phrasings or slightly adjusted content.
Moreover, Shin et al.*® employed a different approach for systematic prompt tuning and made use of
gradient-guided search.

Lastly, we highlight the study by Ridnik et al.“?. They proposed a full code prompt engineering
flow called AlphaCodium, where they make use of various prompting techniques to solve competitive
programming problems. It breaks down the process of solving a coding problem into stages focused on
understanding the problem, generating possible solutions, and then testing and refining those solutions.
It uses various prompting techniques in getting to a final answer. When reasoning about problems,
AlphaCodium is asked to use bullet points to encourage a deeper understanding and a more organized
thought process. The model is constantly asked to review and refine its outputs by being prompted in a



CoVe way. Multiple solutions are considered in a similar way to GoT. AlphaCodium ranks the possible
solutions based on factors like correctness, simplicity, and efficiency. The research gives clear insight
into how much a prompt engineering flow can improve LLM performance, as they show an increase in
GPT-4 accuracy for the pass@5 dataset from 19% to 44% of the problems being solved. For further
reading on different prompt engineering techniques and frameworks, of which there are many more, we
refer the reader to Sahoo et al.®>.

1.4 Retrieval Augmented Generation

Retrieval Augmented Generation was initially proposed by Lewis ez al.”? to help improve LLM-performance
in knowledge-intensive NLP-tasks by providing the model with non-parametric memory. The paper de-
scribes using a retriever called DPR>! to retrieve relevant external context and a BART based generator>2
that takes this as input to produce a more accurate output. They also consider a distinction between us-
ing the same retrieved document for the entire generated sequence and choosing content from different
retrieved documents for each word it generates. Like in our study, the retriever is not directly trained on
what document is to be retrieved.

RAG has also been widely used in code synthesis, among other tasks, as it has been shown to reduce
hallucination®?. Wang et al.** used RAG as a means for automatic program repair through retrieving
very small code ’patches’ (which can be single lines) from a database of well-functioning code. Based
on a given code snippet, they have the CodeT5 model>> debug the initial code snippet. Parvez et al.>° pro-
posed the REDCODER framework, which utilizes GitHub and StackOverflow databases to directly retrieve
code snippets based on a given prompt. The framework then employs the LLM to adjust the retrieved
code snippet according to the initial prompt, if necessary. ReACC>” is near identical to this, but solely
focuses on code completion. ProCc>8 extends upon the above studies by employing three prompt tem-
plating techniques to get outputs from the LLLM that are used to retrieve different pieces of code from the
documentation database. These techniques involve: encoding lexical semantics of the prompted code;
proposing a hypothetical line to add to the prompted code; summarizing the prompted code. The process
of choosing which retrieval perspective to use for code completion is handled by an Adaptive Retrieval
Selection Algorithm. This algorithm employs a learning approach to dynamically select the most suitable
perspective. The LinUCB algorithm, a variant of the multi-armed bandit algorithm®?, is used for its ability
to continuously learn and adapt based on outcomes.

All these studies focused on general purpose languages, but, in our case, RAG supposedly has even
more effect as it contains information the model has not seen. The paper by Baumann et al.®? studied
whether RAG (and few-shot learning) can help an LLM understand the syntax of a DSL it was not trained
on. They show that RAG can be used to enable simple model synthesis for Monticore generated, and,
thus, uncommon DSLs, as long as there is a fitting knowledge base that can be accessed to provide the
needed examples. Closest to our implementation of RAG is the study by Zhou ez al.®!, which proposes a
general documentation-centered approach called DocPrompt ing to solving code synthesis. Given an NL
intent, the goal of DocPrompting is to generate a code snippet in a particular PL. The model accesses
a collection of documentation pieces to assist in this task based on a similarity score between the intent
and the documents. The top-k documents with the highest similarity scores are retrieved and used to aid
in code generation. Note that Gao et al.®? provide a comprehensive survey on RAG for further reading.



1.5 Finetuning

To our knowledge, there is no existing literature on finetuning an LLM for a DSL. Therefore, we will
limit this subsection to a brief overview of studies that demonstrate the effects of finetuning on target
tasks with limited data and on finetuning for code synthesis.

Ogueji et al.®* showed that finetuning BERT on less than 1 GB of only low-resource African languages
allows the model to outperform and be competitive with various more extensively trained models across
African text classification and entity recognition tasks. A study that extensively researches the effect
of finetuning on LLM performance is Dodge et al.®*. They finetuned BERT models on multiple GLUE
benchmark datasets, varying only the random seeds. They found significant performance variability due
to different seeds, influenced by weight initialization and training data order. On smaller datasets, many
runs diverged during training, and they recommended early stopping for less promising runs. In our
work, we use an LLM to generate the input for our LLM aimed at code synthesis. Huang ez al.® did
the opposite and used a pre-trained LLM to generate labels for unlabeled questions using CoT and CoVe
prompting. They then used this generated data to finetune that same LLM. Their results are promising
and show state-of-the-art-level reasoning performance on various benchmarks.

Austin et al.®® measured the influence of few-shot-prompting and finetuning on a wide collection of
models with increasing parameter size to solve python coding problems. Their finetuning dataset was
quite small and consisted of 374 code synthesis problems. Nevertheless, they showed that finetuning
on a held-out portion of the dataset improved performance by about 10 percentage points across most
model sizes. Furthermore, Dong et al.%” also explored finetuning for general code synthesis using the
Code Alpaca codebase®®. Their most relevant finding to our study was that, in solving python problems
with the various finetuned models, code generation consistently improved with increasing amount of data.
For further explanation on finetuning, regularly used methods to build finetuning datasets, and popular
finetuned models we refer the reader to the paper by Zhang et al.®?.

2 Methods

2.1 Choice of DSL

Computational chemistry software packages, such as Gaussian’’, PySCFL, and ORCA"4, are rooted in
theoretical physics principles. They use mathematical models and algorithms derived from branches like
quantum- and classical mechanics to predict properties, behaviors, and interactions of both molecules
and materials by describing the behavior of electrons and atoms within molecules. For example, one can
use these packages for automatic calculation of the Hamiltonian, which encapsulates the total energy of
a system in terms of the positions and momenta of its constituent particles, enabling precise simulations
of molecular behavior. These packages facilitate a wide range of such complex calculations, if they are
provided with a syntactically and semantically correct input file. There is no research available about
direct code synthesis for the mentioned packages. However, since PySCF is a python library, one could
argue that the LLMs should be able to perform well or have less to learn, as LLLMs designed for code
synthesis perform well on Python tasks”23. As for Gaussian, Hocky and White® have explored using
the Codex” model to create Python functions to generate Gaussian input files; to emphasize, they did



not directly synthesize Gaussian input files. As of yet, no research has looked into using LLMs for code
synthesis for ORCA.

ORCA has been around since 1990, and has seen active development in recent times 22 1t is known
for its ease of use. This is largely because it has comprehensive documentation and robust error handling
to help users identify and resolve issues that may arise during calculations together with an output file
containing a thorough description of the calculations that are performed. These pieces of information are
useful for an LLM: documentation can be used for teaching the LLM about the language and the warnings
can be used in a feedback loop. ORCA is powerful, and can run a wide range of different calculations,
all while being freely available for personal or academic use. Due to this, and ORCA’s solid standing in
the computational and theoretical chemistry community, we have opted to create an LLLM specialized for
ORCA over the other available packages. Like mentioned earlier, to work with ORCA, its user needs to
provide it with a syntactically and semantically correct input file

2.2 Dataset Creation

In creation of our datasets used for finetuning, we decided to first generate ORCA input files, and from
these input files generate the user prompts due to that this creates a more efficient workflow compared to
the reverse. Namely, because we focused on generating executable ORCA input files. If we first created
user-prompts and then the corresponding ORCA input files based on those, we would have to check
whether they were executable. In case they would not be executable, the user prompt would in turn be
invalid as well. By opting for the reverse order we eliminate the risk of generating invalid user prompts.

2.2.1 Input File Generation

For generating an ORCA input file, we considered three types of code segments to generate: keyword
lines, input blocks and a coordinate block. Before delving into our three data generation approaches, we
will briefly describe these segments and what processing we applied to them across all our data generation
methods.

Keywords are specific terms that direct ORCA to perform particular tasks. Examples of such tasks are
energy calculations, geometry optimizations and frequency calculations. However, they can also specify
computational methods, basis sets, and convergence criteria. The order and capitalization of keywords
does not matter for the functionality of ORCA, nor does it matter if keywords are split over multiple
keyword lines.

Nearly all available keywords can also be called for in input blocks, which provide greater control
and customization for users. Namely, they allow for various functionality that is inaccessible through
keywords, such as changing the parameters for density functional approximations, defining custom basis
sets, and loading settings or coordinates from external files. For every option (like scf) various settings
are defined, which all have their own range of valid parameters/values. Even though input blocks can
be used to do everything keywords can and more, keywords are generally preferred by users in cases of
identical functionality for their simplicity, ease of use, and readability. Therefore, we take a keyword-
centric approach in our generation methods. Also note that across all generation methods, we add the
pal6 keyword for parallelization over 6 cores before running the file. This was done purely to speed up
the calculations, we remove this keyword from the input file after the calculation was performed.
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Figure 1: The transformation of a coordinate block (left) to a SMILES molecule (right).

The coordinate block is essential for ORCA calculations because it defines the precise spatial arrange-
ment of atoms in the molecule, which directly influences the electronic structure and properties. Accurate
coordinates are necessary for solving the Schrodinger equation, by defining the location of basis functions
and, ultimately, determining interatomic interactions. This ensures that the predicted molecular behavior,
energy, and reactivity are reliable. Without correct coordinates, the results of the quantum mechanical
calculations would be inaccurate, leading to erroneous conclusions about the molecule’s properties. For
all three generation methods, we employ the same method of generating a coordinate block. Namely,
we append a valid coordinate section of a randomly chosen molecule from our Gen3Molecules dataset.
After this coordinate block is appended, we run the ORCA input file to see whether it is executable. Only
when it is, we save it.

As mentioned in the main materials, we replace the coordinate block in successfully executed input
files with a comment containing the SMILES representation of the molecule, as shown in Figure[I] Note
that SMILES can contain the '#’ character, which is the character used to start a comment line in ORCA.
Using this character in the comment line causes an error when running the input file. We therefore replace
it with ’(hashtag)’ to prevent our model from generating faulty code.

The following sections will provide all supplementary details of the three input file generation meth-
ods that were presented in the main materials.

2.2.1.1 Brute-force
In the brute-force approach, we randomly combine keywords, options, and settings as follows:

1. For the keyword line, we select a sample of up to terﬂ keywords from those defined in the ORCA
manual.

2. We randomly decide whether to add an input-block to the input file. If we do, we randomly select
an option, and then randomly choose up to ﬁveE] settings defined for that option.

'The choices of the maximum keywords and settings were quite arbitrary, but motivated by the fact that, in experimen-
tation with the brute-force method, it nearly never occured that a functional input file with over ten keywords or five settings
was generated



3. We append a random molecule and attempt to run the generated input file with ORCA. If the
input file finishes the simulation without any errors, we replace the coordinates block with the
corresponding SMILES and save it to the dataset.

This method can be quite slow in generating valid ORCA input files. Additionally, combining el-
ements without prior knowledge of their compatibility can result in numerous invalid files and even if
these files are runnable, they may not accurately reflect real-world input files. However, this approach is
easy to implement and highly generalizable to DSLs. Note that the options and keywords were scraped
from chapter 6 of the ORCA manual.

2.2.1.2 Manual-based

In the manual-based approach, we leverage the fact that the ORCA manual provides many examples of
how one is to perform specific calculations. These examples include code blocks with either full input
files or input blocks/keywords on their own. We extracted all unique instances of individual keyword
lines and input blocks from these examples. We then used these sections as follows:

1. We randomly choose a keyword line from the extracted ones.

2. We randomly decide whether to add an input block to the input file. If we do, we randomly select
an input block out of the extracted ones.

3. We append a random molecule and attempt to run the generated input file with ORCA. If the
input file finishes the simulation without any errors, we replace the coordinates block with the
corresponding SMILES and save it to the dataset.

This method relies on the intuition that the individual sections extracted from the manual contain
logical combinations of keywords in the keyword line and logical combinations of options and settings
in the input block. Consequently, generating input files should be somewhat quicker when compared to
the brute-force approach, and the generated input files are more likely to correspond to real-world data.
However, this method requires the DSL in question to have enough code snippets available from which
meaningful sections of code can be extracted.

2.2.1.3 Rule-based

In the rule-based approach, we utilize prior knowledge of how to construct correct input files to ensure
that every generated input file is valid. By applying predefined rules and structures based on expert
knowledge and documentation, we can systematically create input files that adhere to the required syntax
and semantic rules of ORCA.

Due to time constraints, we narrowed the scope of calculation types to be generated based on rules.
We selected the ORCA calculations most frequently used, according to internal domain expertise. The
implemented calculations are shown in Figure 2] Note that we decided to refrain from implementing
resource management in these calculations, such as the requesting cores and memory, Namely, because
the use of these settings is very machine-dependent.
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Figure 2: A simple overview of the implemented calculation types. The arrows indicate the inheritance of
functionality from the parent class. Solvation is not shown here, but is considered a seperate calculation
type in our generation method.

The implemented calculations adhere to rules derived from the descriptions and guidelines provided
in Chapters 8 and 9 of the ORCA manual. Additionally, by experimentally running the generated files and
refining the rules based on encountered warnings, we developed a system where none of the generated
input files result in any warnings. The final system and the rules for each calculation can be found in the
code repository at https://git.lwp.rug.nl/pollice-research-group/ORCAInputFileSynthesis. We continue
to provide a brief overview of the essential components in the calculations. Note that this overview will
go on to freely use various terms from computational chemistry and the following is therefore mainly
aimed at readers familiar with this field of research.

Each calculation starts by selecting an appropriate basis set, given the randomly chosen molecule. We
check which basis sets are available for the molecule based on its elements and randomly choose from
the compatible options. Appropriate auxiliary basis sets are appended to the input file when necessary
based on the methods that were selected.

Aside from the basis set, the Hartree-Forck (HF) type also depends on the molecule. For radicals,
with their unpaired electrons, an unrestricted or restricted open HF approach is necessary. Conversely,
for molecules where all electrons are paired (i.e., closed-shell), the Restricted HF method (RHF) applies.
While ORCA defaults to RHF, we choose to always verbalize the HF-type in the keyword-line, that is
also in the case of molecules without radical electrons. In doing so, we hope to teach the LLM to use the
correct HF type for a given molecule.

Moreover, across all simulation types, we allow for a continuum solvation calculation to be added.
Solvation effects are critical for accurately modeling the behavior of molecules in different environments.
When solvation is desired, we use the conductor-like polarizable continuum model, or CPCM, with a
randomly chosen solvent.

After these core parts of the input file are defined, we move on to generate the parts that are inherent
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to the different calculation types. Below, we list the main functionality and options for all calculations.
Note that we also utilize other functionalities of the ORCA software within these options, which can also
be used in a standalone manner (e.g. Mgller—Plesset perturbation theory).

 For HF single points, we allow for the user to specify whether to use a Mgller—Plesset perturbation
theory (MP2) method and an RI approximation with the corresponding input blocks.

* For Density functional Theory (DFT) single points, we randomly choose the density functional
from all the ones that are implemented in ORCA and always use tight SCF convergence. Moreover,
we allow for RI approximations, the non-local correction, and dispersion corrections to be used.
Lastly, we randomly choose a grid type to use for the calculation.

* For Coupled Cluster (CC) single points, we randomly choose a CC level from all ones that are
implemented in ORCA and allow the use of mdci density calculations.

* For geometry optimizations, we randomly select an optimization type (we also allow for saddle
point optimization) together with a geometry convergence type. We allow for both relaxed scans
and (re)calculation of the Hessian. Moreover, we allow for constraining bond lengths and angles.

* For excited states calculations, we allow for various settings in the tddft or cis input blocks to be
applied (which are used for DFT and HF calculations, respectively). Namely: simulation of triplets,
the printing of the population analysis, using spin flip calculations, using non-adiabatic couplings,
inclusion of spin-orbit coupling, use of spin component scaling, use of double correction, and
different modes of tddft calculations. By default, we use nine excited states or roots to calculate
as this was the number of roots most often used in the ORCA manual. For the CC excited states
calculations, we allow for triplets and QROs to be used. Moreover, one can choose to filter out
states with doubles excitation character. For DFT, we randomly choose a hybrid or double-hybrid
functional and for CC we use a random mdci method for excited states calculations (e.g. STEOM-C
CSD

* For frequency calculations, we provide the option of whether or not to also perform a geometry
optimization. If this optimization is performed, we always use tight optimization convergence.
Moreover, we allow for use of central differences to approximate the gradient and Hessian numer-
ically.

Because we aim to avoid assumptions about the prevalence of different data types, this method gen-
erates an equal amount of input files for each calculation type. Additionally, to ensure a diverse range
of configurations, we randomly decide whether to include specific settings (described above) for each
calculation when generating an input file. The exception to this is the use of solvation. We treat solvation
as a separate calculation type in our generation scheme. For each solvation calculation, we randomly
select a base calculation type and then apply the solvation model to it.

This method guarantees the generation of valid input files, eliminating the trial-and-error aspect and
increasing efficiency compared to previously described methods. Additionally, the input files have a
structure that presumably resembles real-world data most closely across all three generation methods.

Implementing this method, however, is more challenging than our brute-force or manual-based ap-
proach, as it requires significant prior knowledge and effort to establish the rules, which are also laborious
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to implement. Moreover, these rules are specifically tailored to the DSL in question, making the approach
less generalizable to other DSLs when compared to the other two approaches.

2.2.1.4 Dataset Statistics

We were interested in comparing the complexity of the computer-generated input files against the real-
world dataset. The corresponding comparison based on the number of keywords, the number of input
blocks, and the number of setting lines is illustrated in Figures 35| The corresponding quartiles are
provided in Table |1} These results demonstrate that the real-world dataset contains input files with sig-
nificantly higher complexity. The dataset created via the rule-based approach comes closest in terms of
the number of keywords, input blocks, and setting lines. The datasets created via the brute-force and the
manual-based approaches show similar complexity, with the brute-force approach resulting in input files
with slightly higher complexity.
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Figure 3: Unnormalized histograms of the number of keywords for datasets of this work.

Dataset Keywords Input Blocks | Setting Lines
Q1 Q2 Q3|Q1 Q2 Q3|{Q1 Q2 Q3

Brute-force 3 4 5 0 0 1 0 0 2
Manual-based 2 3 4 0 0 1 0 0 1
Rule-based 6 8 10 | 1 2 3 2 3 5
ORCAExtracted 7 11 13 | 2 3 4 3 5 9

Table 1: Quantiles for the number of keywords, the number of input blocks, and the number of setting
lines in both the computer-generated datasets and the real-world dataset. Abbreviations: Q1 = first quar-
tile, Q2 = median, Q3 = third quartile.
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Figure 5: Unnormalized histograms of the number of setting lines for datasets of this work.

2.2.2 User Prompt Generation

The exact system prompt used for the transformation from a crude prompt to the final prompt is a simple
prompt explaining the format of the crude input file description that instructs the model to transform it
into a description of a desired chemistry simulation similar to how a user might write it, presumably. We
also instruct the model to write the synthetic prompt between !PROMPT! tags, to make extraction more
straightforward. An example of a final synthetic prompt, which was created by GPT-4o, is given in Figure
[6b] The full prompt is as follows:

#%Goal:%% Generate a natural language prompt for an ORCA input file based on
user —provided descriptions.
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#xUser Input:xs List of keywords (separated by @), including basis set/
functional types if applicable.

The keyword is placed first ant then followed by a =’ and its description.

Advanced settings for input blocks are within %...% blocks, where the
description of the option keyword is placed first and the option itsself
is placed within brackets.

This is then followed by the settings for that option. Lastly, a smiles for
the molecule is provided after a ’#’. \nStep 1: What molecule is used and
what is its smiles?

Step 2: What keywords did the user provide, and what do they mean?

Step 3: Which of the keywords are the basis sets, the density functionals
and which belong to other groups?

Step 4: Are there any advanced settings provided within %...% blocks (
identify settings) and if so, what do they do? If there are none, you can
write this down.

Step 5: Based on the identified information, compose a natural language
prompt for the ORCA input file using your domain knowledge of chemistry
and quantum physics by interpreting domain specific terms correctly.

Please preface and end the prompt you create by the string !PROMPT!.

An example format of your final output is:

'PROMPT! Perform a (type of calculation) with the (basis sets exaplanation)
basis set, using the [molecule] molecule. Use the following settings: (
settings ). !PROMPT!

Please vary in the language you use in the prompt, make sure that it varies
over different outputs and reflects how a user might ask you for an input
file .

An additional example, beyond the one provided in the main materials, illustrating the transformation
from a crude to a final prompt is shown in Figure [6]
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lcc-pv5z trah hf mo-ncepa/1 nocheapints cim
%md
Timestep 2.0_fs

. !def2-tzvppd rhf rijcosx sloppyscf autoaux gdiis-opt looseopt noautostart
Thermostat NHC 300_K Timecon 10.0_fs

%scf ConvForced true end

end %mp2 Density relaxed end
#S1S(hashtag)s1 %geom

Calc_Hess true
Recalc_Hess 1
end
#B(hashtag)

#S1S(hashtag)s1l

Basis sets: cc-pv5z=Dunning correlation-consistent polarized quintuple-zeta@

Other:

@trah=Turns Trust-Region Augmented Hessian (TRAH) on for SCF convergence@

hf=Selects the Hartree\u2013Fock method@ Perform a closed-shell SCF calculation with the def2-TZVPP basis set for
mo-ncepa/1=A "new" modified Coupled-pair functional. property calculations and an automatically constructed auxiliary basis for

Uses Coupled-electron-pair approximation and perform a full four index transformation@ fitting Coulomb, exchange, and correlation calculations. Use the RIJCOSX
nocheapints=Turns the cheap integral feature off@ algorithm for efficient treatment of Coulomb and Exchange terms via RI and
cim=Cluster-In-Molecule calculation@ seminumerical integration, along with sloppy SCF convergence criteria. Optimize
%Control of molecular dynamics simulation (md): the geometry with GDIIS for normal optimization and loose convergence criteria.
timestep 2.0_fs Avoid starting from an existing GBW file. Additionally, control the SCF procedure

thermostat nhc 380_k
timecon 10.0_fs%

with forced convergence and relax the density for the MP2 calculation.
Use B(hashtag)N as molecule.

(a) (b)

Figure 6: The transformation of an input file to a crude description of it (a) and the transformation of an
input file to the final synthetic prompt describing it (b).

2.3 Model Architecture

2.3.1 Inference

Given a system prompt (S), an input/user prompt (X), we have our LLM (m) produce output o. This is
described more formally in Equation

o=m(S,X) (1)

Presumably, o contains an ORCA input file y, which we try to extract in two ways. In the first
approach, we determine if the LLM generated a code block, meaning it enclosed text in three opening
speech marks (). If this is the case, we extract the text inside this code block. If this approach fails,
we move on to performs a regex search based on the structure of an ORCA input file. If both of these
methods fail, we use o as .

2.3.2 GPT-3.5 Turbo

The LLM is central to our methodology as it is the base we are building from to create a specialized
model. Given a user prompt containing the description of a desired chemistry simulation, the LLM is
supposed to generate an ORCA input file that corresponds to this description. Moreover, it is the base
model which gets finetuned (Section [2.3.4) on the synthetic datasets (Section and the model that
has to interpret and use context retrieved by RAG (Section [2.3.5). The model we use in this study is
gpt-3.5-turbo-0125.

GPT-3.5 Turbo is an updated version of GPT-33! that uses different training paradigms to get to
improved performance. Note that the full technical details of its training process are not made public’#.
We do know that it was pretrained, like GPT-3, on a blend of text and code published prior to September
2021 and that its architecture is presumed to be nearly identical.
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In our study, we use the most advanced variant of the GPT-3.5 versions: GPT-3.5-turbo-0125. It
offers higher accuracy in responding to requested formats compared to other versions. It has a context
window of 16,385 tokens and is able to return a maximum of 4096 tokens. We opted for using the
GPT-3.5-turbo-0125 model as it is, at the time of writing, the most widely used LLM due to its in-
corporation in ChatGPT. It is also among the state-of-the-art LLMs that can be finetuned”>. We opted
to use a general-purpose LLM, and not a specialized coding model like CodeT5, as we figured that the
general-purpose models have more knowledge of chemistry simulations due to their broader knowledge
base and would thus be able to understand the user’s prompt, especially if we tailor them to the task of
ORCA input files. Moreover, this knowledge is necessary as we aim to provide the user of our special-
ized model to be able to use the LLM’s chat-like interface to offer them a way to get to know more about
the simulation in question or troubleshoot possible issues. This will be further discussed in Section
Also note that, for more recently developed general-purpose LLLMs, finetuning is not available yet or is
in an experimental phase and would thus not allow us to compare their performance with and without
finetuning. This eliminated various models from our choice of potential LLMs, particularly GPT-4 (o) ,
Gemini 1. 576, Claude 377, DeepseekV?2 78 and LLama 372

2.3.3 Prompt Engineering

We apply Prompt engineering in the system prompt, which is the set of instructions or guidelines provided
to the LLM that are used to define its behavior, tone, and the kind of responses it should generate. It
cannot be overridden by the user and is utilized in every response of the LLM. This is different from the
user prompt, which is the input or question given by the user to the LLM, in our case a description of a
desired ORCA chemistry simulation. These user prompts are not prompt-engineered and the way they
are created is described in Section[2.2.2

To make the results as comparable as possible, the system prompts all have a similar structure in
what information is to be reasoned about and verified. However, they differ in their approach of how
they instruct the LLM to reason. The prompts are aimed at ensuring that the LLM reasons step-by-step
throughout the construction of the different parts of an ORCA input file (described in Section|2.2.1

Specifically, the prompts guide the LLM through the following steps:

1. Identifying the relevant ORCA keywords.
2. Determining the necessary input block options.

3. Establishing the appropriate ORCA input block settings required to achieve the desired computa-
tional setup.

4. Identifying the SMILES notation of the molecule to be used within these keywords and input
blocks.

5. Compiling the final ORCA input file by synthesizing the information from the previous steps.

The six system prompts we created can be found in Appendix [A]
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2.3.4 Finetuning

Formally, finetuning GPT-3.5 Turbo involves adapting the model parameters 0 to perform well on the
supervised learning task of producing ORCA input files. Ideally, we minimize the objective function
shown in Equation [2} while also maintaining the initial pre-trained performance of the LLM on other
tasks, where D represents the training dataset consisting of N labeled examples {(x;,y;)}, where each
example x; is a user-prompt and y; is its ORCA input file and S represents the system prompt used during
finetuning. Note that this equation holds for our case where we limited the supervised learning task to
only the initial user prompt and the ORCA input file which should be in the response, but that it can be
extended to finetune on full conversations.

0" = argming Esxy) ~ D[L(8;x,y)] @

To achieve this, the parameters 0 are updated iteratively using a gradient descent algorithm. Un-
fortunately, the exact details of what gradient descent algorithm OpenAl uses is undisclosed, as is the
loss function. We provide a general example of how an iterative update can look in Equation [3] where
Vo L(0;;S,x;,y;) is the gradient of the loss function £ with respect to the parameters 6 evaluated on the
example (x;,y;) using system prompt S and 1 represents the learning rate.

0;+1 =0, —MVeL(6:;5,x;,yi) (3)

During finetuning, we used the same system prompt across all examples so that the model learns to
generate responses consistently and in alignment with the desired style, tone, and content specified by
the system prompt. In the case of running the model with the *Basic’ prompt engineering technique, we
defined the desired ORCA input file as the desired response, or label, in the finetuning task. However,
when using prompt engineering, it was necessary to create synthetic responses as we are trying to teach
the model to reason in its output. We did this by altering y to start with the steps that are defined in all
our prompts (Appendix [A)) and synthetically answering them based on the correct input file. An example
of such a synthetic response for the CoT prompting methodology is given below.

I used the following step-by-step logic to get to my input file prediction:
Step 1: The basis sets used are dkh-def2-tzvpp.

No density functional is used. Further keywords used are: verytightscf ,dkh
Step 2: The input block options that should be used are: casscf

Step 3: For casscf, the settings are as follows:

nel 2

norb 2

Step 4: The desired SMILES is B1=C=NI1

Step 5: Given the answers to the above steps, the final ORCA input file is:
!dkh—def2 —tzvpp verytightscf dkh

Jocasscf nel 2

norb 2

end

#B1=C=N1
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2.3.5 Retrieval Augmented Generation

In this study, we used a naive-RAG scheme much like the documentation-based RAG by Zhou et al.®!.
Naive-RAG is the most basic RAG methodology®?. Due to its simplicity and explainability, it was
deemed an appropriate initial approach for this research.

During initial experimentation with RAG, we found that the model did not indicate how it used
context, often forgot to use context or used context when it was not applicable to the situation. We
therefore opted to dynamically add extra instructions to the system prompt whenever RAG was used.
After quickly introducing what type of data we are using to retrieve the external context from, we have
the model reason about the context. We prompt it to write down what part of the context it uses for what
part of the input file and why. Moreover, we instructed the model to be mindful only to use the context
when it is actually helpful or relates to the users request. The full prompt is shown below:

Note that the user will also provide you with contextual information out of
ORCA manuals that could be relevant to the simulation that is desired.
This contextual information is preceded by the following tag: #context

You can use this information in assisting you to form the input file the
user desires , but be mindful to only use the context when it is actually
helpful and relates to the users request.

Try to use this information to help you find out what keywords the user
wants to use and how the input blocks of the input file should look.
Write down how and what parts of the contextual information you used to get

to what part of the input file.

If you did not find anything useful, write this down as well.

2.4 Experimental Setupﬂ
24.1 Data

We generated three training datasets for finetuning (Section[2.2)), using the described generation-methods.
To reiterate, these are referred to as brute-force, manual-based and rule-based. For each of these, we
generated 500 supervised entries to use during finetuning (Section [2.3.4)).

For testing and validation of our experiments (Section [2.4.2), we used another dataset which we
will refer to as ORCAExtracted. As explained earlier, we decided that it was essential to use real-
world data for the evaluation sets as to be able to accurately assess the performance of our models.
Generally, one of the most straightforward ways to extract such data for a DSL is to extract it from its
documentation. However, scraping input files from the ORCA manual was deemed problematic, because
this documentation also gets used in generating the training data. Therefore, we used two other sources:
10Chem-bd.com and internal data from the Pollice Research Group.

ToChem®” is a computational chemistry repository and platform that provides access to a wide range
of chemical data from various types of calculations, such as electronic structure calculations. It is de-
signed to facilitate the sharing of computational data within the scientific community, including data from

2 All datasets we created and the code used to run the described experiments can be found on https://git.lwp.rug.nl/pollice-
research-group/ORCAInputFileSynthesis
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universities. Consequently, it houses many calculations performed by computational chemistry software
packages like Gaussian and ORCA, and includes the input files used to run these calculations.

We filtered the search section based on calculations that used the ORCA software and extracted
71,735 ORCA input files. This seems like a significant amount of useable data, but many research groups
perform similar calculations for different molecules or adjust a single parameter (like memory) in an
input file across calculations. Therefore, we filtered out duplicate files by retaining only those with
unique keywords and options, resulting in a total of 422 unique input files. The same process was applied
to 241 input files gathered from chemistry experts in the Pollice Research Group.

Some of the extracted input files were written for ORCA version 4 and thus used outdated language
(e.g., using the grid keyword instead of defgrid). All outdated language was replaced with correspond-
ing new terms, or if no corresponding terms existed it was simply omitted. To check the validity of these
input files, we executed them and saved only those with valid execution. This left us with a total of 588
input files, ready for post-processing.

Our post-processing of this data involved several steps to ensure a fair evaluation in relation to our
training data. Firstly, we removed all comment lines, as our training data did not contain those (except for
the SMILES). The molecules in the extracted data were generally much larger than three atoms and were
thus not encountered in our training data. Therefore, we replaced the coordinate block of the extracted
input files with a random molecule from Gen3Molecules (Section[2.2.T)) that was valid for the basis set
used. Additionally, we removed both empty newlines from the input files and tabs from input blocks
to both limit the number of tokens in the final LLM output and standardize the indentation format of
all input files (indentation does not affect ORCA functionality). Finally, to standardize capitalization,
we converted all text in the extracted input files to lowercase, consistent with our approach adopted for
generating input files.

The final step to complete our test and validation sets was to gather prompts for the input files we
extracted. Unfortunately, the extracted data was generally undocumented and we thus had no means of
extracting prompts together with the corresponding input files. Therefore, we created prompts for the
extracted input files with the approach described in Section[2.2.2]

Table [2] provides an overview of the amount of unique terms and skewness in the generated datasets
and the validation and test splits of the ORCAExt racted dataset. Skewness is a measure of the asymmetry
of the probability distribution of a real-valued random variable about its mean. Positive skewness indi-
cates a distribution with an asymmetric tail extending towards more positive values. Equation {| shows its
mathematical definition, where, in our case, n is the number of unique keywords/options, x; an individual
keyword/option count, X represents mean count over all options/keywords, and s the standard deviation.

n X —X 3
Skewness = D2 Z (T) 4)

i=1

The brute-force dataset exhibits the lowest skewness for both keywords and options, indicating a more
symmetric distribution. In contrast, the rule-nased dataset shows high keyword skewness, suggesting
significant asymmetry in its distribution, along with a relatively small number of options compared to
other datasets. The manual-based dataset has fewer unique keywords and higher skewness, reflecting
considerable asymmetry. The validation and test sets also have relatively few unique keywords but display
less skewness compared to the Manual-Based dataset. For a more detailed overview of the frequencies
of the exact options and keywords, we refer the reader to Appendix
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Table 2: Overview of the variability and skewness of the generated datasets and the validation and test
split of the ORCAExtracted dataset. The highest variability and the lowest skewness across the datasets
is in bold.

Dataset Unique Keywords Unique Options Keyword Skewness Option Skewness
Brute-force 530 25 1.279 1.040
Manual-based 165 31 4.681 2.687
Rule-based 336 9 8.516 1.540
Validation 153 27 2.649 2.092
Test 159 26 2.658 1.932

Lastly, we had chemistry experts from the Pollice Research group write three prompts that they would
put into a system meant for generating ORCA input files. This data was held out for a separate testing set
which we will refer to as RealPrompts. We decided to use this separate dataset because our evaluation
set consists of synthetically created user prompts. We wanted to test whether our finetuned models could
respond appropriately to real user prompts. The chemistry experts were asked to write a prompt for a
ChatGPT-like model, if they would want it to create an ORCA input file. The goal here was to get them
to create a prompt as close to what a user of our model would provide.

2.4.2 Experiments

The goal of our experiments was to explore how prompt engineering techniques, retrieval-augmented
generation (RAG), and finetuning impact the performance of a Large Language Model (LLM), specifi-
cally GPT-3.5-turbo, in generating accurate and functional input files for ORCA, a chemistry simulation
domain-specific language (DSL). This goal was divided into the following sub-questions, where perfor-
mance was measured using the metrics described in main text:

1. How does finetuning on the brute-force, manual-based, and rule-based data-generation methods
affect the performance of GPT-3.5 Turbo in generating ORCA input files?

2. How does prompt engineering affect performance?
3. How does RAG affect performance?

4. What are the interaction effects between the three techniques, if there are any?

After evaluation of all these configurations, a final experiment was conducted on the RealPrompts
dataset, as described in Section [E We used the model that came out with the best Fl,,, to predict
input files from these prompts in hopes of being able to provide a qualitative assessment on how our
model performs on real-world prompts.
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2.4.3 Hyperparameters

In tuning the available hyperparameters, we distinguish between those used during finetuning, thus relat-
ing to what model we end up creating, and those where one simply alters the parameters when running
the model. The latter has only relatively few options, as OpenAl does not allow for much configuration
of their models in their API endpoints. We kept the temperature at the default, namely 1. This balances
creativity and coherence in responses. Moreover, for all model configurations, we ran RAG with values
of K = {1, 5, 10, Limit} and chose the value where our model got to the highest validation accuracy for
final evaluation on the test set.

As for the finetuned models, a grid search was performed for every model configuration. This was
deemed necassary as the different finetuned models all are trained within a different training landscape.
Namely, because the models are training on different datasets and tasks (considering the different prompt
engineering techniques used). The grid search involved the following options, where 1 multiplier refers
to the multiplier of the 1 used during pre-training:

» Epochs: {1, 3,5, 8, 10} * 1 multiplier: {0.1, 0.5, 1, 2}
* Batch Sizes: {1, 2, 8, 32, 64}

Unfortunately, the loss of GPT-3.5 Turbo did not reflect our task well. During experimentation, it
was found that a low validation loss had no correlation with better validation results. Therefore, instead
of using the validation loss as guidance as to what model performed best, we ran the models with the
different configurations on the validation set ourselves and chose the one with the highest F1,,¢-score for
further evaluation. This mismatch between loss function and evaluation metric will be further discussed
in Section 4 The final hyperparameters for the different models are shown in Table

Table 3: The used hyperparameters for all models, including the base models that do not use finetuning.
When models use CoT together with finetuning, the models were trained with synthetic CoT-labels.

Model CoT Finetuning Epochs Batch Size 1 multiplier K

GPT-3.5 Turbo X X X X X 10
GPT-3.5 Turbo Vv X X X X 10
GPT-3.5 Turbo X Brute-force 5 1 2 1
GPT-3.5 Turbo v Brute-force 8 1 2 5
GPT-3.5 Turbo X Manual-based 3 1 2 1
GPT-3.5 Turbo v Manual-based 8 1 2 1
GPT-3.5 Turbo X Rule-based 3 1 2 1
GPT-3.5 Turbo v Rule-based 5 1 2 1
GPT-40 X X X X X 3
GPT-40 v X X X X 5
GPT-40 4 Manual-based 3 1 2 1
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3 Supplementary Results

This section presents the results that were left out of the main materials. These include the ORCA errors
that were encountered after trying to execute synthesised inputs and the evaluation of our best model
when used with real-world user prompts.

3.1 Hyperparameter Optimization

We provide a concrete example of the found mismatch between F1,,, score and validation loss in Table
A which shows how the loss and Fl,,¢ score differ over a changing amount of epochs. We observe that
the loss gets higher the more epochs we train the model for, but that this is clearly not the case for the
Fl,, score.

Table 4: A sample of the results from our grid search, displaying both validation loss and validation F1,,¢
of the brute-force model without CoT, over different epochs for an | multiplie of 2 and a batch size of 1.
The best performance across both metrics is bolded.

# Epochs Loss Fl1,,,
1 2.402 0.212
3 2.666 0.287
5 3.012 0.293
8 3.332 0.292
10 3.812 0.287

3.2 Base Models

Figure 7| shows the different error types ORCA returned after trying to execute the invalid files that were
generated by the models.

Across all base-model configurations, we observe that the two most common errors encountered are
the use of an unknown identifier (the first term in a setting line) and the use of an unrecognized keyword.
When utilizing RAG, we find that the model more frequently encounters the unknown identifier error, but
less often generates non-existent keywords or symbols (the second term in a setting line). Another notable
observation is that the base-model employing both CoT and RAG is the only model that encounters errors
where an ORCA section identifier (!, %, or *) is not generated correctly.

Table [5] presents further analysis of the unrecognized keywords generated by different models. Note
that the Levenshtein distance®! is a metric for measuring the difference between two strings by counting
the minimum number of single-character edits (insertions, deletions, or substitutions) required to trans-
form one string into the other. We find that models using CoT tend to generate entries that are closer to
real keywords, on average, when compared to other models. Moreover, the percentage of unrecognized
keywords generated out of all keywords generated is lowest for the model using both RAG and CoT.
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Error Types in Input Files Generated by Base Models

Base I
Base-RAG . I
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Unrecognized Symbol
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GPT-40
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Error Frequency

Figure 7: The different error types encountered when running the input files generated by the respective
base models. An unknown identifier and unknown symbol mean that the first and second term of a setting
line are unknown to ORCA, respectively. An invalid assignment refers to the fact that the second term
of a setting line is known to ORCA, but that it cannot be used in this context. Errors were grouped in
the “other’ category if they were not encountered five or more times by any of the models. Note that the

ORCA compiler terminates after encountering an error immediately.

Table 5: The average Levenshtein distances of unrecognized keywords to their closest ORCA keyword,
along with the percentage of unrecognized keywords encountered in the keyword line(s) where at least
one of the generated keywords was erroneous, for the base-model configurations with the last row being

the GPT-40 baseline. For both metrics, the lowest value is in bold.

CoT RAG Levenshtein Distance % Unrecognised Keywords
X X 4.332 43.160
X v 4.024 39.029
v X 3.787 39.245
v v 3.975 34.593
X X 4.275 28.930

3.3 Finetuned Models

The different error types across all model configurations are presented in Figure 8]
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Error Types in Input Files Generated by Finetuned Models
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Figure 8: The different error types encountered when running the input files generated by the respective
finetuned models. An unknown identifier and unknown symbol mean that the first and second term of a
setting line are unknown to ORCA, respectively. An invalid assignment refers to the fact that the second
term of a setting line is known to ORCA, but that it cannot be used in this context. Errors were grouped
in the ’other’ category if they were not encountered five or more times by any of the models. Note that
the ORCA compiler terminates after encountering an error immediately.

Compared to the baseline models, we observe that the most frequent error encountered remains the pres-
ence of unrecognized keywords in the input files. This error occurs even more frequently when compared
to the baseline models. However, we also note a significant decrease in unknown identifier errors, which
is in line with improved Fl,,,¢ performance.

As for distinctions between the finetuned models themselves, we observe that rule-based models
exhibit a relatively high frequency of unknown identifier errors. Additionally, manual-based models
utilizing RAG encounter numerous unrecognized symbol errors, a trend less prevalent in other models.
Moreover, both brute-force and manual-based models employing RAG tend to produce a notable quantity
of input files with duplicate keywords.

A more detailed analysis of the most common error (unrecognized keywords) is presented in Table
[l Generally, compared to baseline models, finetuned models generate fewer non-existent keywords, and
those generated are closer on average to existing keywords. The exception to this trend is observed with
the brute-force model using RAG, where performance in this regard is notably worse.

Across the finetuned models, the rule-based model consistently generates the fewest unrecognized
keywords relative to the total number of keywords generated. Manual-based models generally produce
unrecognized keywords that are closest to real ones compared to other finetuning types, except when
both CoT and RAG are employed. Notably, brute-force models perform less effectively in this error type,
displaying higher Levenshtein distances and greater quantities of unrecognized keywords. We find that
RAG does not enhance performance within this error category, except marginal improvements for the
rule-based dataset. Conversely, the use of CoT reduces Levenshtein distances for both brute-force and
rule-based models, and decreases the occurrence of unrecognized keywords across all models. However,
combining RAG with CoT leads to inferior performance compared to using CoT alone.
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Table 6: The average Levenshtein distances over unrecognized keywords to the closest ORCA keyword.
The last row represents the results gathered from GPT-4o.

CoT RAG Finetuning Levenshtein Distance % Unrecognised Keywords
X X Brute-force 3.681 34.352
X X Manual-based 2.684 34.513
X X Rule-based 3.249 29.799
X v/ Brute-force 4.421 37.392
X v/ Manual-based 2.702 30.080
X v Rule-based 3.008 25.806
v X Brute-force 3.478 31.862
v X Manual-based 2.889 27.452
v X Rule-based 2911 25.034
v v Brute-force 3.704 38.323
v v Manual-based 3.046 32.829
Ve v Rule-based 2.834 25.499
X X X 4.275 28.930

3.4 Real-world User Prompts

Figures 0] [I0] and[TT] present the results of running both the unaltered GPT-3.5 Turbo (using the ’basic’
system prompt) and the Manual-based-CoT models on the RealPrompts dataset described in Section
Note that prompts from RealPrompts did not specify what molecule was to be used, hence we
ignore the predicted SMILES of the models in the presentation of our results.

Firstly, Figure [0] displays the output of both models for a requested CASSCF calculation. GPT-3.5T
urbo correctly uses the specified basis set but assigns the keyword for initiating a CASSCF calculation
incorrectly. It translates the request for the number of orbitals and electrons used into a non-existent key-
word instead of accurately placing it in an input-block for casscf. Additionally, it includes a maximum
iteration specification for SCF, which, although valid, was not requested. Manual-based-CoT manages to
predict both keywords correctly but creates an input block that does not correspond to the user’s request.
Moreover, it generates EXITONS within a TDDFT, which is not a valid identifier and was likely intended to
be EXCITATIONS.

Using CASSCF (6 active !casscf(6,6) def2-qzvp 1 used the following step-by-step logic to get to my input file prediction:
orbitals and 6 electrons) %scf Step 1: The basis sets used are def2-qzvp.

and def2-QZVP basis set, maxiter 1000 No density functional is used. Further keywords used are: casscf

please perform a single point end Step 2: The input block options that should be used are: tddft

energy calculation. #C Step 3: N/A

Step 4: The desired SMILES is B(hashtag)P

Step 5: Given the answers to the above steps, the final ORCA input file is:
def2-qzvp casscf

%TDDFT SGRADLIST 0,1,2

EXCITONS 1

END

#B(hashtag)P

Figure 9: User prompt requesting a CASSCF calculation (left) with unaltered outputs of GPT-3.5 Turbo
(middle) and Manual-based-CoT (right).
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Secondly, Figure [10] illustrates the generated input files for both models when the user requested a
DFT-based frequency calculation. GPT-3.5 Turbo produces an extensive output with various invalid
input blocks, except for the correct SCF block. The model did not recognize that many of the requested
simulations (i.e., Hirshfield population analysis, frequency calculation, and RI approximation) are avail-
able in keywords. It, however, accurately predicts both the basis set and the density functional. For
Manual-based-CoT, these are also correctly generated. Moreover, it accurately predicts anfreq and
hirsh for performing the requested analytical frequency calculation and Hirshfeld population analysis,
respectively. However, it incorrectly identifies nmr, maxcore, and maxiter as keywords instead of plac-
ing them in input blocks. Additionally, it confuses maxcore for a parameter to be used to parallelize the
calculation, while the correct identifier for this is nprocs.

Using wb97m-v functional with cc-pV5Z basis set 'wb97m-v cc-pV5Z | used the following step-by-step logic to get to my input file prediction:
(apply no auxiliary basis set), please do analytical %geom Step 1: The basis sets used are cc-pv5z.
frequency calculation and Hirshfield population Calc_Hess true The used density functional(s) are: wb97m-v. Further keywords used are:
analysis. Calculate NMR chemical shifts and coupling end anfreq,hirsh,nmr,maxcore=24,lebedev,readdensity
constants for the 13C and 31P nuclei. Approximate %scf Step 2: The input block options that should be used are:
exchange integrals, parallelize over 24 cores. Read MaxIter 500 Step 3:
electron density from density.uno file and set the end Step 4: The desired SMILES is B1=CN=P1
maximal number of SCF iterations to 500. %pal Step 5: Given the answers to the above steps, the final ORCA input file is:
nprocs 24 'wb97m-v cc-pv5z anfreq hirsh nmr maxcore=24 lebedev readdensity
end
%nbo #B1=CN=P1
analytic freq

hirschfield
NMR(iso) 13C 31P
end

%mp2

ni

end

%esp

file density.uno
end

Figure 10: User prompt requesting a DFT-based frequency calculation (left) with unaltered outputs of
GPT-3.5 Turbo (middle) and Manual-based-CoT (right).

Lastly, Figure [T presents the results of requesting a local energy decomposition analysis. GPT-3.
5Turbo uses non-existent keywords dlpno-eda and ccsd (t), mixing up the user-requested keywords.
Moreover, it makes a mistake in trying to use very tight SCF convergence in that it uses the invalid
identifier scfconv instead of the appropriate Convergence with the assignment VeryTight to achieve
this. Manual-based-CoT correctly predicts dlpno-ccsd(t) along with verytightscf for stringent
SCF convergence. It however mistakes eda for being a keyword as it is an identifier within scf input
blocks. Unfortunately, neither model recognizes the need for the 1ed keyword to implement local energy
decomposition analysis.

I need an ORCA input file for Local energy !dlpno-eda ccsd(t) I used the following step-by-step logic to get to my
decomposition analysis. Use dlpno-ccsd(t) %scf input file prediction:
and very tight SCF convergence threshold. scfconv 9 Step 1: The basis sets used are .
end No density functional is used. Further keywords used
#No molecule needed are: verytightscf,eda

Step 2: The input block options that should be used
are:

Step 3:

Step 4: The desired SMILES is C1=PP=1

Step 5: Given the answers to the above steps, the
final ORCA input file is:

!dlpno-ccsd(t) verytightscf eda

#C1=PP=1

Figure 11: User prompt requesting local energy decomposition analysis (left) with unaltered outputs of
GPT-3.5 Turbo (middle) and Manual-based-CoT (right)
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4 Discussion

The goal of this research was to find out how prompt engineering techniques, Retrieval-Augmented
Generation (RAG), and finetuning impact the ability of a Large Language Model (LLM) to generate
accurate and functional input files for ORCA chemistry simulations. To achieve this, we proposed three
ways of generating a training dataset for a Domain Specific Language (DSL) and measured the results of
running GPT-3.5 Turbo in various configurations, utilizing finetuning, RAG and prompt engineering,
on a dataset of real-world ORCA input files called ORCAExtracted. Moreover, to further investigate
real-world performance, we ran both our most basic and best performing models on the RealPrompts
dataset. This section goes on to discuss the ORCA errors encountered when executing the different
models synthesized input files and the RealPrompts experiment.

4.1 ORCA Error Analysis

In the main materials, we observed that the Fljey0rqs Was relatively high compared to F1,pi0ns and
F 1getings. However, we saw in the presented ORCA error analysis that the majority of the errors encoun-
tered in running the generated files are due to the model generating non-existent keywords, and that, in
these erroneous files, close to half of the keywords were unrecognisable to ORCA. Therefore, despite
this high value, along with the fact that the F1 score for keyword synthesis is low in an absolute sense,
the model still has significant room for improvement in this area as well.

Additionally, the notion presented in the main materials that additional context from RAG helped
the model reduce the number of erroneous keywords is also supported by the fewer predicted erroneous
keywords and, when errors did occur, they were closer to existing ones compared to the baseline perfor-
mance. However, there was an increase in unknown identifiers, possibly because the compiler processed
further into the input file before encountering errors. Previously, the compiler probably stopped at the
keyword line, withholding it from seeing any subsequent errors when the baseline model was used. No-
tably, we also observed that using CoT makes the unrecognised keywords the model generates closer to
existing ones. While the F1 scores did not increase significantly, this does indicate that the CoT prompt-
ing increases model performance.

For finetuned models, we observed that models utilizing RAG start to generate input files where
section identifiers, the most basic syntactical parts of an ORCA input file, are forgotten. This further
strengthens our point about the finetuned models ’forgetting’ how to handle external context, or getting
"confused’ by it.

Moreover, we also observed more indications that the brute-force approach did not result in the mod-
els understanding keyword synthesis in a meaningful way. In particular, the outputs of the model had the
highest amount of unrecognised keywords in erroneous files and these keywords were also the furthest
from correct ones across all the different finetuned models.

The worse than expected performance of the rule-based approach could be a result of the compara-
bly high keyword skewness. This indicates that a few keywords take up a majority of the encountered
keywords, which could cause the model not to learn enough about the different available keywords. This
skewness was the least for options, and there we saw that the rule-based model did achieve comparably
good performance.

27



4.2 Real-world User Prompts

When comparing our most basic model (GPT-3. 5Turbo) with our best-performing model (Manual-base
d-CoT) on RealPrompts, we observed that the performance of our finetuned model seemed to generalize
well to prompts different from those it was trained on. The Manual-based-CoT model consistently out-
performed GPT-3.5 Turbo in accurately predicting domain-specific keywords and parameters. However,
both models struggled with accurately structuring input blocks according to user prompts, often misplac-
ing or misinterpreting keywords and identifiers. This indicates that while the finetuned model improves
keyword prediction, it still lacks robust understanding of appropriate options and settings placement.
Similar challenges were observed in the F1 scores for these specific sections (cf. main materials) when
applying Manual-based-CoT to the ORCAExtracted test set, as expected. This supports the notion that
our approach to generating user prompts and training the model correlates with real-world performance.
It is essential to note that this assessment is qualitative in that only three prompts were evaluated, and
further research is necessary to delve deeper into these findings.

4.3 Limitations

Regrettably, there were some flaws in the methodology which could have had an impact on the general-
izability and the reliability of the results.

The first issue is that all results were obtained from a single run, which makes them susceptible to
variation. In generating code/text with of LLMs, randomness plays a significant role, and our results
could have changed considerably if averaged over multiple runs. Additionally, we saw that the highest
value for the n multiplier in our grid search was selected across all finetuned models. It is possible that
a higher learning rate could have improved performance. However, due to our initial choice of search
space for 1, we may have missed out on identifying these better-performing models.

Like mentioned previously, we did not find the time to implement a rule-based scheme for all possible
ORCA calculations. This could have resulted in the rule-based models not learning about calculations
that were prevalent in the ORCAExtracted test set thus decrementing the finetuning performance. It
might be, that if we implemented all possible calculations, the rule-based models would have ended up
achieving the best performance. Additionally, we did not optimally take advantage of the fact that we
know the type of calculation associated with every generated input file for this dataset. We could have
made use of this by adding the calculation type to the prompt, as to have the LLM learn more about the
types of calculations.

Moreover, our approach to generating user prompts precluded us from utilizing the documentation for
RAG that contains detailed tables describing keywords and their options. This documentation could have
provided the best context for synthesizing input files. As a result, there is a possibility of misrepresenting
how RAG could be effectively applied in a real-world setting, where such contextual information is
typically used.

Of course it is also worth mentioning that our quantitative evaluation cannot be compared to real-
world performance, as the user prompts were synthetically created. Although they seem to correspond
well to what a user might request, there is really no telling. Our experiment on the RealPrompt s dataset
tries to compensate for this, but is very limited in the amount of data that is used.

Lastly, the error types our models encountered were generally because of the fact that unrecognised
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keywords were used. However, this does not mean that there were no other errors as the ORCA compiler
simply stops at the first error it encounters. Therefore, we did not provide a full overview of the erroneous
files as we only presented the firs encountered error.

Even though our study has its shortcomings, limitations are to be expected in proposing a first-of-its-
kind case study. We have proposed a well performing initial methodology and provided various insights
that can readily be used in future research as to quickly improve upon our model (Section [3)).

5 Future Research

Although our best performing model would not translate well into a user product, our study is a first-
of-its-kind. Therefore, it leaves a lot of room for future research. One could argue that using an LLM
might not be the best way to synthesize ORCA input files. Especially when keeping in mind that the loss
of GPT-3.5 Turbo was not a good indicator of final classification performance. It would be interesting
to have a look at whether other model types, like Code-BERT in a classification settings, would out-
perform our LLM. Importantly, one would then lose the chat aspect of our approach, but this could still
be achieved with a seperate LLM for that task resulting in a multimodal approach. Note that the ability
to chat with our LLM about input files was not explored. It would be interesting to prompt the LLM in
different ways to gauge its general ORCA knowledge. For instance, one could assess if the finetuned
models perform better at explaining the contents of given input files or if they can suggest the proper
keyword based on a single description line.

Additionally, based on our conclusion about the interaction between CoT and finetuning, it would be
interesting to see how the other proposed prompt engineering techniques perform when used in combina-
tion with finetuning. It could be that one of the other implemented prompt engineering techniques would
outperform CoT when combined with finetuning.

Moreover, an interesting research direction would be to try and make the generation of user prompts
more generalisable for other DSLs, as our approach uses a hard-coded way of mapping the terms in
an ORCA input file to their description. One could, for instance, propose an end-to-end trainable code
captioning model®>%8 that is trained to map the code snippets of the DSL to user prompts. Another viable
way of altering the user prompt generation would be to not include the keywords in the prompt. While
perhaps unrealistic from a user point of view, it would allow for the model to learn mapping keyword-
descriptions to keywords in that we prohibit it from directly copying keywords from the user prompt.

There is also the opportunity to extend upon our framework. Many more intermediate steps could be
taken to improve the final input file that gets synthesized. For instance, it would be rather straightforward
to implement the removal of duplicate keywords, or to exchange synthesised keywords that are not in the
extracted documentation with ones that are similar to them (or even have the LLM choose from similar
keywords in a multi-shot way). Similarly, it would be interesting to see how the model handles the
feedback provided by ORCA with respect to the encountered errors. In that regard, it would be intriguing
to see whether a feedback loop as described by Skreta er al.®% would improve ORCA code synthesis.

Lastly we highlight the fact that active learning® could be used in our methodology, as it fits the
DSL-context well. During finetuning, one could have the LLM decide what user prompts it wants to
learn from so as to optimally make use of the limited amount of data. This is particularly alluring because
our synthetic data generation process may have resulted in datasets containing a significant amount of

29



uninformative data.

Appendix

A Prompts
A.1 Basic

Imagine you are a chemistry expert made to generate input files for
the chemistry simulation language ORCA.

Given a prompt about the type of simulation the user wants, you
generate an input file for ORCA,

however these input files don’t contain the standard Xxyz coordinates.

The format of an ORCA input file is as follows:
'keyword keyword keyword

Jooption

setting_of_option value

setting_of _option2 value?2

end

#smiles_of_molecule

In the line that starts with an ! you can define methods, density
functionals and basis sets through ORCA keywords.

Then you can use input blocks to set certain settings.

This block starts with % and then the option and is followed by the
settings within that input block. It ends with ’end’.

Lastly , you write down the smiles format of the molecule after a #.

Below are some example user prompts with corresponding input files to
better illustrate the format at hand. Make sure to not overly
rely on the keywords and settings in the input files when
predicting a new input file.

Prompt 1:

Perform a quantum chemical calculation using the def2-svp basis set
with new polarization functions and the def2/j basis set with
Weigend’s universal Coulomb fitting , suitable for all def2 type
basis sets. The calculation will be conducted with the Becke ’88
exchange functional and Perdew 86 correlation functional. Use O=[
SH] as molecule.

Input file 1:
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!'bp86 def2-svp def2/]
9os c f

maxiter 100

end

#0=[SH]

Prompt 2:

Perform a closed-shell SCF calculation with the def2-TZVPP basis set
for property calculations and an automatically constructed
auxiliary basis for fitting Coulomb, exchange, and correlation
calculations. Use the RIJCOSX algorithm for efficient treatment of
Coulomb and Exchange terms via RI and seminumerical integration ,
along with sloppy SCF convergence criteria. Optimize the geometry
with GDIIS for normal optimization and loose convergence criteria.
Avoid starting from an existing GBW file. Additionally , control
the SCF procedure with forced convergence and relax the density
for the MP2 calculation. Use B(hashtag)N as molecule.

Input file 2:

!'def2 —tzvppd rhf rijcosx sloppyscf autoaux gdiis—-opt looseopt
noautostart

Jscf ConvForced true end

Jmp2 Density relaxed end

Jogeom

Calc_Hess true

Recalc_Hess 1

end

#B(hashtag )N

Prompt 3:

Perform a calculation using the Hartree —Fock method and the Valence
double—-zeta basis set with "new” polarization functions for the O
molecule .

Input file 3:

'hf def2-svp

#O

Prompt 4:

Perform a quantum mechanical calculation using the cc—pVTZ and cc-
pVTZ/c basis sets for the S molecule. Additionally , include the
advanced settings for the MP2 calculation, ensuring density
relaxation and donatorbs. Implement the Local MP2 method for the
calculation .

Input file 4:
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!'dlpno—-mp2 cc—-pvtz cc—pvtz/c
Jomp?2

density relaxed

donatorbs true

end

#S

Prompt 5:

Conduct a geometry optimization calculation on the False molecule
using the popular B3LYP functional with a 20% HF exchange for the
O molecule. For this, employ the valence triple —zeta basis set (
def2-tzvp) with “new” polarization functions, similar to TZVPP for
main group elements and TZVP for hydrogen. Additionally , control
the frequency calculations with a temperature range of 290 K to
300 K.

Input file 35:

!'b3lyp def2-tzvp opt freq

%freq
temp 290, 295, 300

end

#O

A.2 Chain of Thoughts

Imagine you are a chemistry expert made to generate input files for
the chemistry simulation language ORCA.

Given a prompt about the type of simulation the user wants, you
generate an input file for ORCA,

however these input files don’t contain the standard xyz coordinates.
Employ the Chain of Thoughts (CoT)

method to systematically navigate through the process of creating an
accurate input file.

[FORMAT DESCRIPTION AND EXAMPLES FROM THE ’*BASIC’ PROMPT]

In making your input file , use step-by-step reasoning and write your
reasoning down:

Step 1: Identify what ORCA keywords should be used, like for instance
the basis set and a possible density functional.

Step 2: What are the input block options that should be used based on
the user description and chosen keywords, if there are any.

Step 3: What are the ORCA input block settings needed in these input
blocks to get to the desired settings?
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Step 4: What is the SMILES of the molecule the user wants to use for
these keywords and input blocks?

Step 5: What is the final ORCA input file?

Generate the ORCA input file by following these steps and ensure each
step i1s explained.

A.3 Chain of Verification

Imagine you are a chemistry expert tasked with generating input files
for the chemistry simulation language ORCA.

Given a prompt about the type of simulation the user wants, you
generate an input file for ORCA,

however these input files don’t contain the standard Xxyz coordinates.

To ensure the accuracy and correctness of the generated input file ,
you will use a Chain of Verification approach.

This method involves creating the input file and then verifying each
component step-by-step to confirm its validity.

[FORMAT DESCRIPTION AND EXAMPLES FROM THE ’*BASIC’ PROMPT]

Given a prompt, start by creating an initial version of the input
file based on the user’s description.

Then verify it with these steps:

Step 1: Ensure the simulation type (e.g., geometry optimization ,
frequency calculation) matches the user’s goal.

Step 2: Check that the selected methods, density functionals , and
basis sets are appropriate for the simulation.

Step 3: Confirm that any advanced settings and input block options
are correctly specified and relevant.

Step 4: Ensure the SMILES format of the molecule is correct and
accurately represents the molecule.

Step 5: Conduct a comprehensive final review of the entire input file
to ensure all components are coherent and correctly formatted.

Using this approach, generate the ORCA input file and verify each
step to ensure the highest accuracy and alignment with the user’s
goals.

A.4 Graph of Thoughts

Imagine you are a chemistry expert tasked with generating input files
for the chemistry simulation language ORCA.
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Given a prompt about the type of simulation the user wants, you
generate an input file for ORCA,

however these input files don’t contain the standard xyz coordinates.

To ensure a thorough and comprehensive approach, you will use a Graph
of Thoughts method.

This involves mapping out your reasoning in a non-linear ,
interconnected way,

exploring various possibilities and ensuring all aspects of the task
are considered .

[FORMAT DESCRIPTION AND EXAMPLES FROM THE ’*BASIC’ PROMPT]

Use the following steps to generate the input file:

Step 1: Identify the core elements of the input file: simulation type
, ORCA Keywords, Advanced Settings , Molecule Format

Step 2: Create connections between these elements, exploring how each
decision impacts the others.

Step 3: For each element, consider various options and their
implications .

Step 4: Combine the most suitable options into a coherent input file.

Generate the input file by following these steps and ensure each
decision is justified and explained.

A.5 Tree of Thoughts

Imagine you are a chemistry expert tasked with generating input files
for the chemistry simulation language ORCA.

Given a prompt about the type of simulation the user wants, you
generate an input file for ORCA,

however these input files don’t contain the standard xyz coordinates.

Your goal is to create a comprehensive and accurate input file based
on the user’s description of the desired simulation.

You will approach this task by exploring different branches of
thought and consolidating the best ideas.

[FORMAT DESCRIPTION AND EXAMPLES FROM THE *BASIC’ PROMPT]

Use a tree of thoughts process to generate the input file:

1. Identify the type of simulation (e.g., geometry optimization ,
frequency calculation, etc.).

Determine the appropriate ORCA keywords (e.g., methods, density
functionals , basis sets).

Consider advanced settings and input block options.
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2. Evaluate each initial thought for relevance and accuracy. Select

the most appropriate keywords and settings .
3. Consolidate the best options into a coherent input
and refine to ensure accuracy and completeness.
Generate the input file by following these steps and ensure each step

is explained.

file. Review
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Figure 11: Overview of the top-20 most occurring keywords (a, c, e, g, i) and all frequencies for the dif-
ferent options (b, d, f, h, ) for the brute-force, manual-based and rule-based, validation and test datasets,

respectively.
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