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Abstract: Large Language Models (LLMs) like GPT and LLaMA have exhibited
exceptional general thinking skills [2] [5]. Nevertheless, its utilization in specialist fields
such as cheminformatics remains little examined. This research introduces an
innovative approach for automating essential chemical operations through the
integration of large language models with computational tools like RDKit and
PubChemPy. Preliminary studies using the LLaMA 3.2 1B Instruct version produced
inadequate outcomes for accuracy and task reasoning. We then migrated to ChatGPT,
which exhibited notable enhancements in task precision and efficiency. By
implementing sequential task reasoning and guaranteeing stepwise execution, we
mitigate prevalent issues such as '"jumping the gun,” when models presume
intermediate outcomes rather than deriving them. The system automates processes
such as translating chemical names to SMILES representations, calculating molecular
weights, verifying explosive characteristics, and assessing molecular similarities,
resulting in substantial enhancements in efficiency and precision.
Keywords: Cheminformatics, LLMs, RDKit, Pub ChemPy, ChatGpt

1. Introduction

Advancements in artificial intelligence (AI) have allowed models such as LLMs to
thrive at versatile tasks [3][9]. Nonetheless, implementing these models in
specialized fields, such as chemistry, presents difficulties due to the necessity for
domain-specific reasoning and contextual management. Cheminformatics processes
frequently necessitate multi-step calculations, wherein the output of one operation
functions as the input for another [16][24]. This research presents a chemical
assistant architecture that integrates LLM reasoning skills with cheminformatics tools
to automate activities.

In the development process, we originally utilized the LLaMA 3.2 1B Instruct version,
a lightweight open-source model recognized for its proficiency in following
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instructions. Although the model shows potential in generic text production tasks, it
encountered difficulties in maintaining task dependencies, such as initiating with
name_to_smiles, producing accurate replies for structured outputs, and
demonstrating precision in domain-specific reasoning. To tackle these problems, we
adopted ChatGPT, which enhanced work management and aligned more well with
domain-specific needs.

2. Methodology

The methodology involved evaluating the performance of two LLMs, LLaMA and
ChatGPT, across cheminformatics tasks. Tools like RDKit and PubChemPy were
integrated to enhance functionality, and prompt designs enforced sequential
execution of tasks. ChatGPT demonstrated improved accuracy and reasoning but
incurred slightly higher latency compared to LLaMA.

2.1. LLM Selection and Evaluation

We started by assessing the LLaMA 3.2 1B Instruct Version, seeing its advantages in
lightweight and quick processing for straightforward text-based inquiries[97][85].
Nonetheless, it demonstrated deficiencies in sequential task thinking and the
accuracy of SMILES creation. The model frequently exhibited premature conclusions
by immediately assuming SMILES outputs without considering intermediary stages,
leading to a mere 78% accuracy in task performance on straightforward questions.
Acknowledging these constraints, we shifted to ChatGPT, which provided enhanced
reasoning abilities, improved adherence to organized task directives, and increased
precision. The trade-off involved increased latency relative to LLaMA; nevertheless,
the enhanced performance warranted this concession.

2.2. Tools Integration

We incorporated RDKit for molecular weight calculations and chemical similarity
analysis and PubChemPy for obtaining molecular characteristics using PubChem's
API to augment the assistant's functionalities. ChatGPT functioned as the foundational
LLM for producing task-specific reasoning, utilizing its sophisticated language
comprehension to analyze and address intricate chemistry inquiries.

2.3. Prompt Design

We optimized prompts to mandate sequential execution, guaranteeing that the
assistant consistently invoked name_to_smiles for chemical nomenclature and
utilized the SMILES output for the following functions, such as
smiles_to_molecular_weight or check_explosive [13, 44]. Responses were organized
in a uniform manner, such as {function: input}, to provide clarity and enable precise
processing.
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2.4. Implementation Details

2.4.1. LLaMA Implementation Using the Transformers Library

We employed the Hugging Face Transformers library to load and engage with the
LLaMA model. The procedure entailed loading the pre-trained LLaMA model and
tokenizer, followed by processing inputs to produce outputs. The following code
sample demonstrates this procedure:

Input: Convert the chemical name caffeine to its SMILES representation.
Output: CN1C=NC2=C1C(=0O)N(C(=O)N2C)C

2.4.2. ChatGPT Implementation Using LangChain Input: Is caffeine explosive?
Output: {check_explosive: CN1C=NC2=C1C(=O)N(C(=O)N2C)C}

We employed the Hugging Face Transformers library to load and engage with the
LLaMA model. The procedure entailed loading the pre-trained LLaMA model and
tokenizer, followed by processing inputs to produce outputs.

2.4.2. ChatGPT Implementation Using Lang Chain

We utilized the Lang Chain framework to enable interactions with the ChatGPT API
for the ChatGPT model. Lang Chain offers a systematic methodology for developing
applications utilizing language models. The implementation entailed configuring the
ChatGPT API within Lang Chain and establishing prompts to direct the model's
answers. This arrangement facilitated systematic interactions with ChatGPT,
permitting accurate execution of chemistry-related activities. Utilizing Lang Chain
enhanced the administration of prompts and answers, leading to the observed
performance improvements in Chat GPT.

2.4.3. Retrieval-Augmented Generation (RAG) for Research Paper Search

To enhance the assistant's capability in providing up-to-date and contextually
relevant information, we integrated a Retrieval-Augmented Generation (RAG)
approach. This method combines the generative abilities of language models with
real-time information retrieval, enabling the system to access and incorporate the
latest research findings into its responses.

Example Workflow:
When a user inquires about recent advancements in a specific chemical compound,
the system performs the following steps:
1. Query Construction: The user's input is parsed to identify key terms and
topics.
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2. Information Retrieval: Relevant research papers are fetched using the arXiv
and Semantic Scholar APIs based on the identified topics.

3. Response Generation: ChatGPT generates a response that includes
synthesized information from the retrieved papers, providing the user with a
concise and informative answer.

This approach ensures that the assistant provides accurate and current information,
enhancing its utility in research and academic settings.

3. Results
3.1. Comparison of Models

LLaMA Accuracy (%) | ChatGPT Accuracy (%)

Name-to-SMILES Conversions -
Explosive Property Checks

Figure 1 illustrates the comparative performance of LLaMA and ChatGPT across four
key cheminformatics tasks: Name-to-SMILES conversion, SMILES-to-Molecular
Weight calculation, Explosive Property Check, and Similarity Check. The chart
highlights the significantly higher accuracy achieved by ChatGPT in all tasks,
validating its suitability for complex cheminformatics applications despite the
computational trade-offs..
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Performance Comparison: LLaMA vs. ChatGPT
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3.2. Task Completion Time
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Figure 1: Task Completion Time Comparison
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Task Completion Time Comparison: LLaMA vs. ChatGPT
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Visualization: ChatGPT exhibits slower task times due to additional reasoning steps but
achieves higher accuracy

4. Discussion

4.1. Transition from LLaMA to ChatGPT

The decision to switch from LLaMA to ChatGPT was driven by the need to address
reasoning gaps, as LLaMA often bypassed intermediate steps, such as directly
generating molecular weights without resolving SMILES[41,43]. ChatGPT adhered to
sequential reasoning, producing more reliable outputs. Additionally, the accuracy
demands of cheminformatics tasks, which require precise computations, were better
met by ChatGPT due to its fine-tuned instruction-following behavior.

4.2. Strengths of ChatGPT
ChatGPT demonstrated significant improvements in accuracy across all tasks, better

understanding of domain-specific prompts, and adherence to the required output
format without deviation.

4.3. Limitations

Despite its strengths, ChatGPT's higher computational requirements resulted in
slower task completion. Additionally, some tasks required real-time API access,
such as PubChem, introducing a dependency on internet connectivity.
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5. Conclusion

This research demonstrates the potential of Large Language Models (LLMs) in
automating cheminformatics tasks. While open-source models like LLaMA offer
speed and efficiency, ChatGPT provides superior accuracy and reasoning
capabilities, making it more suitable for complex chemical queries[18,20]. By
integrating domain-specific tools and refining task prompts, we ensure reliable and
scalable automation in computational chemistry.

Future work will focus on fine-tuning LLaMA models to align closer with domain-
specific reasoning, reducing ChatGPT's latency through optimized query handling,
and expanding task coverage to include retrosynthesis and drug discovery.
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