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ABSTRACT 

 

This study explores the design and implementation of an AI agent architecture aimed at 

improving early-stage drug discovery through molecular property prediction. The central 

research question is: Can an AI multi-agent system effectively predict solvation free energies to 

accelerate compound screening? Background literature highlights that solvation free energy is a 

key factor in molecular stability and bioavailability, making it a critical parameter in lead 

optimization. The proposed architecture employs a modular set of AI agents responsible for data 

acquisition, preprocessing, molecular descriptor generation, model training, and performance 

evaluation using the open-source FreeSolv dataset, which contains experimental and calculated 

hydration free energies for small molecules. The methodology integrates RDKit for molecular 

featurization, PyTorch for graph neural network (GNN) modeling, and LangChain for agent 

orchestration. Model performance will be assessed using RMSE, MAE, and R² metrics for 

evaluation. The expected outcome is a scalable, open-source prototype that can be extended to 

more complex molecular datasets, contributing to the development of efficient AI-driven 

pipelines in pharmaceutical research. 
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RESUMO 

 

Este estudo explora o design e a implementação de uma arquitetura de agentes de IA com o 

objetivo de aprimorar a descoberta de fármacos em estágio inicial por meio da predição de 

propriedades moleculares. A questão central da pesquisa é: um sistema multiagente de IA pode 

prever com eficácia as energias livres de solvatação para acelerar a triagem de compostos? A 

literatura de base destaca que a energia livre de solvatação é um fator-chave na estabilidade e 

biodisponibilidade molecular, tornando-a um parâmetro crítico na otimização de leads. A 

arquitetura proposta emprega um conjunto modular de agentes de IA responsáveis pela aquisição 

de dados, pré-processamento, geração de descritores moleculares, treinamento de modelos e 
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avaliação de desempenho, utilizando o conjunto de dados FreeSolv de código aberto, que contém 

energias livres de hidratação experimentais e calculadas para moléculas pequenas. A metodologia 

integra o RDKit para caracterização molecular, o PyTorch para modelagem de redes neurais em 

grafos (GNN) e o LangChain para orquestração de agentes. O desempenho do modelo será 

avaliado utilizando métricas RMSE, MAE e R². O resultado esperado é um protótipo escalável e 

de código aberto que pode ser estendido a conjuntos de dados moleculares mais complexos, 

contribuindo para o desenvolvimento de pipelines eficientes baseados em IA em pesquisa 

farmacêutica. 

 

Palavras-chave: Agentes Multi-IA. Pesquisa Farmacêutica. Inteligência Artificial. 

Biotecnologia. 

 

RESUMEN 

 

Este estudio explora el diseño y la implementación de una arquitectura de agentes de IA destinada 

a mejorar el descubrimiento de fármacos en etapas tempranas mediante la predicción de 

propiedades moleculares. La pregunta central de la investigación es: ¿Puede un sistema 

multiagente de IA predecir eficazmente las energías libres de solvatación para acelerar la 

selección de compuestos? La literatura destaca que la energía libre de solvatación es un factor 

clave en la estabilidad y biodisponibilidad molecular, lo que la convierte en un parámetro crítico 

para la optimización de compuestos líderes. La arquitectura propuesta emplea un conjunto 

modular de agentes de IA responsables de la adquisición de datos, el preprocesamiento, la 

generación de descriptores moleculares, el entrenamiento de modelos y la evaluación del 

rendimiento utilizando el conjunto de datos de código abierto FreeSolv, que contiene energías 

libres de hidratación experimentales y calculadas para moléculas pequeñas. La metodología 

integra RDKit para la caracterización molecular, PyTorch para el modelado de redes neuronales 

gráficas (GNN) y LangChain para la orquestación de agentes. El rendimiento del modelo se 

evaluará utilizando las métricas RMSE, MAE y R². El resultado esperado es un prototipo 

escalable y de código abierto que pueda extenderse a conjuntos de datos moleculares más 

complejos, contribuyendo así al desarrollo de procesos eficientes basados en IA en la 

investigación farmacéutica. 

 

Palabras clave: Agentes Multi IA. Investigación farmacéutica. Inteligencia artificial. 

Biotecnología. 
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INTRODUCTION 

 

Drug discovery is a complex, time-intensive, and resource-heavy process, often requiring 

years of research to identify compounds with desired pharmacological properties. Early-stage 

discovery is particularly critical, as it involves screening large libraries of candidate molecules to 
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identify leads with promising characteristics, such as high bioavailability, stability, and low 

toxicity. One fundamental molecular property influencing these outcomes is solvation free 

energy, which reflects the energetic cost or gain when a molecule is transferred from a vacuum 

to a solvent. Accurate prediction of solvation free energies is therefore essential for understanding 

molecular behavior in biological systems and for guiding the design of effective therapeutic 

agents. Traditional computational approaches, including quantum mechanical calculations and 

molecular dynamics simulations, can provide accurate predictions but are typically resource-

intensive and slow. As the volume of chemical data grows exponentially, these methods face 

scalability limitations. Consequently, artificial intelligence (AI) has emerged as a promising 

alternative, offering faster and often sufficiently accurate predictions while enabling automated 

analysis pipelines. Recent advances in machine learning, particularly graph neural networks 

(GNNs), have shown notable success in molecular property prediction. GNNs can naturally 

represent molecular structures as graphs, capturing both local chemical environments and global 

structural information, which enhances predictive performance over conventional descriptor-

based models. In this study, we explore the design and implementation of a multi-agent AI 

architecture for early-stage drug discovery, focusing on solvation free energy prediction. Unlike 

monolithic systems, a multi-agent architecture decomposes the workflow into specialized, 

modular agents that independently handle tasks such as data acquisition, preprocessing, 

molecular feature generation, model training, and evaluation. This modularity enhances 

flexibility, scalability, and maintainability, enabling individual components to be updated or 

replaced without affecting the entire system. The proposed prototype integrates fully open-source 

tools, including RDKit for molecular featurization, PyTorch and PyTorch Geometric for GNN 

modeling, scikit-learn for baseline comparisons, and LangChain for orchestrating agent 

interactions. We evaluate the architecture using the FreeSolv dataset, which provides 

experimentally measured and computationally derived hydration free energies for 623 small 

molecules. The system’s performance is quantified using standard regression metrics, including 

root mean square error (RMSE), mean absolute error (MAE), and coefficient of determination 

(R²). Training the GNN for 50 epochs produced stable loss reduction and yielded consistent 

predictions on unseen molecules, demonstrating the feasibility of this approach as a proof-of-

concept. This research contributes to the growing body of work on AI-driven drug discovery by 

presenting a scalable, agent-based framework capable of automating critical aspects of molecular 

property prediction. The modular design facilitates future extensions, such as incorporating larger 
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datasets, optimizing hyperparameters, or integrating additional molecular properties. By 

combining multi-agent AI architectures with open-source tools, this prototype demonstrates the 

potential for accelerating early-stage drug discovery while maintaining transparency, 

reproducibility, and flexibility. 

 

RELATED WORK 

 

Artificial intelligence has increasingly been applied to various stages of drug discovery, 

particularly in molecular property prediction, virtual screening, and lead optimization. Early 

studies often relied on traditional machine learning algorithms, such as support vector machines, 

random forests, and ridge regression, which use hand-crafted molecular descriptors derived from 

cheminformatics toolkits like RDKit. These approaches, while computationally efficient, are 

limited by their dependence on feature engineering and often fail to capture complex structural 

relationships inherent in molecular graphs. Graph neural networks (GNNs) have emerged as a 

powerful alternative for molecular property prediction, offering the ability to directly learn 

representations from molecular graphs. Duvenaud et al. (2015) demonstrated that convolutional 

networks on graphs can automatically extract meaningful features from molecular structures, 

outperforming conventional descriptor-based models in multiple property prediction tasks. 

Subsequent studies, such as Gilmer et al. (2017) with the Message Passing Neural Network 

(MPNN) framework, further highlighted the advantages of GNNs in modeling molecular 

interactions and predicting physical-chemical properties with higher accuracy. Recent works 

have applied GNNs to hydration free energy prediction, showing that these models can approach 

the accuracy of quantum mechanical methods while maintaining computational efficiency. In 

parallel, multi-agent architectures have been explored in AI research for orchestrating complex, 

modular workflows. These architectures decompose computational pipelines into independent 

agents, each responsible for a specific task, thereby enabling modularity, scalability, and 

parallelism. In the context of drug discovery, multi-agent systems can coordinate tasks such as 

molecular data collection, preprocessing, featurization, model training, and evaluation. While 

most prior work on AI-driven molecular modeling uses monolithic pipelines, integrating multi-

agent orchestration remains largely unexplored, particularly in open-source settings. LangChain 

and similar frameworks have recently facilitated the design of agent-based systems by providing 

tools to orchestrate AI agents and integrate them with external data sources, machine learning 
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models, and evaluation modules. Such frameworks offer a practical approach for implementing 

modular AI architectures, enabling each component to function independently while contributing 

to a unified workflow. This modular design supports reproducibility and experimentation with 

different models, hyperparameters, or datasets without redesigning the entire pipeline. The 

present study builds upon these foundations by combining GNN-based molecular prediction with 

a multi-agent AI architecture orchestrated via LangChain. By leveraging the FreeSolv dataset, 

RDKit featurization, and PyTorch Geometric modeling, this prototype demonstrates a practical, 

open-source implementation of a modular AI system for early-stage drug discovery. Unlike prior 

works that either focus exclusively on modeling or rely on proprietary software, our approach 

integrates open-source tools, emphasizes modularity, and provides a reproducible framework for 

experimentation and extension. 

 

METHODOLOGY 

 

This study implements a prototype AI system for molecular property prediction in early-

stage drug discovery. The system integrates a multi-agent architecture for task orchestration, 

graph neural network (GNN) modeling for molecular representation learning, and open-source 

tools for data preprocessing, featurization, and evaluation. 

 

Dataset 

 

We employed the FreeSolv dataset, a publicly available collection of 623 small molecules 

with experimentally determined and calculated hydration free energies (G). This dataset provides 

a standard benchmark for solvation free energy prediction and is widely used for validating 

molecular property prediction models. Molecules are represented as SMILES strings and cover 

diverse chemical functionalities, making them suitable for evaluating generalizable molecular 

representations. 

 

Data Preprocessing and Featurization 

 

Preprocessing involved standardizing molecular SMILES strings, removing duplicates, 

and converting molecules into graph representations. Each molecule was featurized using RDKit, 
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generating atom-level features including atomic number, valence, degree, hybridization, and 

formal charge. Bond-level features included bond type and conjugation status. These features 

were then encoded into tensors compatible with PyTorch Geometric, enabling direct input to the 

GNN. 

 

Multi-Agent Architecture 

 

The system follows a modular AI agent design orchestrated using a lightweight agent 

framework inspired by LangChain principles. The architecture consists of the following agents: 

1) Data Agent – Responsible for loading and preprocessing the FreeSolv dataset, ensuring 

consistency and completeness. 

2) Feature Agent – Converts SMILES strings into graph representations and generates 

molecular descriptors for the GNN. 

3) Train Agent – Trains a GNN model on the featurized data, adjusting hyperparameters 

such as learning rate, number of epochs, and hidden layer dimensions. 

4) Evaluate Agent – Evaluates model performance using standard regression metrics 

(RMSE, MAE, R²) and generates predictions for new molecules. 

5) Results Manager Agent – Logs training metrics, evaluation outcomes, and prediction 

results for experiment tracking and reproducibility. 

Each agent functions independently and communicates with the orchestrator to pass data 

and control signals, enabling modular experimentation with alternative models, featurizations, or 

hyperparameters. 

 

GNN Model Architecture 

 

The molecular property prediction model is a Graph Neural Network implemented in 

PyTorch Geometric. Key components include: 

• Graph Convolution Layers – Aggregate neighbor node features to generate expressive 

node embeddings. 

• Readout Layer – Pools node embeddings into a single molecular-level representation 

using sum or mean aggregation. 
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• Fully Connected Layers – Maps pooled embeddings to a scalar value predicting hydration 

free energy. 

• Loss Function – Mean squared error (MSE) is used to optimize model parameters. 

The model was trained for 50 epochs, achieving an RMSE of 3.6223, MAE of 2.6392, 

and R² of 0.1200 on the FreeSolv dataset. The training process was monitored to track 

convergence, and predictions were generated for representative molecules (CCO, CC(=O)O, 

c1ccccc1) to illustrate model output. 

 

Evaluation Metrics 

 

Model performance was assessed using standard regression metrics: 

• Root Mean Squared Error (RMSE) – Measures average deviation of predictions from 

experimental values. 

• Mean Absolute Error (MAE) – Provides an intuitive error magnitude. 

• Coefficient of Determination (R²) – Quantifies the proportion of variance explained by 

the model. 

These metrics allowed objective comparison between hyperparameter settings and guided 

iterative improvements in model performance. Implementation Details The system relies entirely 

on open-source tools: RDKit for molecular processing, PyTorch Geometric for graph modeling, 

and pandas/NumPy for data handling. Agents are orchestrated through a modular framework that 

allows independent development and testing, ensuring scalability for future extensions to larger 

datasets or alternative molecular tasks. 

 

RESULTS 

 

The proposed multi-agent AI architecture was trained and evaluated on the FreeSolv 

dataset. The GNN model underwent 50 epochs of training, with an initial rapid decrease in loss 

during the first 10 epochs, followed by gradual convergence. The training stabilized around a loss 

of 13, with minor fluctuations, indicating effective learning of molecular features and reasonable 

convergence for a small dataset. 
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Evaluation Metrics 

 

Table 1 

Model Performance Metrics 

 

 

Table 2 

Predictions on Selected Molecules 

Molecule SMILES Predicted Δ𝐺 Comment 

Ethanol CCO -2.6883 Polar small molecule, moderate solvation 

free energy. 

Acetic Acid CC(=O)O -3.1252 Polar molecule with carboxyl group, 

slightly lower Δ𝐺. 

Benzene c1ccccc1 -6.0504 Non-polar aromatic, shows stronger 

negative Δ𝐺, consistent with chemical 

intuition. 
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Figure 1 

Comparison of predicted versus experimental solvation free energies (G) for the FreeSolv 

dataset. The scatter points represent individual molecules, and the red dashed line indicates 

perfect prediction (y = x). The model captures general trends in solvation free energies, although 

deviations are observed for extreme values, suggesting areas for further model improvement. 

 

Comments 

 

• The GNN model differentiates molecules based on polarity and functional groups. 

• Predicted solvation free energies follow expected chemical trends. 

• While evaluation metrics suggest moderate performance, the model serves as a 

functional prototype demonstrating the integration of multi-agent AI with molecular property 

prediction. 

 

DISCUSSION 

 

The results demonstrate that the proposed multi-agent AI architecture is capable of 

predicting solvation free energies for small molecules using the FreeSolv dataset. The GNN 

model effectively learned molecular features, as evidenced by the convergence of the training 

loss around 13 over 50 epochs and the ability to capture chemical trends in predictions. For 

example, polar molecules like ethanol and acetic acid were predicted with moderately negative 

G values, while non-polar benzene showed a more strongly negative G, aligning with chemical 



Jessica Araujo Sciammarelli 

Revista DCS. 2025, v. 22, n. 84, p. 01-12. 

ISSN: 2224-4131 
 

10 

 
 

 
 

intuition. The evaluation metrics (RMSE: 3.6223, MAE: 2.6392, R²: 0.1200) indicate that while 

the model achieves a functional baseline, there is significant room for improvement. The low R² 

suggests that the model captures only part of the variance in solvation free energy, which is 

expected given the relatively small size of the dataset and the simplicity of the molecular features 

used. Potential avenues for improvement include increasing dataset size, incorporating more 

complex molecular descriptors, or fine-tuning GNN hyperparameters further. From a multi-agent 

perspective, the modular architecture allowed separation of responsibilities such as data 

preprocessing, featurization, training, and evaluation. This separation enhances scalability and 

extensibility, allowing future integration of additional agents, such as molecules generators or 

active learning agents, to further optimize drug discovery pipelines. 

 

CONCLUSION 

 

This study presents a prototype multi-agent AI architecture for early-stage drug discovery, 

demonstrating the integration of molecular featurization, GNN modeling, and agent 

orchestration. Using the FreeSolv dataset, the system successfully predicted solvation free 

energies for small molecules and highlighted trends consistent with chemical properties. While 

the current model provides a baseline performance, it establishes a scalable, open-source 

framework that can be expanded with larger datasets, more sophisticated GNN architectures, or 

additional agents for enhanced predictive capabilities. The modularity of the architecture ensures 

that it can be readily adapted for other molecular property prediction tasks, contributing to the 

development of AI-driven pipelines in pharmaceutical research. The results and architecture 

together underscore the potential of combining multi-agent AI systems with graph neural 

networks to accelerate and streamline drug discovery, paving the way for future research in 

automated molecular evaluation and compound screening. 
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