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Abstract: Transfer learning has revolutionized various domains of machine learning by leveraging 

knowledge gained from one task to improve performance on another related task. In the context of 

predicting chemical reactions, where accurate prediction can significantly expedite drug discovery and 

materials science research, transfer learning offers a promising approach to enhance model performance 

with limited labeled data. This article explores the application of transfer learning in the domain of chemical 

reaction prediction using neural networks. We present a detailed study utilizing synthetic data to 

demonstrate the feasibility and benefits of transfer learning, alongside practical implementation steps and 

performance evaluation metrics. 
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1.Introduction  

Chemical response expectation plays a significant part in pharmaceuticals, materials science, and different 

chemical businesses. Customarily, anticipating results of chemical responses depended intensely on space 

information and exploratory trials. With progressions in machine learning[1], especially profound learning, 

prescient models can learn complex designs straightforwardly from information, possibly outperforming 

conventional strategies in exactness and productivity. Be that as it may, one of the essential challenges in 

creating vigorous models for chemical response expectation is the accessibility of labeled information, 

which is frequently restricted and costly to get. The part of noncovalent intelligent within the 

stereocontrolling move states of a few responses have been investigated utilizing the thickness utilitarian 

hypothesis considers, counting organo- and move metal-catalyzed responses of binaphthyl family. These 

[2]molecular bits of knowledge have highlighted that the arrangement of the favored enantiomer in deviated 

changes is managed by the impact of geometric and electronic highlights of a catalyst. Be that as it may, 

deconvolution of the unobtrusive interdependencies of these highlights remains a major challenge. The 

number of responses in each catalyst family is appeared in brackets. The number of catalysts and substrates 

in each case are given in square brackets. 
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Figure-1 Catalyst families and substrates in catalytic      asymmetric hydrogenation. 

 

 

Transfer learning [3] addresses the data scarcity issue 

by leveraging knowledge learned from a related task to 

improve model performance on the target task. In this 

article, we investigate how transfer learning techniques 

can be applied to neural networks [4]for predicting 

chemical reaction outcomes. Specifically, we explore the 

use of pre-trained models, fine-tuning strategies, and 

domain adaptation methods to enhance prediction 

accuracy with minimal labeled data. 

 

 
Figure-2 Transfer Learning 

model 

    2. Literature Study 

Asymmetric hydrogenation is a pivotal process in the synthesis of chiral molecules, essential in the 

pharmaceutical, agrochemical, and fine chemical industries. The enantioselectivity of these reactions is 

influenced by the choice of chiral catalysts, which often require extensive experimental screening to 

optimize. Traditional prediction methods, such as density functional theory (DFT) [2] while accurate, are 

computationally expensive and impractical for large-scale applications .  Machine learning (ML), 

particularly neural networks [4], has revolutionized predictive modeling in chemistry. Early ML 

applications in chemistry focused on quantitative structure-activity relationship (QSAR) models to predict 

biological activities. Recent advancements have seen deep learning models like convolutional neural 

networks (CNNs) and recurrent neural networks (RNNs) applied to reaction predictions, demonstrating 

significant improvements over traditional methods. Neural networks offer the ability to learn complex 

patterns from large datasets, making them ideal for predicting outcomes of asymmetric hydrogenation. 

These models can capture subtle dependencies between molecular structures and reaction conditions that 

traditional methods may overlook [5]. For instance, the Molecular Transformer model has shown promising 

results in predicting chemical reactions, including hydrogenation, by learning from large datasets. 

 

Transfer learning involves fine-tuning a pre-trained model on a new, related task, which is particularly 

useful when the new task has limited data[6]. This approach leverages the knowledge acquired from the 

source task to improve performance on the target task. In chemistry, transfer learning has been used to 

predict chemical properties and reactions, demonstrating significant improvements in accuracy and 

efficiency. Applying transfer learning to enhance asymmetric hydrogenation predictions is an emerging 

field[7]. Models pre-trained on large, diverse reaction datasets can be fine-tuned on smaller, specific 

datasets of asymmetric hydrogenation reactions. This approach has been shown to improve predictive 

accuracy significantly. Schwaller et al[8]. demonstrated that sequence-to-sequence models could generalize 

across various reaction types, including asymmetric hydrogenation, by leveraging transfer learning . 

Several studies have highlighted the potential of transfer learning in asymmetric hydrogenation prediction. 

Schwaller et al. (2019) introduced a model capable of uncertainty-calibrated reaction prediction, showing 

robust performance across different reaction types . [9] Lee et al. (2020) demonstrated that transfer learning 

could adapt models pre-trained on general reaction data to specific tasks, achieving higher prediction 

accuracy for asymmetric hydrogenation . Despite promising advancements, challenges remain in applying 

transfer learning to asymmetric hydrogenation. The primary challenge is the scarcity of high-quality, labeled 

data specific to these reactions. Moreover, the interpretability of neural network models is often limited, 

making it difficult to understand the decision-making process of the models. Future research should focus 

on creating comprehensive datasets and developing more interpretable models to address these challenges. 
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3.Methodology  

To illustrate the application of transfer learning in chemical reaction prediction, we utilize synthetic data 

generated to simulate features and labels representing different chemical reactions. The data is split into 

training and validation sets using the train_test_split function from scikit-learn 

 

Figure-3 Feedforward neural network 

. A simple feedforward neural network architecture is employed, consisting of multiple dense layers with 

ReLU activation for learning complex non-linear relationships The model is trained with the Adam 

Optimizer and the Binary Cross Entropy Loss function. The training progress is monitored for 50 time 

periods and the set size is set to 16 to balance computational efficiency and model uniformity. Training 

history metrics, including accuracy and loss, are visualized using matplotlib to assess model performance 

and approach stability. 

3.1  Proposed Approach 
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4. Results and Discussion 

The experimental results demonstrate the effectiveness of transfer learning in improving prediction accuracy 

for chemical reactions. By initializing the neural network with weights learned from a pre-trained model (on 

related chemical data), the model achieves faster convergence and better generalization on the target 

chemical reaction prediction task. Visualizations of training history show consistent improvement in 

accuracy and reduction in loss on both training and validation datasets, indicating effective learning and 

generalization capabilities of the model.Furthermore, inference using the trained model on unseen test data 

confirms the model's ability to make accurate predictions on new chemical reactions. This is crucial for real-

world applications where the model needs to generalize well beyond the training data. 

 

  

Figure-4  Model Prediction : Accuracy and Loss 
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5. Conclusion 

This research article demonstrates the feasibility and benefits of applying transfer learning techniques in the 

domain of chemical reaction prediction using neural networks. By leveraging pre-trained models and fine-

tuning strategies, we can enhance prediction accuracy even with limited labeled data, thereby accelerating 

research in drug discovery, materials science, and chemical engineering. Future work includes exploring 

more sophisticated neural network architectures, integrating more diverse datasets, and optimizing transfer 

learning techniques tailored to specific chemical reaction prediction tasks. 
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