
 
Finding Reaction Mechanism Pathways with Deep Reinforcement Learning and Heuristic Search 

A chemical reaction, as the overall transformation of reactant molecules into product molecules, can be 
broken down into smaller reaction steps called elementary steps. An elementary step reaction involves only a 
single transition state, such as making bonds, breaking bonds, or donating electrons, that transforms the 
chemical reactants into chemical products. While Artificial Intelligence (AI) has been used to predict the 
outcomes of chemical reactions, most of these reaction predictors are designed to predict the major outcome 
of overall transformations, skipping the chemical reactions at a mechanistic level, making it difficult to 
identify intermediates and byproducts of the reaction. Information on the reaction mechanisms allows 
practitioners to identify intermediate molecules, predict the results of similar reactions under various 
conditions, and validate the feasibility of that reaction. Existing models for elementary steps, like OrbChain 
[1], can predict reaction mechanisms using a beam search algorithm, an incomplete search algorithm that does 
not explicitly consider path cost. To address this, we learn a heuristic function and perform a heuristic search 
that is complete and explicitly takes path cost into account. 
 
Approach, Results, and Future Work: We pose finding a sequence of reaction mechanisms as a pathfinding 
problem, using the United States Patent and Trademark Office (USPTO) [2] dataset for training. We create an 
offline dataset of precomputed start 
states(reactants), goal states(products), and 
expanded start states. It takes 4-5 days with 48 
CPUs to generate 2 million datasets. We use 
DeepCubeA [3], with Hindsight Experience 
Replay [4] to learn a heuristic function that 
generalizes over start and goal states to guide A* 
search to predict the sequence of mechanistic 
reactions of an overall chemical transformation, 
from reactants to products. DeepCubeA is 
trained to solve puzzles for predefined goals. To 
handle this, we build on hindsight experience 
replay to train a heuristic function that 
generalizes over any start and goal pair. We then 
use the learned heuristic function with the A* 
search algorithm to find paths from start states to 
goal states. We generate a test dataset with 
start/goal pairs to test our trained heuristic by 
taking 0-6 random steps from a given start state. We also test with Tanimoto similarity [5] to guide search. 
DeepCubeA outperforms uniform cost search and the Tanimoto similarity. We also explore learnable 
representations with rxnfp [6] instead of static representations ECFPS [7], and observe that DeepCubeA 
heuristic with learnable representation outperforms static representations like ECFPS. The USPTO dataset has 
only one product called a major product, which does not contain byproducts of chemical reactions. The 
product can contain a set of goal states instead of a single goal. Future work includes training a heuristic 
function that generalizes over states and a set of goal states. 
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