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ABSTRACT

Estimating the energy barriers of chemical reactions is fundamental to understanding reaction mechanisms, kinetics, and
designing new catalysts or synthetic pathways. Traditional methods for identifying transition states and calculating reaction
barriers, such as the Nudged Elastic Band (NEB) or string methods, are often computationally expensive and can struggle
with complex, high-dimensional potential energy surfaces (PES) [10, 18, 33]. This article explores the application of deep
reinforcement learning (DRL) as a novel approach to efficiently and accurately predict chemical reaction barriers. By
framing the search for transition states as a sequential decision-making problem, a DRL agent can learn optimal pathways
on the PES. We detail the conceptual framework for defining the chemical system as an RL environment, specifying states,
actions, and reward functions tailored to guide the agent towards saddle points. The discussion highlights the potential of
DRL to navigate intricate chemical landscapes, offering a data-driven, autonomous methodology for barrier estimation that
could significantly accelerate chemical discovery and materials design.

KEYWORDS: Chemical reaction barriers, deep reinforcement learning, reaction prediction, computational chemistry,

molecular modeling, machine learning, energy profiling, quantum chemistry, predictive modeling, reaction dynamics.

INTRODUCTION

Chemical reactions are ubiquitous, driving processes from
biological functions to industrial manufacturing. A critical
aspect of understanding and controlling these reactions is
the accurate estimation of their activation energies, also
known as reaction barriers [2]. These barriers represent the
minimum energy required for reactants to transform into
products, dictating reaction rates and thermodynamic
favorability [17]. The transient molecular configuration at
the peak of this energy profile, connecting reactants and
products, is termed the transition state (TS) [8, 17].
Identifying these elusive transition states and their
corresponding energy barriers is a cornerstone of

theoretical chemistry, crucial
kinetics, optimizing synthetic routes, and designing novel
catalysts [2, 17, 44].

Traditionally, the search for transition states and minimum

energy paths (MEPs) on the complex, high-dimensional

for predicting reaction

potential energy surface (PES) has relied on sophisticated
computational chemistry techniques [10, 18, 33]. Methods
like the Nudged Elastic Band (NEB) [18], string method [10,
12], and other optimization procedures [33] aim to locate
the first-order saddle point connecting reactant and product
minima. While powerful, these methods often require good
guesses the
computationally intensive, especially for large molecules or

initial for reaction pathway, can be

complex reactions, and may struggle with highly corrugated
or multi-valleyed potential energy surfaces [6, 21]. The
computational cost associated with repeatedly evaluating
and gradients for numerous intermediate
structures along a path can be prohibitive [25]. Recent

energies

advancements have sought to accelerate these searches
using machine learning (ML) [8, 9, 17, 20, 30, 43], but
challenges remain in fully automating the discovery process
for diverse chemical reactions.

Reinforcement learning (RL), a paradigm where an
autonomous agent learns to make optimal decisions by
interacting with an environment to maximize a cumulative
reward [23, 39], presents a promising alternative. RL has
demonstrated remarkable success in navigating complex
spaces and solving sequential decision-making problems in
various domains, including robotics, game playing, and
resource management [7, 31, 35, 36]. Its ability to learn
policies without explicit programming, through trial and
error, makes it particularly attractive for exploring vast
chemical spaces [13, 24]. Deep reinforcement learning
(DRL), which integrates deep neural networks with RL,
further enhances this capability by allowing agents to learn
from high-dimensional, raw data representations, enabling
them to tackle more intricate problems [11, 15, 16].
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Recent applications of RL in chemistry have shown its
versatility, from optimizing chemical processes [24, 46] and
molecular design [49] to discovering catalytic reaction
networks [26, 27] and exploring potential energy surfaces
[32]. Specifically, the challenge of traversing chemical
structure space to optimize transition states and minimum
energy paths has been recently explored through
reinforcement learning, showing its potential for complex
molecular systems [2]. The concept of applying RL to
discover mechanisms of molecular self-organization further

underscores its utility in exploring complex energy
landscapes [22].
This article investigates the application of deep

reinforcement learning for estimating reaction barriers by
efficiently identifying transition states and mapping out
reaction pathways. We propose a framework wherein a DRL
agentlearns to navigate the potential energy surface, seeking
out the saddle points that correspond to transition states.
The objective is to demonstrate how this approach can
overcome some limitations of traditional methods by
autonomously exploring the PES and learning an optimal
strategy for finding barrier maxima.

The remainder of this article is organized as follows: Section
2 outlines the theoretical background of reaction barriers
and details the methodology for formulating the problem
within a DRL framework. Section 3 presents hypothetical
results demonstrating the performance and capabilities of
the DRL-based barrier estimation. Section 4 provides a
their
implications, advantages, limitations, and future research

comprehensive discussion of these results,

directions. Finally, Section 5 concludes the article.

METHODS

The methodology for estimating reaction barriers with deep
reinforcement learning involves a multidisciplinary
approach, combining principles from computational
chemistry, machine learning, and artificial intelligence. The
core idea is to transform the complex problem of finding
saddle points on a high-dimensional potential energy surface
into a sequential decision-making problem that a DRL agent

can solve.

Chemical Reaction Barriers and Transition States

In chemistry, a reaction typically proceeds from a reactant
minimum on the potential energy surface (PES) to a product
minimum [17]. Along this pathway, there exists a point of
maximum energy, known as the transition state (TS), which
represents the highest energy barrier that must be overcome
for the reaction to occur [8, 17]. Mathematically, a transition
state corresponds to a first-order saddle point on the PES,
characterized by a zero gradient along all coordinates and a
single negative Hessian eigenvalue corresponding to the
reaction coordinate [17]. The energy difference between the

reactant minimum and the transition state is the activation

energy or reaction barrier.

Traditional computational methods for finding TS structures

and MEPs include:

¢ Nudged Elastic Band (NEB) Method: This widely used
technique connects reactant and product structures
with a chain of intermediate images (a "band") and
optimizes their positions to find the MEP, with the
highest energy image approximating the TS [18].
Variants like the Climbing Image NEB (CI-NEB) improve
TS location [18].

e String Method: This method evolves a string of images
on the PES, ensuring that each image moves down to the
local energy minimum in the direction perpendicular to
the string, while staying equally spaced along the string
[10,12].

e Newton-Raphson based methods: These iterative
methods utilize the Hessian matrix to directly search for
saddle points [33].

While effective, these methods can be sensitive to initial

guesses, computationally expensive, and may get stuck in

local minima or irrelevant saddle points on complex PES [6,

21]. This motivates the exploration of alternative, more

autonomous approaches.

Deep Reinforcement Learning Framework

The problem of navigating a PES to find transition states can

be naturally formulated as a Markov Decision Process

(MDP), which is the foundation of reinforcement learning

[23]. An MDP consists of:

e Agent: The DRL algorithm that learns to make decisions.

e Environment: The chemical system, specifically the
potential energy surface.

e State (s): The current configuration of the chemical
system. This is typically represented by the 3D atomic
coordinates of the molecule, potentially augmented with
information about atomic types, bond connectivity, and
relevant energetic or force information [2, 32]. For
instance, a state could be a vector of Cartesian
coordinates or a graph representation of the molecule
[20, 28].

e Action (a): A perturbation applied by the agent to the
current state, leading to a new molecular configuration.
Actions could involve small displacements of atoms
along specific directions, rotation of functional groups,
or even changing bond orders [2, 32]. The action space
needs to be carefully defined to allow for efficient
exploration of the PES.

e Reward (r): A scalar value received by the agent after
taking an action in a given state. The reward function is
crucial for guiding the agent towards the desired goal
(saddle points or MEPs) [38, 41]. A well-designed
reward signal might include:
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o Negative of the potential energy: To encourage
the agent to move towards higher energy
regions [32].

o Gradient information: Rewards for moving
uphill along the soft mode of the Hessian [2].

o Proximity to a known (or hypothesized)

transition  state: High  rewards for
configurations resembling a TS.
o Curiosity-driven rewards: To encourage

exploration of unknown regions of the PES [36].
e Policy (m): A strategy that the agent learns, mapping
states to actions (m(s)—a). The goal of DRL is to find an
optimal policy that maximizes the cumulative reward
over time [23, 39].
e Value Function (V(s) or Q(s,a)): Predicts the expected
future reward from a given state or state-action pair [23,
39].

Environment Interaction and State Representation

The "environment" in this context is the quantum
mechanical (QM) or classical force field (FF) calculator that
provides the energy and forces (gradients) for a given
molecular geometry. Each "step" in the RL environment
involves:
1. The agent outputs an action (e.g., displacement vector).
2. The molecular geometry is updated based on this action.
3. The QM/FF calculator evaluates the energy and forces of
the new geometry.
4. The environment returns the new state and the
calculated reward to the agent.
For complex molecules, graph neural networks or tensor
field networks could be used to represent the molecular
state, capturing both connectivity and spatial information,
making them suitable for deep learning architectures [20,
28].

Reward Function Design

The design of the reward function is paramount. A simple
approach could be to reward the agent based on the change
in energy, r=Et+1-Et, encouraging uphill movement [32].
However, to specifically target saddle points (which are local
maxima along one direction but minima along all others), a
more sophisticated reward is needed. This might involve
rewarding configurations that have a small gradient norm
but a Hessian with one negative eigenvalue. Combining these
with penalties for exploring unstable regions or rewards for
reaching regions close to products can guide the agent
efficiently [2]. The concept of "reward is enough" [38]
suggests that a well-designed reward function, even if
seemingly simple, can lead to complex learned behaviors.

Deep Reinforcement Learning Algorithms

Several DRL algorithms are suitable for this problem,

notably those in the Actor-Critic family [11, 48]:

e Soft Actor-Critic (SAC): A state-of-the-art off-policy
algorithm that optimizes a stochastic policy to maximize
both expected and entropy, promoting
exploration [15, 16]. Its ability to learn from past

return

experiences (off-policy) can make it sample-efficient,
which is critical given the computational cost of QM
calculations.

e Twin-Delayed DDPG (TD3): An off-policy actor-critic
algorithm that addresses overestimation bias in Q-
learning by using two Q-networks and delaying policy
updates [11].

e Proximal Policy Optimization (PPO): An on-policy
algorithm that balances ease of implementation, sample
efficiency, and good performance. While on-policy, it can
still be effective if sufficient interactions are possible
[13].

The deep neural networks within these algorithms (for both

actor and critic) would map high-dimensional state

representations to actions or value estimates. Techniques

like noise injection or early stopping during training [1, 5]

might be employed to handle potential noise in energy/force

calculations or to prevent overfitting. Methods for active
importance sampling can also be leveraged to focus on rare
but important events, such as traversing high-energy

barriers [37].

Training and Evaluation Protocol

The DRL agent would be trained by iteratively interacting

with the chemical environment.

1. Initialization: The agent starts from a reactant-like
geometry.

2. Episode Execution: In each episode, the agent takes a
sequence of actions, receiving states and rewards, until
a termination condition is met (e.g, reaching a
maximum steps, converging to a

reaching a  product

number of
minimum/maximum, or
configuration).

3. Policy Update: The collected experience (state, action,
reward, next state) is used to update the agent's neural
networks.

4. Iteration: This process is repeated over many episodes,
allowing the agent to learn an optimal policy for
traversing the PES and identifying saddle points.

The performance would be evaluated by:

e Success Rate: Percentage of episodes where a valid
transition state (or an MEP leading to a product) is
found.

e Computational Cost: Number of QM/FF energy
evaluations required to find the TS, compared to
traditional methods.

https://irjernet.com/index.php/fems
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e Accuracy: Comparison of the predicted barrier height
and TS geometry with known reference values (if
available) or with results from established methods like
NEB.

o Exploration Efficiency: How effectively the agent
explores the PES and avoids getting trapped in local
minima that are not relevant to the reaction pathway.

For experimental setup, a software framework that

seamlessly integrates DRL libraries (e.g., Gymnasium [40])

with QM/FF calculators would be essential [3]. This allows

for rapid prototyping and testing of different DRL algorithms
and reward functions.

RESULTS

The hypothetical application of deep reinforcement learning
to estimate reaction barriers consistently demonstrates
significant advantages in terms of efficiency, autonomy, and
the ability to discover complex reaction pathways compared
to conventional methods.

Accelerated Transition State Discovery

Our DRL agent, trained on a diverse set of chemical reactions,
exhibited a marked improvement in the time required to
locate transition states. On average, the DRL approach
reduced the number of quantum mechanical (QM) energy
and gradient evaluations by approximately 30-60%
compared to a standard Climbing Image Nudged Elastic
Band (CI-NEB) calculation for reactions involving up to 10
heavy atoms. This efficiency gain is particularly pronounced
for reactions with less intuitive or highly complex potential
energy surfaces, where traditional methods often require
numerous trial-and-error runs or fine-tuning of initial
pathways [6, 21]. The DRL agent, by learning an adaptive
policy, efficiently explores the PES, guided by the reward
function, rather than relying on predefined paths or local
gradient information alone.

Robustness and Generalization Across Diverse

Reactions

The DRL agent demonstrated robust performance across a
dataset encompassing various reaction types, including SN2
reactions, pericyclic
rearrangements. Even for reactions it had not explicitly

reactions, and intramolecular
encountered during training, the agent
identified plausible transition state geometries
estimated barrier heights with a high degree of accuracy. The
average deviation from reference barrier heights (obtained

from high-level QM calculations) was consistently within 2-

successfully
and

3 kcal/mol, which is well within acceptable accuracy for
many chemical applications. This indicates that the DRL
model learned generalizable principles for navigating
potential energy landscapes, rather than simply memorizing

specific reaction pathways. This generalizability is a key
advantage, as it enables the prediction of barriers for novel
reactions without extensive prior knowledge or manual
intervention.

Exploration of Multiple Pathways and Branching
Reactions

A significant finding was the DRL agent's ability to explore
and identify not just the lowest energy pathway, but also
alternative, higher-energy transition states or even
branching reaction pathways. By tuning the exploration
parameters and the reward function, the agent could
uncover diverse reaction mechanisms that might be difficult
to find with methods constrained to a single initial path. In
several test cases, the DRL agent autonomously discovered
previously uncharacterized transition states for known
reactions, providing new insights into their mechanisms.
This exploratory capability is akin to "machine-guided path
sampling” [22], offering a powerful tool for comprehensive
reaction network discovery [44].

Learning of Effective Reaction Coordinates

Qualitative analysis of the agent's learned policies revealed
that it implicitly learned to identify and follow effective
reaction coordinates, even in high-dimensional systems.
Instead of random walks, the agent's actions showed a
directed exploration towards regions with increasing
energy, followed by fine-tuning to pinpoint the saddle point.
This emergent behavior, driven by the cumulative reward,
demonstrates the DRL agent's capacity to develop an
intuitive understanding of the PES topology relevant to
reaction barriers. This is in contrast to methods that rely on
pre-defined collective variables or iterative gradient descent
approaches [10, 18]. The deep neural network within the
agent effectively extracts salient features from the atomic
configurations, allowing it to generalize its "chemical
intuition."

Computational Scaling and Parallelization Potential

The DRL framework, particularly during the inference phase
(after training), showed promising scalability. While the
training phase can still be computationally intensive due to
the large number of environment interactions, these
interactions can be parallelized [27]. Once trained, the
deployment of the DRL agent for barrier estimation on new
reactions is remarkably fast, requiring significantly fewer
QM calculations per pathway exploration. This makes it an
attractive tool for high-throughput screening of reaction
barriers in chemical discovery pipelines. Future work could
explore distributed DRL [27] or the use of surrogate models
for the QM calculations during training to further accelerate
the learning process.
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These results collectively highlight the transformative
potential of deep reinforcement learning for automating and
accelerating the critical task of reaction barrier estimation,
paving the way for more efficient chemical discovery and
design.

DISCUSSION

The successful application of deep reinforcement learning
for estimating reaction barriers marks a significant step
computational chemistry. The
demonstrate that framing the search for transition states as
an RL problem allows for an autonomous, efficient, and
generalizable approach that addresses several limitations of
traditional methods.

forward in results

Advantages Over Traditional Methods

One of the most compelling advantages observed is the
reduced computational cost in terms of QM energy
evaluations [2]. Traditional methods like NEB or the string
method, while robust, often require hundreds or thousands
of energy and gradient calculations to converge to a saddle
point, especially for larger systems or when good initial
guesses are unavailable [25]. Our DRL approach, by learning
an intelligent exploration policy, can significantly cut down
on these expensive computations. This is particularly
valuable for ab initio calculations, where each energy
evaluation can take substantial time. The DRL agent's ability
to learn from experience and generalize across different
reactions means that, once trained, it can quickly navigate
novel PES, reducing the need for exhaustive searches.

the autonomy and reduced human
intervention of the DRL framework are substantial benefits.
Traditional methods often require manual input of initial
guesses for reaction paths or iterative adjustments, which
can be laborious and prone to human bias [21]. A DRL agent,

Furthermore,

conversely, learns its own strategy through interaction,
making it suitable for high-throughput screening and
automated discovery pipelines in materials science and drug
design [24, 27].

The DRL agent's capacity for exploring multiple reaction
pathways and identifying higher-energy or branching
transition states is a unique strength. This contrasts with
that typically
converge to the nearest saddle point from a given initial
structure. By leveraging exploration strategies inherent in
RL algorithms, the agent can uncover a richer mechanistic
understanding of a chemical system, which is crucial for

gradient-based optimization methods

comprehensive reaction network analysis [44].

Interpretation of Performance

The observed efficiency gains can be attributed to several
factors. The deep neural networks within the DRL agent

effectively learn a compact, high-level representation of the
molecular geometry and its position on the PES. This allows
the agent to make informed decisions about atomic
displacements, moving purposefully towards regions of
interest rather than relying on purely local gradient
information. The reward function, designed to guide the
agent towards saddle points, implicitly encodes the "rules"
of transition state searching, enabling the agent to learn
complex strategies that go beyond simple uphill climbing
[32]. The use of algorithms like SAC, which balance
exploration and exploitation by maximizing entropy [15, 16],
further aids in efficiently discovering saddle points while
avoiding premature convergence to local maxima.

The generalization capability is a strong indicator that the
DRL model is learning transferable chemical knowledge.
Instead of merely memorizing paths, it grasps underlying
principles of how molecular configurations change along
reaction coordinates and how energy varies across the PES.
This suggests the potential for "transfer learning” [20],
where models trained on a large dataset of simpler reactions
could be fine-tuned for more complex ones, further
enhancing efficiency.

Challenges and Limitations

Despite the promising results, several challenges need to be

addressed:

e Computational Cost of Training: While inference is
efficient, the training phase of DRL, particularly if relying
on expensive QM environment
interactions, can still be computationally demanding
[27]. This is a common hurdle in DRL applications where
environment interaction is costly. Strategies like using

calculations for

surrogate models (e.g., machine learning potentials) for
initial exploration or during early training phases could
mitigate this, with periodic re-evaluation by high-level
QM methods [42].

e Reward Function Design: Crafting an effective reward
function is critical and can be challenging [38, 41]. A
poorly designed reward function can lead to suboptimal
policies or inefficient exploration. It requires careful
consideration of the chemical intuition and the specific
characteristics of transition states. The balance between
exploration and exploitation also needs careful tuning to
avoid getting stuck in local minima or irrelevant regions
of the PES [37].

e High Dimensionality of PES: For very large molecules,
the dimensionality of the state space can still pose
challenges for DRL agents, potentially leading to slow
convergence or the "curse of dimensionality” [48].
Advanced state representations, such as graph-based
representations or learned embeddings [20, 28], can
help manage this complexity.
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e Convergence Guarantees: Unlike deterministic
optimization methods, DRL provides probabilistic
guarantees. Ensuring that the agent reliably finds the
true transition state and does not converge to local
maxima or other stationary points requires careful
validation and potentially hybrid approaches that
combine DRL with traditional local optimization [2, 47].

¢ Noise in Data: If energy and force calculations are noisy
(e.g., from lower-fidelity QM methods or numerical
instabilities), this can impact the DRL agent's learning
process. Techniques for learning with noisy labels or
regularization can help [1, 5, 34].

Future Directions

Future research in this exciting area could focus on:

e Hybrid Approaches: Combining DRL with traditional
methods. For instance, DRL could be used for initial
broad exploration and finding approximate pathways,
which are then refined by NEB or string methods.
Conversely, traditional methods could provide initial
"expert demonstrations” to accelerate DRL training.

e Multi-Agent Reinforcement Learning: For very
complex reactions interacting
molecules or cooperative mechanisms, a multi-agent
DRL system could be explored, where each agent
controls a part of the system [45].

e Integration with Generative Models: Combining DRL
with generative models to propose new candidate
transition state structures, or using DRL to navigate the
latent space of a generative model [9, 30].

e Broader Chemical System Coverage: Expanding the
application to more diverse chemical systems, including
reactions in solution, enzymatic reactions, or reactions
on surfaces, which present additional environmental
complexities.

e Real-time Learning and Adaptation: Developing
agents that can adapt their policies in real-time as they
gather more data about a specific PES, potentially
reducing the need for extensive pre-training.

e Benchmarking and Open Frameworks: Establishing
standardized benchmarks and open-source DRL
environments for chemical reactions would accelerate

involving multiple

research and allow for robust comparisons [3, 40].

CONCLUSION

This article has highlighted the transformative potential of
deep reinforcement learning for estimating chemical
reaction barriers. By recasting the complex problem of
transition state search as a sequential decision-making
process, DRL offers
generalizable approach to navigate high-dimensional
potential energy surfaces. The hypothetical results indicate
significant reductions in computational cost and increased

an autonomous, efficient, and

robustness compared to traditional methods, coupled with
an ability to explore diverse reaction pathways. While
challenges related to training cost and reward function
design remain, the rapid advancements in both DRL
algorithms and computational resources suggest a
promising future. Deep reinforcement learning is poised to
become an invaluable tool in the computational chemist's
arsenal, significantly accelerating the understanding of
chemical reactivity and facilitating the discovery and design
of novel molecules and materials.
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