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SUMMARY:: Electrocatalytic CO, reduction reaction (CO,RR) is one of the important
technical paths to realize the carbon neutrality strategy, but the reaction faces core challenges
such as high sensitivity to operating conditions, severe competitive hydrogen evolution reaction,
and difficulty in precise regulation of product selectivity. Traditional catalyst design and static
condition optimization methods cannot adapt to the requirements of dynamic working
conditions, so there is an urgent need to develop new intelligent regulation strategies. This
paper proposes a dynamic optimization framework for electrocatalytic CO, reduction reaction
conditions and product selectivity regulation based on deep reinforcement learning. The
CO,RR process is modeled as a Markov Decision Process (MDP), a digital twin simulation
environment integrating density functional theory (DFT), microkinetic models and
experimental data is constructed, a state space including real-time potential, current density,
pH and intermediate coverage is designed, as well as a continuous action space focusing on
the adjustment of potential step size, electrolyte concentration and flow rate. A multi-objective
weighted reward function that takes into account Faradaic efficiency, energy conversion
efficiency and long-term stability is proposed, and the Proximal Policy Optimization (PPO)
algorithm is adopted to realize online dynamic regulation. Verified by simulation training and
real flow electrolyzer experiments, the results show that the reinforcement learning optimization
strategy enables the Faradaic efficiency of CO to reach 89.4% , the Faradaic efficiency of C,,
product to reach 68.7%, the energy conversion efficiency to be increased to 56.3%, and the
long-term operation stability to exceed 120 h, which are 27.1, 27.2 and 17.6 percentage points
higher than those under traditional fixed conditions respectively. Furthermore, dynamic and
fast switching between CO and C,, products is realized (response time < 5 min, selectivity
stabilized above 85%), and the microscopic mechanism of regulation is revealed through the
analysis of the dynamic evolution of intermediate coverage. Multi-objective Pareto frontier
analysis verifies the flexibility of the framework in the efficiency-selectivity trade-off. The work
in this paper breaks through the limitations of traditional static optimization, provides a new
method and new paradigm for the intelligent and real-time regulation of electrocatalytic CO,
reduction reaction, and has important theoretical significance and engineering application
value for promoting the efficient resource utilization of CO, under the background of carbon
neutrality.
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1 Introduction

With the increasingly severe problem of global climate change, achieving carbon peaking and
carbon neutrality has become an important strategic goal for China and even countries around
the world. The electrocatalytic CO, reduction reaction (CO,RR) uses renewable electricity to
convert CO, into high value-added fuels and chemical raw materials (such as CO, formic acid,
ethylene, ethanol, etc.), which can not only effectively reduce the concentration of CO, in the
atmosphere, but also realize energy storage and carbon resource recycling, making it one of the
most promising green technologies under the “dual carbon” goal. However, CO,RR involves
complex multi-electron and multi-proton transfer pathways, with high reaction overpotential,
severe competitive hydrogen evolution reaction (HER), poor product selectivity, and is
extremely sensitive to operating parameters such as potential, local pH , electrolyte
concentration, and mass transfer conditions. These factors jointly lead to low reaction efficiency
and difficulty in accurately controlling product distribution, which severely restricts the large-
scale application of this technology.

Traditional CO,RR research mainly focuses on the design of catalyst materials, improving
selectivity and activity by regulating the composition, structure, electronic properties, and
surface active sites of catalysts. Although materials such as copper-based catalysts, single-atom
catalysts, and high-entropy alloys have made important progress in the generation of C; or C,,
products, experimental optimization is still dominated by trial and error under static conditions,
which is difficult to adapt to the dynamic changes of surface state, mass transfer environment
and intermediate coverage during the reaction. Although traditional parameter optimization
techniques such as response surface methodology, genetic algorithm, and Bayesian
optimization can improve performance to a certain extent, they are mostly offline, single-
objective optimization, with high computational or experimental costs, and cannot realize real-
time online regulation.

In recent years, machine learning methods have developed rapidly in the field of CO,RR .
Technologies such as high-throughput virtual screening, graph neural networks, and active
learning have significantly accelerated the process of catalyst discovery and performance
prediction. However, most existing machine learning work focuses on static catalyst structure
design or offline data-driven modeling, failing to effectively solve the dynamic interactive
optimization problem of operating conditions during the reaction. As an intelligent method for
sequential decision-making through real-time interaction with the environment, reinforcement
learning has shown unique advantages in chemical synthesis automation and reaction condition
optimization, but its application in the field of electrocatalytic CO,RR is still in the preliminary
exploration stage, and there is a lack of systematic research that deeply integrates reinforcement
learning with the real dynamic electrochemical environment while taking into account multi-
objective selectivity regulation and long-term stability.

To address the above scientific issues and technical bottlenecks, this paper proposes a novel
framework for dynamic optimization of electrocatalytic CO, reduction reaction conditions and
product selectivity regulation based on deep reinforcement learning. First, the CO,RR process
is formalized as a Markov decision process, and an observation space containing multi-
dimensional real-time states and a continuous action space are constructed; second, a high-
fidelity digital twin simulation environment is established by integrating DFT calculations and
microkinetic models, and a multi-objective weighted reward function is designed; finally, the
Proximal Policy Optimization (PPO) algorithm is adopted to realize online dynamic regulation
of operating conditions. Through cross-validation of simulation training and real flow
electrolyzer experiments [1, 2], the effectiveness of the framework in performance
improvement, selectivity regulation and mechanistic insight is systematically evaluated [3, 4].
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The innovations of this paper are as follows: (1) It realizes the transformation from
traditional static optimization to real-time closed-loop intelligent regulation [S]; (2) It
constructs a reinforcement learning digital twin environment suitable for electrochemical
reactions, addressing the challenges of high-dimensional continuous actions and sparse rewards
[6]; (3) It proposes a multi-objective optimization strategy that balances selectivity, energy
consumption and stability, and reveals the regulation mechanism through the analysis of
dynamic evolution of intermediates [7, 8]. This study not only enriches the application
connotation of machine learning in the field of electrocatalysis, but also provides a theoretical
basis and technical support for the intelligent and large-scale development of CO,RR [9, |10].

The structure of the full paper is arranged as follows: Section 2 reviews related work;
Section 3 elaborates the theoretical basis and methods; Section 4 introduces the experimental
and simulation platforms; Section 5 presents the results and discussion; Section 6 summarizes
the full paper and prospects future research directions.

2 Related Work

Electrocatalytic CO, reduction reaction (CO,RR) is one of the key technologies to achieve the
“dual carbon” goal, which can convert CO, driven by renewable electricity into high value-
added fuels and chemicals [[11}, 12]. However, the reaction involves multi-electron-multi-proton
transfer pathways, and faces core challenges such as high overpotential, severe competitive
hydrogen evolution reaction (HER), poor product selectivity, and high sensitivity to operating
conditions (potential, pH, electrolyte concentration, flow rate, etc.). Traditional research mainly
relies on catalyst material design and static experimental optimization, which is difficult to meet
the real-time regulation requirements under dynamic working conditions. In recent years,
machine learning (ML) and data-driven methods have developed rapidly in the CO,RR field,
but existing work is mostly limited to offline catalyst screening and static performance
prediction, and systematic research on online dynamic optimization of reaction conditions and
intelligent regulation of product selectivity is still relatively scarce [13].

2.1 Traditional Optimization Methods for Electrocatalytic CO, Reduction
Reaction

Early CO,RR studies mainly optimized the composition and structure of catalysts through
experimental trial-and-error methods or density functional theory (DFT) calculations [14].
Copper-based catalysts have become the mainstream material for C, + product generation due
to their moderate *CO adsorption energy, but their product distribution is strongly affected by
factors such as applied potential, local pH, mass transfer conditions and surface intermediate
coverage [15]. Traditional parameter optimization techniques such as response surface
methodology (RSM), genetic algorithm (GA) and Bayesian optimization (BO) have been
applied to experimental condition screening. However, most of these methods are offline,
single-objective or low-dimensional optimization, which have high computational cost, and are
difficult to capture the nonlinear dynamic behavior and multi-objective trade-off issues in the
reaction process, making it hard to realize industrial-grade real-time regulation.

2.2 Application Progress of Machine Learning in CO,RR

With the accumulation of high-throughput computational and experimental data, machine
learning methods are widely used in CO,RR catalyst screening, adsorption energy prediction,
selectivity modeling and mechanism analysis. Mok et al. proposed an active motif-based
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machine learning high-throughput virtual screening strategy, which is not limited by predefined
databases and significantly accelerates the discovery of catalysts with high activity and high
selectivity.

1 Related Work Jiao et al. trained a machine learning model using limited DFT data to
rapidly predict the activity and stability of carbon-supported diatomic catalysts. Choi et al.
developed a deep learning protocol to automatically extract experimental data from a large
volume of literature, enabling reliable prediction of CO,RR performance. In addition, methods
such as crystal graph convolutional neural networks (CGCNN), graph neural networks (GNN)
and active learning are also applied to mine the structure-performance relationship of single-
atom catalysts (SACs) and high-entropy alloys. These works effectively reduce the cost of DFT
calculations and reveal the correlation between key descriptors (such as adsorption energy
distribution, d-band center, etc.) and catalytic performance.

However, the aforementioned machine learning methods are mostly focused on static
catalyst design or offline data-driven prediction, failing to fully consider the dynamic changes
of operating conditions during the reaction and real-time interaction with the environment.
Meanwhile, they have obvious limitations in handling high-dimensional continuous action
spaces, sparse rewards, and multi-objective optimization, making it difficult to directly apply
them to the online regulation of actual electrochemical systems.

2.3 Research Status of Reinforcement Learning in Chemical Reaction and
Electrocatalysis Optimization

Reinforcement learning (RL), as a sequential decision-making paradigm based on interaction
with the environment, exhibits remarkable advantages in the fields of chemical synthesis
automation, reaction condition optimization and catalyst design. In recent years, methods
combining active learning and reinforcement learning have been applied to the autonomous
discovery of catalysts, which can continuously iterate policy performance through closed-loop
experiments. In the field of electrocatalysis, some studies have attempted to apply
reinforcement learning to surface reconstruction path prediction or simple reaction condition
optimization, but the systematic application for CO,RR is still in its infancy. Existing works are
mostly limited to discrete action spaces or simplified simulation environments, lack deep
integration with real flow electrolyzers or membrane electrode assembly (MEA) systems, and
rarely have a complete framework that simultaneously takes into account dynamic switching of
product selectivity, multi-objective trade-off and long-term stability [16].

In summary, existing studies have made important progress in catalyst screening, static
performance prediction and mechanism understanding for CO,RR , but have not yet effectively
solved the scientific problem of real-time dynamic optimization of operating conditions and
intelligent regulation of product selectivity. On the basis of the above works, this paper proposes
a dynamic condition optimization framework based on deep reinforcement learning, through
by constructing a digital twin environment integrating [[17, 18]DFT calculations, microkinetic
models and experimental data, designing a multi-objective weighted reward function, and
adopting the Proximal Policy Optimization (PPO) algorithm, the online regulation of operating
conditions such as potential, pH and flow rate and the precise management of CO/C, + product
selectivity are realized, which fills the key gap in the transformation from static optimization to
dynamic intelligent regulation in this field, and provides a new method and new idea for the
intelligent development of electrocatalytic CO, reduction reactions [19| 20].
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3 Theoretical Basis and Methods

3.1 Overview of the Proposed Method

Aiming at the core scientific problems that the conditions of the electrocatalytic CO, reduction
reaction (CO,RR) are highly sensitive and the product selectivity is difficult to accurately
regulate, this paper proposes a dynamic optimization and intelligent regulation framework
based on deep reinforcement learning. As shown in Figure 1, the framework models the CO,RR
process as a Markov Decision Process (MDP), and realizes the online dynamic optimization of
operating conditions such as potential, pH, electrolyte concentration and flow rate through the
real-time interaction between the reinforcement learning agent and the reaction environment
(experimental digital twin or DFT+ microkinetic simulator), while taking into account multiple
objectives (Faradaic efficiency of target products, energy conversion efficiency, product
selectivity and long-term stability). Compared with traditional fixed-condition experiments,
response surface optimization or offline machine learning methods, the method in this paper
adopts an online closed-loop interaction paradigm, constructs a “state-action-rewar feedback
mechanism, and introduces Pareto multi-objective reward design and adaptive exploration
strategy, which can significantly improve the dynamic regulation ability of product selectivity.

This chapter first elaborates the basic principles and key influencing factors of the
electrocatalytic CO, reduction reaction, then systematically introduces the theoretical basis of
reinforcement learning, and finally constructs the reinforcement learning optimization
framework proposed in this paper in detail.

env: Environment R1:RLAgent opt:Optimization exp:Experimet
Digital TiriEnvirnment RL Agent Optmization (OnlineControl) Experiment Flow
- - Electnory Validiation)
DFT+Microkletic
Model PPO > DynamicCoontion
Algorithm Optimization L’ Realtimueti
State:potential, Analysis
currentdensity, pH,
intermediate coverage Actorg;itic - PTQdUCFSeleCtVity | | l
P Networke Switching (COC2+)
Action:potentialstep, Long?e?m
concentration, fiowrate ¢ Statiility
- GAE [ Multi-objective | e
Reward: Faradic C}dpeq Pareto Trade—off
efficiency, energy Objective
efficiency, stability A

Figure 1: Framework of deep reinforcement learning for dynamic optimization and product
selectivity control in electrocatalytic CO: reduction

3.2 Basic Principles of Electrocatalytic CO, Reduction Reaction

The electrocatalytic CO, reduction reaction is a typical multi-electron-multi-proton coupling
process, and the product selectivity strongly depends on the adsorption energy of intermediates
on the catalyst surface and external reaction conditions. The general reaction formula focused
on in this paper can be expressed as:

CO, + nH* + ne™ - +§H20 (1)

where, n is the number of transferred electrons, and different products correspond to different
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n values (for example, CO . HCOOH is, 2,CH, is, 8, C,H, is 12, etc.).
Faradaic efficiency is the core indicator for evaluating product selectivity, and its definition
is:

FE, = % x 100% 2)
where, FE; is the Faradaic efficiency of the i -th product; z; is the number of electrons required
to generate the product; F is the Faraday constant; (96485C - mol~1); n; is the amount of
substance of the i -th product; (mol); Q is the total charge passing through the electrode (C)

The reaction equilibrium potential follows the Nernst equation:

RT
E = E°—=1nQ, 3)

where E is the equilibrium potential, (V); E° is the standard electrode potential, (V); R is the
ideal gas constant (8.314 J, mol~1 - K™1); T is the absolute temperature, (K); n is the number
of transferred electrons, Q,. is the reaction quotient, and F is the Faraday constant.

The electrode reaction kinetics are described by the Butler-Volmer equation:

J = Jolexp(afn) — exp(=(1 — a)fn)] (4)

where j is the current density, (A - cm™2); j, is the exchange current density, « is the charge
transfer coefficient, f = F/RT , n = E — E,, is the overpotential, and (V); E,, is the
equilibrium potential.

The adsorption and reaction of key surface intermediates (e.g., *COOH, *CO, *CHO) can
be expressed by microkinetic rate equations:

1. = k20,exp (— %) exp (@) (5)

RT

where 7, is the rate of the k th elementary reaction, kJ is the pre-exponential factor, 8; is the
surface coverage of intermediate i , E,, is the activation energy, (J-mol™');B is the
symmetry factor, and other symbols are the same as previously defined.

3.3 Theoretical Fundamentals of Reinforcement Learning
Reinforcement learning formalizes sequential decision making problems as a Markov Decision
Process (MDP), whose core four tuple satisfies the Markov property:

P(sty1 | Sey @, Se—1, ) = P(Spyq | ey ar) (6)

where s, € § is the state at time t , a; € A is the action, and P(-) is the state transition
probability.
The goal of the agent is to maximize the cumulative discounted reward:

Gt = k=0 Vk Tt+k+1 (7)

where G, is the cumulative reward starting from time t , y € [0,1) is the discount factor, and r
is the immediate reward.
The state value function is defined as:
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VT(s) = Eq[Ge | 5¢ = 5] (®)

where V™ (s) is the state value function under policy 7 , and E, denotes the mathematical
expectation under policy .
The optimal Bellman equation can be expressed as:

V*(s) = m;lx[r(s, a)+yXaP(s'|s,a)V*(s")] 9)

where V*(s) is the optimal state value function.
The action value function (Q function) is defined as:

Qn(sr a) = IE:n[Gt | St =S, at = a] (10)

where Q™ (s, a) is the action value function under policy 7.

In response to the actual demand for continuous action space, this paper compares multiple
algorithms and finally selects Proximal Policy Optimization (PPO) as the basic framework. The
clipped objective function for its policy gradient optimization is:

LELP(9) = E;[min(r,(6)4,, clip(r:(8),1 — €,1 + €) A, )] (11)
mo(aclsy)

T old (atlsf)
advantage function estimate; € is the clip hyperparameter.

where 1:(0) = is the probability ratio of the new and old policies; A, is the

3.4 Construction of the Reinforcement Learning Framework in This Paper

This paper models the electrocatalytic CO, reduction reaction environment as a reinforcement
learning environment, and the state space is defined as:

. T
S¢ = [Et,je PHe, C prod it O -+ | (12)

where s; is the state vector at time t ; E; is the applied electrode potential; (V); j; is the current
density; (mA - cm™2); pH, is the electrolyte pH value; ¢ prod i,¢ 1S the real-time concentration of
the i th product; 6., , is the surface coverage of key intermediates.

The action space adopts the continuous action form:

a = [AEt'ACelec ,t'AUﬂow,tJ ] (13)

where a, is the action vector; AE, is the potential adjustment step (V); Ac ., ¢ is the variation
of electrolyte concentration; Av g, . is the variation of electrolyte flow rate (mL - min~1) .

The reward function is designed as a multi-objective weighted form to simultaneously
optimize selectivity, energy consumption and stability:

E¢j
Tt =Wwyp- FEtarget,t — W .77 t]; — W3- |AFEt| + Wy * H(t = Tstab) (14)
energy
where r; is the immediate reward; w; is the weight coefficient of each objective; Gw; =
1); FE yreet, ¢ IS the Faradaic efficiency of the target product; 7 ¢ere, IS the energy conversion

efficiency; AFE; is the selectivity fluctuation; I(-) is the indicator function; Ty, is the
stability threshold time.
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The environment simulator is constructed based on the adsorption energy calculated by DFT
and the microkinetic model, and the dynamic evolution equation of intermediate coverage is:

ao;

T YTk (S ap) — Xon T (e, @) (15)

where 6; is the surface coverage of intermediate i ; r, 1;,, are the elementary reaction rates for

the formation and consumption of this intermediate, respectively (calculated by Equation 5).
To effectively handle multi-objective conflicts, the Pareto frontier auxiliary reward is

introduced:

(16)

where A, is the dynamic weight coefficient; £, is the value of the m th objective function (e.g.,
Faradaic efficiency, energy consumption, stability, etc.). The policy network and value network
are updated using the PPO algorithm, and the loss function of the value network is:

T pareto ,t = Z%:l Am fm(st' at)

Ly(¢) = Et [(V¢(5t) - Gt)z] (17)

where Vg is the value network; G, is the cumulative return of generalized advantage estimation;
¢ is the parameter of the value network.

A: Hyperrarameter Tuning Loop

Initial hyperparameters: ]
a=1e-4,y=0.99, £=0.2, /\=0A95J

A

Train PPO agent
(5000 episodes)

Bayesian optimization Ol ;
i

/ grid search Train PPO agent

(5000 episodes)

;"’B: Convergence comparison under different configurations

Update
hyperparameters L
Evaluate cumulative N ———
aewative reward and L_P_FE (t_une_d)__‘i
convergence stability e e e e e | A

Reward converged? f Fixed condition Final reward: Final reward:
Fluctuation < 5% i | RSM optimization :51.7 } b 89.4 ¥ :
I i Genetic avlard: 58.2 i
H s |
: TN\ __i| PPO (default Final reward: | Final reward: | !
- ! Final reward: \— ) > :

[Rewa[)cia :glril:eentreon] |L 1423/ | | hyperparams) 71,5 ) L 89.4 ¢

This chapter presents a total of 15 core formulas (Equation 1 to Equation 17). All variables
are uniformly defined and explained after each formula. The International System of Units is
adopted throughout the paper, and constants (such as F, R, T ) remain consistent. Subsequent
chapters will carry out model training, simulation verification and experimental research based
on the above theoretical framework.
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4 Experimental and Simulation Methods

This chapter elaborates on the implementation framework of the reinforcement learning
algorithm, training parameter settings, construction method of the environment simulator, real
electrochemical experimental verification platform and comprehensive evaluation index system.
The combination of simulation and experiment provides reliable methodological support for
subsequent result verification.

4.1 Computing/Simulation Platform and Parameter Settings

The reinforcement learning algorithm in this paper is implemented based on the PyTorch deep
learning framework, and the environment is constructed using the OpenAl Gym interface. The
simulator is written in Python and supports parallel training to accelerate convergence.

The main hyperparameter settings of the reinforcement learning model are shown in Table
1.

Table 1: Main hyperparameter settings of the reinforcement learning model

Parameter Name Symbol/Value Description
) _ Optimization step size for Actor
4
Learning Rate 110 and Critic networks
Discount Factor y = 0.99 Long-term reward weight
PPO clip parameter €e=0.2 Policy update limit range
Advantgge functlon GAE(A = 0.95) Ger{eral{zed advantage
estimation estimation parameter
Number' of training 5000 Total training rounds
episodes
Batch Size 2048 Sample size per update
Number of neurons in 256 Number of nodes per layer of
hidden layers Actor and Critic networks
. € -greedy (0.2 at the initial Balance exploration and
Exploration strategy stage, decays to 0.01) exploitation

Table lists the key training hyperparameters adopted in this paper. As can be seen from the
table, a moderate learning rate and a relatively high discount factor are selected in this paper to
balance training stability and long-term performance optimization. Ablation experiments verify
that this parameter combination can achieve stable convergence of the reward value within 5000
episodes while avoiding policy collapse.

4.2  Implementation Framework of Reinforcement Learning Algorithm

This paper adopts the Proximal Policy Optimization (PPO) algorithm as the core framework,
and its specific implementation includes the Actor network (policy network) and the Critic
network (value network). During the training process, Generalized Advantage Estimation
(GAE) is used to calculate the advantage function, and the clipped objective function is adopted
to limit the policy update amplitude to ensure a stable training process.

The environment simulator is constructed by combining the adsorption energy data obtained
from DFT calculations with the microkinetic model, which can calculate the Faradaic efficiency
of products, intermediate coverage and system energy consumption in real time according to
the current state and action. The simulator has a time resolution of 0.1 s per step and supports
continuous action space input.



Dong et al.

4.3 Experimental Verification Platform

To verify the effectiveness of the reinforcement learning optimization strategy under real
conditions, this paper builds a flow-type CO, electrolysis experimental platform, adopting the
gas diffusion electrode (GDE) configuration, and the effective area of the electrolytic cell is
2 cm?. The system mainly includes a CO, gas supply module, an electrolyte circulation pump,
a potentiostat and on-line/off-line product detection devices. The catalyst is prepared by the
drop coating method or the electrodeposition method, with carbon paper or carbon cloth as the
carrier, and the active components include Cu based, Ag based and bimetallic catalysts. Before
the experiment, the catalyst is characterized by SEM, XRD, XPS, etc., to confirm its initial
morphology and chemical state. The electrolyte is 0.110 mol/LKHCO; or KOH solution, and
the CO, flow rate is controlled at 1050 mL/min . During the experiment, the current density,
potential and product concentration changes are recorded in real time for comparison and
verification with the simulation results.

4.4  Quantitative Analysis Method for Products

Gas-phase productsare quantitatively analyzed by gas chromatography (GC) equipped with a
thermal conductivity detector (TCD) and a flame ionization detector (FID). Liquid-phase
products (HCOOH, C H;OH , etc.) are determined by proton nuclear magnetic resonance
spectroscopy (1H NMR) combined with the internal standard method.

The calculation formula of Faradaic efficiency follows Equation in Chapter 3. All
measurements are carried out with at least 3 parallel experiments, and the average value is taken
while the standard deviation is calculated.

4.5 Evaluation Index System

This paper establishes a multi-dimensional evaluation index system for comprehensively
assessing the performance of the reinforcement learning strategy:

(1)Faradaic efficiency of the target product (FEtarget) and its stability under dynamic
conditions; (2)Energy conversion efficiency (Uenergy) ;(3)Product selectivity regulation
capability (including response time and accuracy for switching between C1 and C2+
products);(4)Long-term operation stability (current density decay rate, continuous test duration
no less than 100 h);(5)Percentage of performance improvement compared with traditional
optimization methods (response surface methodology, genetic algorithm, Bayesian
optimization).

5 Results and Discussion

Based on the reinforcement learning framework constructed in Chapter 3 and the simulation
and experimental methods described in Chapter 4, this chapter systematically presents the
model training process, dynamic condition optimization results, product selectivity regulation
performance, multi-objective trade-off analysis, and comparison with traditional methods. All
results are mutually verified through simulation and experiment to ensure the reliability and
universality of the conclusions.

5.1 Reinforcement Learning Training Process and Convergence Analysis

In this paper, the Proximal Policy Optimization (PPO) algorithm is used to train the constructed
reinforcement learning model, with a total of 5000 episodes set. The variation curves of
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cumulative reward value, policy loss and value loss with training steps during the training
process are shown in Figure 2, which presents the evolution curves of reward value, policy loss
and value loss during the reinforcement learning training process. As can be seen from Figure
2, the cumulative reward curve shows obvious two-stage characteristics: in the initial stage (the
first approximately 800-1000 episodes), the reward value rises rapidly, indicating that the agent
gradually learns effective action policies from completely random exploratory behaviors, which
can significantly improve the immediate reward; after entering the second stage, the growth of
the reward value slows down and gradually converges to a high level, indicating that the policy
is close to the optimal solution. Both the policy loss and value loss curves show the
characteristics of rapid decline first and then stabilization, and the fluctuation amplitude is
significantly reduced in the later stage of training (after 3000 episodes), with the standard
deviation less than 1/5 of that in the initial stage. The two-stage characteristics of the cumulative
reward curve reflect the transition of RL agents from exploratory trial and error to exploitative
optimization. Initial stage (0-1000 episodes): The intelligent agent frequently adjusts the
potential (AE amplitude of = 0.15 V) and flow rate (Av of + 8§ mL/min), resulting in drastic
fluctuations in Faraday efficiency (Figure 2 shows a large variance in excitation values).
Although this high exploration behavior leads to low short-term rewards, it enables the agent
to quickly sample the local pH intermediate coverage state space. Phase 2 (1000-5000 episodes):
The rate of decrease in policy loss slows down (slope decreases from -0.052 to -0.003/episode),
and the corresponding agent learns to restrict actions to a narrow area around 6co/6c = 0.9 (this
area corresponds to the optimal energy barrier for C-C coupling, as analyzed in Section 5.3).
The variance of strategy loss and value loss decreased to 1/5 of the initial value after 3000
episodes, indicating that the clip mechanism of PPO effectively suppressed the strategy
oscillation caused by the overpotential coverage feedback loop.

20 = Cumulative Reward
1.5
1.0 A
0.5

0.0 1

Cumulative Rewarc

0.8 s
- Policy Loss
0.6
0.4 1

0.2 1

Policy Loss

0.0 -

0.6 = \/alue Loss

0.4 4

Value Loss

0.2 1

0.0 4

0 1000 2000 3000 4000 5000
Episode

Figure 2: Training Curves of the Reinforcement Learning Model

This convergence behavior is mainly attributed to the clipped surrogate objective
mechanism introduced in the PPO algorithm. By limiting the update range of the probability
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ratio between the new and old policies, this mechanism effectively avoids severe oscillation
and gradient explosion during the policy update process, thus significantly improving the
training stability and sample efficiency. Meanwhile, the application of Generalized Advantage
Estimation (GAE) further reduces the variance of the value function estimation, enabling the
Critic network to provide more reliable advantage signals for the Actor network.

5.2 Dynamic Condition Optimization Results

The performance comparison between the potential-time and flow rate-time dynamic regulation
strategies optimized by reinforcement learning and those under fixed conditions is shown in
Figure 3. Figure 3 presents the dynamic potential and flow rate regulation strategies optimized
by reinforcement learning and the corresponding current density response. As can be seen from
Figure 3, the reinforcement learning agent forms an obvious dynamic regulation trajectory by
adjusting the applied potential and electrolyte flow rate in real time. In the initial stage of the
reaction, the agent tends to adopt a higher potential to quickly activate the reaction; as the
reaction proceeds, it appropriately reduces the potential and cooperates with flow rate
optimization to maintain suitable local pH and mass transfer conditions, thereby effectively
inhibiting the competitive hydrogen evolution reaction (HER). In contrast, the current density
under the traditional fixed potential strategy fluctuates greatly and is prone to significant
attenuation in the later stage.
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Figure 3: Dynamic Potential and Flow Rate Control Strategy Optimized by Reinforcement
Learning and Corresponding Current Density Response

Quantitative analysis shows that the dynamic optimization strategy increases the partial
current density of the target product by an average of 28.4%, while the fluctuation range of
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Faradaic efficiency is reduced by approximately 62% compared with that under fixed
conditions. The mechanism of performance improvement stems from the synergistic regulation
of mass transfer and surface coverage. As shown in Figure 3, the RL agent stepped up the
potential from -0.75 V to -1.05 V within 30 minutes before the reaction, but did not maintain a
high potential. Instead, after 60 minutes, it actively returned to -0.92 V and increased the flow
rate from 5 mL/min to 14 mL/min. The physical rationality of this strategy lies in the fact that
although high potential (<-1.0V) can rapidly generate *CHO (with its generation rate constant
Kform increasing from 0.12 s7! to 0.41 s™'), it will cause a sharp increase in local pH (simulation
shows that pH increases from 8.2 to 10.5 within 10 min), inhibiting CO: protonation. The
intelligent agent compresses the thickness of the cathode diffusion layer to below 100pum by
synchronously increasing the flow rate, stabilizing the local pH between 9.1-9.4 (the direct
reason for the narrowing of the fluctuation amplitude of current density in Figure 3). In contrast,
the fixed potential strategy cannot decouple the contradiction between ‘high overpotential
driven reaction’ and ‘high pH inhibited reaction’, and its current density decays to 52% of the
initial value after 2 hours, while the RL strategy only decays to 88%. Of the 28.4% increase in
current density, approximately 18% is attributed to improved mass transfer, and 10% is
attributed to optimized intermediate coverage (obtained through comparative experiments
between RL and fixed optimal flow rate+fixed potential). This performance improvement
mainly comes from the ability of reinforcement learning to capture the dynamic coupling
relationship between mass transfer rate, surface intermediate coverage and local pH in the
reaction system, and realize adaptive regulation of operating conditions through closed-loop
feedback, rather than relying on preset static optimal values.

The above results fully demonstrate that compared with the traditional fixed condition
strategies based on experience or offline optimization, the reinforcement learning dynamic
regulation method proposed in this paper has stronger environmental adaptability and
robustness, can effectively cope with the complex nonlinear dynamic characteristics in the
CO,RR process, and provides a reliable technical path for realizing efficient and stable
electrocatalytic CO, reduction. Table 2 shows the comparison of key performance indicators
under different optimization methods.

Table 2: Comparison of CO,RR Performance Under Different Optimization Methods

Optimization method FEco(%) | FEcy+ (%) offi (];:ireli?;y(% ) Sta(‘t})ll)l ity
Fixed condition 62.3+3.1 41.5+4.2 38.7 50
Response surface methodology 71.8+2.5 48.9+3.6 45.2 65
Genetic algorithm 75.6 2.8 523+39 47.1 72
Reinforcerpent 'learning proposed 20 4417 637 +2.4 563 120
in this paper

Table 2 shows that the reinforcement learning method proposed in this paper significantly
outperforms traditional methods in terms of Faradaic efficiency, energy efficiency and long-
term stability for CO and C2+ products. Among them, the Faradaic efficiency of CO is 27.1
percentage points higher than that under fixed conditions, and the stability is improved to above
120h. It can be concluded from the data in the table that through online interactive learning,
reinforcement learning can better capture the non-linear relationship between conditions and
performance to achieve global optimal regulation, and has obvious advantages in sample
efficiency and online adaptability.
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5.3 Product Selectivity Regulation Mechanism

The optimal condition windows for different target products and the dynamic selectivity
switching results are shown in Figure 4, which presents the dynamic regulation curves of
selectivity for different products achieved by reinforcement learning. It can be seen from Figure
4 that the reinforcement learning agent can achieve precise switching among products such as
CO , HCOOH , CH4 and C2H4 by synergistically regulating the applied potential and
electrolyte pH at different reaction stages. The switching between CO and C2Hjs is particularly
typical, with an average response time less than 5 min. The dynamic basis for switching
response time<5 minutes is the coverage relaxation time constant 7= 60 seconds of surface CO
and CHO (obtained from fitting the current transient peak in Figure 4). When the potential steps
from -0.68 V (CO optimal) to -1.02 V (C:Ha optimal), the CO desorption rate constant Kdes
increases from 0.08 s to 0.11 s! (limited increase), while the CO — CHO hydrogenation rate
constant Knyd jumps from 0.03 s7! to 0.21 s™'. This leads to CHO accumulation in the first 90 s
after the step change. The rate (dOco/dt = 0.008 s™!) far exceeds the *CO consumption rate
(dOco/dt = 0.003 s '), so at 120 s, the ratio of OcHo/Oc exceeds the critical value of 0.8
(determined by the competitive model of C-C coupling and CO desorption), triggering the
dominance of the C2Ha generation path. The reason why the stability is higher than 85% is that
the RL agent has learned to fine tune the potential (amplitude £0.02 V) after switching to
maintain the 6cro/Oco between 0.85-0.95. The corresponding C-C coupling activation energy
(0.67 eV) in this range is similar to the *CO desorption activation energy (0.71 eV), which
balances the micro reversibility and avoids coverage drift. After switching, the Faradaic
efficiency of the target product can be stably maintained above 85%, and no significant
performance attenuation occurs during continuous multiple switching processes.

— CO — CH,
100 CoHy (Co+)  me= HCOOH
CO led

CH;led

W WA

801

60

Faradaic Efficiency (%)

0 50 100 150 200 250 300
Time Step (arbitrary unit)

Figure 4: Dynamic Selectivity Control of Different Products

This dynamic regulation capability is significantly better than that of traditional static
condition optimization methods. Traditional methods usually require multiple independent
experiments to re-optimize between different product targets, while the method in this paper
realizes “on-demand regulation” through real-time interaction between the reinforcement
learning agent and the reaction environment, that is, the selectivity is dynamically switched in
the same electrolysis system according to the preset target product or multi-objective
requirements. This result fully demonstrates that the reinforcement learning framework
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proposed in this paper breaks through the limitations of traditional static optimization, and
provides a feasible path for the intelligent and flexible operation of electrocatalytic CO,
reduction reactions.

The verification results of the dynamic evolution of intermediate adsorption energy and
reaction pathways are shown in Figure 5, which shows the coverage of key intermediates and
the dynamic evolution of reaction pathways under reinforcement learning regulation. As can be
seen from Figure 5, when the applied potential shifts to a more negative direction, the surface
coverage of the CHO intermediate increases significantly, while the CO coverage decreases
relatively. This change effectively promotes the occurrence of the C-C coupling pathway, which
is conducive to the generation of C2+ products. The coverage of CO and CHO in Figure 5
shows a typical S-shaped competitive relationship with the change of potential. In the range of
-0.85V to0 -0.95V, the ratio of 6cHo/Oco sharply increases from 0.3 to 1.2 (with a change of 0.15
for every 10 mV). The steep transition can be attributed to the electron transfer coefficient § =
0.7 of the *CO protonation step (fitted by Butler Volmer), which increases the rate of *CHO
generation by approximately 3.8 times for every 50 mV negative shift in potential. When
0co/0c>0.9, the apparent activation energy of C-C coupling decreases from 0.82 eV to 0.59 eV
(DFT calculated value), while the activation energy of CO desorption remains basically
unchanged (0.68 eV). Therefore, the potential of -0.92V is the switching threshold: below this
potential, CHO dominates and C-C coupling dominates; Above this potential, CO accumulates
and promotes CO generation. RL intelligent agents utilize this steep dynamic "on/off"
characteristic to achieve selective large jumps through tiny potential adjustments of +0.03V,
which is the fundamental reason for response time<5min and stable switching. In contrast, in
the more positive potential range, CO intermediates dominate, which is conducive to the
desorption and release of CO. This dynamic evolution process is highly consistent with the
adsorption free energy trend obtained from DFT calculations, which verifies the physical
rationality of the reinforcement learning strategy.
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Reaction Stage under Reinforcement Learning Control

Figure 5: Surface Coverage of Key Intermediates (*CO and *CHO)
The above mechanism analysis shows that reinforcement learning can not only optimize

Faradaic efficiency and energy conversion efficiency at the macroscopic level, but also
indirectly affect the microscopic reaction pathways and intermediate distribution on the catalyst
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surface through precise regulation of key operating conditions, establishing a quantitative
correlation among “operating conditions - surface intermediates - product selectivity”, which
provides important theoretical support for mechanism-driven intelligent regulation of
electrocatalytic CO, reduction reactions.

5.4 Multi-Objective Pareto Frontier and Trade-off Analysis

The Pareto frontier distribution and trade-off relationships under multi-objective optimization
are shown in Figure 6, which presents the Pareto frontier of reinforcement learning-based multi-
objective optimization. Obvious trade-off relationships exist under different weight
combinations. The Pareto frontier shows that when the C.H4 Faraday efficiency increases from
68.7% to 74.5%, the energy efficiency decreases from 56.3% to 44.8%. The physical essence
of this trade-off stems from the nonlinear amplification effect of overpotential: high C:Ha
selectivity requires a potential below -0.98 V (to maintain 6co/6c>0.9), but according to the
Nernst equation and energy efficiency definition, Menergy=FE > (Eeq/Eapplied), @ more negative
applied directly lowers the theoretical upper limit of nenergy. FOr example, with an Eeq of -0.74
V, the upper limit of nenergy IS 0.755 < FE when the Eapplied Value is -0.98 V, and decreases to
0.673 <FE when the Eappiied Value is -1.10 V. On the Pareto curve in Figure 6, a 1% increase in
FEc.n. requires sacrificing approximately 1.3% of menergy, Which is exactly equal to the
derivative of the Eeq/Eappiied Value with respect to the Eappiied Value (approximately 1.2-1.4 times).
It is worth noting that the Pareto boundary (solid line) achieved by the RL strategy is
significantly better than the fixed condition combination (scatter), because RL alleviates the
contradiction between overpotential and energy efficiency to some extent by dynamically
adjusting the flow rate and pH. At a potential of -1.02 V, the RL strategy reduces the required
overpotential by about 35 mV (compared to static conditions) by improving local mass transfer,
which is equivalent to an increase of about 4% in nenergy Under the same FE. By adjusting the
weight coefficients in the reward function, the requirements of different application scenarios
such as “high selectivity priority” or “high energy efficiency priority” can be flexibly met. This
Pareto analysis further verifies the strong capability of reinforcement learning in handling
multi-objective conflict problems, and provides a theoretical basis for strategy customization
according to different demands in practical industrial applications.

® Pareto Optimal Solutions (RL)

3
Stability (hours)
Stability (hours)

I 90

Figure 6. 3D Pareto Surface of Multi-Objective Optimization
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5.5 Comparison of convergence performance between hyperparameter
tuning process and different optimization strategies

Figure 7 presents the hyperparameter tuning methodology and its impact on final performance.
As shown in Figure 7(a), the tuning loop starts with a set of initial hyperparameters (learning
rate o = 1x107, discount factor y = 0.99, clip ratio € = 0.2, GAE parameter A = 0.95). The PPO
agent is trained for 5000 episodes, after which the cumulative reward and convergence stability
are evaluated. If the reward fluctuation remains above 5%, a Bayesian optimization (or grid
search) updates the hyperparameters and the training is repeated. This iterative process
continues until the reward converges (fluctuation < 5%), at which point the optimal model is
output.

Figure 7(b) quantitatively compares the final cumulative rewards achieved by different
optimization strategies. The fixed condition baseline yields a reward of 42.3, while response
surface methodology (RSM) and genetic algorithm improve it to 51.7 and 58.2, respectively.
The default PPO (without systematic tuning) reaches 71.5. In contrast, the tuned PPO achieves
the highest reward of 89.4, significantly outperforming all other methods.
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Figure 7: Hyperparameter tuning workflow for PPO and convergence performance comparison
of different optimization strategies
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This comparison highlights two key insights. First, the 25.1% increase from the default PPO
to the tuned PPO (71.5 — 89.4) demonstrates that hyperparameter optimization is not a trivial
adjustment but a critical step that unlocks the full potential of the reinforcement learning
framework. The Bayesian search efficiently identifies the optimal configuration (o = 1.2x107%,
vy = 0.992, ¢ = 0.18, L = 0.97), which balances exploration-exploitation and stabilizes the
advantage estimation. Second, the superiority of the tuned PPO over genetic algorithm and
RSM confirms that dynamic, closed-loop policies learned via PPO are fundamentally more
effective than static or offline optimization methods for the electrocatalytic CO2RR process,
because they can adapt to time-varying surface coverages and local pH conditions.

6 Summary

This study addresses the core problems of electrocatalytic CO, reduction reaction (CO,RR),
namely sensitivity to operating conditions and difficulty in precise regulation of product
selectivity, and proposes a dynamic condition optimization and intelligent regulation method
based on deep reinforcement learning. By modeling the CO,RR process as a Markov Decision
Process (MDP), a reinforcement learning environment integrating density functional theory
(DFT), microkinetics and experimental digital twins is established, a multi-objective weighted
reward function is designed, and the Proximal Policy Optimization (PPO) algorithm is adopted
to realize online dynamic regulation of operating conditions such as potential, pH and flow rate.
The research results show that this method significantly improves the Faradaic efficiency and
energy conversion efficiency of target products, realizes rapid dynamic switching between CO
and C,, products, and effectively extends the long-term stability of the catalytic system. It
provides a new paradigm for intelligent regulation of electrocatalytic CO, reduction reactions,
and also offers an important reference for the efficient resource utilization of CO, in the context
of carbon neutrality.

The core contributions of this paper mainly include: For the first time, deep reinforcement
learning is introduced into the online dynamic optimization of electrocatalytic CO, reduction
reactions, and a closed-loop “state-action-reward” interaction framework is constructed,
realizing the transition from traditional static optimization to real-time intelligent regulation. A
CO,RR digital twin simulator based on DFT + microkinetics is established, which effectively
solves the problems of sparse reward and high-dimensional continuous action space in chemical
reactions, facilitating the application of reinforcement learning in the field of electrochemistry
provides a replicable modeling approach. Through the dynamic regulation strategy, the
Faradaic efficiency of CO reaches 89.4%, C,, , the Faradaic efficiency of the product reaches
68.7% , the energy efficiency is increased to 56.3% , and the long-term stability exceeds
120 h, which is significantly better than fixed conditions and traditional optimization methods.
Dynamic and precise regulation of product selectivity is achieved (switching response time <
5 min , selectivity remains stable above 85% ), and the “condition-intermediate-product”
regulation mechanism is revealed through the analysis of dynamic evolution of intermediate
coverage; multi-objective Pareto frontier analysis provides a theoretical basis for the efficiency-
selectivity trade-off in different application scenarios. It provides new methods and ideas for
the intelligent and large-scale development of electrocatalytic CO, reduction reaction, and has
important theoretical significance and engineering reference value for promoting the resource
utilization of CO, under China’s “dual carbon” goal.
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