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Table 1  Optimization process of MPH-SAC with constraints

Algorithm: Optimization procedure of the MPH-SAC safe reinforcement learning algorithm based on the PID Lagrange multiplier method

Initialize learning rates: [r,, , Ir, , Iry, Ir, ; Network parameters: ¢, , 6, ; Mini-batch size: B ; Soft update rate of target networks: 7 ; Total training

steps: K, ; Number of critic updates per batch: K, ; Number of value network updates: n, =0 ; Number of policy network updates: n, =0 ; Initial discrete

action temperature coefficient: 7' ; Exponential moving average of discrete action entropy: H ; Minimum discrete action entropy: H, ; Scaling factor: & ;

Counter: i =0 ; Constraint Threshold: K;

I: for r=1 to K, do

Sample discrete actions and continuous parameters from the parameter network output distribution. x,,k « x,(s;6,) ;

Execute action: g, = (k,,x,) > Receive Rewards: r, , Cost: ¢,,,¢y,,...,cy,, » Observe the next state s,,, ;

{101 145 €1y Cogs -5 Chvus i1} Stored in the experience pool D

Randomly sample state transition data from the experience pool {s,.a,,r,,cy 4,20

n,=0;

2

3

4

5: if tmod K, =0
6

7

8 for ny=1 to K, do
9

~~~~~ CN.b> Sh+1 }bg[b‘] >

Calculate the loss function for the Critic network: [, ,update 6, , g, ;

10: Calculate the estimated value of the cost-benefit function, update the multiplier using the PID multiplier method;

11: Compute the moving average of the critic-network loss, denoted by 7, ;

12: if p < nQ/(2—exp(—z,,Q))

13: Compute the Q-weighted values and use them to calculate the discrete action distribution of the Boltzmann distribution;
14: Calculate the entropy coefficient loss function, update 6, ;

15: Compute the parameter network loss function, update 6, ;

16: if H<H,,then i=i+1;

17: if i>K;,then T=Txk;

18: ny<—n,+1

19: end for

20:  end for
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Table 3 Training hyperparameter list of MPH-SAC

Learning rate of Learning rate of Discount Target entropy of
Total training step B T
Q-Actor Param-Actor factor continuous policy
3x10° 560 2x107° 2x107° 0.98 5%107° —6.0
Minimum entropy of Multiplier update Cost discount PID coefficient
T
discrete policy batch size factor k k ko
0.173 0.5 896 0.98 1x10°¢ 1x1077 1x1077

B—Training batch size; ™ —Q-actor coefficient; 7—TInitial temperature coefficient
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Fig.5 Learning curve of MPH-SAC
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Table 4 Statistics of constraint satisfaction rate under different

algorithms
RON MON Component oil
Algorithm
constraint/%  constraint/%  inventory constraint/%
MPH-SAC 100 100 100
Gurobi 49.5 100 100
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Gasoline Blending Scheduling Optimization Based on Hybrid-
Action Safe Reinforcement Learning

SHI Linlin, ZHU Zhiwei, ZHAO Yunmeng
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, East China University of
Science and Technology, Shanghai 200237, China)

Abstract: A safe reinforcement learning method is proposed for gasoline blending scheduling under random
disturbances in the properties and flow rates of direct-feed component oils. The scheduling task requires the coordinated
optimization of discrete scheduling decisions and continuous blending recipes under strict product quality and inventory
constraints. To solve this problem, the scheduling process is formulated in a hybrid action space so that discrete product
switching decisions and continuous recipe regulation can be handled in a unified framework. On this basis, a Multi-pass
hybrid soft actor-critic algorithm (MPH-SAC) is developed for gasoline blending scheduling. The Multi-pass structure
removes spurious gradients in hybrid action evaluation and improves the coordination between discrete scheduling
decisions and continuous blending recipes. In addition, a proportional-integral-derivative (PID) regulated Lagrangian
multiplier mechanism is introduced to dynamically enforce safety constraints while maintaining economic performance
during learning. The proposed method is tested in a gasoline blending scheduling environment with uncertain direct-
feed component oil conditions. Simulation results show that the proposed method achieves zero violations of product
quality and inventory constraints under random disturbances. The average online decision time is about 5 ms, whereas
the deterministic optimization model solved by Gurobi requires about 394 s to obtain a near-optimal solution. Although
the average profit of the proposed method is about 2.5% lower than the deterministic optimum, it maintains strong
robustness against disturbances in the properties and flow rates of direct-feed component oils and avoids the model
mismatch caused by deterministic assumptions. These results demonstrate that the proposed method can effectively
balance profitability, operational safety, and real-time decision requirements, and it provides a practical solution for
real-time gasoline blending scheduling in complex and uncertain operating environments.

Key words: gasoline blending scheduling; safe reinforcement learning; hybrid action space; Lagrange multiplier;

optimization problem
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