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Fig. 1  Algorithm structure diagram of DARDC
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Table 1  Algorithm process of DARDC

Algorithm1 DARDC

Initialize actor networks 7, , , and critic networks 9, , Q,, withran-

o
dom parameters;

Initialize: ¢ «— 6, , 6, < 6, , W < W, W, W3
Initialize replay buffer: B;
For Episode=1—E do:
Initialize the random process N, obtain the initial state of the environment
s;
For =1—T do:
Select action with argmax(Q,, (s,a),Q., (s,a)) added &~ N(0,0)
Execute action a, observe reward 7, new state s’ and done flag d
Store transitions(s,a,r,s',d) in the replay buffer B
For i=1,2 do:
Sample N transitions(s,a,r,s",d) in the replay buffer B according to
the prior experience sampling strategy
al — (161, a7 < px(s1l6:)
&~ clip(N(0,5),—c,c)
V(s’; v)=(1- v)max,»zl_zmin/:uQ(,,; (S’,m{ (S’))+
vming.,mino; 0, (s’,m;; (s’))
v rtyl=dV(s)

Update critical network parameters

o argmin, Z [(Qu(s.0)-2)"+1[Q., (s.0) ~Q..(s.0)]'}
Update actor network parameters according to policy gradient
V,J(6) = %Zvugw,(s,m‘ Vbt (5)
s a=p(s,)
Soft update target actor network and target critical network parame-
ters
0, — 716, + (1 -1)6;
W — Tw;+ (1 -T)w!
End For
End For
End For
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Table 2 Reasonable numerical range of key state variables

Key state ppaa/(mg-L™) pN/ (mg- L™ w/(mPa-s) Ppo,/(mgL™) Pico,/(mg- L) VIL myt
Lower bound 200 150 — 5.1 — 0 0
Upper bound 2400 — 100 — 7.57 100000 140

ppaa—Phenylacetic acid mass concentration; py—Ammonia mass concentration; u—Viscosity; pp,, —Dissolved oxygen mass concentration; ppeo, — Dis-

solved carbon dioxide mass concentration; F—Vessel volume; m—Vessel mass
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Fig. 2 Control framework of penicillin fermentation based on DRL
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Table 3 Experimental parameter setting

Actor network  Critic network ~ Replay buffer Importance Batch  Discount  Regularization  Soft update
Priority intensity Stability
learning rate learning rate length sampling size factor parameter parameter
0.0003 0.001 30000 0.6 0.4 107 128 0.99 0.005 0.001
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Optimal Control of Batch Process Based on Double Actors and
Double Critics Algorithm

TANG Zekai, LUO Na
(Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, East China University of
Science and Technology, Shanghai 200237, China)

Abstract: When using deep reinforcement learning methods to optimize the control of batch processes, there are
problems such as low sample learning efficiency, long training time and unstable training. To solve these problems, a
Double Actors and Regularized Double Critics (DARDC) algorithm is proposed. The algorithm enhances the agent's
exploration ability in the complex state space through the parallel double actor network, effectively suppresses the value
function estimation deviation by virtue of the regularization term constraint double critic network, and introduces the
prioritized experience replay mechanism to accelerate the training convergence. Further, in order to ensure the
rationality of control quantities output by the agent, expert experience rules are embedded into the action output. In the
experiment of penicillin fermentation process, the performance of the proposed algorithm is better than the traditional
deep reinforcement learning algorithm, and compared with PID control, the average penicillin yield of the key control
index is increased by 19.1%. The results show that the DARDC algorithm has certain effectiveness and robustness, and
provides a new method for the optimal control of batch process.

Key words: deep reinforcement learning; optimal control of batch process; double actors; double critics;

prioritized experience replay
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