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Abstract
In recent years, process control researchers have been paying close attention to Deep Reinforcement Learning (DRL). DRL offers the potential for model-free controller design, but it is challenging to achieve satisfactory outcomes without accurate simulation models and well-designed reward functions, particularly in multi-mode processes. To address this issue, this paper presents a novel approach that combines inverse RL (IRL) and multi-task learning to provide a purely data-driven solution for multi-mode control design, allowing for transfer learning and adaptation in different operating modes. The effectiveness of this novel approach is demonstrated through a CSTR continuous control case using multi-mode historical closed-loop data. The proposed method offers a promising solution to the challenges of designing controllers for multi-mode processes.
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Introduction
In the realm of Industry 4.0 and smart manufacturing, intelligent processes are becoming increasingly crucial in the field of process control. The emergence of AI for science/engineering has provided a visionary direction for a new DRL paradigm that empowers and facilitates modern process industries. In recent years, attention has shifted toward the intersection of DRL and process control within the process industry domain (Nian et al. 2020, Shin et al. 2019). This resulted in significant advancements and applications for both continuous and batch processes. A noteworthy development was the integration of transfer learning into DRL for process control, which aims to enhance its safety and practicality (Lin et al. 2021, Lin et al. 2023, Lin et al. 2024).
Current research has yet to overcome the core challenges of implementing DRL, such as the costly trial-and-error process, low sample efficiency, and exploration instability. Unfortunately, traditional control design methods, like DRL and Model Predictive Control (MPC), have overlooked the vast amounts of closed-loop operating data accumulated in industrial settings, failing to fully leverage its valuable information. However, discovering controller patterns or characteristics from the actual closed-loop data can serve as a solid foundation for DRL transfer learning. Inverse RL (IRL) can make this idea a reality, especially Adversarial IRL (AIRL) (Fu et al. 2017), which reframes learning from demonstrations into a probabilistic inference problem. However, conventional IRL struggles with the inherent multi-mode characteristics in process control because different operating modes result in distinct data distributions that make IRL less applicable in the multi-mode controller design scenarios.
Therefore, this paper proposes a framework for learning a multi-mode process controller based on IRL. Our method organically incorporates adversarial reward learning, variational inference, MaxEnt principle, etc., with the ultimate aim of training a purely closed-loop data-driven controller that can adapt to various operating modes.
Preliminaries
Markov decision process (MDP)






The MDP is defined by a tuple , where  and  represent the state and the action spaces,  denotes the state transition probability,  is the initial state distribution,  is the reward function.
Maximum entropy RL and IRL (Levine 2018, Ziebart et al. 2008)
The maximum entropy (MaxEnt) RL objective is defined as:
	

	(1)



where  is the entropy-regularization term for the control policy. MaxEnt RL is a type of RL that aims to create a policy that is as random as possible while still achieving the overall objective of a standard RL that maximizes the expected sum of rewards. MaxEnt IRL is a method of IRL that falls under the MaxEnt RL framework. Its objective is to solve the maximum likelihood estimation (MLE) problem as follows.
	

	(2)


Adversarial inverse RL (AIRL) (Fu et al. 2017)

AIRL casts optimization of Eq.(2) as a GAN problem, in which the discriminator  is:
	

	(3)






where  is the learned reward function and  is the corresponding policy. The policy  in AIRL is trained to maximize , which is equivalent to maximizing the objective of a MaxEnt RL policy.
Problem statement
Multi-mode process control problem
A general control system can be characterized as the following state-space form:
	

[bookmark: _Hlk151456745]           (4)                        
	(5)




where  is denoted as a -parameterized control policy. Then the evolution trajectory of MDP unfolds from the initial state as follows:
	

	(6)


However, in process control scenarios, many controlled processes inherently exhibit multi-mode behaviors, meaning they have various operating modes/working conditions. In the case of multi-mode processes, the optimal controllers for each operating mode are not consistent. Now let’s describe the control problem for multi-mode processes.







[bookmark: MTBlankEqn]A process system with  operating modes is given, each associated with a different optimal/near-optimal controller , where the optimal controller for mode  is denoted as .  will generate  trajectory distributions that are structurally similar. Therefore, the multi-mode process control problem aims to learn a universal controller  that can adapt to scenarios with various modes.
Context-conditional multi-task controller learning problem




In this paper, the contextual policy is used to reframe the multi-task IRL for multi-mode process control design as the problem of solving a context-conditional MDP (Yu et al. 2019). Let  represent the controller for each operating mode, including the latent context variable   as an additional dependence of the policy for each mode. The generative model for the expert trajectory  under the -th operating mode can be defined as follows:
	

	(7)


The marginal distribution of the overall historical dataset composed of different modes can be represented by:
	

	(8)







where  represents the prior distribution of the latent context variable (i.e., the mode-indicating variable),  represents the context-conditional policy,  and  respectively denote the probability distributions for the initial state and state transition, and  represents the context-conditional trajectory distribution.



Our objective is to learn the control policies and reward functions for each mode. However, in real-world scenarios, the prior distribution  and the conditional trajectory distribution  are unknown. We can only observe the marginal distribution , which makes multi-mode learning particularly challenging.
Methodology
From single-task to multi-task MDP





To apply a multi-task IRL approach to learning controllers from historical closed-loop operating data of multi-mode processes, the original MDP is augmented by a conditional dependency based on , where  represents the value space of the latent context variable . Now the context-conditional policy can be defined as , and accordingly, the reward function is modified to .
Expanding upon the MaxEnt RL framework in Eq. (2), in multi-mode scenarios, the optimal context-conditional policy can be computed as:
	

	(9)






where  is the mode-specific reward function, and  is the entropy-regularization term for the contextual policies. The context-conditional distribution for the -th expert trajectory  in Eq.(8) can be formulated as:
	

	(10)




Given a set of multi-task demonstrations  i.i.d. sampled from the marginal distribution  defined by Eq.(8) and Eq.(10), i.e.,
	

	(11)


The context-conditioned multi-task IRL aims to discover historical multi-mode patterns and then learn a multi-mode controller prior in a purely data-driven manner.
Latent context inference model for multi-task learning






When given the demonstrations from some unknown modes , , an inference model can be used to estimate the latent context variable . Subsequently, substituting the inferred mode-indicating variable  to the learned reward , the DRL agent, guided by this context-conditional reward,  should generate policies similar to those driven by the true underlying reward .
Multi-task IRL using context-conditional probabilistic inference
Like Eq.(2), the context-conditional trajectory distribution can be derived as:
	

	(12)




where the above conditional input  is inferred by an inference model . Therefore, the primary goal of multi-task IRL is to solve an MLE problem:
	

	(13)








To achieve this goal, AIRL can be used to minimize the KL divergence between the expert trajectory and -induced trajectory distributions. However, each trainable term in Eq.(13) is conditioned on the latent context . Simply optimizing it would ignore  since there is no explicit correlation between  and . Thus, the mutual information (MI) is introduced to increase the dependence between the latent context and the induced trajectory. The MI under joint distribution  is given by:
	

	(14)




where  is the conditional distribution (Eq.(13)), and  is the posterior distribution. Eq.(13) indicates the primary goal under the MaxEnt principle, and Eq.(14) provides an additional objective as a kind of regularization term over the latent context variable. Therefore, the overall optimization objective would be formulated as:
	

	(15)

(16)






The first term of matching the conditional distributions is exactly the primary goal of the context-conditional multi-task IRL problem, under the MaxEnt reward learning framework. The second term of maximizing the MI enforces the high correlation between  and . And the last term accounts for matching the variational inference approximation  with the true posterior  for the latent context.
Practical implementation for solving multi-task IRL




The first term in Eq.(16) can be achieved using techniques such as AIRL. The only modification needed is to augment the RL state with an additional input dependency, i.e., the latent context ; thus the IRL policy would be . The second term can be optimized using sampled approximation for  and . Based on the above analysis, the overall objective of the context-conditional multi-task IRL algorithm is:
	

	(17)



where .
Once the training over multi-mode historical closed-loop data is completed, the multi-task IRL-based controller can be used as an initialized multi-mode controller to adapt to unseen operating modes in transfer learning settings.
Results & discussion

To demonstrate the effectiveness of the proposed approach, a continuous stirred tank reactor (CSTR) process is chosen as the controlled object as shown in Fig. 1. This system is a jacketed non-adiabatic tank reactor, where a single irreversible and exothermic first-order reaction takes place. The first-principle model is given in detail in (Lin et al. 2023). The control objective is to keep the reaction temperature T close to the setpoint Tset by manipulating the valve opening  (coolant feed flow rate).

        [image: ]
Fig. 1  Sketch of the CSTR control system                     Fig. 2  Details for the CSTR model
[bookmark: _Hlk77779594]In the experiment, two different modes are designed to showcase the multi-mode control scenario: Mode 1: Setpoint 88 → 90 ℃, and Mode 2: Setpoint 88 → 86 ℃. An expert PI controller is used to demonstrate expert behavior in controlling the CSTR system. The PI controller is well-tuned to control the two setpoints and handle system disturbances. To increase stochasticity in the expert trajectories, white noise is added to the reactant feed/inlet concentration of the CSTR. A total of 2,112 expert trajectories are collected, each consisting of 300 samples (Ts = 10 s, representing the actual system of 3,000 seconds). The typical PI expert demonstrations for the two operating modes are shown in Fig. 3. It can be seen that the expert’s control performance is satisfactory.


The state in the RL MDP is designed as , the action of RL is the controller output signal (valve opening) , and the Trust Region Policy Optimization (TRPO) is chosen as the forward RL training algorithm. For this multi-mode CSTR control problem, the latent context variable in the multi-task IRL agent is selected as the temperature setpoint as it indicates the mode-specific information. The above closed-loop expert demonstrations are used for multi-task IRL training.
The control performances of the trained multi-task IRL agent for the two modes are presented in Fig. 4. The results show that the successfully trained multi-task IRL agent can imitate expert behaviors well and also indicate its adaptability in different modes.
Conclusion
This paper proposes a multi-task IRL method to address the multi-mode process control problem. The method first establishes the mathematical formulation of the conditional policy and trajectory distribution using a latent context variable. Subsequently, it combines various techniques, including MaxEnt IRL, mutual information, and variational inference, to achieve context-conditional reward and policy optimization. Experimental results demonstrate the effectiveness of the proposed approach in learning a universal controller that can adapt to diverse scenarios based on historical multi-mode closed-loop data. This approach offers a promising solution for data-driven controller design based on probabilistic inference.
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Fig. 3  Control performances of the PI expert demonstrations
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Fig. 4  Control performances of the successfully trained multi-task IRL agent
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image82.emf
S teady state   working   conditions : temperature   setpoint  T set   = 88  °C, coolant   inlet temperature    T Ci   = 27  °C, feed temperature  T i   = 66  °C,   feed    flow rate  F   = 7 . 5   ×   10 3   m 3 /s, concentration of    reactant   in the feed  C Ai   = 2 . 88  kgmoles/m 3 .  
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