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Abstract

Fourier Neural Operator has recently emerged as an efficient tool for working with complex differential-
equation-based systems. Its unique features, such as differentiability, resolution invariance, and forward-
pass efficiency, make it a highly appealing choice as a world model for hybrid offline-to-online
reinforcement learning methods in the context of adaptive control of complex continuous industrial
processes. However, to our knowledge, this has not been currently researched, so this study aims to address
this gap by designing a multi-stage offline-to-online hybrid reinforcement learning framework that utilizes
the advantages of Fourier neural operators to increase the stability and speed of convergence of an agent,
while avoiding common drawbacks of pure model-based methods. We formulate the framework, justify its
advantages, and describe the procedure for numerical experiments to demonstrate its validity and
effectiveness compared with other popular methods. Results of the numerical experiment will be presented
in future work.
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1. Introduction

Reinforcement learning (RL) is a powerful framework for implementing adaptive control
systems that has demonstrated success across many different domains. However, issues such
as sample inefficiency, poor generalization, and simulation-reality gaps prevent it from
being widely adopted in real-world industrial settings, where exploration is costly and risks
are high. To address these challenges, offline-to-online methods and hybrid architectures
are being actively researched, as they enable an efficient combination of prior knowledge on
the environment with the flexibility of pure RL. Neural operators emerged recently as a
powerful scientific machine learning tool specifically designed to learn the underlying
partial differential equations from observations in infinite-dimensional functional spaces.
Their unique properties, such as the ability to capture complex dynamics, differentiability,
resolution invariance, output discretization flexibility allowing zero-shot super-resolution,
forward-pass efficiency, and mathematical well-posedness, make them a highly appealing
choice as world models in offline-to-online hybrid RL methods in the context of continuous
adaptive control tasks. But, to our surprise, this has not yet been studied; thus, this paper
aims to address this knowledge gap.
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2. Background and Problem Statement

Industrial autonomous control systems are still primarily implemented using proportional
integral derivative (PID) or model predictive control (MPC) controllers [1], with the former
often yielding suboptimal control policies and being unapplicable to environments with
complex dynamics, while the latter requires extensive domain knowledge and thorough
manual design. RL has shown great promise in simplifying the process of building highly
effective controllers by learning optimal control policies directly from data without the need
for explicit modeling. However, their limitations, such as poor generalization (shortcuts are
learned instead of general principles) [2], instability and sensitivity to hyperparameters (even
a change in random seed may affect the algorithm’s convergence) [3, 4], unavoidable
simulation-reality gaps [5, 6], low sample efficiency [4, 5], safety and explainability [5, 7],
sparse rewards [4, 8], and the fundamental problem of exploration-exploitation tradeoff (we
don’t want the agent to experiment when its improper decision can cause financial losses or
real harm, but at the same time, preventing exploration will guarantee suboptimal control)
has rendered pure data-driven approaches hardly applicable [5, 9]. Thus, hybrid methods,
which imbue the agent with prior knowledge before it is introduced to the real environment,
thereby reducing exploration and speeding up and stabilizing the algorithm’s convergence,
are actively being researched [10].

Neural operators [11] have recently emerged as an extension of neural networks to
infinite-dimensional functional spaces and have been proven useful for a wide range of
scientific machine learning tasks. In particular, the Fourier Neural Operator (FNO) [12]
networks can be used to obtain highly efficient (from 100 to 1,000,000 times faster than
numerical solvers), resolution-invariant, and differentiable surrogate environment models
by learning direct mappings between input condition functions and solution functions of
PDE purely from historical data [13], and were successfully applied in the real world for
forecasting weather [14], industrial robot load detection in a manufacturing environment
[15] and many more. The use of FNO in adaptive control is being actively researched for its
ability to capture the dynamics of complex systems. In particular, the DeepONet architecture
was extended to effectively predict the medium/long-term dynamic response of non-
autonomous systems with time-dependent inputs [16]; FNO-based controllers were
proposed in [17]; a promising Fourier Q Operator Network (FQON) architecture was
implemented and validated in an industrial setting [18]; an advanced FNO-based predictive
maintenance solution was developed in [19].

However, FNO also has the potential to be used in the context of offline-to-online RL, as
their ability to capture complex dynamics, focus on differential-equation-driven systems,
continuous nature, differentiability, resolution invariance, and computational efficiency
make them highly appealing to use as world models; thus, our study aims to cover this gap.

3. Proposed Method

3.1.  Method Description

Given that historical or synthetic training data is available in sufficient amounts (which is
required for any form of pretraining to be possible), the proposed method lies in first training
an FNO-based-network W to predict the next state s;,; based on h € N previous
observations s;_p,_; and actions taken a;_j, ;. After that, the network's weights are frozen,
W is integrated into an RL agent as a world model, and, after a warm-up training where W
is reused as an environment substitute, the agent can be deployed to the real system,
requiring fewer exploration steps for achieving stable and effective control.

To restrain model-free trial-and-error learning, which is undesirable in high-risk
industrial environments, and mitigate simulation-reality mismatches or possible
exploitation of the FNO approximation, environment dynamics knowledge is introduced



into the model-free agent as a model-based branch with the actor loss having the form of
(1), with Lyps being a standard Critic-based TD3 loss, Lgyo being an analytical loss, that
utilizes Dreamer-like imaginary environment rollouts and differentiability of FNO, and 1 €
(0,1) being a hyperparameter balancing the two.

Lactor = A+ Lrps + (1 —2) - Lpno (1)

Despite introducing computational complexity, this approach enables a hybrid
architecture that mitigates the initial poor performance and sample inefficiency of model-
free methods, as well as simulation-reality mismatch and value overestimation of model-
based techniques. Twin Delayed Deep Deterministic Policy Gradient (TD3) [20] was chosen
as the base algorithm for this study due to its deterministic policy with a controlled noise
term, as a stochastic policy would negatively impact multi-branch gradient computation.

Offline Stage. Let D be a dataset of historical observations in the form of an array of 2-
tuples (s¢, a;) defined as (2), where s; € S is a state observed at timestep t and a; € A4 is an
action taken at that timestep.

D= [(stlat)]’tlf;l = [(s1,a1), (52,a2), ... (57, a7)] (2)

By splitting D into pairs of ([(S¢_n, @¢t—n), (St—hs1, Ae—hs1) - (St )], Se41), where h is
the size of the history, an FNO-based network W can be trained to predict the next state s;,4
based on prior observations s, and actions taken a, as illustrated in (3).

W([(s;, ai)]f:t—h) = Sty (3)

The ability to use neural operators for middle/long-term controlled system response
prediction was described and validated in [16].

Warm-up Stage. Upon receiving a well-trained model W, its weights are frozen and
integrated into an RL agent, as shown in Picture 1. Then, warm-up training episodes are run
with a detached instance of W used as a substitute for the real environment. This step allows
us to obtain an initial policy using already available data without requiring additional
simulations. However, heavy regularization measures (e.g., uncertainty quantification) must
be implemented at this stage to prevent the network from overfitting to the surrogate
environment, which is a topic for future study.

Inference. After this, the agent can be integrated into the real environment, converging
faster due to being pretrained on the environment approximation and able to perform
imaginary rollouts, lowering the risk of bringing the system to highly undesirable states.
The world model W is periodically updated in accordance with new observations, separately
from the agent, using the same procedure as in the Offline Stage.

3.2. Method Justification

Several features of FNO make the proposed approach promising.

Continuous nature. Most real-world processes (especially in biotechnology, robotics,
etc.) are governed by complex differential equation systems. In many cases, approximating
their dynamics with harmonic functions may be more natural than folding, stretching, and
trimming the input space, as regular neural networks do. As a result, FNO was shown to
better capture the structural dynamics than LSTM in both linear and non-linear settings [21].
Also, as they operate on functions rather than data points, FNOs can process data at various
resolutions. This allows the use of a wider range of historical data, which determines the
feasibility of controller implementation. Neural operators, trained on low-resolution data,
can be applied to high-resolution data, which is often the case in real-world applications.
There are also extensions of regular neural operators that enable processing data with
irregular sampling rates [22], which further increases the applicability of the proposed
approach.



Differentiability. Operating in functional space yields continuous functions as FNO’s
output instead of traditional R" — R" data point mapping, which allows direct
backpropagation through the entire family of approximate environment models rather than
a single neural network approximation.

Performance of FNO. Once trained, surrogate models obtained via FNO were shown to
be 100-1,000,000 times faster than ordinary PDE solvers [13]. This makes FNO appealing for
use as a world model in model-based RL algorithms, allowing many Dreamer-style
imaginary environment rollouts to be easily performed, which, in combination with the
abovementioned differentiability, results in backpropagation through time and, thus, leads to
more far-sighted planning, potentially tackling the sparse-reward issue.

4. Experiment Design

4.1. Environment

The proposed approach will be evaluated on PenSimPy [23] environment - a Python
implementation of IndPenSim [24], a highly realistic mathematical model of a fed-
batch Penicillium chrysogenum fermentation that is widely used as a benchmark for
advanced control and monitoring methods. This environment was developed based on a
mechanistic model that has been shown to best describe the fermentation behavior when
compared with ten other penicillin models and validated using historical data collected from
a real industrial-scale penicillin fermentation process. Its high complexity, non-linearity and
partial observability make it a suitable testbed for evaluating the performance of the
proposed approach. The task performed by the agent is the maximization of batch yield (the
amount of useful product produced during an episode), with a maximum known value being
around 4000 kg for a 100,000-liter vessel. Sampling of observable variables and decision
making is performed every 12 minutes. The duration of each episode is 1151 steps, which is
equivalent to 230 hours in real life.

4.2.  Compared Algorithms

To validate the effectiveness of our approach, it will be compared against its non-operator
version and 3 other popular methods: pure RL (TD3), offline RL (CQL+TD3), and a reference
MPC-controller.

Advanced MPC. Results obtained using an advanced MPC controller, designed by the
authors of IndPenSim [25], will be used as a gold standard as the controller managed to reach
a stable 30.13 g/l biomass concentration while reducing the process variability along multiple
runs.

Pure RL. Comparing the performance of our approach against a regular TD3 will serve
as an ablation study, allowing us to assess the degree of reduction in exploration needs and
increase in convergence speed and stability, achieved by embedding the prior knowledge of
environmental dynamics into an agent.

Non-Operator Version. To gain a deeper understanding of the benefits provided by the
neural-operator-based world model, a non-operator version of the method (with FNO
replaced by an ordinary deep neural network) will be studied, to ensure that FNO is
beneficial for capturing the complex dynamics of the environment.

Offline RL. The approach will also be compared against a popular offline RL technique
- Conservative Q-Learning [26], which allows for achieving a good initial control policy from
historical data, that can be further integrated into TD3, while avoiding the issue of value
overestimation. This is necessary to assess the limitations of traditional algorithms in
complex nonlinear environments and the potential computational overhead introduced by a
world model with imaginary rollouts.



For every method, the error between the current y, and the highest possible y* biomass
concentration will be used to evaluate the course of the control process, with Mean Absolute Error

MAE & % I_1ly* — y¢| representing the cumulative divergence between the real and the desired

def

state, Mean Squared Error MSE & %Zzzl(y* — y¢)? capturing the strength of deviations from the

target concentration, Integral Time Absolute Error ITAE & % T_.t-|y* — y;| measuring the ability
of the controller to promptly bring the system to the desired state and Integral Time Squared Error
ITSE & % T_1t-(y* — y.)? showing the ability of the controller to maintain a system in a stable

state. Further details on technical implementation, hyperparameter tuning, and results of the
numerical experiments will be presented in future work.

5. Conclusion

This study identified a gap in the state of the art in adaptive control, particularly for complex
continuous control tasks, and proposed a novel approach to address it using FNO networks.
We formulated and justified the conceptual framework for deriving a surrogate world model
from available historical data via an FNO-based-network, integrating it into the TD3
algorithm as an additional model-based branch to allow the agent to leverage prior
knowledge while avoiding common model-based RL limitations, warming up the agent using
the surrogate model as an environment substitute, and integrating it into the real system.
We defined the concept and procedure of the numerical experiment comparing the proposed
approach with conventional methods, as well as designed and implemented the experimental
testbed. The results of the experiment will yield important inputs about the potential benefits
of using pretrained neural operator networks as parts of world models in hybrid
reinforcement learning algorithms. This research lays the groundwork for future studies in
this area, with potential applications across various industries where continuous adaptive
control is essential.
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