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HYBRID FOURIER NEURAL OPERATOR BASED

FRAMEWORK FOR ADAPTIVE CONTINUOUS CONTROL

Hybrid adaptive control methods are of high scientific interest
and industrial urgency due to their ability to address the weakness-
es of both model-driven and data-driven controllers, as the former
are reliable and predictable, but rigid and often suboptimal, while
the latter provide eventual optimality guarantees given enough time
and exploration, but are effectively unapplicable to systems with a
high cost of operation and failure. Thus, this work aims to develop
and evaluate a hybrid framework for building reinforcement-
learning-based adaptive controllers that leverages the unique prop-
erties of Fourier Neural Operators (FNOs) to achieve higher accu-
racy and reliability in control systems. To achieve this, we propose
an architecture of a TD3-based agent that uses pretrained FNO as a
world model. The framework includes training the FNO network
on historical data, pretraining the agent on the obtained environ-
ment surrogate, adjusting the world model in real time based on
new observations, and dynamically balancing between Dreamer-
like planning and Q-network estimates depending on how well the
world model can predict the system's response to the agent's ac-
tions. The effectiveness of the method was evaluated on the simu-
lation of a baker’s yeast fermenter. Experimental results show that
the proposed method significantly outperforms popular algorithms
such as SAC, TD3, and TD3+CQL, as well as a pure FNO-based
controller: the agent successfully reaches the target biomass con-
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centration without risky exploration of the environment and
demonstrates the ability to overcome model-reality mismatches,
which proves its effectiveness and great potential. The practical
value of this work lies in developing a method that enables the cre-
ation of reliable adaptive controllers for complex nonlinear pro-
cesses with a high cost of failure, which do not require analytical
models and can continually adjust themselves to real conditions,
given the availability of historical data.

Key words: adaptive control, hybrid reinforcement learning,
neural operators, data-driven modeling, offline-to-online, pretrain-
ing, continuous control, machine learning, bioreactor.

Introduction. Despite the popularity of reinforcement learning (RL)
and many cases of its successful application to various control tasks, most of
the large-scale industrial autonomous control systems are still implemented
using traditional methods such as proportional integral derivative (PID) con-
trollers or model predictive control (MPC). Such model-driven control
methods allow for the utilization of prior knowledge and provide stable,
reliable, and predictable operation. However, their drawback is rigidity — if
there is a considerable model-reality mismatch, the control is guaranteed to
be suboptimal, and the only way to address this issue is to redesign the mod-
el, which may be costly and require great expertise. On the other hand, data-
driven methods allow for continuous adaptation by learning directly from
empirical observations, so the policy will always be aligned with the actual
environment and converge to the optimal control given enough time and
exploration. However, many issues arise, namely, the fundamental explora-
tion/exploitation trade-off, sample inefficiency, learning instability, poor
generalization, catastrophic forgetting, overestimation of return, etc. This
renders them inapplicable to environments with a high cost of operation and
failure. To address limitations of both model-driven and data-driven control-
lers, hybrid methods are actively being researched, as properly balancing the
two would allow for effective and reliable adaptive control.

Recent invention of Neural Operators, with the Fourier Neural Oper-
ator being one of the most popular, is reshaping the field of machine learn-
ing by providing a powerful tool for obtaining high-quality surrogates of
complex continuous systems purely from data, that are also computational-
ly efficient and fully differentiable. They already make it possible to
achieve enormous speedups on massive scientific simulations, effectively
solve optimal transport problems, and predict the evolution of highly com-
plex systems in fluid dynamics, plasma physics, etc. Thus, this study aims
to design a novel multistage framework for building hybrid reinforcement-
learning-based adaptive controllers that fully leverage the advantages of
Fourier Neural Operators, moving us closer to easily implementable, ef-
fective control of arbitrary systems of any complexity.
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Related work.

Fourier Neural Operator. Neural Operator [1] is a novel neural network
architecture using special differentiable transforms to project data into func-
tional spaces (e.g., Banach space, frequency domain, space of wavelets, etc.),
which allows for advanced interactions between input variables to be learned.
This made them highly effective for many tasks, like accelerating scientific
simulations [2-3], optimal transport [4], weather prediction [5], and many
more. Fourier Neural Operator (FNO) [6] was found especially useful for
learning solutions to Partial Differential Equation (PDE) systems, resulting in
fully data-driven and highly efficient (for massive simulations, they can be
100-1000000 times faster than traditional solvers) target system surrogates that
allow direct backpropagation and super-resolution [7]. Such properties make
FNO a compelling method in the context of growing interest towards data-
driven approximations of real-world systems.

When compared to other popular data-driven modelling methods,
like SINDy [8], Oplnf [9], and their modifications, which are interpretable
and easier to use, training an accurate FNO has all the inherent complexi-
ties of neural networks and may not be the best choice for all cases. How-
ever, their flexibility and differentiability make them a great foundation
for the model-based reinforcement learning because:

o Differentiable imaginary rollouts can be performed to allow Dreamer-
like backpropagation through time for farsighted planning and compu-
tation of more accurate gradients.

e Since FNO predicts the next state of the system, we can generate syn-
thetic data using it as an environment substitute or even pretrain con-
trollers on it directly.

e By measuring prediction errors at every timestep, we can naturally
detect data-drift and adjust the rollout horizon accordingly to prevent
error amplification, choose safer actions, notify staff, etc.

e Continual learning methods can be applied to update the FNO-network
on the fly to minimize the next state prediction error, as new evidence
arrives, forming an Active-Inference-like mechanism of the world
model refinement.

Apart from that, FNO is a great tool for modelling systems with pri-
marily slow dynamics, like fermentation and other large-scale bioprocess-
es, as it has an embedded low-pass filter allowing it to capture the guiding
rules of the environment while ignoring the measurement noise and small
random disturbances.

The potential applicability and effectiveness of FNO in adaptive con-
trol systems are actively being researched. In [10] Dutta et al present an
FNO-based encoder for model-free visual reinforcement learning that pro-
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vides a considerable performance gain over traditional CNN encoders and
validates this approach across popular benchmarks. Bhan et al [11] devel-
oped an adaptive control scheme augmented with neural operators that
demonstrated 98% faster control with high accuracy in 2 non-linear feed-
back control systems while preserving the closed-loop stability guarantees.
Lin et al [12] developed a data-driven Runge-Kutta scheme for DeepONet
that allows for medium/long-term system response prediction and validat-
ed it on a set of controlled PDE-driven systems, including Cart Pole. Fou-
rier Q Operator Network (FQON) architecture, implemented in [13] and
successfully validated in an industrial setting, learns direct mapping be-
tween expected state function and Q-function to efficiently achieve implic-
it discretization-invariant Q-value estimates. Additionally, a well-trained
FNO network can also be used outside of the controlling algorithm for
offline pretraining or augmentation of the RL agent’s replay buffer with
synthetic data in real time, as it is a full-fledged environment surrogate.

Hybrid Reinforcement Learning. Many methods for combining mod-
el-free and model-based control exist, each having its strengths and weak-
nesses. Apart from well-established general approaches to utilizing world
models, like 3 generations of Dreamer [14], learning-based MPC [15], mod-
el-based value expansion [16] and other [17], more specific methods are
developed to take advantage of certain features of a concrete control objec-
tive. For example, in [18] authors implement and validate a hybrid Dyna-
style controller combining SINDy with TD3 to greatly reduce the explora-
tion needs of the latter in environments with dynamics decomposable into a
set of interacting mathematical functions. This is achieved by building an
approximation of the target system with SINDy and using it to augment the
agent’s memory replay buffer with synthetic data. The dynamics model is
first trained in an offline manner, and, if needed, adjusted on the fly based
on online observations. Another powerful method is ROL [19], which builds
on a residual learning framework by utilizing an offline-trained DeepONet
(also a neural operator) to capture the general system’s dynamics and select
the best action, while an online TD3 agent learns to mitigate the mismatches
between the real system and its model. Some works take inspiration from
nature, mimicking the way humans arbitrate between fast, reflexive model-
free and slow, thoughtful model-based decision-making [20], such as [21],
that describes value-of-information-based arbitration, which utilizes model-
based planning in situations of uncertainty, otherwise sticking to regular Q-
learning. It has been demonstrated that, given the policies arbitrated between
are diverse enough, significant performance improvements can be achieved
in the continual learning setting [22].

In the proposed framework, we incorporate successful ideas de-
scribed above by also utilizing model-based (FNO) and model-free (TD3)
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branches, which are trained simultaneously, and arbitrating between them
based on the world model’s ability to correctly predict the next state.
When the world model is accurate, more weight is given to farsighted
planning via the Dreamer-like imaginary environment rollouts, but when
FNO struggles to predict the next state, indicating a data drift, a regular
TD3 Critic comes into play as a fallback, until FNO captures new dynam-
ics. In comparison with SINDy-TD3, using FNO allows for more natural
integration of the world model into an agent (backpropagation through
time and environment vs replay buffer extension) and immediate high-
quality control, as FNO is also used for pretraining, while, in contrast with
ROL, we actually handle the model-reality mismatch with new observa-
tions becoming available by means of continual learning.

Proposed Approach. The overall agent’s architecture is based on
Twin Delayed Deep Deterministic Policy Gradient (TD3) [23] augmented
with an FNO network, and consists of such components: Actor network
7y S — A, selecting an action based on the observation, two Critic net-

works Q, :SxA—R, ie{1,2}, evaluating the decision of the Actor, and
a World network W :SxA— S, predicting the next state of the system
S;,, based on heN recent observations s;_;,,S;_p.4---S and the action
taken a, . Original TD3 Actor’s loss is augmented with a backpropagation-
through-time loss term Lz weighted by the trust parameter 1 < (0,1) as
shown in (1).

~L, =(1-2)-Q(s,a)+ A~ Lorr - (1)
Lgrr s calculated by computing the cumulative reward over a Dreamer-

like imaginary environment rollout of length K using the heuristic reward
function r:S — R and weighting each result by the decay coefficient y .

If we denote the prediction of W at the k-th rollout as
§ =W (8.1, 4), with & =7(8), & =7(s), and § =s, the calcula-
tion of Lz can be represented as (2).

K
LBTT:r(S)+Dk'r(§k)- )
k=1
Total mechanism of Actor gradient computation is illustrated in

Fig.1.

Such a combined loss will make the Actor maximize both the
Q-value, which would likely be localized to a current region of the state
space (performance based on empirical data), and the imaginary loss in-
corporating the general rules of the system (model-based performance).
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Fig. 1. Hybrid Actor-network update mechanism
As World-network W was trained to predict state transitions, we can de-
tect data drifts in real time by comparing the predicted state § =W (s,_y,8_;)

with the observed state s; at every timestep. If the prediction error is high, we

lower the trust parameter A making the agent favor the model-free branch
more and vice versa, as shown in (3), avoiding the excessive error amplifica-
tion and giving time for W to capture the unknown mechanics.

/11+1 = lmin + (lmax _ﬂmin ).e—ﬂmax(q,o) ' (3)
S —Se
Ale)
exponential moving average of the error magnitude ¢, A, and A, are
maximum and minimum values the trust parameter A can take (we used
Arax =0.99 and A;, =0.01), and S is a hyperparameter determining
the sensitivity of 4 to the prediction error s, —$;,.

Before integrating the agent of such complexity into the system of in-
terest, we warm it up by pretraining it for several epochs on a copy of W ,
using the reward function r to compute the value of every state s, ;.

where ¢ = , is a world model prediction error normalized by the

Experimental setup. Industrial baker’s yeast fermentation process
was chosen as a control objective for this study as it possesses several
properties making both purely model-driven and data-driven methods
suboptimal, namely high complexity (making precise analytical models
hard to build, while RL-based methods often struggle to learn a good poli-
cy due to the non-linearity, stochasticity, etc.), delayed response (an effect
of change in feed rate at the current timestep may only become noticeable
many hours later, making it quite hard for an RL-based controller to asso-
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ciate the action taken with the specific outcome and differentiate it from
outcomes of all other decisions made during that period), variability and
non-stationarity (each bioreactor is different, the course of fermentation
process varies even within the same device from batch to batch, and many
hard-to-predict factors such as byproduct accumulation or sediment
buildup on sensors may negatively affect the applicability of the model),
high operation and failure cost (it is economically infeasible to perform
hundreds or thousands of training episodes with real fermenters just for the
agent to explore the environment repeatedly failing the yield), slow opera-
tion (a single batch may take a week to complete, so even if running 1000
batches was possible, it would take 27 years to train the agent) and so on.

For experiments, we have chosen a simulation based on the analytical
model of baker yeast fermentation process (5) used by Pandian et al. in [24],
as it is based on the Monod equation of growth of microorganisms with strong
empirical support, and, despite its simplicity, it produces a non-linear dynam-
ics with delayed responses. The meaning, domain and initial values of varia-
bles and parameters of the simulation are given in Table 1.

dx
—=(r—u—6,) X%,
dt ( 1 4) 1
dx, X
—S=——=+U;-(U, =X, ), 5
dt 93 1 ( 2 2) ( )
6%,
Oy +%,

A small noise ¢ € N'(0,0,) was added to each state variable X, to

better reflect real conditions with unavoidable deviations and measurement
errors, where N(,u,o-) is a normal distribution with a mean of 4 and the

standard deviation of o .

Table 1
Parameters of the bioreactor simulation
Symbol Meaning Value

X Biomass concentration (g /1) 7.0 (initial)

X, Substrate concentration (g /1) 0.1 (initial)

U Dilution factor (h™* ) 0.1

u, Substrate in the feed (g /1) action, u, € [5,35]
0 4 Other process parameters 0.31,0.18,0.55,0.05
x; Desired biomass concentration (g /1) 10.0

(o Observation noise standard deviation (g /1) 0.05
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The dataset representing historical observations was generated by run-
ning the environment 100 times for 1000 timesteps with a random control
policy — choosing random action from the action space at every timestep.

Results and discussion. The proposed method’s performance was
compared against SAC [25] serving as a model-free baseline, original
TD3 [23] as an ablation study, CQL [26] as a popular technique for offline
pretraining (in this case, of TD3), and a pure FNO-based controller to as-
sess the ability to adapt to model-reality mismatch. All agents were run for
1000 timesteps of a single episode (to imitate the deployment to a real
system). Dynamics of biomass concentration and actions taken (Fig. 2), as
well as rewards and a slice of a learned policy across a fixed x, =0.5 at

the last timestep (Fig. 3), were recorded for each agent. The sum, mean,
and time-weighted cumulative errors are listed in Table 2.

Without extra tricks like reward engineering, TD3 was repeatedly
failing to converge with all tried hyperparameters (even after 100 epi-
sodes) due to vanishing gradients that forced the policy to be stuck at the
maximum possible action, which is beneficial at the beginning, but harm-
ful as biomass concentration grows. Preinitialized networks obtained via
offline pretraining with the CQL algorithm allowed TD3 to eventually
converge in 20 episodes, but this wasn’t without being stuck at the maxi-
mum action again for most of the evaluation episode. This is explained by
CQL not being able to produce such initialization of a Critic network that
successfully handles states not seen in historical observations, forcing TD3
to explore the state space and get stuck. SAC was able to promptly figure
out the rules of the environment and drive the system towards the desired
state; however, both the control and eventual policy were far from safe and
stable, as seen in Figures 2 & 3. Only our approach and pure FNO-
controller were able to quickly reach the target biomass concentration of
10 g/l and reliably maintain it for the evaluation period. Our method man-
aged to improve a pure FNO-based performance.

Experiment results demonstrate several advantages of our framework
over other evaluated methods. Pretraining allows for decreasing exploration
needs and performing safer and more efficient control from the very start.

Table 2

Rewards of agents (less is better) across 1000 timesteps of operation
Metric Ours FNO SAC TD3 TD3 + CQL
Sum -6.898 -7.513 -107.684 -2746.430 -2744.666
MAE 0.007 0.008 0.108 2.746 2.745

MSE 0.011 0.011 0.027 7.581 7.571
ITAE 365.694 | 673.979 | 51380.29 1384132.19 1383277.00
ITSE 6.854 7.504 8101.893 3835702.43 3830966.06
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Using data-driven modeling instead of plain model-free pretraining al-
lows for a greater amount of available knowledge to be captured, as simula-
tions can accurately extrapolate to small regions around known data points,
which is especially beneficial in the context of bioprocess control, where the
system’s state primarily changes slowly, making it easily decomposable into
low-frequency dynamics with greater regions of accurate extrapolation. Of
course, this puts additional requirements on the well-trainedness of FNO, as
every error is amplified during pretraining, but, again, operating in low fre-
quencies helps to mitigate the noise and small random disturbances, which
makes FNO a great choice for similar systems. Incorporating the Dreamer-like
imaginary rollouts made it possible to overcome the vanishing gradients issue
observed in pure TD3, helping it to converge to a good initial policy. The
method also showed the ability to improve with more observations.

Biomass vs Time (1000 steps) Action vs Time (1000 steps)

Action

Biomass

—=- Target Biomass —-- Equilibrium

4 T 075 — ™3
— caL ek
—— sAC — SAC
— ours -1.00 — Ours
0 200 400 600 800 1000 0 200 400 600 800 1000

Timestep Timestep

Fig. 2. Visualization of biomass dynamics (left) and actions taken
by the adaptive controller at each timestep (right)

Rewards vs Time (1000 steps) Action vs Biomass (for fixed x2)
0 - 100
4 075 V \
050
2 N
025
-3
B c
§ § 000
-
025
-5
050 ——— Target Biomass
——— Target Reward weeees Equilibrium
-
— T3 75 — SAC
~ caL ~—— TD3
— sAC — caL \
- — ours -100 — Ours
[ 200 400 600 800 1000 5 10 15 20 2 30 35

Timestep Biomass

Fig. 3. Visualization of reward dynamics (left) and agents’ control policies
at 1000-th timestep for varying x, and fixed x, =0.5 (right)
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However, several issues were also observed. Computational com-
plexity and the speed of weight update increased dramatically due to imag-
inary rollouts. FNOs were shown to be faster than numerical solvers for
big simulations, but on small scales, the time to compute several forward
passes may render the method unapplicable for environments requiring
immediate decisions. Also, the arbitration mechanism, where the agent
alternates between model-based and model-free branches during policy
updates based on A, was found to be less stable than expected: sometimes
model-free-favoring updates temporarily decreased the agent’s perfor-
mance, which suggests that a more stable method of combining model-
based and model-free branches needs to be developed. Apart from that, the
evaluation environment was fully observable, creating a need for addition-
al experiments in partially observable settings.

Conclusions. This paper designs a novel multistage method aiming to
fully utilize all benefits of FNO in the context of RL-based adaptive continu-
ous control such as ability to construct an accurate system surrogate from his-
torical observations (especially effective for PDE-based systems with slow
dynamics due to the built-in low-pass filter), perform differentiable Dreamer-
like environment rollouts to aid the convergence to a good policy, detect data-
drifts by evaluating the prediction error and take actions to mitigate the error
amplification, continually update the world model with new evidence in an
Active Inference fashion, which in combination produces a solid framework
for implementing a safe and reliable adaptive control. The approach was eval-
uated against popular algorithms, showing a significant advantage both in
safety and accuracy of the control. Also, current limitations of the approach
were discussed and will be addressed in future work.
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rsPUOHUA ®PEUMBOPK ONA AQANTUBHOIO
HEMNEPEPBHOIO KOHTPOITIO HA BA3I
HEMPOHHUX OMNEPATOPIB ®YP’€

Ha meTonu riGpHIHOTO aaNTHBHOTO KOHTPOJIIO CIIPSIMOBAHUI HealOu-
KAl HAyKOBMH Ta MPOMUCIIOBHI iHTEpeC 4epe3 1X MOTEeHLIHHY MOXIH-
BICTh TIOETHATH B COOi CHJIBHI CTOPOHU METOJIIB KOHTPOJIO Ha 0asi aHai-
THYHUX Mojenel (model-driven) Ta emmipnunnx nanux (data-driven), rme-
pIIi 3 IKUX HaiiHI Ta nependadyBaHi, aje MOBHICTIO T030aBJICHI aIarTH-
BHOCTI, @ OCTaHHI TapaHTYIOTh ONTHMAIGHIN KOHTPOJB, ajle depe3 CyTTEBI
0o0OMexeHHS € (aKTUYHO HE3aCTOCOBHHMH y PEaIbHUX BUPOOHUYHMX yMO-
Bax 3 BUCOKMMH PH3MKaMH i BUMOTaMH JI0 SKOCTi. Metoro 1iei po6otu €
po3poOka Ta anpobariis riopuaHoro GppeiMBOpKY isl TOOYIOBH aJanTHB-
HHUX KOHTpOJIEPiB Ha 0a3i HABYAHHSI 3 MiAKPIIUICHHAM, SIKUI BUKOPHUCTOBYE
ocobnmBocTi HelipoHHHX onepatopiB Pyp’e (FNO) s 3abe3nedeHHs Bu-
1101 TOYHOCTI 1 HAMIHHOCTI cHcTeMU KepyBaHHs. {1 JOCSATHEHHS i€l Me-
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TH 3aIIPOIIOHOBAHO apXiTEKTypy areHTy, mo 0a3yeTscs Ha anropurmi TD3
ta BukopucroBye FNO y pomi mMozeni cBity. @peMBOPK BKIIOYAE TPEHY-
BaHHA FNO-Mepexi Ha iCTOpHUHHX AaHUX, HONEpPEIHE HABYAHHS arcHTY
Ha OTPUMAaHOMY CypOraTi cepeIOBHINA, OHOBJICHHS MOJENTI CBITYy Ha 0asi
HOBHX CIIOCTEpPEKEHb Y PeabHOMY 4Yaci Ta IMHaMiuHe OallaHCyBaHHS MiX
Dreamer-moiOHUM IuTaHyBaHHSM Ta OIiHKaMu Q-Mepex B 3aIeXKHOCTI Bijt
TOTO, HACKUIBKU J0o0pe MOJeNb CBITY 3AaTHA IepeadadaTH peakiliio CHc-
TeMH Ha Iil areHTy. E(eKTHBHICTh METOMy OIIHEHO HA CHMYJIALIT IPOMH-
cIIoBOroO Tpornecy (epMeHTarii XmibonekapchKuX APLKIKIB. Pesynpratn
eKCIIEPUMEHTIB IEMOHCTPYIOTB, 110 3alIPOIIOHOBAHUN METO/[| 3HAYHO Iepe-
Bepurye nomupeni anroputmMu SAC, TD3 ta TD3+CQL, a Takox 4nucTuit
FNO-koHTpoJep: areHT yCHilIHO A0CsATaE HiIbOBOI KOHLCHTpalii 6iomacu
0e3 pU3MKOBAHOTO IOCIHIMKEHHS CEepellOBUINA Ta AEMOHCTPYE 3IaTHICTh
JIOJIATH HEBIMOBIHICTh MOJICII peanbHOCTi. [IpakTHYHA MIHHICTH POOOTH
HOJISITa€e y po3poOIli MeToy, 3a JIOMOMOTO0 SIKOTO 3a HasBHOCTI iCTOpHY-
HHUX JaHUX MOJJIMBO CTBOPIOBATH HAIiMHI aJanTHBHI KOHTPOJEPU IUIS
CKJIQHUX HENHIHHHUX IIPOLECiB 3 BHCOKOIO BapTICTIO IOMIJIKH, IO HE
BUMArarmTh aHAJITHYHUX MOJENCH, Ta 30aTHI CAMOCTIIfHO MiJUIaIiTOBYBa-
THUCS i peatbHi YMOBH.

KiwuoBi cinoBa: adanmuenuii Konmponw, 2iOpuoHe HAGYaHHS 3 NIOK-
PINNeHHAM, HeupoOHHI onepamopu, MOOeNO8aHHs Ha 6a3i OaHux, ognatin-
OHAAUH HABYAHHS, NPEMPEHY8AHHS, HeNepepeHULl KOHMPOILb, MAWUHHE HA-
6uanns, Giopeaxmop.
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