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The development of continuous biomanufacturing processes requires robust and early anomaly detection, since even minor deviations
can compromise yield and stability, leading to disruptions in scheduling, reduced weekly production, and diminished economic perfor-
mance. These processes are inherently complex and exhibit non-linear dynamics with intricate relationships between process variables,
thus making advanced methods for anomaly detection essential for efficient operation. In this work, we present a novel framework for
unsupervised anomaly detection in continuous biomanufacturing based on an ensemble of generative adversarial networks (GANs). We
first establish a benchmark dataset simulating both normal and anomalous operation regimes in a continuous process for the produc-
tion of a small molecule. We then demonstrate the effectiveness of our GAN-based framework in detecting anomalies caused by sudden
feedstock variability. Finally, we evaluate the impact of using a hybrid quantum/classical GAN approach with both a simulated quantum
circuit and a real photonic quantum processor on anomaly detection performance. We find that the hybrid approach yields improved
anomaly detection rates. Our work shows the potential of hybrid quantum/classical approaches for solving real-world problems in
complex continuous biomanufacturing processes.

1 Introduction
The global biomanufacturing industry is expected to be valued
between 500B$ - 1T$ by 20351, and one of the key technological
advancements required to achieve sustainable bioprocesses is the
shift from batch to continuous mode of operation. Several chal-
lenges lie in the way of developing continuous processes, some of
which are specific to bioprocesses, such as variation in quality of
feedstock, genetic instability after many generations, or contam-
ination risk. Given the high cost of operation of these processes,
it is necessary to detect any anomalies in the process at a very
early stage in order to intervene and prevent loss. This is also fur-
ther reinforced in the form of strict regulatory requirements by
several agencies that place strict regulations not only on the final
product quality, but also on the quality of the process2. These re-
quirements motivate the need for robust anomaly detection tools
that can inform the operator of any anomalies in the process at
an early stage.

Through steady advancements of process monitoring tools and
the growing availability of high-resolution data, industries across
domains, including biomanufacturing, are making significant
strides in the areas of model based process understanding and
the development of digital twins3–5. The development of robust
methods for handling multivariate process data with multiple fea-
tures is an active area of scientific and engineering research. One
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of the most important requirements of these methods is to detect
anomalies in the process data, ideally as early as possible in the
process, so that the process operator can make appropriate deci-
sions about the changes in the process to prevent error and loss
of yield or entire batches6.

Deep learning-based approaches have been explored for
anomaly detection in other industrial processes. Particularly, un-
supervised methods that attempt to learn the characteristics of
normal operational data to generate realistic synthetic process
data have been explored for anomaly detection in a wide vari-
ety of fields. These include medicine7 8, video surveillance9, and
quality inspection10. In the field of industrial process monitor-
ing, generative models, particularly Generative Adversarial Net-
works (GANs), for anomaly detection are being explored in vari-
ous sectors including nuclear and conventional power plant oper-
ation11 12 13, steam turbine health14, Oil and gas production15,
fused magnesium furnace16. Anomaly detection strategies based
on generative modeling tackle a critical and practical challenge:
imbalanced process data. In industrial processes, normal opera-
tion is usually ensured through strict operational practices and as
a result anomalous operation is usually rare. Hence, there is a
huge disparity between the data that is available between normal
operation and anomalous operation17. The modeling strategy for
anomaly detection thus must be agnostic of the size of the anoma-
lous process dataset. Generative models adopt an unsupervised
learning strategy, and thus can be developed using only normal
operational data.

However, one of the biggest obstacles faced by academic re-
searchers is the availability of industrial process data18 . To over-
come this challenge, simulation models of the real physical pro-
cesses are used to create data whenever possible. Particularly
in chemical processes, the Tennessee Eastman simulated process
dataset19 has been widely used to benchmark emerging methods
in anomaly detection in industrial processes, particularly using
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generative models20 21 22 23.
Meanwhile, quantum GANs (QGANs) have emerged at the in-

tersection of quantum computing and generative modeling. In
these architectures, a quantum circuit makes use of the funda-
mental principles of quantum mechanics, including superposi-
tion, interference, and entanglement, to generate samples from
probability distributions that are intractable to simulate classi-
cally24,25. Recent studies combine classical generative models
with parameterized quantum circuits to create hybrid quantum-
classical algorithms and observe improved performance26–30.
Though the mechanisms that lead to this improved performance
are still being elucidated, it has been suggested that the highly
correlated and non-separable nature of quantum distributions can
help neural networks produce more diverse data31. In the context
of industrial process monitoring, hybrid quantum classical algo-
rithms are thus an attractive strategy for advancing anomaly de-
tection methods. Early applications of hybrid quantum-classical
methods for anomaly detection have shown promise32–34.

In this work, we develop a framework for anomaly detection
in a continous biomanufacturing process. Biomanufacturing is
a complex process with multiple sequential unit operations, feed-
back loops, and control units that results in highly non-linear pro-
cess dynamics and complex relationships between process vari-
ables. To generate process data, we employ KTB-1, an established
dynamic simulation model of a continous process for production
of Lovastatin35, a commercially relevant Active Pharmaceutical
Ingredient. Leveraging insight from domain knowledge, we also
introduce faults in the simulation that result in process anomalies.
Thus, we establish a benchmark dataset for normal and faulty
operations of the continous biomanufacturing process. Subse-
quently, we investigate the applicability of GANs for anomaly de-
tection in a continuous biomanufacturing process. We also extend
our study to explore the potential of complex latent distributions
generated by a quantum simulator and a real photonic quantum
circuit in enhancing the performance of the GANs. The key con-
tributions of this paper are:

1. Development of a benchmark dataset for normal and faulty
operations of a continous biomanufacturing process. Sud-
den variation in the quality of feedstock is modelled as a
fault, which aligns closely with real process deviations that
are unique to bioprocesses.

2. Development of an early anomaly detection framework us-
ing an ensemble of GANs. While GANs have applied for
anomaly detection in industrial processes, this is the first
study employing GANs for anomaly detection in continous
biomanufacturing.

3. Novel application of quantum computers to enhance the
performance of GANs. We explore the potential of hybrid
quantum-classical algorithms in advancing the development
of new processes in biomanufacturing.

To ensure transparency and reproducibility, we also make our
dataset and code publicly available at https://github.com/
RajivKailasanathan/ADCoB.

2 Methodology

2.1 Overview
The anomaly detection workflow proposed in this study consists
of a decomposed solution strategy that is applicable for any in-
dustrial time-series process data set. Figure 1 shows an overview
of the anomaly detection framework.
We use an unsupervised approach to train an ensemble of gen-
erative adversarial networks (GANs). This training section uses
only normal operational data of the process, and does not require
any anomalous data. As a case study, we demonstrate the use of
this framework on a continous biomanufacturing process. A dy-
namic simulation model of the process (KT Biologics-1) is used
to generate data required to train and test the model. By provid-
ing standard operation conditions (including normal fluctuations
in process parameters), ’normal’ operational data are generated.
Similarly, sudden faults in the operational conditions are intro-
duced to create anomalous data. The normal operation data is
exclusively used to train the GANs. We also investigate different
variations of a GAN, where we change the type of input distribu-
tion used by the generator to seed the synthetic data generation
process. We compare the performance of three different distri-
butions: a Gaussian distribution, a distribution generated by a
simulated quantum circuit, and a distribution generated by a real
photonic processor (ORCA Computing PT-2).
After the training process, the discriminators of the GANs are
stored and used in the anomaly detection module. The input pro-
cess is classified as anomalous if any one of the discriminators
detects that it lies out of the distribution of the normal (training)
data.

2.2 Dataset generation
Our work uses the KTB1 simulation model, implemented in MAT-
LAB Simulink, to generate synthetic anomalies across a plantwide
biomanufacturing system. The simulation provides a dynamic
and modular environment for modeling process behavior and
fault conditions, which has for example been used in prior work
evaluating machine learning approaches for parameter estima-
tion36. The selected case study focuses on the production of
lovastatin, an active pharmaceutical ingredient (API), using As-
pergillus terreus as the fungal host organism. The simulated pro-
cess captures both upstream and downstream operations, repli-
cating the integrated nature of industrial-scale biomanufacturing.

In the upstream section, raw materials, adenine and lactose,
serving as nitrogen and carbon sources, are introduced into a mix-
ing unit (M-101), where they are homogenized into a uniform
feed solution. This medium is continuously supplied to a Con-
tinuous Stirred-Tank Reactor (CSTR), R-101, where Aspergillus
terreus ferments the feedstock to biosynthesize lovastatin. The
resulting fermentation broth is directed to a hydro-cyclone sepa-
rator (HC-101), which separates the suspension into two output
streams: a biomass-rich stream (R), part of which is recycled to
the reactor to sustain biomass levels, and a lean stream (stream
5), which advances to downstream purification. This recycling
loop introduces nonlinear dynamic behavior, making the process
sensitive to disturbances and faults, conditions ideal for testing
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Fig. 1 The anomaly detection workflow using an ensemble of GANs proposed in this study. Left: first, using the KTB1 model for simulating the
production process for lovastatin, a pharmaceutical ingredient, we produce a set of time series representing both normal and anomalous operating
regimes. Center: we train an ensemble of generative adversarial networks (GANs), each consisting of a generator (G) and discriminator (D) neural
network, on the data from the normal regime. The generator is trained to map samples from an input probability distribution to synthetic data. Our
work compares GANs trained with three different types of distributions: a classical Gaussian distribution, a simulated quantum distribution, and a
real quantum distribution produced by an ORCA Computing PT-2 system. Right: During the training process, each discriminator learns a decision
boundary distinguishing between the normal operation data and other data. An ensemble of discriminators can thus be used as a detection anomaly
module providing a set of learned criteria for flagging anomalies. If any discriminator in the ensemble flags a time series as anomalous, then the
anomaly detection module labels the time series as an anomaly.

anomaly detection performance. The downstream section con-
sists of a sequence of separation and purification stages. Cen-
trifuges C-101 and C-102 remove remaining biomass and dense
particulates. The clarified broth is then concentrated via nanofil-
tration (NF-101), which retains lovastatin molecules while allow-
ing smaller solutes to pass through. Final purification is per-
formed through a series of six reversed-phase chromatography
columns (LC-101 to LC-106), which isolate and enrich lovastatin
based on molecular interactions. This complete Simulink-based
process model enables the controlled injection of faults, such as
flow deviations, concentration changes, membrane fouling, or
sensor drifts across multiple units, producing realistic anomaly
scenarios that challenge conventional detection methods. Figure
2 presents a process flow diagram summarizing the full system
configuration.

Anomaly Dataset Generation

To develop and test fault detection and diagnosis algorithms,
both normal and faulty datasets were generated using the KTB1
plant-wide dynamic simulator. Anomalies were introduced by im-
plementing step changes in the lactose concentration (Clac,M),
which propagate through the process and affect the downstream
behavior of the system. While the specific substrate differs across
processes, concentration variations in feed streams are recog-
nized disturbances in biomanufacturing, as also demonstrated in
studies of continuous mAb production37. Each simulation run
captures the dynamic response of the plant under different oper-
ating conditions using Monte Carlo simulations with randomized
parameters.

For normal operating conditions, no fault was introduced. A to-
tal of 1000 Monte Carlo simulations were conducted by varying
the mean of Clac,M using a normal distribution (mean = 20, vari-
ance = 0.01). This variation was implemented via a random num-
ber generator block, providing natural process variability while
maintaining normal operation. Each simulation was run for 200
hours, and output data was sampled at each hour

For anomalous operating conditions, a fault was introduced by
applying a step change in the lactose concentration (Clac,M) at
time step 10 of the simulation. The value was shifted from an
initial baseline of 20 to a final value of 19.7. To make this fault
more realistic and reflective of actual industrial conditions, the
step signal was combined with a random noise generator, which
simulates natural variability in the process. We used normally dis-
tributed noise with a mean of 0 and a standard deviation of 0.1.
Our initial testing found that these parameters created a chal-
lenging anomaly detection dataset, where the anomalies could be
visually identified by plotting the data over the entire time series
but harder to identify at shorter time scales.

As a result, before time step 10, the signal fluctuates randomly
around the nominal value of 20. After time step 10, the signal
continued to fluctuate, but now around the new faulty value of
19.7. This composite signal allowed the simulation to reflect both
a significant operational change and continuous environmental
variability. A total of 100 time series were generated under this
fault condition. These time series were used only for evaluating
the performance of the anomaly detection algorithm trained on
normal data.
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Fig. 2 Process flow diagram of the KTB-1 simulation model. The upstream section focuses on enhancing Lovastatin production (with V for valves, R
for reactors, P for pumps, and HC for hydrocyclones), while the downstream section is dedicated to Lovastatin purification and includes the associated
control system for dynamic process management (where C stands for centrifuge, T for tank, and NF for nanofiltration).

2.3 GANs for anomaly detection

We adopt an unsupervised anomaly detection method based on
an ensemble of discriminator neural networks trained within a
generative adversarial network (GAN) algorithm. Using GAN dis-
criminators for unsupervised anomaly detection is a well-studied
idea in machine learning8,38–40. For more robust anomaly detec-
tion, ensembles of discriminators have also been investigated41.
GAN-based methods for unsupervised anomaly detection have
been proposed within a smart factory context42, but ours is the
first to investigate this approach for bio-manufacturing.

As shown in figure 3 in a GAN a generator and a discriminator
are trained in an adversarial manner. The discriminator is trained
to distinguish between real data and synthetic data produced by
the generator, and the generator is trained to produce synthetic
data that can fool the discriminator43. During training, the only
real data that is used is the normal data, and no anomalous data
is required. In this adversarial process, the discriminator effec-
tively learns to distinguish between any out-of-distribution data
produced by the generator and the normal data. After training,
the generator is discarded and the discriminator is saved. When
the discriminator is subsequently exposed to real anomalous data,
the expectation is that it should flag it as such.

To make this method more robust, an ensemble of GANs can
be used. A single discriminator learns the boundary between nor-

Fig. 3 Our anomaly detection scheme uses generative adversarial net-
works, in which two neural networks are trained in an adversarial way.
The generator is trained to map samples from an initial distribution to
realistic synthetic data. In this work, we investigate using either a clas-
sical Gaussian distribution or a quantum distribution. The discriminator
learns to distinguish between the real data and the synthetic data. After
training, we discard the generator and use the discriminator to determine
whether an input time series is anomalous.
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mal data and the specific out-of-distribution data produced by
one generator. The discriminator thus learns one specific decision
boundary in the problem space, but this is typically insufficient
to detect a wide range of potential anomalies. Training multi-
ple independent GANs can be an effective way of learning mul-
tiple such decision boundaries. Though training multiple GANs
increases the computational cost of this method, in this work we
consider lightweight models that can be trained in a reasonable
amount of time.

In our specific implementation, we train an ensemble of
Wasserstein GANs with gradient penalty44. These are known to
be more stable to train and yield higher-quality results than the
original GAN proposal. Both the generator and the discriminator
consist of feed-forward neural networks with 2 hidden layers and
LeakyReLU activation. The generator uses as input a latent vector
drawn from a probability distribution known as the latent space,
which in our work is either a Gaussian or a quantum probabil-
ity distribution. We run experiments with 16-dimensional latent
vectors.

After training, we use a "union rule" to flag anomalies, where
if any one of the ensemble of discriminators flags the data as
anomalous then the data is flagged as anomalous. This reflects
the notion that each discriminator learns a different decision
boundary between normal data and out-of-distribution data, such
that anomalous data will generally lie outside the decision bound-
ary for some but not all models. Specifically, since each discrimi-
nator output is a real number, we first determine the bottom-x and
top-x quantiles (for a given value of x) of this value for the normal
data, then any data that is outside these thresholds is flagged as
anomalous. Different values of x lead to different true positive
and false positive rates, and as such we present our results as re-
ceiver operating characteristic (ROC) curves. We also present the
associated areas under the curve (AUC).

2.4 Hybrid quantum/classical GANs

Anomaly detection methods based on ensembles of GANs require
using generator architectures that can produce highly diverse
data. Producing highly diverse data is expected to help the dis-
criminator learn more useful decision boundaries between nor-
mal data and out-of-distribution data within the problem space.
However, despite significant improvements in GAN models since
they were first proposed, GANs often struggle with "mode col-
lapse", where data diversity can be minimal45.

Recently, several studies using quantum processors as part of a
hybrid quantum/classical GAN architecture have found that these
methods can outperform purely classical GANs28–31,46. Quan-
tum processors can sample from probability distributions that are
intractable classically47. In these studies, samples drawn from
these quantum distribution are used at the input of the genera-
tor instead of a classical distribution. This method has been ob-
served to help the generator produce more diverse outputs31,46.
We hypothesized that generators that produce more diverse syn-
thetic data should in turn produce discriminators that learn a
more informative decision boundary between normal and out-of-
distribution data. As such, in this study we investigate the per-

formance of an ensemble of discriminators trained with hybrid
quantum/classical generators, and compare it to the performance
of an ensemble of discriminators trained using purely classical
generators.

Fig. 4 Our experiments using a quantum processor use photonic quantum
processors implemented with a time-bin architecture. As shown in a, in
these architectures single photons are sequentially sent into a network of
optical delay lines with programmable coupling coefficients. This creates
an entangled state between different time bins which can measured by a
photon number resolving detector. The two-loop architecture shown in
a) implements the quantum optical circuit shown in b), where each gate
is a programmable beam splitter between two optical modes.

We use both simulated and real photonic quantum processors
using the architecture shown in figure 4. In a photonic quantum
processor, identical single photons are injected into an interfer-
ence network. Interference between the photons creates a com-
plex quantum state, which is collapsed by a measurement process
that returns the output locations of the photons. Simulating this
process classically requires computational resources that scale ex-
ponentially with the number of photons, such that simulations
with more than a few tens of photons are intractable48. Our ex-
periments consider small-scale quantum processors with 8 pho-
tons interfering in 16 channels.

Photonic quantum processors have several advantages com-
pared to other quantum computing modalities that motivate us-
ing them for hybrid machine learning algorithms. Though near-
term photonic systems are not universal for quantum computa-
tion, they naturally produce highly non-uniform distributions49

that differ significantly from commonly used classical latent dis-
tributions. Moreover, photonic systems are not subject to deco-
herence, which pushes the outputs of quantum circuits imple-
mented with other modalities closer to a uniform distribution50.
Finally, their room-temperature operation and commercial avail-
ability make their integration into real-world workflows more
straightforward51.

Our classical simulations of these processors use the algorithm
from Clifford and Clifford52, whereas our experiments with a real
quantum processor use a commercially available ORCA Comput-
ing PT-2. We note that classical simulations of these systems are
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only tractable for the small-scale quantum systems considered in
this work, and become intractable at larger sizes. We use ran-
domly initialized and untrained photonic quantum circuits to pro-
vide an apples-to-apples comparison with the untrained Gaussian
distribution used for the classical GANs. However, we note that
these circuits could in principle be trained jointly with the classi-
cal neural networks in the generator and discriminator53.

3 Results
We perform experiments that aim to answer different research
questions. First, we perform a range of experiments using en-
sembles of 30 models with different latent spaces. These exper-
iments aim to validate our approach to anomaly detection, and
elucidate how the choice and size of the latent space impact the
overall model performance. Comparing the performance of the
simulated quantum processor to that of the real quantum proces-
sor also allows us to examine the transferability of our method to
real quantum hardware. Our second experiments use a larger en-
semble of 60 models to investigate how model performance scales
with the number of discriminators.

3.1 Experiments with an ensemble of 30 discriminators

Fig. 5 Receiver operating characteristic (ROC) curves of our anomaly
detection algorithm based on an ensemble of 30 GAN discriminators.
We consider GANs that use a classical Gaussian latent space or a quan-
tum distribution produced by the quantum interference between identical
photons. The quantum distribution is generated either by a real or by a
simulated quantum processor. The GANs differ only in the process that
produced the latent vectors sent to the generator. The solid line and
shaded areas correspond respectively to the mean and standard devia-
tion calculated by sampling 30 models 20 times from an ensemble of 120
trained models.

Our first experiments focus on using ensembles of 30 discrimi-
nators for anomaly detection. To evaluate the mean and standard
deviation of the performance of an ensemble for anomaly detec-
tion, for each experiment we train 120 GAN models and use 20
bootstrap ensembles of 30 models drawn from this larger set.

ROC curves from these different model ensembles are shown in

Latent space AUC
Simulated quantum distribution 0.409 ± 0.012
Real quantum distribution 0.324 ± 0.026
Gaussian distribution 0.280 ± 0.023

Table 1 Area under the curve (AUC) of the receiver operating character-
istic curves of our anomaly detection algorithm for a size-30 bootstrap
ensemble.

figure 5, with areas under the curve (AUC) shown in table 1. We
observe that all approaches successfully detect anomalies, with
some significant differences in performance between the models.
These results validate the use of an ensemble of GAN discrimina-
tors as a promising method for unsupervised anomaly detection
in a high-dimensional bio-manufacturing environment.

We also observe that the best results, with over 50% anomaly
detection success at 0% false positives, are achieved with the
quantum distributions. These results indicate that the greater
diversity of the data produced by the hybrid quantum/classical
discriminators helped the discriminators learn more useful de-
cision boundaries for anomaly detection. We also find that the
real quantum processor outperforms the classical Gaussian dis-
tribution but underperforms the simulated quantum distribution.
This suggests that experimental imperfections such as photon loss
have a material impact on performance, but using even an imper-
fect real quantum processor can still yield better results than the
most commonly used Gaussian distribution. These results vali-
date the use of a hybrid quantum/classical approach for detecting
anomalies.

3.2 Using a larger ensemble

Fig. 6 ROC curves of our anomaly detection method based on an en-
semble of 60 GAN discriminators using different latent spaces.

We also investigate the performance of our method using a
larger ensemble of 60 models sampled from the size-120 ensem-
ble, with results shown in figure 6 and table 2. We find that the
larger ensemble yields improved results. Moreover, the hierar-
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chy between models that was observed for the ensembles of 30
models is reflected here too. These results show that this method
scales well with the amount of computation available. Whereas
the use of the union rule method of flagging anomalies could have
been expected to create a large number of false positives as the
ensemble size increases, these results indicate that this is not a
problem in practice.

Latent space AUC
Simulated quantum distribution 0.429 ± 0.009
Real quantum distribution 0.412 ± 0.019
Gaussian distribution 0.350 ± 0.019

Table 2 Area under the curve (AUC) of the receiver operating character-
istic curves of our anomaly detection algorithm for a size-60 bootstrap
ensemble.

4 Discussion

4.1 Advantage from quantum computing
Here, we further discuss the role of quantum computing in help-
ing us achieve improved anomaly detection results. We consider
two aspects of this question: whether the quantum computer is
required to achieve higher-quality results, and the extent to which
the quantum computer could be simulated classically.

First, though the quantum distribution provides a practical and
well-studied method to improve the performance of a GAN, it is
not the only method available. A wide range of other classical
distributions can also be used in a GAN, from Bernoulli distribu-
tions54 to trained distributions using an autoencoder55. Though
(author?) 31 observe an improvement over a wide range of clas-
sical distributions, we cannot rule out that some of these meth-
ods may yield improved performance on this problem compared
to the baseline Gaussian. However, it is impractical and computa-
tionally expensive to investigate a wide range of alternative distri-
butions, while the increasing availability of quantum computers
means that they are becoming an increasingly practical alterna-
tive. As such, in realistic settings where algorithm development
time and computation is limited, adopting a quantum distribution
as the go-to option for improving performance may be a more ef-
fective use of resources than investigating a wider range of clas-
sical distributions.

Second, we note that classical methods for simulating photonic
quantum processors in the presence of noise have been devel-
oped56,57. The methods could in principle be used to derive the
same improvement in performance that we observe with a real
quantum processor using only classical resources. However, these
methods are not practical for hybrid quantum/classical machine
learning workflows. The mean-field approach of (author?) 56 re-
produces the low-order statistics of a photonic quantum distribu-
tion with a quadratic overhead as opposed to a linear overhead
at most with a real system. The approach of (author?) 57 was
reported to require 9 minutes on 288 GPUs just to set up the
simulation. As such, it is unlikely that either approach could
run faster than a state-of-the-art photonic quantum processor.
Though speed of generating samples is less of a concern when
using a static, untrained latent space, this can be a major limi-

tation for more advanced variational settings. In those settings
where both the quantum and the classical parts of the algorithm
are regularly updated, neither approach thus provides a practical
route to simulating these distributions.

4.2 Prospects for practical biomanufacturing applications

The convergence of quantum-enhanced machine learning and ad-
vanced control strategies presents a transformative opportunity
for continuous biomanufacturing. As processes become increas-
ingly complex and data-rich, traditional control systems strug-
gle to maintain robustness in the face of nonlinear dynamics,
rare anomalies, and evolving operational conditions. In this con-
text, the integration of hybrid quantum Generative Adversarial
Networks (GANs) with Model Predictive Control (MPC) offers a
promising pathway toward intelligent, adaptive process manage-
ment.

Hybrid quantum GANs leverage the expressive power of
quantum-generated latent spaces to produce synthetic data that
more accurately reflects the manifold of normal process behavior.
This enhanced diversity enables discriminators to learn sharper
decision boundaries, improving the sensitivity and specificity of
anomaly detection. Importantly, these models operate in an unsu-
pervised fashion, relying solely on normal operational data—an
essential feature in industrial settings where labeled anomalies
are scarce or unavailable.

Embedding this anomaly detection capability within an MPC
framework creates a closed-loop system that not only moni-
tors but also responds to deviations in real time. When the
GAN ensemble flags an anomaly, the MPC module can dynam-
ically adjust its prediction horizon, tighten constraints, or re-
optimize control actions to mitigate potential risks. This dual-
layered architecture—where anomaly detection informs control
decisions—represents a shift from reactive to proactive process
management.

Moreover, the inclusion of direct control signals from the
anomaly detection module to the process simulation or plant adds
a layer of safety and responsiveness. In scenarios where anoma-
lies indicate critical faults, bypassing the MPC for immediate actu-
ation can prevent cascading failures or product loss. This hybrid
control logic, combining predictive optimization with anomaly-
triggered overrides, aligns well with the stringent reliability and
quality demands of pharmaceutical manufacturing.

From a broader perspective, this framework exemplifies how
quantum computing can be pragmatically integrated into indus-
trial workflows. Photonic quantum processors, with their room-
temperature operation and commercial availability, offer a fea-
sible route to enhancing machine learning models without re-
quiring full-scale quantum infrastructure. As quantum hardware
matures, its role in enabling more expressive generative mod-
els—and by extension, more intelligent control systems—is likely
to expand.

In summary, the proposed Hybrid Quantum GAN-MPC frame-
work is not merely a technical innovation but a conceptual ad-
vancement in how we think about process control. It bridges
the gap between data-driven anomaly detection and model-based
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control, paving the way for resilient, adaptive, and intelligent
biomanufacturing systems.

5 Conclusions
In this study, we have introduced a novel framework for unsu-
pervised anomaly detection in continuous biomanufacturing pro-
cesses, leveraging an ensemble of generative adversarial networks
(GANs) enhanced by hybrid quantum-classical approaches. By
developing a benchmark dataset using the KTB-1 dynamic simu-
lation model for lovastatin production, we simulated both normal
operations and anomalies arising from sudden feedstock variabil-
ity—a common challenge in bioprocesses. Our ensemble GAN
method, trained exclusively on normal data, demonstrated robust
early detection capabilities, with receiver operating characteristic
(ROC) curves indicating effective discrimination between normal
and anomalous regimes. A key innovation lies in the integration
of quantum-generated latent distributions, sourced from both
simulated and real photonic quantum processors (ORCA Comput-
ing PT-2). Comparative experiments revealed that these quantum
distributions outperformed classical Gaussian baselines, yielding
higher areas under the curve (AUC) values—up to 0.429 for sim-
ulated quantum ensembles of 60 discriminators. This improve-
ment underscores the potential of quantum mechanics to enhance
generative diversity, mitigating issues like mode collapse and en-
abling discriminators to learn more informative decision bound-
aries. Notably, even imperfect real quantum hardware provided
advantages over classical methods, validating the practicality of
hybrid architectures in near-term applications. This work repre-
sents the first application of hybrid quantum-classical GANs for
anomaly detection in continuous biomanufacturing, addressing
critical needs for robust process monitoring amid nonlinear dy-
namics and regulatory demands. The framework’s unsupervised
nature and scalability with ensemble size position it as a promis-
ing tool for integration with model predictive control (MPC) sys-
tems, facilitating proactive interventions to minimize yield losses
and operational disruptions. While our results highlight quan-
tum advantages, limitations include reliance on small-scale quan-
tum processors and the computational cost of larger ensembles.
Future research could explore trained quantum circuits, scalabil-
ity to fault-tolerant quantum hardware, and real-world valida-
tion on industrial datasets. Overall, this study paves the way for
quantum-enhanced machine learning to drive advancements in
sustainable biomanufacturing, offering a pathway toward more
resilient and efficient processes.
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A Data pre-processing
We pre-processed the data in the following way. First, though
each time series in the original dataset was 200 hours long, our
initial investigation found that using the entire dataset caused the
anomalies to be too easy to detect, with near-perfect anomaly de-
tection performance that provides little insight into the effective-
ness of our method. We thus focused on the early anomaly detec-
tion setting and limited the dataset to the first 48 hours (with the
anomaly starting at the 10th hour). Since changes to the mea-
sured quantities are slow, we further downselected to only use
data collected every 8th hour. We tracked 5 features in the time
series that were found to be affected by the anomaly, such that
each time series was reduced down to (48/8)× 5 = 30 features
after pre-processing. To help process this data with a neural net-
work, we then standardized these features using the mean and
standard deviation over time of each of the 5 quantities.
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