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1. Introduction

The goal of a manufacturing process is to increase
the throughput and reduce expenses and operational bottle-
necks [1]. A common bottleneck is unoptimized or immature
processes, which lead to billions of dollars in annual costs, high
resource consumption, or waste or lost production time [2]. In
many industrial settings, the primary objective is to reach a per-
formance threshold—not necessarily perfection—in the short-
est possible time. Achieving the threshold faster also minimizes
resource consumption and opportunity costs.

Figure 1 shows a multi-stage bioethanol production process
as described by [3, 4, 5]. We discuss the bioethanol production
process in detail in Section 4. Conventionally, such a system is
modeled as a black-box P that takes controllable inputs x and
yields a product, whose performance is quantified by a met-
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Figure 1: A multi-stage bioethanol production process P with three subpro-
cesses: P

(1), P
(2), and P

(3), each with controllable inputs x =
(
x

(1), x(2), x(3)).
Using sensors, we are also able to observe the state-space S

(1), S
(2) and S

(3) of
the subprocesses respectively. The final process performance, y

(V), is measured
at the objective node V .

ric y
(V), such as the space-time yield (STY) of ethanol [3, 6].

Bayesian optimization (BO) is a powerful black-box optimiza-
tion technique widely used to maximize performance metrics in
manufacturing [7, 8, 9, 10].

However, modeling a process network as a simple black box
can be suboptimal, as it ignores prior knowledge of its internal
structure. As illustrated in Figure 1, this process can be rep-
resented as a causal Directed Acyclic Graph (DAG) A, where
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nodes {P(v)}v→V correspond to individual subprocesses. We as-
sume the DAG A is topologically ordered, with the objective
node P

(V) being the final node. Each subprocess P
(v) receives

controllable inputs x
(v) and the outputs f̃

Pa(v) from its parent sub-
processes Pa(v) to produce its own output f̃

(v). We are able to
observe the outputs f̃

(v) as noisy observations y
(v) using sensors.

However, we often observe high-dimensional state-space data
S

(v) within each subprocess as intermediate observations. For
example, during bioethanol production, we can measure tem-
perature and pH in the bioreactor over time.

Gaussian Process Networks (GPNs) introduced by [11, 12],
later extended by [13] as Partially Observable GPN (POGPN),
showed that BO can be improved by replacing the single-task
GP surrogate model with a POGPN and incorporating prior
knowledge of causal structure and intermediate observations
g =

(
y

(v)
)

v→V of A. While powerful, both GPNs and POGPNs
are not designed to handle high-dimensional state-space obser-
vations S

(v), such as the time-series data common in modern
manufacturing, which remains a key challenge.

Separately, the Joint Parameter and State-Space (JPSS) mod-
eling proposed by [14] showed how process expert knowledge
can be used to extract low-dimensional latent features h

(v) from
the high-dimensional state-space S

(v) to create a Gaussian Pro-
cess Network (GPN). We present the following contributions:

• Importance of process expert knowledge in BO and in-
troduce POGPN-JPSS, a novel framework for optimiz-
ing complex processes with high-dimensional intermedi-
ate observations.
• Empirically show that POGPN-JPSS can rapidly mature

the multi-stage bioethanol production process.

Section 2 provides the background information on the Gaussian
Processes and Bayesian Optimization. Section 3 discusses the
related work in detail. The described methods are used for the
multi-stage bioethanol production process, described in Sec-
tion 4. Sections 5 and 6 describe the experiments and results.
Section 7 discusses the results and provides the conclusion and
outlook.

2. Background

We consider a manufacturing process P composed of multi-
ple subprocesses {P(v)}v→V. When the process is evaluated at a
given input configuration xn = (x(v)

n )v→V, we observe interme-
diate outputs gn = (y(v)

n )v→V and a final objective output y
(V)
n . A

dataset of N evaluations is denoted asD = {xn, gn, y
(V)
n }Nn=1.

2.1. Stochastic Variational Inference for Gaussian Processes

A Single-Task Gaussian Process (STGP) is a Bayesian non-
parametric model that defines a distribution over functions
f (·) [15]. For a given input xn, the function value f

(V)
n is as-

sumed to be drawn from a Gaussian distribution p( f
(V)
n |xn) =

N
(
µ(xn), ω(xn, x

↑
n
)
)
, where µ(·) is the mean function and ω(·, ·↑)

is the covariance function. We also assume that the likelihood

p(y(V)
n | f (V)

n ) of observing y
(V)
n is Gaussian. An STGP treats the

entire process P as a single black box, and hyperparameters are
learned by maximizing the marginal log-likelihood (MLL)

LGP =

N∑

n=1

logE
p( f

(V)
n |xn)

[
p(y(V)

n
| f (V)

n
)
]
. (1)

However, the cubic computational complexity of STGP infer-
ence makes it impractical for large datasets or hierarchical
models [15, 16]. The Stochastic Variational Gaussian Process
(SVGP) [16] makes inference scalable by introducing a set of
J inducing points u, which are function values at chosen in-
ducing locations Z. These inducing points are summarized by a
variational distribution q(u) = N

(
au, Bu

)
. For input xn, SVGP

approximates the true GP posterior with a variational distribu-
tion q( f

(V)
n ) =

∫
q( f

(V)
n |u)q(u)du. The GP hyperparameters and

variational parameters (Z, au, Bu) are then optimized by maxi-
mizing the Evidence Lower Bound (ELBO) as

LSVGP
ELBO

=

N∑

n=1

E
q( f

(V)
n )[log p(y(V)

n
| f (V)

n
)] ↓ εKL

(
q(u)↔p(u)

)
. (2)

2.2. Gaussian Process Networks (GPNs)

To model the structured processes, Gaussian Process Net-
work (GPN) [11] represents the process P as a Directed Acyclic
Graph (DAG) A. Each node v → V in the graph corresponds
to a subprocess P

(v) and is modeled as an independent GP. A
key assumption in GPNs is that the noisy observations y

Pa(v)

from parent nodes are used as direct inputs to their child nodes,
thus modeling the process as a network of GPs, Mx↗g↗y(V) .
Each node’s GP is trained on its respective input-output pairs,(
x

(v), yPa(v)
)

and y
(v), by maximizing the MLL as in (1). Each

node can be represented as a tuple

P
(v) =

〈
p
(
f

(v)|x(v), yPa(v)), p(y(v)|f(v))
〉
. (3)

2.3. Partially Observable Gaussian Process Networks (POG-

PNs)

The GPN’s assumption that noisy parent observations y
Pa(v)

are the direct inputs to child nodes can be limiting, as it fails
to distinguish between the true underlying process output and
measurement noise [13]. The Partially Observable Gaussian
Process Network (POGPN), developed by Kiroriwal et al. [13],
provides a more general and robust framework. As shown in
Figure 1, it is not the noisy observation y

Pa(v) that becomes
the input but rather the latent output f̃

Pa(v). Using this as the
key idea, POGPN models each subprocess (node) as an SVGP,
where each node can be represented as a tuple

P
(v) =

〈
p
(
f

(v)|x(v), f̃Pa(v)), p(y(v)|f(v))
〉
. (4)

Due to POGPN’s hierarchical structure, exact inference is in-
tractable. Instead, POGPN uses doubly stochastic variational
inference (DSVI) [17] to jointly optimize the entire network.
Kiroriwal et al. [13] formulate the ELBO, LPOGPN

ELBO
, as
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∑

v→V

N
(v)∑

n=1

E
q(f(v)

n )

[
log p(y(v)

n
|f(v)

n
)
]

︸�����������������������������������︷︷�����������������������������������︸
LL loss

↓ ε
∑

v→V
KL

(
q(u(v))↔p(u(v))

)

︸�����������������������������︷︷�����������������������������︸
KL loss

, (5)

where u
(v) are the inducing points for the SVGP at each node.

Inspired by [18], [13] also propose a Predictive Log Likelihood
(PLL) for POGPN where the ‘KL loss’ remains the same as
in (5) and the ‘LL loss’ term is defined as

LLPLL =
∑

v→V

N
(v)∑

n=1

logE
q(f(v)

n )

[
p(y(v)

n
|f(v)

n
)
]

︸����������������������������������︷︷����������������������������������︸
Predictive Log-Likelihood

. (6)

2.4. Bayesian Optimization: Expected Improvement (EI)

In Bayesian optimization, Expected Improvement (EI) is a
popular acquisition function. Given the best-observed output,
y

(V)
ϑ , the EI at a candidate point xc is the expected value of

the improvement over the best observed output and is defined
as EI(xc) = Ep(y|xc,D)

î
max
Ä

0, y(V)
c ↓ y

(V)
ϑ

äó
.When the model’s

predictive posterior is Gaussian, N(a
p( f

(V)
c ), Bp( f

(V)
c )), EI has a

closed-form solution [7] as

EI(x) = B
p( f

(V)
c )Π

(
a

p( f
(V)
c ) ↓ y

(V)
ϑ

B
p( f

(V)
c )

)

, Π(ϖ) = ϱ(ϖ) + ϖΦ(ϖ),

(7)
where ϖ = (ap( fc)↓yϑ)/Bp( fc), and Φ(·) and ϱ(·) are the Cumula-
tive Distribution Function (CDF) and Probability Density Func-
tion (PDF) of the standard normal distribution, respectively.
Numerical issues of EI were first analyzed by [19], and they
proposed Log Expected Improvement (LogEI) as LogEI(x) =
logΠ(ϖ) + log B

p( f
(V)
c ) as a robust and stable alternative to EI.

2.5. Inducing Point Allocator (IPA)

The placement of inducing locations significantly impacts
the performance of an SVGP [20]. Initialization strategy
Greedy Variance Reduction (GVR), introduced by [20], itera-
tively selects points from the observed inputs X that maximally
reduce the model’s variance: z j = arg maxz→X ω j↓1(z), where
ω2

j↓1(z) = ω(z, z) ↓ ω(Z1: j↓1, z)Tω(Z1: j↓1,Z1: j↓1)↓1ω(Z1: j↓1, z).
Moss et al. [21] showed that GVR is not optimal

for Bayesian optimization using SVGP and introduced a
quality function ϱ(·) into the selection criterion z j =

arg maxz→X ϱ(z)ω j↓1(z). For improved BO performance, they
proposed Greedy Improvement Reduction (GIR) that uses an
EI-inspired quality function ϱ(xn) = y

(V)
n ↓ y

(V)
ϑ .

3. Related Work

Bayesian optimization (BO) with a Gaussian Process
(GP) [15] surrogate model is an effective methodology for man-
ufacturing processes, with applications ranging from chemical
synthesis [10] to mechanical engineering [22, 23]. Research in
this direction can be broadly categorized into three main cate-
gories: (1) development of robust acquisition functions, (2) hi-

erarchical surrogate models using process structure and inter-
mediate data, and (3) improving the scalability of standard GPs
to handle high-dimensional inputs.

Works by [10, 23, 9] belong to the first category, in which the
authors develop robust acquisition functions either using trust
region or other numerically stable techniques to apply existing
BO methods for optimizing complex processes. In particular,
TuRBO [9] and LogEI [19] acquisition functions have emerged
as a consistent, robust choice across diverse BO applications.

In the second category, motivated by the fact that many man-
ufacturing processes consist of interconnected subprocesses,
Gaussian Process Networks (GPNs) [11, 12, 24] model the sys-
tem as a DAG, using intermediate observations from each sub-
process to improve the surrogate’s accuracy and, consequently,
optimization performance. For instance, causal BO with GPNs
was applied to optimize fertilizer dosage in farming with re-
spect to the trade-off between crop growth and soil health [12].
However, as shown by [13], GPNs assume that the GPs at
each node can be trained conditionally independently, result-
ing in suboptimal inference. To address this, the Partially Ob-
servable GPN (POGPN) uses variational inference to learn a la-
tent distribution of the process network [13]. Results show that
POGPN can improve BO performance by incorporating partial
observations during both training and inference. However, both
GPNs and POGPNs are limited in their ability to handle high-
dimensional data, such as sensor time series.

A third direction of research by [25] aims to enhance
standard single-task GP for high-dimensional inputs by using
dimensionally-scaled priors for the GP kernel and likelihood.
Combined with the robust LogEI [19] acquisition function,
the results from [25] provide robust results for not only high-
dimensional input processes. While the method is effective, it
relies on a direct input-output mapping, and it does not incorpo-
rate the high-dimensional intermediate observations S

(v) from
subprocesses.

Joint Parameter and State-Space (JPSS) modeling was in-
troduced to handle high-dimensional state-space observations(
S

(v)
)

v→V by using expert knowledge to extract low-dimensional
features h =

(
h

(v)
)

v→V for a GPN [14]. However, the original
JPSS framework was proposed using a standard GPN, thus in-
heriting its limitations in uncertainty propagation. This paper
integrates POGPN inference with JPSS to optimize process net-
works, such as the multi-stage bioethanol production process,
with high-dimensional intermediate observations.

4. Motivating Example

The bioethanol production process, illustrated in Fig. 1, uses
a seed train fermentation technology [4, 5, 3]. This is done by
scaling up a microbial culture in a small laboratory flask to a
large scale in three stages {P(v)}v→{1,2,3}. This scaling up is called
a seed train because of its sequential nature. This gives rise to
a tightly coupled, multi-stage dynamical system in which the
performance of the early stages critically determines the final
outcome.
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Figure 2: Observed state-space dynamics from a single simulation run of the
multi-stage bioethanol production process.

The whole process, denoted by P, is governed by an input
vector with a dimensionality of Dx = 26, denoted by x, with
dimensionalities Dx(1) = 6,Dx(2) = 10, and Dx(3) = 10, respec-
tively. The input variables represent operating conditions, in-
cluding substrate feed rate profiles, linear temperature and pH
profiles, and stage durations. The objective function is to op-
timize the controllable input variables x to achieve maximum
final process productivity y

(V), quantified as Space-Time Yield
(STY) [3]. STY, defined as the amount of ethanol produced
per unit of time and reactor volume, penalizes inefficiently long
stages and thus drives the optimization toward overall process
efficiency.

The sequence begins with P
(1)

(Shake Flask), which involves
activating the biomass originally obtained from a lab stock us-
ing a 2L flask. The next step is P

(2)
(Seed Fermenter), which

cultivates the activated biomass in a 500 L bioreactor operat-
ing in fed-batch mode to initiate a dense cell culture ideal for
production. The objective is to allow healthy cell growth by pre-
cisely manipulating factors such as temperature, pH, and sub-
strate addition to avoid inhibitory effects. Then, final ethanol
production occurs in P

(3)
(Production Fermenter), a 20000 L

bioreactor, which uses biomass from culturing to break down a
substrate on a larger scale to produce ethanol.

Process Dynamics and Control: The dynamics of each sub-
process are governed by a set of ordinary differential equations
(ODEs) that describe the evolution of concentration of biomass
(sbiomass), ethanol (sethanol), and substrate (ssubstrate), and the cul-
ture volume (svolume) [26] as

dsbiomass

dt
= (µgrowth ↓ kd)sbiomass ↓

Fin

svolume
sbiomass

dsethanol

dt
= qethanolsbiomass ↓

Fin

svolume
sethanol

dssubstrate

dt
=

Fin

svolume
(sin ↓ ssubstrate) ↓ qsubstratesbiomass

dsvolume

dt
= Fin, (8)

where kd is the death rate, Fin is the feed rate, sin is the in-
let substrate concentration, svolume is the volume of the com-
plete culture in the reactor, and µgrowth is the specific biomass
growth rate. The specific ethanol production rate qethanol is de-
scribed by the Luedeking-Piret model, and the specific substrate
consumption rate qsubstrate follows the Pirt model, which ac-

counts for substrate used for growth, production, and cell main-
tenance [27, 28].

The Optimization Challenge: The bioethanol seed train P is
a challenge to optimize because of several factors, such as:

• Complex Biological Kinetics: The dynamics are non-
linear and involve growth- and non-growth-related prod-
uct formation (Luedeking-Piret kinetics) [27], sub-
strate consumption related to cell maintenance (Pirt
model) [28], and strong inhibitory effects due to high sub-
strate concentration (Andrews model) [29] and inhibitory
effects due to high ethanol concentration (Ghose-Tyagi
model) [30].
• Critical Trade-offs Across Stages: The optimizer has

to make trade-offs between multiple objectives. For in-
stance, minimizing seed stages reduces overall process
time but can result in low-quality inoculum, thereby neg-
atively affecting final productivity [4]. A very aggressive
feeding mode to enhance productivity can lead to sub-
strate and product inhibitions, causing retardation in the
final process.
• Tightly Coupled Dynamics: The decisions that are made

within the early stages impact other stages. This compli-
cates the problem significantly because it is non-trivial to
optimize variables within a control system at the holistic
level.

These factors make the bioethanol seed train a highly suit-
able and demanding benchmark for assessing structure-aware
optimization algorithms. An example of the observed state-
space from different stages of the bioethanol production process
is shown in Figure 2. A threshold STY required to make this
pilot-scale simulation economically viable can be 0.5. Impor-
tantly, this state-space representation provides information on
how long each of these processes is supposed to take. Notably,
the optimizer must also determine the optimal duration for each
subprocess—P

(1), P
(2), and P

(3)—which can range from 6-48
hours, 12-96 hours, and 48-168 hours, respectively. Given that
each simulation represents a very time-intensive real-world pro-
cess, fast optimization of such a time-intensive process is of ut-
most importance, as it can save a lot of resources and time and
hence opportunity costs as well.1

5. Methodology

As explained in Section 4, optimizing the bioethanol pro-
duction process is a significant challenge. In this section, we
evaluate the performance of our proposed POGPN-JPSS ap-
proach, which integrates Partially Observable Gaussian Pro-
cess Networks (POGPN) [13] with Joint Parameter and State
Space (JPSS) representation [14]. We compare our method
against three state-of-the-art models: a standard GPN [11], a
high-dimensional single-task GP (STGP) [25], and a standard

1 The code for the simulation is available at https://github.com/Sam48
96/seed_train_bioethanol_sim
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SVGP [21]. All optimizations are driven by the robust Log Ex-
pected Improvement (LogEI) acquisition function [19].

The state-space observations S
(1), S

(2), and S
(3) from each

stage are high-dimensional multivariate time-series. We reduce
these to low-dimensional features using the JPSS approach, in-
corporating process-expert knowledge to identify features es-
sential to subsequent stages and the final objective. The final
objective in this case is to optimize STY, which depends on the
total ethanol produced, the process volume, and the total dura-
tion. For P

(1), our objective is to optimize a healthy inoculum to
be introduced into the seed fermenter. Both biomass and ethanol
concentrations are key indicators of culture health, as ethanol
can inhibit growth. Therefore, we extract the final biomass and
ethanol concentrations, h

(1) =
Ä

s
(1)
biomass, s

(1)
ethanol

ä
, as the inter-

mediate features. For P
(2) and P

(3) our objective is to optimize
ethanol production, so we use the final ethanol concentrations,
h

(2) = s
(2)
ethanol and h

(3) = s
(3)
ethanol, as the respective intermedi-

ate observations. STY of the entire process depends on the total
ethanol output, process volume, and total duration. The DAG
used for our structured models, as shown in Figure 4.

To better understand this optimization challenge, we show
the histogram plots of the discussed intermediate observations
for 50 randomly performed simulation runs in Figure 3. Al-
though the observations h

(1) are relatively spread out, outputs
observed from the other subprocess and the STY are mainly
concentrated close to zero and have a long tail. This distribu-
tion is particularly suggestive of regions corresponding to high-
performing STY being relatively sparse in the 26-dimensional
input space.

6. Benchmark Results

We compare the performance of POGPN-JPSS (using both
ELBO and PLL objectives) against state-of-the-art models:
GPN [11], STGP [25], and SVGP-PLL [21] with PLL ob-
jective [18]. All models were implemented in BoTorch [31]
with a Matern-5/2 kernel, a Gaussian likelihood, and the
dimensionally-scaled priors proposed by [25]. For POGPN, the
number of inducing points per node was set to the number of
training data points for that node. Inducing points for the ob-
jective node were initialized using Greedy Improvement Re-
duction (GIR) [21], while all other nodes used Greedy Vari-
ance Reduction (GVR) [20]. We used the Adam optimizer [32]
with a learning rate of 0.02 and an exponential moving aver-
age stopping criterion. All observations were log-transformed
and standardized before model training to improve numerical
stability and the exploration-exploitation trade-off. Each opti-
mization had a budget of 100 iterations, starting with an ini-
tial dataset of 50 randomly sampled points, and all experiments
were repeated 5 times to report the average performance.

As depicted in Figure 4, POGPN-PLL is able to achieve
an optimal solution for bioethanol production much faster and
more robustly than any other state-of-the-art methods. POGPN-
PLL provides a higher STY value with reduced variability.
Most importantly, POGPN-PLL reaches the 0.5 STY thresh-
old in 50 iterations, whereas other state-of-the-art approaches
require nearly 100 iterations. Given the duration of the subpro-
cess, as discussed in Section 4, this accelerated optimization re-
sults in an average savings of 300-350 days of production time,
representing a substantial reduction in opportunity costs, mate-
rials, and energy use, while increasing overall productivity.
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7. Discussion and Outlook

We show that the Partially Observable Gaussian Process
Network - Predictive Log-Likelihood (POGPN-PLL), when
combined with the Joint Parameter and State-Space (JPSS),
significantly outperforms state-of-the-art models in optimizing
the complex, multi-stage bioethanol production process. Faster,
more robust convergence to the optimal solution can be at-
tributed to POGPN-PLL’s ability to learn the problem’s latent
structure. It is achieved by creating a process network that uses
process expert knowledge to extract low-dimensional features
from the high-dimensional state space. The rapid optimization
translates directly into economic benefits, including reduced
opportunity costs and savings in materials and energy.

Process expert knowledge in the form of feature extraction
enables the model to exploit high-dimensional sensor data and
the process structure, leading to faster, more robust convergence
to the optimal solution. POGPN is a promising framework for
Bayesian optimization of real-world industrial processes, where
time and material efficiency are essential.

Future work could investigate the performance gap between
the PLL and the standard Evidence Lower Bound (ELBO) ob-
jective for POGPN, which may be attributed to how each objec-
tive learns the process stochasticity. It would also be interesting
to explore feature-extraction and causal-graph-discovery meth-
ods combined with POGPN-JPSS for Bayesian optimization,
thereby extending POGPN’s applicability to systems where the
structure is not well-understood.

The research in this paper was supported by the Deutsche
Forschungsgemeinschaft (DFG, German Research Foundation)
- 459291153 (FOR5399).
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