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Extrusion is a complex process, and identifying suitable process parameters to achieve specific product or process proper-
ties is often a time-consuming manual task, which hinders automation and requires specialized staff. Machine learning
models present a promising solution, but they typically require large amounts of high-variational data for training to
achieve satisfactory precision. To address this challenge, we propose the development of a foundation model for co-rotating
twin-screw extruders, leveraging extensive simulated data for training. By employing a transformer architecture combined
with a masking technique, this model will be capable of suggesting process parameters based on desired outcomes. We will
also demonstrate how this model can be effectively fine-tuned for a specific extrusion plant using minimal data.
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1 Introduction

Extrusion is a complex chemical process utilized for pro-
ducing various plastic products, food items, and healthcare
materials. In this process, polymer granulate is placed into
a barrel equipped with a rotating screw. The shear forces
generated by the screw melt the polymer, while the screw
also transports the molten material to the end of the barrel,
where it is forced through a die to achieve its final shape.
Heating elements in the barrel maintain temperature to pre-
vent the plastic from cooling and adhering to the walls. Since
its introduction in the 1930s, various types of extruders have
been developed, including twin-screw extruders with co-
rotating or counter-rotating screws, which achieve a higher
throughput than single-screw extruders [1]. Depending on
different parameters such as intermeshing or the target
speed range, co-rotating and counter-rotating screws have
different applications [1–3]. We focus on co-rotating screws.
Determining the appropriate process parameters for

extrusion is a complex task that often relies on operator
experience and trial-and-error, which necessitates special-
ized staff and limits automation and systematic optimization
of product quality and energy consumption. Although phys-
ical simulations can provide useful insights, they may not
be suitable for identifying optimal process parameters. Sim-
ulations can be used iteratively, where experts start with
initial guesses for parameters, run simulations, interpret
the results, and adjust the parameters accordingly. How-
ever, simulation tools can present challenges: complex par-
tial differential equation (PDE)-based simulations require
considerable computation time, hindering rapid responses
needed for demand side management, while simplified

1D-simulation tools are fast but may lack precision, lead-
ing to suboptimal parameters. An overview of different
simulation tools was given by Hyvärinen et al. [1].
Data-based models could address both issues, as they

typically offer fast inference (application after training)
and can utilize measurements from specific extrusion
plants for more accurate results. Additionally, these mod-
els can directly propose process parameters to achieve
desired product properties, eliminating the need for time-
consuming iterations. Previous studies have employed
data-based models for extruders [4–9]. However, many
approaches only model the forward process (from pro-
cess parameters to process/product properties). Typically,
simple models are utilized due to the limited number of
sensors on most extruders which results in scarce data
[6, 10, 11]. Such models could lack the complexity required
to model the extrusion process with its complicated phe-
nomena. To enhance data availability, simulated data can
supplement existing databases, generating a broad range of
high-variational data for training more complex models.
This was demonstrated in previous work by Burr et al. [12].
There, an autoencoder-based model was proposed, which
directly considers the goal of finding process parameters, so
no time-consuming iterative process is needed. However,
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that work considered only one screw configuration and
rheology.
Our aim is to create a foundation model (FM) for co-

rotating twin-screw extrusion processes. This model will be
trained on simulated data encompassing various screw con-
figurations and later fine-tuned with measurements from
specific machines. As the overall dynamics will have been
established through simulated data, only a few data points
will be needed for accurate results, compared to training a
model from scratch.
Machine learning (ML) was previously applied to other

plastic manufacturing processes. Note that ML results can
usually not be transferred between datasets or, in this case,
manufacturing processes. Selvaray et al. [13] summarized
ML approaches for injection molding. According to them,
one of the drawbacks of the studies is that they often only
consider one specific setup with one mold and one material.
Instead, a FM would be useful, which considers different
molds and various materials. Most studies model the for-
ward process, from process parameters to quality of the
product, not the reverse, which is our goal. One study by
Manjunath et al. [14] did consider the reverse process. How-
ever, the database they built their model on was created
using simple regression equations, not real or simulated
data. It is no surprise that neural networks can approximate
regression equations since they are universal approximators.
Only few previous studies have considered neural networks
to model polymer extrusion using single-screw extruders
[8, 9, 15]. The work of Yasith et al. [8] is closest to our setting.
They predict the melt pressure using process parameters and
a combination of an autoencoder and an additional feed-
forward neural network. However, no reverse method for
optimization is developed.
To fine-tune the FM to real-world data, we use transfer

learning. In the transfer learning setting, sufficient data from
a source domain/distribution is available. The goal, how-
ever, is to model a target domain/distribution where only
few samples are available. One strategy of transfer learning
is to train a model on the larger dataset, then use fine-tuning
utilizing only the target dataset to fit the model to the tar-
get distribution. Fine-tuning has been previously applied to
polymer processes. Huang et al. [16] successfully applied
transfer learning to an injection molding process where the
goal was to predict product properties. The initial training
data was simulated, while the fine-tuning dataset consisted
of experimental data. Lockner et al. [17] also consider injec-
tion molding, but transfer knowledge between polymer
classes. Zhang et al. [18] consider transfer learning for online
process monitoring in additive manufacturing. In the con-
text of extruders, Ren et al. [19] identified the extruder in
additive 3D-printers as a main source of defects due to the
variability in printing width. They build a physical model
which predicts this variation based on printing speed and
acceleration, then transfer knowledge in the form of param-
eters’ covariance structure to new 3D printers with limited
historical data. Liang et al. [20] consider transfer learning in

aluminum extrusion for forecasting the energy consumption
and detecting anomalies. According to our research, trans-
fer learning has not been applied in the setting of polymer
extrusion where the goal is to transfer knowledge from a
large ML-based FM to one specific machine.

Choosing the right MLmodel is essential; it must be com-
plex enough to capture the intricate relationships between
process parameters, desired properties, and screw config-
urations, while also being capable of directly proposing
process parameters without manual or automatic iterations.
We propose utilizing a transformer model.

Transformers have successfully been applied in language
modeling [21, 22]. Using an attention mechanism, they
extract connections between words in the context of the sen-
tence. They have also shown promising results in modeling
image data [23] and time series data [24, 25]. Our goal is
to leverage the transformer’s success in language modeling
for machine data to create a FM which can suggest process
parameters based on the desired outcome in terms of tem-
perature and pressure inside the extruder. We also aim to
demonstrate efficient fine-tuning of the FM.

To implement this, we will first convert various extruder
sensor signals into discrete classes, with each class rep-
resenting a specific magnitude range. These classes will
serve a similar function to words, allowing us to com-
bine data from different sensors sequentially to form a
“sentence.” This methodology enables the integration of
both time-dependent and time-independent data into a uni-
fied structure, facilitating the use of embeddings similar to
language modeling.

Next, we will apply the transformer to extract com-
plex relationships between process settings, screw geometry,
temperature and pressure sequences in the extruder. For
training, we use a scheme similar to BERT [26], where a
subset of the words in each sentence is masked, that is,
replaced by the word “mask.” The transformer model is
then trained to predict the masked “words.” This training
scheme, applied to the extrusion setting, naturally yields a
model which can propose settings leading to desired tem-
perature and pressure distributions. During application, the
sections of input corresponding to process parameters will
be masked and combined with screw geometry and desired
temperature and pressure sequences to form sentences fed to
the transformer. The transformer will then suggest the most
likely process parameters to replace the masked positions.

The article is structured as follows: Sect. 2 discusses the
original transformer and our application and modifications.
Sect. 3 contains results of the training of the FM. Sect. 4 con-
siders fine-tuning the FM to data from one specific plant.
Sect. 5 contains the discussion.

2 Transformer Encoder

Transformers were first introduced by Vaswani et al. [22] for
natural language processing. We present the basic structure
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Figure 1. Encoder network. Bold
texts indicate aspects we adapted
significantly for our specific use
case.

of the original transformer encoder and describe in detail
how we adapted and employed the transformer in our use
case.

2.1 Original Encoder Scheme

The original transformer was designed with an encoder
and decoder part used for sequence-to-sequence modeling
such as translation. If the goal is classification or regres-
sion instead, only the encoder part can be used. For detailed
explanations, consider the original introduction by Vaswani
et al. [22]. We consider discrete input sequences of constant
length.
Let {zi}Ni=1 be the set of training data, where zi ∈ {C1,…,

CM}L is a sequence of discrete values of lengthL. We want
to encode this data using a transformer. We only use the
encoder part. Refer to Fig. 1 for a graphical representation
of the following steps.
1. Embedding zi → xi ∈ R

L×d : The embedding is a train-
able look-up table. A multidimensional vector of embed-
ding dimension d is assigned to each discrete value. On
the one hand, this enables the following transformer steps
since the sequence has a numerical representation now.
On the other hand, the embedding itself is a vital part
of the transformer. In the embedding space, interdepen-
dencies between the discrete values are represented. In
language models, this could mean that the representa-
tion of the word “blue” is closer to “sky” than to “tree.”
The output of this layer is a sequence of vectors. The
embedding is learned during training.

2. Positional Encoding xi → x̃i = xi + p ∈ R
L×d : The

transformer architecture itself does not consider the
position of the values in the sequence. It does not matter

whether 2 values are separated by one or 100 other val-
ues. To incorporate the positional information into the
model, a sine wave of different frequencies is added to
each dimension of the input vectors. This encoding can
be viewed as a continuous version of the binary counting
scheme.

3. Encoder Blocks x̃i → x̂i ∈ R
L×d : Multiple encoder blocks

are stacked on top of one another to create the deep net-
work that is the transformer. The output of one encoder
block is fed to the next one as input. The initial input is
the vectors created by the positional encoding. “Input”
in the following refers to the input to one considered
encoder block. Let us take a look inside the encoder
block. First, the input is fed to the attention mechanism.
This creates a representation of the data where each value
in the input sequence is considered in the context of all
other vectors in the sequence. The output of the attention
mechanism is added to the input of the encoder block and
a normalization follows. Then, a feed-forward network
(FFN) is applied and afterward, the input of the FFN is
added to its output. This serves to transition from the
contextual information to the desired output, as argued
by Yun et al. [27]. It provides more degrees of freedom to
the network. The resulting values are normalized, which
yields the output of the encoder block.
How do you train such a network? Depending on the task

at hand, there are different ways.
We use an unsupervised way of training proposed by

Devlin et al. [26]. There, a certain fraction of input values
is replaced by “mask,” which is an additional discrete value
not contained in the initial set {C1,…, CM}. The representa-
tions of the masked values are fed to a classifier whose goal
is to predict/recover the true value.
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Table 1. Intervals used to assign classes to values computed in the simulation.

Interval/Class 1 Interval/Class 2 Interval/Class 3 Interval/Class 4

Rotation speed [rpm] [200, 250) [250, 300) [300, 350) [350, 400)

Throughput [kg h−1] [10, 15) [15, 20) [20, 25) [25, 30)

Temperature barrels [°C] [180, 195) [195, 210) [210, 225) [225, 240)

Temperature in extruder [°C] [131, 174.2) [174.2, 217.4) [217.4, 260.6) [260.6, 303.8)

Pressure in extruder [bar] [0, 30) [30, 60) [60, 90) [90, 120)

2.2 Adaptation of the Original Encoder Scheme

We describe in detail how we adapted the presented encoder
scheme to our use case. This entails the available data, the
composition of the input sequence, the positional encoding,
the transformer architecture, the training scheme, and the
evaluation scheme.

2.2.1 Available Data

In production, usually one setting is chosen and run until
some problem is detected. This means that real-world data
collected from extrusion processes usually lack variation,
making it hard to learn from. Additionally, to create a model
that can handle all kinds of screw geometries, a massive
measurement campaign including hundreds of extruders
is needed. Instead, we utilize simulated data from the
Ludovic© tool [28]. This allows the FM to grasp the process
dynamics. When applied to a specific machine, the model is
fine-tuned with a small amount of measured data, correcting
any simulation inaccuracies.
Ludovic© is a commercial 1D steady-state simulation

software. It solves the Stokes equations, thereby comput-
ing thermo-mechanical behavior in twin-screw extrusion.
Important assumptions are that, locally, the flow is New-
tonian and isothermal. The flow material is considered
incompressible and without gravity. There are additional
assumptions for different zones, for example, in flow zones,
the flow is assumed to be constant along the axial coordinate
and the flow along the radial axis is neglected. Burr et al. [12]
have shown prior that the simulation successfully captures
trends but does not yield exact results due to simplifications.
The material we used in the simulations was high-density

polyethylene, which is used, for example, for producing
pipes or plastic bottles. In a previous project [4], the mate-
rial’s properties, such as viscosity, thermal conductivity, heat
capacity, or density, were measured to represent the material
accurately in the simulation software. The Carreau–Yasuda
model [4] was used to model viscosity.
We conducted 500 000 simulations. We used a Latin

Hypercube Design to determine the settings (rotation speed,
throughput, and temperature of barrels) for each simulation,
which ensures coverage of the parameter space. The param-
eter ranges are depicted in Tab. 1. The screw geometries were

chosen randomly under the following constraints: The screw
consists of 48 sections, which are initially set to be forward
transport elements. Then, at two random places in the first
and last half of the screw, a kneading zone is created. Each
kneading zone consists of four elements which are randomly
drawn from the set (transport forward, transport backward,
kneading forward, kneading backward). We made sure to
include each possible kneading zone configuration at least
once in the dataset. An abstract representation of one such
geometry is depicted in the lower part of Fig. 2. Parameters
like the number of disks of kneading elements or the pitch
of the transport elements are varied. The first and last few
elements of the screw are kept the same. This set up should
include many screws used in the industry.

The simulations yielded 500 000 data points consisting of
settings, screw geometry, and simulation results. The simu-
lation results include temperature and pressure values at 48
consecutive sections in the extruder.

2.2.2 Input Sequence

We transform the simulation’s numerical outcomes into
classes and consider a classification instead of a regression
task. This is beneficial when the decision context is categor-
ical, when robustness and simplicity are desired, or when
interpretability is more important than precision. The mea-
surement of melt temperature and pressure in an extruder
is affected significantly by measurement uncertainties which
result in noisy data. The noise affects the training in a neg-
ative way, causing prediction’s confidence intervals to be
wide. In our previous work [12], we compared the Ludovic©
simulation results with its real counterpart extruder in a lab.
The discrepancies between the simulation and real outcome
were significant due to sensor measurement uncertainties,
variations in production process cooling system, and vari-
ations in material and environment conditions. Regression
models are sensitive to small variations in the target variable.

To prevent these effects from negatively influencing our
results, we divide the ranges of process parameters, tem-
perature, and pressure in the extruder into four equidistant
intervals and assign each measurement to its correspond-
ing interval. The interval bounds are provided in Tab. 1. If
for one simulation the rotation speed is 220 rpm, we assign
class 1.
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Figure 2. Assembly of the input sequence to the transformer. Sx means “setting x” (process parameter x), Gx
means geometry module in section x, TxPx means the temperature and pressure class in section x.

This discretization yields an additional advantage: We can
utilize embeddings, which give the transformer additional
degrees of freedom to model the process.
Each input sequence starts with the class for rotation

speed, followed by the throughput class and the class
assigned to the temperature of the heating elements. We
define 48 equidistant sections in the extruder, where each
section may contain a forward or backward rotating screw
and either kneading or transportation elements, forming
four possible modules. This yields a sequence of 48 geom-
etry classes, which is attached to the process parameter
sequence.
We then create classes for temperature and pressure

values by combining corresponding intervals (e.g., T1P3
indicates temperature in interval 1 and pressure in interval
3). This combination allows us to specify desired tempera-
ture and pressure sequences while ensuring that each class
is physically feasible, which is another advantage of con-
sidering discretized values. Feasible classes are determined
by their frequency in the training dataset; for instance,
high pressure with low temperature only occurs in spe-
cialized cases, which is why we do not consider it here.
The sequence is completed with the combined temperature–
pressure classes for each extruder section.
In this way, both position-dependent variables (e.g., gran-

ulate temperature) and position-independent variables (e.g.,
screw speed) are combined into one sequence.

2.2.3 Positional Encoding

To design the positional encoding, we use a learnable linear
encoding for time/position-independent settings, allowing
themodel to determine a gain and offset for each of the three
settings during training. The position-dependent variables
(screw geometry, temperature and pressure) can be handled
similarly to time-dependent variables in the standard trans-
former. Therefore, we apply standard positional encoding.
Notably, the value added to section i of the screw geome-

try embedding is the same as that for the temperature and
pressure class at section i, indicating to the model the rela-
tionship between these values at different positions in the
sequence.

2.2.4 Transformer Architecture

We use three encoder blocks with two attention heads each.
The embedding dimension dwhich is a hyperparameter is
chosen to be 10 (refer to Sect. 2.1). The number of hidden
layers in the FFN is 5. We have not conducted an exten-
sive hyperparameter study. Instead, we did a manual grid
search over the number of heads and layers and the embed-
ding dimension to find a model which provides good results
while being as simple as possible. The presented hyperpa-
rameters may not be optimal but are sufficient for showing
the applicability of the presented approach in the context of
extruders.

2.2.5 Training Scheme

We use a simplification of the approach designed by Devlin
et al. [26].Wemask a certain percent of the training data and
train the encoder to classify the masked values by attach-
ing a classification head on top of the encoder output. We
randomly mask 10 % of the input sequence, which makes
(3 + 48 · 2) · 0.1 ≈ 10 elements.
We use the AdamW optimizer and a batch size of 64.

Due to a significant class imbalance, we use weighted cross-
entropy as loss function. We split the dataset into training
(80 %) and test dataset (20 %). All presented results are
evaluated on the test dataset.

2.2.6 Evaluation Scheme

Our goal is to create a model that suggests settings to achieve
a desired temperature and pressure sequence in the extruder.
When applying the trained model, we mask the three first
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Figure 3. Evaluation procedure for the suggested process parameters. First, from a test sequence, the three
process parameter values are replaced with “mask” (M). Then, the encoder is applied to predict the most likely
process parameters to achieve the desired temperature and pressure sequences. We use these suggestions in
the simulation. The resulting temperature and pressure sequences are extracted and compared with the target
ones.

elements of the input sequence which correspond to the
unknown process parameters. We provide the screw geome-
try, desired temperature, and pressure sequences. The model
then recovers these masked settings, proposing those most
likely to yield the desired outcome (see Fig. 3).
To evaluate the model, we typically mask the settings

in a test dataset and compare the proposed settings to
the originals for accuracy. However, since different settings
can produce the same temperature and pressure sequence,
this method may underestimate the model’s performance.
Instead, we use the proposed settings to run simulations
in Ludovic© and compare the simulation outcomes to the
desired results.

3 Results: Foundation Model

We assess the quality of the suggested settings using
Ludovic© simulations to determine if they achieve the
desired results. For pressure values, Fig. 4 presents a con-
fusion matrix comparing target and actual pressure classes.
For 100 conducted simulations, all 48 elements in the pres-
sure and temperature sequence are considered, and the
pressure classes extracted and compared to the target pres-
sure classes. While there is some diagonal dominance, the
suggested settings occasionally yield lower pressures. It is
important to note that there is a severe class imbalance for
pressure. Class 1 occurs in 91.8 % of cases since pressure
is always 0 if no kneading element is near the considered
position. This may be the cause of the model underestimat-

ing the pressure in some cases. For cases where target and
actual pressures differ, the mean deviation is 15 bar, and the
median is 11 bar. The total range of pressure values is 129 bar,
resulting in a median deviation of approximately 9 %.

Fig. 5 compares two target pressure sequences with those
from the suggested parameters. Pressure fluctuations occur
along the extruder, spiking with kneading elements or back-
ward transport and dropping to zero otherwise. Although

Figure 4. Target pressure classes vs. pressure classes resulting
from process parameters proposed by the transformer. The
numbers should be read in the following way: In 99 % of cases
where the target class was 1, the class resulting from the simula-
tion using suggested process parameters was also 1. In 1.5 % of
cases with target class 1, the resulting class was 2. The average
accuracy is 94 % as stated in the title.
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Figure 5. Target pressure sequence (light blue) and pressure
sequence resulting from suggested process parameters (dark
blue). The light blue area’s bounds are determined by the
bounds of the interval that the target class represents at each of
the 48 sections in the extruder. The bounds are shown in Tab. 1.

the actual pressure generally follows the target evolution,
this behavior is influenced significantly by screw geometry
and thus cannot totally be attributed to the suggested
process parameters.
To examine the temperatures, we consider the pressure

and temperature class in all 48 sections in each simu-
lation and extract the temperature class for comparison.
Fig. 6 shows a confusion matrix for target and actual tem-
perature intervals, with the transformer performing well.
When the target interval is 1 or 2, temperatures sometimes
fall into neighboring intervals. As illustrated in Fig. 7, the
temperatures resulting from suggested process parameters
predominantly align with target areas. The correlation coef-
ficient between target and actual temperatures is high at

Figure 6. Target temperature classes vs. temperature classes
resulting from process parameters proposed by the transformer.
Again, the numbers are to be read in the following way: In 90%
of cases where the target class was 1, the class resulting from
the simulation using suggested process parameters was also 1.
In 0.81 % of cases with target class 1, the resulting class was 2.
The average accuracy was 75 % as stated in the title.

Figure 7. Target temperature sequence (light blue) and tem-
perature sequence resulting from suggested process parameters
(dark blue).

0.88, indicating strong agreement. When considering only
such cases where the actual temperature deviates from the
target area, the mean deviation is 12 °C, with a median of
9 °C. This corresponds to a median deviation of just 6 % of
the temperature range (159 °C).
Overall, these evaluations demonstrate that the trans-

former model effectively fits the simulation data and
suggests appropriate process parameters.

4 Fine-Tuning the FM

We aim to evaluate the fine-tuning of the FM to a spe-
cific plant. However, we do not have sufficient experimental
data from a real plant for a thorough evaluation. Instead, we
use simulated data that deviates from the original database
in a way that is similar to the deviation of real-world data
from simulated data. Measured real-world data deviates
from simulated data in two aspects: it considers only one
screw geometry and may experience a distribution shift due
to simulation inaccuracies and plant specifics like wear. To
replicate these differences, we select a screw geometry with a
30 % larger barrel diameter than that used in the initial sim-
ulations. We conducted a total of 39 300 simulations using
a Latin Hypercube Design to select the process parameters
and the same parameter ranges as before (refer to Tab. 1).
We will use random subsets for fine-tuning to reflect the
data-sparse reality.
We use varying amounts of simulations for fine-tuning.

Due to the significant increase in barrel diameter, the pres-
sure distribution differs significantly between the original
training and fine-tuning datasets. In the fine-tuning data,
only 0.2 % of pressure measurements fall within the first
interval, while the rest fall into the second, leading us to
exclude pressure from further evaluations. This scenario is
unlikely in real applications, as fine-tuning measurements
would come from an extruder with a diameter similar to

www.cit-journal.com © 2025 The Author(s). Chemie Ingenieur Technik published by Wiley-VCH GmbH Chem. Ing. Tech. , , No. 10, 986–996
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Figure 8. Confusion matrices of temperature results of suggested process parameters. For A), the process
parameters were suggested only by the foundation model without fine-tuning. For B), C), and D), 50, 100,
and 39 300 data points were used, respectively, for fine-tuning.

the pretraining data. We plan to extend the FM to include
extruders of varying diameters in the future.

5 Results

To evaluate fine-tuning, the FM is fine-tuned with varying
amounts of data. The resulting models suggest settings for
specific temperature and pressure sequences in the extruder.
We will only show evaluations for temperature due to
restrictions on the number of figures and the fact that the
pressure values are not as interesting for this fine-tuning
dataset, as discussed previously. Nonetheless, the usual com-
bination of pressure and temperature target sequences was
provided to the model for the evaluation. We conducted
100 simulations using the process parameters suggested by
each fine-tuned model and the previously described screw
geometry. The confusion matrices in Fig. 8 display the target
temperature in the extruder vs. the resulting temperatures
from the suggested process parameters for different amounts
of fine-tuning data.
The initial model, despite the barrel diameter difference

from training simulations, shows high accuracy. However,
the model fine-tuned with just 50 data points demonstrates

a significant improvement, with accuracy increasing further
with additional data points, albeit minimally.

Figs. 9 and 10 compare the target temperature sequences
with the achieved temperatures from suggested parameters
for the un-tuned FM (Fig. 9) and the model fine-tuned with
50 data points (Fig. 10), revealing considerable enhance-
ment.

In conclusion, fine-tuning the FM with as few as 50 data
points significantly improves the performance of suggested
process parameters.

6 Discussion

In this study, we demonstrated the use of a transformer
to develop a FM for extrusion plants with various screw
geometries, capable of suggesting process parameters for
achieving desired temperature and pressure sequences.
We also showcased the model’s ability to be fine-tuned
to specific extrusion plants not included in the training
data, making it suitable for real-world plastic production
settings.

Our findings also indicate that while increasing the
amount of fine-tuning data improves accuracy, the rate of

Chem. Ing. Tech. , , No. 10, 986–996 © 2025 The Author(s). Chemie Ingenieur Technik published by Wiley-VCH GmbH www.cit-journal.com
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Figure 9. Target temperatures and temperatures achieved by process parameters suggested by original FM. In some cases, the
suggested settings deviate clearly from the desired temperature sequences (74, 82).

improvement diminishes beyond a certain point. This sug-
gests that the model can reach a satisfactory performance
level with relatively few data points, making it a practical
approach for plants with limited data availability.
Future research should focus on extending this approach

to encompass a broader range of extruder diameters and
granulate properties, ultimately leading to a more univer-
sally applicable model for optimizing extrusion processes.
Further, we want to examine the fine-tuning behavior if only
a few sensors are available.
We also want to improve the FM training scheme. FM’s

outputs should serve as input for various classification and
regression tasks, such as predicting energy consumption,
motor power, or mean residence time. We attempted to
classify these properties based on the FM’s output, but the
accuracy matched that of a simple model trained from
scratch. Future research should focus on developing loss
functions better suited for training FMs for this purpose.
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Symbols used

Ci one token from the set of all tokens which make
up the input sequence of the transformer

d embedding dimension
L length of input sequence
N number of sequences in the training set
xi embedded input sequence
x̃i embedded input sequence plus positional encoding
x̂i encoded input sequence, output of the transformer

encoder
zi input sequence of length L
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Figure 10. Target temperatures and temperatures achieved by process parameters suggested by the model fine-tuned with only 50
data points. The fit especially improved for sequences 74 and 82 compared to the FM before fine-tuning displayed in the previous
figure.

Abbreviations

acc accuracy
FFN feed-forward network
FM foundation model
ML machine learning
PDE partial differential equation
Press pressure
Temp temperature
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