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ABSTRACT

The rapid evolution of the electric vehicle (EV) industry demands advanced materials for battery protection, with polyurethane

(PUR) foams emerging as a promising solution due to their thermal insulation, mechanical adaptability, and fire resistance

properties. This study introduces an active learning-driven inverse design (AL-ID) framework, leveraging machine learning

(ML) to systematically optimize PUR foam compositions exhibiting desired density and mechanical strength. AL was employed

to iteratively refine the ML model by targeting high-uncertainty regions, reducing experimental effort while improving predic-

tive accuracy. Bayesian optimization (BO) further enhanced the search for optimal compositions by balancing exploration and

exploitation. The framework demonstrated significant improvements in model performance, with Mean Absolute Error (MAE)

and R? scores for density and mechanical strength predictions efficiently improving as the dataset grew. Besides successfully

selecting 11 good material candidates out of 616,008 virtual compositions, the final ML models have shown small MAE values

and good R? scores. This study underscores the potential of ML-driven frameworks to accelerate material discovery.

1 | Introduction

The rapid evolution of the electric vehicle (EV) industry neces-
sitates the development of advanced materials capable of ensur-
ing comprehensive protection and high performance for battery
systems [1]. Among the various material solutions, polyurethane
(PUR) foams, particularly those enhanced with strategically
selected fillers, have gained significant attention due to their
unique combination of thermal insulation, mechanical adapt-
ability, and critical fire resistance properties [2].

To appreciate the importance of PUR foams in battery systems,
it is helpful to briefly consider their broader relevance and for-
mulation challenges. PUR foams are widely used across a vari-
ety of industries due to their versatility, cost-effectiveness, and

ease of processing. These foams are employed in a range of ap-
plications including packaging, automotive, construction, and
insulation [3-5]. In particular, PUR foams are valued for their
customizable properties such as density, compressive strength,
and thermal insulation, making them ideal for various func-
tional roles. The formulation of PUR foams typically involves
combining polyisocyanates and polyols in the presence of cat-
alysts, blowing agents, and additives to achieve specific perfor-
mance characteristics. The ability to modify foam properties by
adjusting formulation parameters is one of the key advantages
of PUR foams [6].

Within battery systems, PUR foams serve a multifunctional
role, being employed in swell pads, battery cover coatings, and
compression or crash pads positioned at the periphery of the
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battery pack. Their specific application is largely determined
by the property profile of the material system, where thermal
stability, material density, and compression behavior are key
governing factors. Notably, the compression behavior of these
foams has a direct impact on the aging behavior of battery
cells, requiring a tailored adjustment to match the specific
battery chemistry [7]. Furthermore, material density directly
influences the thermal conductivity of the foam system, mak-
ing a simultaneous optimization of these parameters essential
to achieving the desired mechanical and thermal performance
balance.

To further enhance the thermal stability of PUR foams, inor-
ganic fillers or reactive organic precursors can be incorporated
[8-10]. However, while these modifications extend the func-
tional capabilities of the material, they also introduce significant
formulation challenges. The interaction between filler composi-
tion, dispersion characteristics, and chemical reactivity creates a
high-dimensional formulation space, where optimizing perfor-
mance across multiple competing properties becomes increas-
ingly complex. Traditional material development approaches
often fall short in effectively navigating this design landscape
due to the complex interplay of material parameters and the lim-
ited availability of experimental data [11, 12].

This underscores the need for advanced, data-driven method-
ologies, such as machine learning-based approaches, which
enable a systematic exploration and optimization of material
formulations for next-generation battery protection materials.
Machine learning (ML) has emerged as a powerful tool in ma-
terials science, enabling data-driven optimization of complex
formulations while reducing experimental effort [13, 14]. Unlike
traditional approaches such as design of experiment (DoE),
ML algorithms can efficiently identify structure-property re-
lationships, predict material behavior, and dynamically adapt
formulations to evolving performance requirements. Bayesian
optimization (BO), for instance, has proven effective in accel-
erating material discovery and enhancing process efficiency
[15-22]. This shift toward computationally guided material de-
sign has paved the way for inverse design methodologies, which
aim to systematically identify optimal material compositions
with targeted properties.

ML and BO approaches have been applied to PUR foams for
tasks such as prediction, optimization, and performance en-
hancement [23-26]. In addition, general ML approaches [27, 28]
have been used to predict thermal, rheological, mechanical, and
failure properties of PUR-based materials. While optimizing
formulations for different aims is one possible goal to achieve
better materials, growing experimental datasets via AL with
relatively few experiments to generate accurate ML models for
different aims (e.g., inverse design) is a very sustainable alterna-
tive to perform a similar task, especially compared with time-
consuming traditional approaches like design of experiments
(DoE), random design, and trial-and-error. To the best of our
knowledge, no AL investigation on PUR to grow a dataset while
monitoring two target properties (the foam density and the force
at 30% strain) has been reported in the literature.

The aim of this work is to introduce a novel active learning-
driven inverse design (AL-ID) framework tailored for PUR foam

development. The proposed methodology aims to sustainably
develop novel PUR compositions to prepare foams that simulta-
neously exhibit desired values of the density and force at desired
strain values, which are critical properties for EV battery appli-
cations. Starting from a small experimental dataset, different
ML models were used to suggest novel formulations based on
the uncertainty sampling AL strategy applied to a pool of more
than 600,000 different virtual experiments (or compositions).
It is shown that the use of complementary ML models in the
sequential filtering of the virtual compositional space is able to
efficiently screen the large virtual space to search for optimal
experiments. This study demonstrates the effectiveness of the
AL-ID approach in overcoming traditional material design lim-
itations, as described in the next sections.

2 | Methodology
2.1 | Experimental Trials

The investigated material formulations were based on the
fundamental components polyisocyanate (A), polyol (B), and
polysilazane (C). For the polyisocyanate component (A), a
combination of aliphatic (Desmodur N31100) and aromatic
(Desmodur VL) polyisocyanates in a 50:50 ratio was utilized
(both supplied by Covestro AG, Germany). The polyol compo-
nent (B) consisted of a reactive polyether polyol (Hyperlite 1674,
Covestro AG, Germany). For component C, the polysilazane pre-
cursor Durazane 1800 (Merck KGaA, Germany) was employed.
1,4-Butanediol and glycerol were used as chain extenders and
crosslinking agents. Demineralized water served as a blowing
agent to achieve the desired porosity. As a filler, a milled and
surface-treated silica (AMOSIL FW600 KST) was incorporated,
which was kindly provided by Quarzwerke-HPF Minerals
(Frechen, Germany). Additionally, a particulate flame retardant
(FR, Exolit AP422) from Clariant AG (Muttenz, Switzerland)
was utilized. The key material properties of the employed com-
ponents are summarized in Tables 1 and 2.

2.2 | Sample Preparation

To prepare the material formulations, the additives water,
1,4-butanediol, and glycerol were precisely weighed and incor-
porated into component B within a plastic container (diameter:
60mm). The mixture was subsequently homogenized using
a speed mixer (DAC 150.1 FVZ, Hauschild & Co. KG, Hamm,
Germany) at 3000rpm for 60s to ensure uniform dispersion.
Following this, the fillers were incorporated in one or more dis-
persion cycles, depending on their total amount, with a mixing
duration of 90s at 3000rpm in the same speed mixer. Once dis-
persion was complete, the material was cooled to the processing
temperature (room temperature or 35°C) to ensure optimal han-
dling and further processing. The distribution of fillers among
the components was as follows:

» Component A: SiO,-based filler, where

Megijier <2x mComponentA

« Component B: FR and SiO,-based filler, where

Megijler <2Xx mComponemB

4622

Journal of Polymer Science, 2025

85U8017 SUOWILWIOD 8AIIID) 3|cedldde ays Aq peuenob are ssjoie YO ‘sn JO Sa|ni Joy Ariqi8UIIUO /8|1 UO (SUOTIPUOD-pUe-SLLRI/LI0O A3 |1 AR 1 [BU1|UO//:SANY) SUOTIPUOD pue swie | 8L 88S *[9202/c0/22] Uo AriqiTauliuo A(IMm ‘yineiieg seeisieAlun Aq 05205202 10d/200T 0T/I0p/L0o" A3 1M Akl jeuljuoj/sdny Wouy papeoumod ‘Iz ‘G202 ‘69129z



TABLE1 | Key material properties of the employed components.

Equivalent Density Viscosity
Trading name Type weight [g/eq] [g/cm?3] Functionality [mPas]
Desmodur VL pMDI 133 1.23 2.6 90 + 20
Desmodur N31100 HDI 215 1.10 2.5 550 + 150
Hyperlite 1674 reactive PPG-Triol 2077 1.02 3 1150 + 100
Durazane 1800 Organic polysilazane 64.35 1.00 — 25+5
Glycerin Triol — 1.26 3 1480
1,4-Butanediol Diol — 1.02 2 90

TABLE 2 | Properties of fillers and flame retardants.

Lateral

spread Surface
Trading Density D50 Surface area
name [g/cm3] [pum] coating [m?/g]
Amosil 2.2 4 Hydrophobic 4.0
FWwWe600
KST
Exolit 1.9 17 — —
AP422

Mgiler = Msio, + Mpsm

« Component C: SiO,-based filler, where

Megijier <4x mComponemA

After the dispersion process was completed, all compo-
nents were combined, and the entire mixture was ho-
mogenized again using a speed mixer (DAC 150.1 FVZ,
Hauschild & Co. KG, Hamm, Germany) at 3000 rpm for 30s to
ensure uniform distribution. The final formulation was then
stored at room temperature to facilitate foaming and curing
for 48 h.

2.3 | Static Compression Tests

To assess the deformation behavior of the foam systems, quasi-
static compression tests were performed using a Z050 univer-
sal testing machine (Zwick GmbH & Co. KG, Ulm, Germany)
equipped with a 10kN load cell. Cylindrical specimens with a
diameter of 60 mm and a thickness of 10 mm were subjected to
compression at a constant crosshead speed of 5mm/min until
a strain level of 70% was reached. A preload of 2N was applied
to ensure consistent initial contact. All tests were conducted
under standardized climatic conditions (23°C, 50% relative
humidity).

The resulting compression curves were analyzed with respect
to the required force at 10% strain (k1), 20% strain (k2), and 30%
strain (k3) to evaluate the mechanical response of the foam for-
mulations. For each material formulation, three specimens were

tested, and the mean values were calculated to ensure statistical
reliability.

2.4 | Determination of Foam Density

The density of the foam systems was determined in accordance
with DIN EN ISO 845 using six cubic specimens. The density (d) of
the samples was calculated using the following equation:

d[kg/m’] = % x 10 )

where m represents the mass of the specimen in grams (g) and v
denotes the volume of the specimen in cubic millimeters (mm?).

2.5 | Virtual Data Generation

To explore the vast compositional space of PUR foams, we gen-
erated a large virtual dataset by randomly varying the concen-
trations of key components (e.g., isocyanates, silazanes, polyols,
fillers, and blowing agents). Each component was constrained
within experimentally feasible ranges to ensure realistic compo-
sitions as shown in Table 3.

The generated compositions were filtered to remove unrealistic
or impractical combinations, such as those violating the 1:4 ratio
of silazanes to isocyanates or having insufficient filler content
(FW600+ APP >70%). This resulted in a robust virtual dataset
for model training.

2.6 | Active Learning Framework

A Gaussian process (GP) model was trained on the filtered vir-
tual dataset to predict key foam properties, such as d and k1 — k3.
The GP model not only provided predictions but also quantified
the uncertainty of each prediction using standard deviation
(SD). High-uncertainty regions in the compositional space were
identified, as these represent areas where the model lacks confi-
dence due to sparse or noisy data.

To refine the model, targeted experiments were conducted
on high-uncertainty compositions. The experimental results
were added to the dataset, and the GP model was retrained
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TABLE 3 | Component ranges and constraints for virtual data generation.

Component Range Step size Constraints
Isocyanates 1-4wt.% 0.2wt.% Silazane-to-Isocyanate ratio: 1:4
Silazanes 3-8wt.% 0.2wt.% Silazane-to-Isocyanate ratio: 1:4
Polyols 18-25wt.% 0.5wt.% —

Chain extenders 0.3-1.5wt.% 0.1wt.% —

Blowing agents 0.1-0.6 wt.% 0.05wt.% —

FW600 25-60wt.% 2wt.% FW600+ APP>70wt.%
APP 15-25wt.% 2wt.% FW600+ APP>70wt.%

iteratively. This AL approach ensured that the model im-
proved with each iteration, focusing on the most informative
data points.

To optimize foam compositions for lower d while maintaining
other target properties, we employed BO. BO iteratively sug-
gested new compositions likely to achieve the desired proper-
ties, balancing exploration (trying new regions) and exploitation
(refining known good regions).

2.7 | Model Screening

To ensure reliable predictions, the dataset was expanded be-
fore proceeding with model selection. A comprehensive model
screening process was conducted using four-fold cross-validation
to evaluate model performance. This technique involves parti-
tioning the dataset into four subsets, training the model on three
subsets while testing it on the remaining one. The process is re-
peated four times, with each subset serving as the test set once.
Cross-validation helps mitigate overfitting and provides a more
robust estimate of model performance, particularly for small
datasets.

The models considered in this study included random forest
(RF), least absolute shrinkage and selection operator (LASSO),
linear regression (LR), kernel ridge regression (KRR), gauss-
ian process regression (GPR), decision tree (DT), extreme
gradient boosting (XGBoost), gamma regression (Gamma),
bagging regressor (Bagging), support vector regression (SVR),
and gradient boosting regressor (GBR). The predictive accu-
racy of each model was assessed using mean absolute error
(MAE) and the coefficient of determination (R?). The model
demonstrating the lowest MAE and highest R? for each tar-
get property was selected as the optimal model. This selected
model was subsequently used in the inverse design phase to
suggest experimental conditions that achieve the desired tar-
get properties.

2.8 | Inverse Design for Target Properties
Once the GP model was trained sufficiently, it was used for

the inverse design to identify optimal foam compositions that
achieve specific d values. After further growing the dataset, the

following sequential filtering approach was employed to simul-
taneously achieve desired values of d and k3:

« First filtering for d: Retain compositions predicted to achieve
the desired density within a specified tolerance range.

« Second filtering for k3: From the density-filtered dataset, re-
tain compositions predicted to achieve the desired k3 within
a specified tolerance range.

« Validation: Experimentally validate the predicted composi-
tions and refine the model iteratively.

Only k3 was chosen for the sequential inverse design because
the corresponding foams still exhibit low thermal conductivity
under this condition, making them highly suitable for battery-
based applications. Additionally, focusing on a single target
property (k3) simplifies the optimization process, as incorporat-
ing a larger number of target properties (e.g., d, k1, k2 and k3)
would likely decrease the accuracy and efficiency of the sequen-
tial approach.

The general overview of all the experiments conducted in
this study, based on different ML methods such as AL and
BO, is shown in Figure 1. The initial dataset consists of 23
data points, which served as the foundation for generating
ML-driven suggestions. These suggestions were iteratively re-
fined through a combination of experimental validation and
computational modeling, ultimately guiding the exploration
of the material design space. The final goal of these efforts is
the inverse design of experiments, which are located inside
the gray regions in Figure 1. These regions represent the most
promising areas of the design space, as identified by the ML
algorithms.

Most of the inverse designs were performed to achieve desired
(arbitrary) values of the density (d), which is a critical parameter
for foam performance in battery applications. However, the last
four inverse designs (experiments # 96-99) were carried out with
the dual objective of achieving specific values for both d and k3.
This was accomplished using the sequential approach described
above, which leverages the predictive power of ML models to it-
eratively refine the material composition and structure. The suc-
cess of these experiments demonstrates the effectiveness of the
sequential inverse design framework in suggesting experiments
exhibiting desired values of different targets simultaneously,
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FIGURE1 | General overview of all the ML-suggested experiments. The first ML suggestions were made using the initial dataset via different
strategies like AL, and BO with a final goal of performing inverse design of experiments (points falling on the gray regions). The last 4 inverse designs
(experiments # 96-99) were performed aiming at achieving desired d and k3 values (only the d label is shown for clarity reasons).

even when dealing with complex and interdependent material
properties.

3 | Results and Discussion

Figure 2 shows a typical stress—strain curve (blue line) mea-
sured for a representative PUR foam. The force at 10%, 20%, and
30% strain (k1, k2, and k3, respectively), which were used as tar-
get properties in this AL investigation, are also shown. The ini-
tial experimental dataset comprised of 23 PUR foams with their
measured d and k1 — k3 targets, as well as their corresponding
experimental uncertainties (standard deviations).

This dataset was then used to train initial ML models to sug-
gest new experiments, which was the first step in the AL-ID
approach developed in this work, as discussed in the next
sections.

3.1 | Evolution of Model Performance With
Dataset Growth

To evaluate the impact of dataset size on model performance,
we analyzed the evolution of MAE and R? score for two key
target properties: d and k3. The results, presented in Figure 3,
demonstrate how the model's predictive accuracy improves as
the dataset grows.

ML models rely on data to learn the relationships between input
variables and target properties. With a small dataset, the model
may struggle to capture these relationships accurately, leading
to higher errors and lower predictive power. However, as the
dataset grows, the model gains access to more examples, allow-
ing it to better generalize and improve its predictions.

For d, the GBR model demonstrated the best performance, with
MAE decreasing and R? score increasing as the dataset grew.
This indicates that the model became more accurate and reliable

Stress / MPa

0 10 20 30 40 50 60
Strain / %

FIGURE 2 | Stress-strain curve for one representative foam of the
initial experimental dataset. The target properties k1, k2, and k3 are also
shown.

with additional data. Similarly, for k3, the SVR model outper-
formed other models, showing a consistent improvement in
MAE and R? scores as the dataset expanded.

These results highlight the importance of data quantity in de-
veloping accurate predictive models. As more experimental
data becomes available, the model's predictions become more
reliable, enabling better optimization of foam compositions.
Additionally, this approach provides a framework for prioritiz-
ing experiments: by identifying high-uncertainty regions in the
dataset, we can focus experimental efforts on areas that will
most improve the model's performance.

3.2 | Evolution of Inverse Design Error With
AL Trials

The inverse design process aims to identify optimal foam com-
positions that achieve specific target properties, such as a desired
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FIGURE3 | Evolution of model improvement as a function of the number of experiments. Model/target: GBR/d (a, b); SVR/k? (¢, d). MAE and R?
are highlighted in purple and turquoise, respectively, to facilitate comparison.

d. To evaluate the effectiveness of this process, we analyzed the
evolution of inverse design error as the dataset grew. The results,
presented in Figure 4, demonstrate how the error between pre-
dicted and actual d values decreases with increasing dataset size,
highlighting the model's improving accuracy with the AL trials.

The gray bars represent the error for each inverse design pre-
diction, which corresponds to the gray highlighted areas in
Figure 1. At the end, as seen in the figure, the ML-suggested
experiments achieve the desired target d with minimal errors.
This demonstrates the model's ability to accurately predict opti-
mal foam compositions once it has been trained on a sufficiently
large and diverse dataset.

3.3 | Parity Plots for Target Properties

To evaluate the predictive accuracy of the best-performing mod-
els for each target property, we compared the measured and
predicted target properties (d and k3) in the so-called parity
plots (Figure 5). The predictions were performed after 4-fold CV
using the best ML models for d (GBR) and for k3 (SVR). In the
4-fold CV setup, each experiment (or point in Figure 5) belong-
ing to one of the four folds was therefore predicted after train-
ing a model using all experiments from the three other folds (or

ML Suggested Experimental Error

1000 4
800 -
600
400 A
200 -

Density / kg-m~3

e ey se
vy o

~200 +—§-

50 60 70 80 90 100
# Experiments

FIGURE 4 | Evolution of Inverse design error of d as the dataset
grows. As more AL trials are performed with respect to d, the model be-
comes more informed in this regard, thereby becoming more accurate
in the inverse design process.

75% of the data). When experimental (or actual) and predicted
targets are highly correlated, the corresponding parity plot ex-
hibits higher R? scores, indicating that the model performs well.
The parity plots shown in Figure 5 reveal that actual and pre-
dicted values are well correlated. The R? coefficient is better in
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FIGURE 5 | Parity plots for d and k3 comparing the experimental
and predicted targets. The gray regions represent the mean experimen-
tal standard deviations. Five-fold cross validation was used.

Figure 5a compared with Figure 5b, as most AL-based experi-
mental suggestions were based on the improvement of the model
for predicting d (compare the total number of d and k3 labels in
Figure 1). In general terms, these parity plots provide a visual
assessment of the accuracy of the model.

As usual, more experiments beyond the 103 experiments carried
out in this investigation are expected to improve the model's ac-
curacies, but the sustainable benefits of AL techniques for the ef-
ficient development of new materials shall already be clear from
the current results.

The GBR model demonstrated good predictive performance
for d, with data points closely aligned with the ideal parity line
(where predicted values equal actual values). Similarly, the SVR
model showed decent predictive performance for k3, with most
data points following the ideal parity line closely. The R? score
and MAE, calculated using four-fold cross-validation, confirm
the accuracy and reliability of both models.

The use of four-fold cross-validation ensures that the model's
performance is robust and not overly dependent on a specific

subset of data. These results highlight the potential of ML
models to effectively guide experimental efforts by identifying
foam compositions that achieve desired target properties with
minimal error. The high accuracy of the GBR and SVR models
underscores their value in optimizing foam compositions for ap-
plications such as EV battery protection.

In addition to the parity plots, an error bar plot was generated
to visualize the deviation between actual and predicted val-
ues, along with the SD of the experimental data, as is shown
in Figure 6. This plot provides a breakdown of the prediction
accuracy for individual experiments, highlighting the magni-
tude of the error and the inherent variability in the data due to
experimental conditions. The inclusion of SD information helps
contextualize the model's performance, showcasing its ability to
make reliable predictions despite experimental noise. This anal-
ysis further validates the robustness of the GBR and SVR models
in predicting target properties.

3.4 | Inverse Design of Experiments

The sequential filtering approach carried out for all gray ver-
tical regions in Figure 1 is illustrated for one specific case in
Figure 7, for which the current experimental dataset size was
already 96. This filtering was applied to identify foam composi-
tions that should achieve the following desired target properties:
d =700 kg/m?3 and k3 = 1.2 MPa. Starting with a virtual data-
set of 616,008 potential experiments already satisfying all con-
straints described in Table 3, successive filterings were applied
to select the final virtual experiment. First, d was predicted for
the virtual dataset using the GBR model, whose distribution is
shown in Figure 7a. Figure 7b depicts the virtual compositions
whose predictions were in the range d = 699 — 701 kg /m?3. This
initial filtering reduced the dataset from 616,008 to 2597 po-
tential experiments, significantly narrowing the experimental
search space.

Next, k3 was predicted for the 2597 selected virtual experi-
ments using the SVR model (Figure 7c). Predicted k3 values
were compared against the desired target range, and virtual
experiments falling outside this range were excluded. This
second filtering step further reduced the virtual dataset to just
11 virtual experiments (Figure 7d), each predicted to meet
both the d and k3 requirements. Finally, one virtual experi-
ment out of these 11 was chosen based on the experimental
experience of the operator (highlighted by a star in Figure 7d)
to be prepared and measured, from where the experimentally
measured targets were d = 742 kgm 3+ 24 and k3 = 1.19 MPa
+ 0.12. The desired (theoretical) values of d = 700 kgm™ and
k3 =1.2 MPa were in excellent agreement with the measure-
ments, especially after considering the uncertainty of the
experiment.

This approach illustrates an efficient strategy for inverse de-
sign, enabling the identification of optimal compositions with
minimal experimental effort. By focusing only on composi-
tions that meet all target property requirements, as well as
the initial compositional restrictions, the approach ensures
efficient resource allocation for experimental synthesis and
testing.
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FIGURE 6 | Error distributions (lactual—predictedl, red vertical bars) for the prediction of (a) d and (b) k3. The black vertical error bars are the

individual experimental standard deviations.

4 | Final Remarks

It is important to distinguish our approach from multi-objective
optimization methods. Our sequential filtering strategy targets
specific property ranges by sequentially using different ML mod-
els rather than simultaneously optimizing multiple objectives.
The Bayesian optimization component was employed solely to
explore extreme density values, enhancing dataset diversity for
improved model performance. Meanwhile, AL was utilized for
other properties to further diversify the dataset. This combi-
nation of techniques allowed us to systematically navigate the
complex materials space toward compounds with our desired
property profiles without requiring the mathematical complex-
ity of a true multi-objective optimization framework.

In our adaptive learning framework, new experimental condi-
tions were selected based on predictive uncertainty from the
GP models, focusing on regions where the model had low con-
fidence. By targeting these high-uncertainty areas, we maxi-
mized the informational value of each experiment. To address
multiple objectives like density and mechanical strength, we al-
ternated focus between them in successive iterations. This sim-
ple yet effective strategy allowed balanced progress across both
targets without relying on complex multi-objective acquisition
functions, which are often unreliable with limited data.

The selection of ML models was guided by the specific require-
ments of each task in our workflow. GP was used during the
AL phase to suggest new experiments, as its ability to quantify
predictive uncertainty made it ideal for identifying informative

samples. In the end, we also evaluated additional models, from
which the best ones were selected, including SVR, GBR, and RF
based on their predictive accuracy for each target property. This
evaluation was conducted using cross-validated performance
metrics such as MAE and R2 For the inverse design step, we
selected the best-performing model for each target. As a result,
SVR and GBR were chosen in cases where they outperformed
GP. The final sequential filtering has led to a successful inverse
design, where desired and experimental targets were in close
agreement, as shown in Figure 7.

5 | Conclusion

This study demonstrated the effectiveness of a machine learning-
driven framework for the inverse design of PUR foams, particu-
larly for applications like EV battery protection. The sequential
combination of the GBR and SVR models for predicting d and k3,
respectively, has revealed to be an excellent strategy to suggest
new experiments simultaneously exhibiting two desired target
properties. The final model accuracy shown in the parity plots
was already appropriate to allow for a very efficient sequential
inverse design, where both measured target properties were in
excellent agreement with the desired ones. By integrating vir-
tual data generation, AL, and probabilistic modeling, we effi-
ciently explored the compositional space and identified optimal
foam formulations with minimal experimental effort.

While the framework successfully identified optimal foam
compositions, certain challenges remain in multi-target
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FIGURE 7 | Sequential filtering approach used in the inverse design to achieve desired d and k3 values. Starting with a virtual dataset of 616,008
potential experiments (a), only 2597 of them had the desired predicted d values (b). The distribution of the predicted k3 values for these selected vir-
tual experiments (c) was used in the next filtering to find the best candidates exhibiting desired k3 values (d). The star highlights the final virtual

experiment chosen.

optimization. When AL suggests experiments for different
targets at various stages, it can lead to fluctuations in uncer-
tainty estimation, potentially reducing prediction reliability.
Additionally, the sequential filtering approach, though effective
in narrowing the search space, is influenced by the sensitivity
of multiple models applied in succession. Any inaccuracies in
the initial predictions can propagate through the filtering steps,
impacting the final selection of formulations. Careful manage-
ment of these factors is crucial to maintaining robustness in the
inverse design process.

Future work will explore the integration of physics-informed
ML models incorporating domain knowledge about material be-
havior to improve predictive accuracy and model interpretabil-
ity. Different AL strategies can also be incorporated to improve
the current approach. Additionally, expanding this framework
to broader material systems and incorporating additional per-
formance metrics could enhance its generalizability. By bridg-
ing computational modeling with experimental validation, this

methodology offers a scalable and efficient strategy for design-
ing high-performance polymeric materials.
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