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ABSTRACT: We present a generative, multiobjective optimization
method for polymer chemistry. By leveraging monomer-level proper-
ties that are correlated with polymer properties, we design step-growth
polymers with targeted glass transition temperatures (Tg), band gaps
(Eg), and Flory−Huggins interaction parameters with water (χwater)
across a broad chemical space. Generative design is accomplished
using a variational autoencoder integrated with linear property
prediction heads. Linear organization of the latent space enables the
identification of a single latent vector to steer the simultaneous
optimization of multiple polymer property objectives. Subsequent
Bayesian optimization within the latent space allows further
enhancement of Tg, Eg, and χwater relative to a reference polymer
chemistry. We then apply the generative model to design per- and
polyfluoroalkyl substances (PFAS)-based polymers with reduced fluorine content but comparable physical properties. Overall, this
work establishes a generative, multiobjective approach for navigating early stage polymer design, prior to experimental validation or
computationally expensive simulations.

■ INTRODUCTION
Practical polymer design necessitates the simultaneous
optimization of numerous physical and chemical properties,
spanning mechanical, thermodynamic, and electronic attrib-
utes, in addition to sustainability and economic consider-
ations.1−8 Many of these target properties, such as long-term
mechanical stability or electronic transport, require laborious
experiments or costly simulations, limiting the pace of chemical
space exploration.9−11 Although high-throughput experimenta-
tion12−14 and computational modeling15−18 have accelerated
property prediction, exploration of the vast polymer chemical
space remains infeasible due to monomer identity, copolymer
sequence, and architectural variations. Moreover, simultaneous
optimization of multiple functionalities is challenging because
many key attributes19,20 are intrinsically coupled and often
exhibit trade-offs. These challenges highlight the need for
computational models capable of guiding early stage polymer
discovery across multiple property objectives.
In recent years, generative machine learning (ML) has

emerged as a powerful approach for materials discovery by
enabling inverse design and efficient navigation of large
molecular structure−property landscapes. A variety of
generative models�including variational autoencoders
(VAEs),21−23 generative adversarial networks (GANs),24−26

autoregressive models,27,28 large language models (LLMs),29,30

and diffusion models31,32�have been developed for molecular
design. Although generative ML was first widely developed for
relatively data-rich small organic molecules, recent work has
extended this approach to functional polymer design. For

example, polymer dielectrics with high dielectric breakdown
strength have been discovered by simultaneously optimizing
the glass transition temperature (Tg), band gap (Eg), and
electron injection barrier.33 Diverse polymer architectures such
as linear, cyclic, branched, comb, star, and dendrimer
structures have been designed to achieve a targeted mean-
square radius of gyration.34 Conjugated copolymers have been
designed as organic photocatalysts by tuning monomer
chemistries and stoichiometries to control their electronic
properties.35 LLM-based generative models have been
demonstrated for functional polymer design including the
optimization of Eg,

36 Tg,
37 and ionic conductivity.38 Despite

these advances, existing generative polymer models remain
constrained by the limited availability of polymer structure−
property data, which hinders the development of reliable,
scalable tools for designing polymers subject to multiple
physical and chemical property objectives.39

Over the past decade, the polymer community has made
substantial efforts to construct comprehensive databases of
polymer structures and properties to support data-driven
design of functional polymers.40−65 Several resources such as
PolyInfo,40 PolyID,53 and Polymer Scholar59 have curated
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experimental polymerization data from peer-reviewed liter-
ature. Complementing these efforts, databases including the
Open Macromolecular Genome (OMG),54 PolyUniverse,56

and SMiPoly55 have enumerated large sets of hypothetically
synthesizable polymers to expand the accessible chemical
design space. Recently, large-scale computational initiatives
have emerged to address the scarcity of polymer data. For
example, PolyOmics65 reports 62 physical properties for more
than 100000 polymers, and OPoly2666 provides diverse
polymer structures to support the development of ML
interatomic potentials. Despite these active efforts, the inherent
complexity of polymers (e.g., monomer chemistry, sequence,
architecture, and morphology) continues to impede the
construction of databases that map physical properties across
chemical space.
One strategy for overcoming data scarcity is to approximate

polymer functional properties using computationally accessible
monomer-level descriptors. Because monomer chemistry
fundamentally affects polymer conformational, electronic, and
solubility behavior, monomer properties may serve as efficient
proxies for polymer properties when direct polymer data are
unavailable. This approach enables rapid screening across vast
chemical spaces by filtering candidate polymers based on

inexpensive monomer calculations before pursuing more costly
polymer experiments or computational simulations. In prior
work,67 we estimated diverse monomer-level properties for
approximately 12 million synthetically accessible linear
homopolymers54 using quantum chemistry calculations and
uncertainty-based active learning. By comparing these
monomer-level descriptors against experimentally measured
and computationally predicted polymer properties, we
identified strong correlations between several monomer-level
features and bulk polymer properties. Although monomer-level
properties cannot fully capture polymer functionality, which
ultimately depends on molecular weight distributions and
morphology, they nonetheless provide an efficient and scalable
framework for screening vast chemical spaces in early stage,
multiobjective polymer design.
In this work, we develop a generative framework for

multiobjective polymer design using monomer-level properties
to efficiently navigate a chemical space of approximately
600000 hypothetically synthesizable step-growth polymers
including polyesters, polyamides, polyureas, and polyurethanes.
We demonstrate this generative approach through multi-
objective polymer design of high Tg, high Eg, and enhanced
hydrophobicity (characterized by the Flory−Huggins param-

Figure 1. Multiproperty design of linear homopolymers using variational autoencoder (VAE)-based generative machine learning (ML). (a)
Gradual molecular structure refinement for a simultaneous increase in glass transition temperature (Tg), band gap (Eg), and Flory−Huggins χ
interaction parameter with water as a solvent (χwater). Green text indicates enhanced property values. (b) VAE architecture comprising a graph
neural network (GNN) encoder and a Transformer decoder with property predictions enabled from latent vectors. The VAE was trained on
computed monomer-level properties�structural flexibility (Φmon), HOMO and LUMO energies (EHOMO, ELUMO), and Flory−Huggins χ
interaction parameter from monomer-based calculations (χwatermon )�to estimate polymer properties either from experiments or computation. The
monomer HOMO−LUMO gap (EgHL) was computed as the difference between EHOMO and ELUMO.

Figure 2. Six polymerization mechanisms spanning the chemical space of approximately 600000 step-growth polymers within the Open
Macromolecular Genome (OMG) for generative multiproperty polymer design. These polymerization mechanisms enable the generation of
hypothetically synthesizable linear homopolymers by identifying certain functional groups (e.g., dicarboxylic acid) in commercially available
reactants and applying rule-based polymerization reactions between compatible reactants.
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eter χwater), starting from a chosen reference polymer chemistry
(Figure 1a). These properties are selected because they
respectively capture thermal stability (Tg), electronic stability
(Eg), and polymer−solvent phase behavior (χwater), which
together govern materials performance and processability in
functional polymers. We first introduce our VAE-based
generative model with a graph neural network (GNN) encoder
and a Transformer-based decoder, coupled with linear
prediction heads for monomer-level properties. We then
describe our latent space search strategy that relies on a
combination of Bayesian optimization (BO) and linear
organization of the latent space. We then assess the
performance of the model and the transferability by applying
it to the multiobjective design of per- and polyfluoroalkyl
substances (PFAS)-based polymers aimed at reducing fluorine
content. Overall, this work demonstrates that generative
modeling combined with monomer-level properties provides
an efficient and scalable route to explore large chemical spaces,
thereby enabling early stage multiobjective polymer design.

■ METHODS

Scoping Chemical Space and Functionality
For generative polymer design, we utilized the chemical space of
approximately 600000 hypothetical step-growth polymers constructed
via six distinct polymerization mechanisms that are widely used in
academia and industry (Figure 2).68 These step-growth polymers
were selected from approximately 12 million hypothetically
synthesizable linear homopolymers in the OMG.54 The OMG
database includes hypothetical step-growth polymers generated from
commercially available reactants that conform to one of six
polymerization mechanisms: the reactions between (1) dicarboxylic
acid and diamine (polyamide), (2) diacid chloride and diamine
(polyamide), (3) dicarboxylic acid and diol (polyester), (4) diacid
chloride and diol (polyester), (5) diamine and diisocyanate
(polyurea), and (6) diol and diisocyanate (polyurethane). Although
the polymers in the OMG database were derived from polymerization
reactions involving commercially available reactants, these chemistries
are not guaranteed to be synthesizable due to the practical
complexities of polymer synthesis. For example, the intended
polymerization mechanism might not proceed as expected when
monomer reactants contain more than one type of polymerizable
functional group�such as both amine and hydroxyl groups capable of
nucleophilic attack.54 To improve synthetic feasibility, we filtered the
OMG step-growth polymers to retain only those formed from
monomer reactants containing a single type of polymerization
functional group, thereby enforcing a single intended polymerization
mechanism. In addition, we restricted the monomer reactant
structures to be symmetric around their polymerization functional
groups to eliminate ambiguity in reaction ordering (e.g., A−A rather
than A−A′, where A and A′ represent polymerizable groups).
Following this filtering process, approximately 750000 OMG step-
growth polymers were selected to form a full data set representing a
hypothetical chemical space of synthetically accessible step-growth
polymers. These polymers were partitioned into training (600000),
validation (75000), and test (75000) data sets for generative
modeling. Details of the chemical composition of the training,
validation, and test data sets are provided in the Supporting
Information (Figure S1).
We subsequently approximated the properties of the entire data set

of 750000 OMG step-growth polymers using previously computed
monomer-level properties,67 enabling efficient exploration of the
polymer property space during generative modeling. Notably, several
of these monomer-level properties were shown to exhibit strong linear
correlations with experimentally measured or computationally
predicted polymer properties.67 For example, monomer structural
flexibility Φ index (Φmon) exhibits a strong negative linear correlation
(ρ ≈ −0.76) with experimental Tg, where a higher Φmon indicates

increased structural flexibility (Figure S2). Similarly, the energy gap
between the highest occupied molecular orbital (HOMO) and lowest
unoccupied molecular orbital (LUMO) of a monomer (EgHL) also
possesses a strong positive linear correlation (ρ ≈ 0.89) with the
polymer bulk Eg computed using density functional theory (DFT;
Figure S3). In addition, Flory−Huggins χ interaction parameters with
water as a solvent estimated from monomer-level calculations (χwatermon )
show a strong positive linear correlation with experimental χwater (ρ ≈
0.94; Figure S4). These correlations between monomer-level and
polymer properties were used to approximate Tg, Eg, and χwater of the
entire data set of 750000 OMG step-growth polymers. This strategy
enables early stage functional polymer design by efficiently exploring a
large polymer chemical and property space based on computationally
inexpensive monomer-level properties, without the need for
experimental or computational determination of polymer properties.

Generative Model
A generative ML model based on a VAE was employed to design
linear homopolymers simultaneously optimized for Tg, Eg, and χwater
(Figure 1b). The VAE21,22,34,35,54 constructs a low-dimensional,
continuous latent space by compressing molecular structures into
latent vectors through an encoder network and reconstructing the
original molecular structures from these latent vectors using a decoder
network. By jointly learning to predict molecular properties from the
latent vectors, the VAE organizes the latent space according to
structure−property relationships. Once trained, the VAE enables
generative molecular design by identifying latent vectors associated
with desirable predicted properties and decoding those latent vectors
into corresponding molecular structures.
Following prior work,35 our VAE architecture integrates a GNN

encoder with a Transformer decoder. The GNN encoder, which was
implemented using Chemprop,69 encodes methyl-terminated polymer
constitutional repeating units (CRUs)70 into continuous latent
vectors by propagating atomic and bonding information through
message passing. The Transformer decoder built with OpenNMT71

generates sequential Group SELFIES representations72 via cross-
attention with the latent vectors. We used Group SELFIES as the
decoding representation to treat a polymerizable linkage (e.g., ester or
urethane group) as a single token, thereby preserving essential
polymerization motifs required for step-growth chemistries during
CRU generation. For property prediction, we implemented a separate
linear regression head for each monomer-level property including
Φmon, EHOMO, ELUMO, and χwatermon . The HOMO−LUMO gap, EgHL, was
computed as the difference between EHOMO and ELUMO. This linear
property prediction enforces a linear organization of the latent space
with respect to monomer-level properties. Although not explicitly
optimized in this work, additional monomer-level properties such as
the lowest singlet excited-state energy (ES1) were incorporated as
additional tasks during model training to support comprehensive
property coverage (Table S1). The resulting linearly organized latent
space73 enhanced the interpretability of learned monomer structure−
property relationships (vide infra). Details on the use of Group
SELFIES are provided in the Supporting Information.
We trained the VAE on approximately 600000 OMG step-growth

polymer CRUs from the training data set with their monomer-level
properties. Similar to prior work,54 the VAE was trained to (i)
maximize reconstruction accuracy of polymer CRUs via encoding and
decoding, (ii) regularize the latent space to a prior Gaussian
distribution, and (iii) minimize prediction error for monomer-level
properties. Model hyperparameters were optimized using Optuna74

parallelized across multiple GPUs using Dask.75 The explored
hyperparameter search space is summarized in the Supporting
Information (Figure S5). It is important to note that the trained
VAE should learn meaningful latent representations that can be
decoded into chemically valid CRUs during the generation phase. To
achieve high generative performance, after hyperparameter optimiza-
tion we selected the final model by jointly considering reconstruction
accuracy on the validation set and its ability to generate chemically
valid CRUs when sampling from the prior Gaussian distribution. This
model selection strategy balances reconstruction fidelity with
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generative quality. The trained VAE achieved a test reconstruction
accuracy of 69.13% for polymer CRUs and R2 value above 0.9 for all
monomer-level property predictions (Figure S6). For example, the
trained model predicted Φmon with R2 ≈ 0.98, EHOMO with R2 ≈ 0.96,
ELUMO with R2 ≈ 0.97, and χwatermon with R2 ≈ 0.97 on the test data set.
To assess generative performance, we decoded 30000 randomly
sampled latent vectors from the prior Gaussian distribution. Among
the generated polymer CRUs, 90.29% were chemically valid (e.g.,
satisfying chemical valence rules), 90.26% were chemically valid and
unique (not duplicated among generated CRUs), and 90.21% were
chemically valid, unique, and novel compared to the trained OMG
polymer CRUs. Note that not all generated polymer CRUs were
chemically valid when the generated Group SELFIES representations
failed to include exactly two repeating points required to define a
linear homopolymer CRU (e.g., *CC*, where * denotes a repeating
point), despite Group SELFIES enforcing 100% chemical validity for
small organic molecules. Among the trained monomer-level proper-
ties, we focused on Φmon, EHOMO, ELUMO, and χwatermon as these properties
can be converted to polymer properties (i.e., Tg, Eg, χwater) through
their strong correlations with polymer properties (Figures S2−S4) for
multiobjective polymer design. The trained model and implementa-
tion are available on GitHub (https://github.com/TheJacksonLab/
OMG-MultiProperty-GenML).

■ RESULTS
Generative molecular design using the VAE architecture
structures the latent space according to the targeted molecular
properties to obtain molecular structure−property relation-
ships. The organized latent space is then explored to identify
latent vectors corresponding to desired functionalities for
molecular generation. We first examine the distribution of the
trained OMG CRUs within the linearly organized latent space
and subsequently perform latent space searches to design
polymers optimized for multiple properties (Tg, Eg, and χwater)
simultaneously with BO. We further assess model trans-
ferability for multiproperty polymer refinement by applying the
trained VAE to optimize PFAS-based polymers.
Latent Space Organization
Because linear property prediction was incorporated during
training, the latent space exhibits a linear organization with
respect to monomer-level properties. Each linear regressor

head corresponds to a particular monomer-level physical
property and possesses linear coefficients that define a
hyperplane in the latent space. In this way, the latent space
of the trained OMG CRUs can be smoothly navigated to
systematically modulate polymer physical properties by
leveraging monotonic monomer-polymer property correla-
tions. For example, an increasing direction for Φmon
corresponds to a decreasing direction for experimental Tg
(Figure S2). Similarly, an increasing direction for EgHL
corresponds to an increasing direction for bulk polymer Eg
(Figure S3), and an increasing direction for χwatermon corresponds
to an increasing direction for experimental χwater (Figure S4).
Figure 3a illustrates the latent space simultaneously and
monotonically organized for Tg (red), Eg (green), and χwater
(blue). For visualization, the high-dimensional mean latent
representations of the trained OMG CRUs were projected
onto three principal axes corresponding to the largest
eigenvalues of the mean latent representations obtained from
principal component analysis (PCA). The linear latent space
organization for monomer-level properties implies that, for a
chosen starting polymer chemistry (Figure 3b), the trained
OMG CRUs are monotonically arranged in polymer properties
(e.g., Tg) along the corresponding direction (e.g., red arrow),
as shown in Figure 3c. Note that the identified increasing
directions for Tg, Eg, and χwater can be applied to any starting
polymer chemistry embedded in the latent space.
To probe the organization of the latent space, we explored

trajectories corresponding to increasing Tg, Eg, and χwater.
Figure 4a illustrates a trajectory for increasing Tg (red arrow),
originating from the initial chemistry in Figure 3b. For
visualization, the high-dimensional mean latent representations
of the trained OMG CRUs were projected onto principal axes
that exhibit both high variance and strong linear alignment
with the latent direction vector corresponding to increasing Tg.
The resulting colormap suggests that trained OMG CRUs are
structurally organized to yield higher Tg values along this
direction. The slight visual misalignment of the displayed
CRUs relative to the projected vector arises from the reduction
of the high-dimensional latent space, which is shaped by

Figure 3. Linearly organized latent space of the VAE trained on 600000 step-growth polymers and their monomer-level properties. (a) 3D
projection of the latent space via principal component analysis (PCA) with arrows indicating increasing directions for Tg (red), Eg (green), and
χwater (blue). (b) Example starting polymer chemistry with estimated Tg, Eg, and χwater from monomer-level properties predicted by the trained VAE.
(c) Schematic illustrating the linear organization of the latent space with respect to monomer-level properties (e.g., Φmon), yielding a monotonic
trend in polymer properties (e.g., Tg).
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multiple VAE loss objectives, onto a 2D plane. Physically, the
selected CRUs achieve higher Tg values by incorporating rigid
ring structures. As this sample trajectory focuses solely on Tg,
monotonic trends in Eg and χwater are not expected.
Figure 4b illustrates the latent space organization along the

increasing Eg direction (green). The two trained OMG CRUs
identified by searching along this direction exhibit larger Eg
values than the starting chemistry by replacing heteroatoms
(nitrogen and sulfur) with carbon and shortening alkyl chains,
and ultimately substituting pyridine with benzene76 and
introducing a nonconjugated cyclohexane. Figure 4c shows
the organization corresponding to the increasing χwater
direction in latent space. More hydrophobic OMG CRUs
were identified by searching along this direction by introducing
longer alkyl chains to the CRUs and eventually replacing
water-soluble pyridine with benzene. Overall, the latent space
was simultaneously organized with respect to distinct polymer
properties, yielding an interpretable latent space structure
enforced by the linear prediction of monomer-level properties.
Multiproperty Polymer Refinement

After structuring the latent space to enforce monotonic
organization of polymer properties, we identified vectors in

the latent space that simultaneously optimize multiple
properties to enable facile polymer optimization. As an
example, we demonstrate the simultaneous maximization of
Tg, Eg, and χwater for the reference chemistry shown in Figure
3b. Note that the generative design model can be applied to
any desired increase or decrease in property values. Although
the latent space exhibits linear monomer property landscapes
that translate into monotonic polymer-property trends,
inherent stochasticity in the latent space renders simple
traversal along a linear monomer-property direction unreliable
for designing new functional polymers during generation. To
be specific, the encoder maps a molecule not to a single latent
point but to a posterior Gaussian distribution, introducing
prediction uncertainty in linear models. Consequently, a
polymer generated by decoding a latent vector chosen along
a linear monomer-property direction may possess substantially
different properties than predicted by linear models if the
selected vector corresponds to a low-probability molecular
representation. It is worth noting that the linear traversal
shown in Figure 4 was performed only on the trained OMG
CRUs using their mean latent representations. Furthermore,
the sparse nature of the high-dimensional latent space makes

Figure 4. Latent space organization for (a) Tg, (b) Eg, and (c) χwater. The high-dimensional latent space was projected onto two principal axes that
exhibit strong linear alignment with the increasing direction for each respective polymer property. The colormap denotes the predicted polymer
property values. Two example trained OMG CRUs are presented along with their predicted properties, identified by searching in each property-
increasing direction. Red highlights in OMG CRUs represent polymerization linkages, while red highlights in reactants indicate polymerization
functional groups.
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linear interpolation prone to falling into data-scarce regions77

that can lead to poor-quality generation. To enable effective
latent space search, we adopted BO (Figure 5b) to guide
property-driven navigation in the stochastic, high-dimensional
latent space. BO explicitly incorporates predictive uncertainty
into the iterative optimization process, enabling robust
property optimization.
We systematically varied the size of the latent search region

as shown in Figure 5a to control the extent of BO-driven
property optimization, with larger regions expected to yield
greater improvements. A variety of optimization methods has
been applied to targeted molecular design, including gradient-
based optimization,22,54 genetic algorithms,20,35,78 particle-
swarm optimization,79,80 and BO.23,35,81 Among these, BO
has been frequently used to optimize latent vectors of VAEs,82

providing sample-efficient global optimization with explicit
uncertainty quantification.83 To initiate BO, we first sampled
2000 OMG CRUs from the training set of 600000 OMG
CRUs using k-means clustering on latent representations,
selecting CRUs near cluster centers. These samples were used
to train separate Gaussian process regressors (GPRs) to

predict monomer properties�Φmon, EgHL, and χwatermon �along
with associated prediction uncertainties from latent represen-
tations. It is worth noting that k-means clustering based on
Euclidean distance, while highly scalable for large data sets,84 is
not ideal to ensure diversity in the high dimensional latent
space (104 dimensions in this case) where Euclidean distance
can fail to capture molecular similarity.21,85,86 Nevertheless,
PCA results indicate that the sampled 2000 OMG CRUs
adequately represent the principal component distribution of
the trained 600000 OMG CRUs (Figure S7). The trained GPR
models then suggested candidate latent points by optimizing a
multiobjective acquisition function to simultaneously increase
Tg, Eg, and χwater. Candidate polymer CRUs were obtained by
decoding the proposed latent vectors.
To verify the properties of decoded polymers, we re-

encoded87 the decoded CRUs to mean latent vectors and
predicted their monomer properties (i.e., Φmon, EgHL, and χwatermon )
using the trained linear regression heads. As shown in Figure
S8, re-encoded properties provide more accurate estimates
than properties predicted directly from candidate latent points
using linear predictors. The improved accuracy of re-encoded

Figure 5. Latent space search via Bayesian optimization (BO) for multiproperty polymer refinement. (a) Monotonically organized latent space with
respect to polymer properties such as Tg, Eg, and χwater. The latent space was explored by systematically varying the size of the latent search region
to control the extent of property optimization with larger regions expected to yield greater improvements. (b) BO to guide property-driven
navigation of the latent space for multiproperty polymer refinement. Gaussian process regressor (GPR) guides selection of latent candidates, for
example, to simultaneously maximize Tg, Eg, and χwater, which are decoded into polymer candidates. (c) Optimization score for the simultaneous
increase of Tg, Eg, and χwater as the search region increased. (d) Tanimoto similarity between generated CRUs and the reference chemistry.
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properties likely arises because re-encoding recovers a more
comprehensive stochastic representation (i.e., a posterior
Gaussian distribution) rather than relying on a single latent
point obtained through BO. The re-encoded property
estimates were then used to update the GPR models, and
the optimization loop was repeated iteratively by maximizing
the expected hypervolume improvement for the Pareto frontier
using gradient-based optimization over the continuous latent
space. After optimization, the monomer properties of
generated polymers (i.e., Φmon, EgHL, and χwatermon ) were converted
to polymer properties (i.e., Tg, Eg, and χwater). Additional details
regarding the BO algorithm are provided in the Supporting
Information.
Figure 5c presents the optimization score for the

simultaneous increase of Tg, Eg, and χwater as the size of the
latent space search region was systematically increased. The
optimization scores are shown for chemically valid, unique, and
novel CRUs whose re-encoded properties satisfied the
multiproperty optimization criteria (i.e., simultaneously
increased Tg, Eg, and χwater relative to the reference chemistry).
The optimization score was defined as the average relative
improvement (%) across Φmon, EgHL, and χwatermon . The search
length denotes the scaled latent space distance between 0 and
1 for each latent space dimension, computed relative to the
distribution of 2000 latent points sampled via k-means to
initiate BO. As illustrated in Figure 5c, larger search lengths
enable more effective simultaneous optimization of monomer-

level properties, resulting in greater increases in Tg, Eg, and
χwater. This trend is consistent with the Similar Property
Principle88 that structurally similar molecules tend to have
similar properties. A narrow latent-space region is likely to
contain CRUs that are structurally close to the reference
chemistry, limiting potential improvements in achievable
properties. In contrast, expanding the search region may
access increasingly dissimilar CRUs, allowing for larger
property enhancements. This interpretation is further
supported by Figure 5d showing that the Tanimoto similarity
between generated CRUs and the reference chemistry
decreases with increasing search size. Importantly, the
observed increase in optimization score with larger search
regions is not unique to a linear property prediction model.
Replacing the linear regression heads with nonlinear regression
heads also exhibits similar behavior (Figure S9). However, the
linear model offers improved interpretability of the multi-
objective optimization landscape, as discussed in Figure 6.
Figure 6a shows examples of chemically valid, unique, and

novel multiproperty optimized polymers discovered through
BO. The generated polymers consistently retained an ester
group that was treated as a single token in Group SELFIES to
preserve the essential polymerization motif during generation.
As mentioned previously, these examples illustrate the Similar
Property Principle,88 wherein achieving greater property
improvements (i.e., higher optimization score) typically
requires greater structural deviation from the reference

Figure 6. Multiproperty refinement and interpretability. (a) Examples of chemically valid, unique, and novel multiproperty optimized polymers
discovered through BO. The generated polymers consistently retained an ester group that was treated as a single token in Group SELFIES to
preserve the essential polymerization motif during generation. Green text indicates enhanced property values and optimization scores. (b) Increase
in optimization score along the simultaneous optimization direction. This trend demonstrates that the linearly organized latent space provides a
clear and interpretable direction for multiobjective improvement. (c) Quantitative relationship between the optimization score and the alignment
score obtained using the simultaneous optimization direction.
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chemistry (i.e., lower Tanimoto similarity). In particular, the
optimization score shows a negative linear correlation (ρ ≈
−0.51) with Tanimoto similarity as shown in the Supporting
Information (Figure S10). A complete list of generated
polymers is provided in the Supporting Information (Figure
S11). To better interpret multiproperty optimization within
the linearly organized latent space, similar to the approach
shown in Figure 4, we projected the high-dimensional mean
latent representations of the trained OMG CRUs onto two
principal axes exhibiting both high variance and strong linear
alignment with the simultaneous optimization direction vector
(Figure 6b). The multiproperty optimized polymers shown in
Figure 6a were also projected onto the same principal axes for
comparison. The simultaneous optimization direction vector
was defined as the linear combination of the directions
corresponding to increasing Tg (i.e., decreasing Φmon),
increasing Eg (i.e., increasing EgHL), and increasing χwater (i.e.,
increasing χwatermon ).
The PCA projection in Figure 6b illustrates that the

optimization score increases along this simultaneous opti-
mization direction. This trend demonstrates that the linearly
organized latent space provides an interpretable direction for
multiobjective improvement. For comparison, when visualized
using principal components with the largest variance, the latent
space did not exhibit a clear trend of increasing optimization
scores (Figure S12). Note that the identified polymer 2
appears to be more aligned with the simultaneous optimization
direction than the identified polymer 3 (i.e., exhibiting a
smaller principal component 8), despite having a lower
optimization score. This apparent discrepancy may arise
from the information loss during dimensionality reduction.
To further investigate this effect, we performed a quantitative
analysis of the relationship between the optimization score and
the alignment score, as shown in Figure 6c.
Figure 6c further quantifies the relationship between the

optimization score and the simultaneous optimization
direction. The alignment score is defined as the dot product
between the simultaneous optimization direction and the
change in latent vectors relative to the reference chemistry. To

provide context, the dot product between a single monomer
property direction (e.g., Φmon) and a latent vector difference
relative to the reference chemistry corresponds to the change
in the corresponding monomer property�scaled to N(0, 1)
using the mean and the standard deviation of the training data
distribution�relative to the reference chemistry. Thus, the
alignment score aggregates the total normalized change in
Φmon, EgHL, and χwatermon with respect to the reference chemistry.
Figure 6c shows a strong linear correlation (ρ ≈ 0.907)
between the optimization score and the alignment score. This
strong correlation indicates that a linear monomer-level
property prediction model enables the identification of a
simultaneous optimization direction as a linear vector in the
latent space. The identified linear vector provides a clear and
interpretable axis along which the multiobjective optimization
score increases within the high-dimensional latent space.
Notably, when the optimization score is defined using a
standard-deviation−based metric, its correlation with the
alignment score becomes even stronger (Figure S13). This
reflects that the optimization score (%) was defined in terms of
relative percent differences rather than difference normalized
by standard deviations.
Latent Transfer for PFAS Optimization

The trained VAE can be leveraged to design polymers with
target properties that were not part of the original training set
of monomer-level properties. To demonstrate this trans-
ferability for multiobjective polymer design, we applied the
trained VAE to PFAS-based polymers. PFAS have been widely
used in consumer products and industrial applications with
their exceptional chemical and thermal stability.89 However,
PFAS have raised increasing concerns regarding their potential
adverse environmental and health impacts throughout their life
cycle.90,91 In this context, we explored whether the trained
VAE could optimize hypothetical PFAS-based polymers to
achieve enhanced stability while reducing fluorine content.
Specifically, we aimed to increase Tg (thermal stability), Eg
(electronic stability), and χwater (enhanced hydrophobicity)
while simultaneously decreasing the number of fluorine atoms

Figure 7.Multiproperty refinement of hypothetical, industrially relevant PFAS-based (a) polyester and (b) polyurethane to simultaneously increase
Tg (thermal stability), Eg (electronic stability), and χwater (enhanced hydrophobicity) while reducing NF (fluorine content). Green text indicates
improved property values.
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in generated CRUs (NF). To incorporate fluorine content as an
additional design objective, the BO workflow (Figure 5b) was
extended to include NF. GPR models were trained on the
latent representations of CRUs to predict NF as well as Φmon,
EgHL, and χwatermon . The GPR achieved high accuracy in predicting
NF (R2 ≈ 0.943) for the test OMG CRUs (Figure S14),
demonstrating that the learned latent embeddings transfer
effectively to a previously unseen monomer-level property.
Figure 7a,b illustrates examples of chemically valid, unique,

and novel multiproperty optimized polymers identified for the
simultaneous maximization of Tg, Eg, and χwater while
minimizing NF. Figure 7a presents multiproperty optimized
polymers derived from a hypothetical side-chain fluorinated
polyester built on a polyethylene terephthalate (PET)
backbone. At the search length 0.3, the generated CRU
retained substantial fluorine content, reflecting the tendency of
latent regions near the reference chemistry to produce
fluorinated structures. At larger search lengths (0.4 and 0.5),
however, BO identified CRUs with significantly reduced
fluorine content while still achieving the targeted multiproperty
optimization. It is important to note that all discovered
polymers preserved their ester-based polymerization motif that
was explicitly represented as a single token using the Group
SELFIES representation.
Figure 7b shows analogous results for a hypothetical PFAS-

based polyurethane derived from an industrially relevant
monomer,92,93 4,4′-methylene diphenyl diisocyanate (MDI),
combined with a fluorinated diol. Similar to the polyester case
shown in Figure 7a, the number of fluorine atoms in the
generated CRUs remained relatively high at a search length of
0.3 but further decreased at longer search lengths, yielding
fluorine-free polymers. However, ester groups frequently
appeared in place of urethane linkages during generative
design, leading the optimization to produce polyesters rather
than polyurethanes. This behavior reflects the underlying
training-data distribution, which contains a large majority of
polyester chemistries. Nevertheless, all generated polymers
maintained valid polymerization motifs, either ester or
urethane linkages, throughout the optimization process. A
complete list of discovered CRUs is provided in the
Supporting Information (Figures S15−S16).

■ DISCUSSION
In this work, we introduce a framework for multiproperty
polymer refinement that leverages monomer-level properties to
efficiently explore a large chemical space. Our generative
model and BO operate entirely in the space of monomer-level
properties, and the monotonic correlations between monomer
and polymer properties are then used to translate these
monomer properties into polymer properties. However, given
the limited availability of polymer property data, the specific
functional relationships between monomer and polymer
properties may not strictly hold across all step-growth
chemistries investigated in this work. Importantly, the present
framework remains effective as long as qualitative monotonic
trends between monomer and polymer properties hold (e.g.,
decrease in Φmon leading to increase in Tg), because the
framework is designed to optimize polymer properties relative
to a reference chemistry by systematically increasing or
decreasing monomer-level properties. As more accurate
monomer-polymer property correlations become available,
this monomer-based generative approach can yield increasingly
reliable multiproperty polymer design by improving the fidelity

of translation from monomer to polymer properties. More
generally, the framework is extensible to cases where polymer
properties arise from nonlinear relationships involving multiple
monomer properties. In such cases, BO can be performed to
identify monomer property targets that optimize the desired
polymer properties. We acknowledge that establishing robust
monomer−polymer property correlations is challenging due to
additional complexities of polymers involving morphology,
molecular weight, and polydispersity. Prior studies have shown
that polymer properties can be predicted from the structural
and physicochemical characteristics of their monomeric (or
oligomeric) precursors, such as glass transition temper-
atures,67,94−96 electronic properties of conjugated poly-
mers,97−101 and Flory−Huggins interaction parameters.67,102
These findings highlight the potential of the present VAE
framework for transfer learning applications, particularly
through the use of latent embeddings that encode monomer-
level structural and property information. However, it remains
difficult to determine a priori whether a given polymer
property can be reliably approximated by monomer-level
descriptors due to the complex interplay of intermolecular
interactions, molecular packing, and morphology. Never-
theless, when correlations exist, monomer-level properties
can enable broad chemical space exploration for early stage
polymer design. For example, although not utilized in the
present study, normalized isotropic polarizability (αnorm)�one
of the trained 11 monomer-level properties (Table S1)�has
been shown to correlate positively with polymer dielectric
constant and refractive index from DFT calculations.67 We
anticipate this monomer-based generative framework to be
applied to a broader array of polymer functionalities as
additional monomer−polymer property correlations continue
to emerge.
The linear monomer-level property prediction model

enhances interpretability in multiproperty polymer design by
providing clear increasing or decreasing directions for each
property within the latent space. This interpretability is
effective for both the trained and generated CRUs once
encoded into latent representations. However, when generat-
ing new multiproperty optimized CRUs, simply moving along
a linear property direction and decoding the resulting latent
points does not guarantee optimal polymer candidates. This
limitation arises from intrinsic stochasticity, where each CRU
is represented as a distribution in latent space rather than a
single point, introducing property prediction uncertainty
(Figure S8). If interpretability is not a primary requirement,
nonlinear property prediction models can be adopted as they
may achieve higher optimization scores than linear property
prediction models at large search lengths (Figure S9).
Nonetheless, the linear framework offers an interpretable
latent space where differences in monomer-level properties
correspond directly to linear projections along the property-
guided vectors. This interpretable latent space provides insight
into why a given generated polymer exhibits a particular
optimization score by constructing a linear vector that directs
multiproperty polymer optimization.
The experimental synthetic realizability of the generated

CRUs remains an open challenge. Although Group SELFIES
enables representation of polymerization motifs as single
tokens, this does not guarantee that the generated CRUs are
synthetically feasible in a lab synthesis, especially without
explicitly considering the reactivity of monomer reactants.
Incorporating detailed reactivity information into computa-
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tional modeling, however, would require computationally
expensive transition state calculations. A pragmatic, though
imperfect, strategy would be to incorporate handcrafted
synthetic accessibility heuristics derived from experimentally
preferred reference chemistries. For example, one could restrict
the generative process to modifying only side chains while
preserving the polymer backbone, thereby maintaining
compatibility with user-preferred polymerization chemistry
and ensuring that essential reactive precursors remain intact.
We anticipate that the growing availability of experimental
polymerization data sets will enable more accurate modeling of
reactivity constraints, ultimately allowing generative polymer
design frameworks to account more reliably for synthetic
feasibility.

■ CONCLUSION
This work establishes a generative, multiobjective design
framework that leverages computationally accessible mono-
mer-level descriptors to navigate the vast, sparse chemical
space of functional polymers. By integrating a variational
autoencoder with linear property prediction heads, we
engineered a linearly organized latent space that offers
interpretable trajectories for the simultaneous property
optimization. Coupling this structured latent representation
with Bayesian optimization enabled the efficient discovery of
polymer chemistries with simultaneously enhanced glass
transition temperatures, band gaps, and hydrophobicity. The
transferability of this approach was further demonstrated
through the targeted design of PFAS-based alternatives,
successfully reducing the fluorine content while maintaining
critical stability metrics. While currently reliant on monomer-
polymer correlations, this monomer-centric strategy provides a
scalable solution to the persistent challenge of data scarcity in
polymer informatics. Ultimately, this framework accelerates
early stage materials discovery, offering a robust pathway to
identify high-performance candidates prior to computationally
expensive simulations or experimental synthesis.
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