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Abstract

Chemical language models (CLMs) promise transformative capabilities in polymer
property prediction and design, yet their potential is hindered by the scarcity of
experimental data. We present Poly4mer, a novel multi-physics synthesis based
CLM framework that units neural polymer representation learning with theoretical
foundations in physics. Poly4mer integrates a comprehensive group contribution
method for hypothetical polymer generation with physics-based simulations that
faithfully emulate experimental protocols, fabricating a rich dataset of synthetic
polymer structures and structure—property relationships to establish strong priors
for CLM training. This synthetic data enables training of two critical components:
an encoder-decoder architecture that captures polymer semantics, and a two-phase
property prediction strategy comprising supervised pretraining on synthetic data
for physically consistent alignment followed by fine-tuning on experimental mea-
surements to enhance predictive accuracy. We then architect an autoencoding
system that couples predictive capability with latent decoding, enabling inverse
design of polymers optimized for downstream applications through latent space
exploration and structure reconstruction. By faking data with physics before reality
catches up, we demonstrate that multi-physics synthesis can break the data barrier
in CLMs, establishing a new paradigm for physics-grounded neural polymer dis-
covery. Our code and pretrained models accompanying this paper are available at
https://github.com/fishmoon1234/poly4mer,

1 Introduction

Chemical language models (CLMs) have emerged as powerful tools for molecular property prediction
and generative design, leveraging SMILES-based representations and large-scale pretraining to
achieve strong performance in chemistry and material science. Recent foundation models [1-4],
such as SMI-TED [3]], demonstrate that large encoder-decoder architectures trained on millions of
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Figure 1: Ilustration of the proposed physical-based data generation and CLM training.

molecules can capture chemically meaningful structure—property relationships and support diverse
downstream tasks without extensive task-specific supervision.

Despite these advances, two critical bottlenecks persist. First, specialized domains such as polymer
flammability prediction [6]] suffer from severe data scarcity, as experimental measurements are
costly and limited. Direct fine-tuning of pretrained CLMs on such small datasets often results in
overfitting and poor generalization. Second, standard line notations for molecular structures pose
challenges. Most CLMs rely on the “simplified molecular-input line-entry system” (SMILES) [7, 8],
which is primarily designed for small molecules or monomers. Extending these representations
to polymers—and enabling effective downstream fine-tuning—requires substantial retraining and
large-scale polymer data, making the problem non-trivial.

To overcome these challenges, we introduce a multi-physics synthesis framework that bridges neural
polymer design and first-principles physical knowledge. Our approach constructs a physics-grounded
pretraining pipeline by synthesizing a large corpus of physically meaningful polymer structures
and corresponding property labels using physics-based simulations. These synthetic structures
provide rich semantic information about polymers, while the simulation-derived labels serve as strong
physical priors for CLMs. After pretraining, models are fine-tuned on limited experimental data for
optimal predictive accuracy. Furthermore, we architect a unified autoencoding system that jointly
trains the CLM encoder module, decoder module, and property predictor, enabling inverse polymer
design through principled latent space exploration and structure reconstruction. We demonstrate that
physics-informed synthesis effectively breaks the data barrier in CLMs. Our contributions include:

* We establish a systematic group contribution method for generating hypothetical polymers
that bridges data-driven modeling and first-principles physical knowledge.

* We introduce a principled multi-physics synthesis framework to data-scarce learning by
embedding domain knowledge directly into language model training, enabling robust gener-
alization beyond pure data-driven models.

* We design a new strategy for introducing new tokens into pretrained language models via
encoder-decoder architecture expansion, leveraging monomer representations to capture
complex polymer semantics.

* We architect an autoencoding system coupling predictive modeling with generative design,
enabling inverse polymer design via latent-space exploration and structure reconstruction
for targeted applications.

2 Related Work

Chemical Language Models. CLMs leverage transformer architectures for molecular property
prediction by encoding small-molecule structures as SMILES sequences [1} 4} 5, I9-H15]]. While
these models achieve strong performance through large-scale pretraining, their effectiveness is
fundamentally constrained by the availability of experimental data. Recent work has extended CLMs
to polymers [14,|15] by introducing additional tokens in SMILES to represent covalent bonds and



repeating units. However, the increased complexity of polymer structures exacerbates the data scarcity
problem: unlike small-molecule databases [[16] with millions of labeled compounds, existing polymer
datasets typically contain only tens to hundreds of experimentally characterized samples [17]].

Generative Polymer Design. Traditional polymer discovery relies on costly experimental trial-and-
error. To accelerate this process, recent methods have explored variational autoencoders for molecular
generation [18|[19], graph neural networks for structure synthesis [20} 21], and physics-informed
neural networks for incorporating physical constraints [22]. However, none of these approaches
systematically address the polymer data bottleneck through physics-based synthesis.

Physics-Guided Machine Learning. Physics-guided machine learning [23H31] integrates domain
knowledge into data-driven models to mitigate data scarcity challenges. Examples in polymer model-
ing include RNNSs for predicting viscoelastic behavior [32], equivariant graph networks for capturing
molecular interactions [33]], and handcrafted physical fingerprints for polymer characterization [34].
Despite these advances, a systematic framework that couples physics-based synthetic data generation
with CLM training remains largely unexplored.

3 Physics-Based Chemical Language Model Training

We present an overview of the proposed Poly4mer framework, as illustrated in Figure|T]

Physics-Based Synthetic Data Generation. To obtain structurally valid and physically meaningful
polymers, we adopt the group contribution (GC) method [35H38]. This method estimates polymer
properties based on the frequency of functional groups and their contributions. We identify 48
functional groups capable of generating 180 polymers with available micro-combustion calorimeter
(MCC) data (Step 1, Figure[I). A global optimization routine determines the contribution of each
group, and the resulting MCC property data are used as inputs to the Fire Dynamics Simulator (FDS)
[39], a physics-based reduced-order model for predicting fire properties. Although the GC method
simplifies molecular interactions and introduces some accuracy limitations, it is computationally
efficient and enforces physical constraints through admissible structures and simulation-based prop-
erties. We leverage it to construct a large synthetic polymer dataset as follows: (1) sample base
functional groups and combine them into homopolymers with two open valences; (2) assemble these
homopolymers into copolymers and terpolymers, and canonicalize the resulting structures to obtain
unambiguous polymer SMILES; (3) use the GC method and FDS simulations (Steps 3—4, Figure [T])
to estimate four flammability metrics: time to ignition (Tj,), peak heat release rate (pHRR), smoke
extinction area (SEA), and carbon monoxide yield (CO). This pipeline yields ~120k admissible
synthetic polymer structures with physically consistent property labels, which serve as priors for
learning complex structure—property relationships in our Poly4mer predictor.

Polymer Representation Learning. Polymer SMILES introduces an additional symbol ‘*’ to
represent open bonds for polymer connectivity [[14]. This creates challenges for CLMs pretrained on
monomers and lack both this token and the associated polymer semantics. Therefore, state-of-the-art
CLMs, such as MolFormer [4] and SMI-TED [3]], still cannot encode or generate ‘*’ in SMILES
nor handle polymer structures. The only exception is TransPolymer [15]], which incorporates ‘*’ for
property prediction. However, it does not possess the capability for polymer generation. To provide a
polymer CLM coupling predictive modeling with generative design, we propose an encoder—decoder
foundation model tailored for polymers (Figure[I), extending the SMI-TED architecture [5]]. Given
a polymer SMILES tokenized as p = [p1,p2,...,pr] € RF=202, the encoder maps it to a token
embedding € R202X768 and a polymer-level embedding z € R"%8, The latent representation z
captures essential polymer semantics and is used for token reconstruction and property prediction.

Then, we separately train the encoder and decoder modules on the synthetic polymer dataset. The

encoder consists of two components: (i) a backbone encoder fyackbone(+; 05) pretrained on monomers,
and (ii) an asterisk-specific encoder f4(-;04) to handle the ‘*’ token. Given p, the backbone

produces initial embeddings € = foackbone (P; 05), While f4 generates embeddings for positions
corresponding to the asterisk token, replacing the respective rows in . The full encoder is denoted as

f = (foackbones f4), yielding & = f(p; 05,0 4). To train the encoder, we attach a surrogate classifier
gs(+; 1) that predicts the token indices from x, a(nd solve:

04,10 = arg Gmin ‘Cpred D, s (f(P; 0a, éB); "/@))7 (1)
A

where Lprd(-, -) denotes the cross-entropy loss. The polymer embedding is then obtained by aggre-
. . . . L
gating over the L token dimensions, i.e., z = ) ;_, x[l,:].



The decoder module consists of a decoder layer h(+; ¢) and a classifier g(-; 1), with ¢ and 1) denoting
their respective parameters. h reconstructs the token embedding from the polymer embedding, while
g predicts token indices from the reconstructed embedding. We train both components jointly by
minimizing a weighted sum of the reconstruction loss L. and the prediction loss Lpeq:

b.6 = argmin M@, 2:6) + Lowa (P g (h(2:6):0) ). @)

whereby Liec(x, 2z;0) = || — h(2;¢)|%, A is the coefficient for the reconstruction loss. It is
worth noting that including the decoder module is crucial for extending Poly4mer beyond property
prediction to inverse polymer design, a capability that state-of-the-art single-purpose CLMs such as
TrinityLLM [[1] lack.

Two-Phase Property Predictor Training. Leveraging the physics-guided training of encoder-
decoder architecture, we obtain a contextualized polymer embedding z for each polymer, which
serves as the input to a property predictor for flammability metrics. For each target property y, we
train a shallow MLP r(-; £) by minimizing the prediction loss:

£ =arg min Lpred (y,7(2:€)). 3)

To leverage the physics-consistent synthetic dataset generated via the GC method, we adopt a two-
phase training strategy. Phase I pre-trains the predictors on a large synthetic dataset of approximately
120k polymers generated using the GC method. This stage enables the predictors to inherit physical
priors from the simulation-based data, providing a well-informed initialization. Phase II fine-
tunes the predictors on an experimental dataset comprising 55 polymers. Since these experimental
measurements of flammability metrics represent high-fidelity data, Phase II is expected to further
enhance predictive accuracy.

4 Polymer Discovery

With the generative modeling and fire property prediction capabilities, the trained Poly4mer model
enables polymer discovery as a downstream application. Given a trained CLM (f, h, g, ) with

parameters (éA, éB , (;AS, 1&, étig, épHRR, €SEA, fco), our objective is to discover polymers with long
time to ignition, low peak heat release rate, low smoke extinction area, and low carbon monoxide
yield. To this end, we define the property optimization objective:

Lov = —Yeig7(2; Erig) + YorrrRT(2;EprRR) + YsEAT(2;E584) + Yc0r(2:€00). (D)

Here, v. denotes the corresponding penalty coefficient, so users can assign weights according to
their preferences on the desired properties. During the discovery phase, we optimize the polymer
embedding by minimizing L, and subsequently reconstruct the corresponding polymer tokens
using the decoder:

z" = argmin Lo, Pp* = g(h(z*;); ). 5

5 Experiment

To evaluate the effectiveness of the trained CLM for polymer discovery, we first assess its performance
in polymer reconstruction and property prediction, followed by case studies demonstrating the
feasibility of the proposed framework.

Polymer Reconstruction. We measure reconstruction accuracy on 125,743 polymer SMILES,
including 55 experimental cases and 125,688 synthetically generated ones. The trained CLM achieves
99.89% accuracy on synthetic polymers and 98.18% on experimental polymers, indicating high
fidelity in reconstructing polymer structures from the encoder—decoder architecture.

Property Prediction. We first train the predictors on physics-based synthetic data and obtain decent
relative Mean Squared Error (MSE) values of 6.7%, 12.4%, 5.7%, and 8.0% for t,,, pHRR, SEA,
and CO. We then finetune and evaluate the property prediction performance on experimental data,
with test dataset results summarized in Table[T] Empirically, our method outperforms state-of-the-
art baselines across all four fire-related properties, highlighting the effectiveness of the proposed
predictor and the benefits of the two-phase training strategy.

Generative Polymer Design. We illustrate the generative polymer design process using polyvinyl
chloride (PVC) as an exemplar starting structure (Figure [2). The optimization penalty parameters



Table 1: Fire properties prediction performance on experimental data in terms of relative MSE (%)
against state-of-the-art baselines.

Fire Properties

Methods Tl PHRR | SEA | o7
MoLFormer [4] 34.04 £2207 62.01 £1994 41.11+14.70 -
TransPolymer [15] | 31.78 +581  77.88 +76.64 38.91 + 16.95 -
polyBERT [14] 41.39+509 61.42+1126 51.28 +10.00 -
TrinityLLM [1]] 16.65+572  33.64+206 22.35+1224 18.58+828
Poly4mer (ours) 16.32 +620 21.33+323 1747 +419 16.13 +2.97

are taken as: vy = 0.1, Yo rRR = YsEA = Yoo = 1. Through iterative optimization of the latent
embedding and subsequent decoding at each step, the algorithm progressively refines the polymer
representation and outputs all discovered candidate polymer SMILES (see the middle plot of Figure2).
After passing the candidate polymer SMILES through a canonicalizer, feasible polymer structures
transition from the initial *C'C(x)C1 to *CCC', then to *CCC(*)Cl, and ultimately reaching a
better structure *CCC(x)C, as shown in the right plot of Figure
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Figure 2: An illustration of our polymer design procedure. We begin with the polymer PVC,
represented by the SMILES «C'C'(x)CI. Its latent embedding is optimized by minimizing the training
objective in Eq. (@), and the resulting optimal embeddings are decoded to generate new polymers.
The line plot shows the optimization trajectory of PVC.

6 Conclusion and Discussion

We present Poly4mer, a multi-physics synthesis framework that addresses data scarcity in chemical
language models through physics-based synthetic data generation. By integrating group contribution
theory with physics-based simulations, Poly4mer establishes meaningful polymer semantics and
strong physical priors for CLM training. By using the physics-based synthetic data to pretrain
encoder/decoder modules together with a fire property predictor, our Poly4mer achieves state-of-
the-art performance in fire property prediction while also enabling inverse polymer design. This
success illustrates a "fake it till you make it" paradigm, where physics-grounded synthesis effectively
overcomes data limitations in specialized domains and opens new pathways for accelerated polymer
discovery.

We also point out that Poly4mer has several limitations. First, we generate physics-based synthetic
polymer SMILES in canonicalized form and train Poly4mer only on these canonical SMILES. This
restricts its generalization to other encoding forms (for example, greedy encoding) and prevents the
model from distinguishing chemically equivalent polymers, as they share the same canonical SMILES.
Incorporating polymer structure from alternative modalities could be a promising future direction.
Second, we can only qualitatively claim that Poly4mer captures meaningful polymer semantics, based
on empirical results showing that latent representations are effective for both polymer generation and
property prediction. Mechanistic interpretability studies are needed to verify whether the model truly
captures polymer chemistry. Finally, the current version focuses on polymer fire properties as an
exemplar demonstration. Extending Poly4mer to a broader range of polymer properties, such as the
mechanical and fracture properties, would be a key goal for future work.
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