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Abstract

In polymer informatics, diverse datasets for the same material properties are avail-
able but often use different representations, posing challenges in meaningfully
combining or utilizing them for machine learning (ML) models. This heterogeneity
limits the predictive power of ML for material discovery. Here, we introduce Poly-
Bind, a framework that leverages contrastive learning to align different polymer
representations—including PSMILES, polymer names, and BigSMILES—within
a shared latent space. PolyBind treats PSMILES as the anchor representation
and maps polymer names and BigSMILES into the same embedding space, yield-
ing a unified representation with richer chemical information than traditional
fingerprint vectors. We demonstrate PolyBind’s effectiveness on glass transition
temperature prediction by successfully combining datasets with different polymer
notations. Our framework offers a robust solution for integrating diverse polymer
data sources.

1 Introduction

The rapid advancement of machine learning (ML) has enabled the efficient inference of material
properties and accelerating the discovery of new polymers for diverse applications [1].

Polymers are materials with unique properties arising from their complex architecture of long chains
with variable connectivity, repeating units, and end groups. Their behavior is best understood as
statistical ensembles rather than individual molecules. There have been many attempts to digitally
describe this complex nature. Historically, for instance in lab notebooks and handbooks such as the
Polymer Handbook, IUPAC names have been utilized. However, for polymer informatics applications,
alternative representations have emerged. Modern approaches include PSMILES, which represents
the repeating structure of polymer macromolecules as a string, capturing their chemical connectivity
and sequence [2]. BigSMILES extends traditional SMILES notation to represent polymer ensembles
with variable chain lengths, branching patterns, and molecular weight distributions, specifically
designed to describe complex polymer architectures [3, 4].

Currently, there is no tool that can convert between all these representations. This, effectively, leaves
much data unused as polymer data is reported in different representations across the literature.



To address these challenges, we introduce PolyBind, a framework for generating unified embeddings
from diverse polymer representations, such as PSMILES, BigSMILES, and polymer names (see Fig-
ure 1). We demonstrate the performance of this approach by applying PolyBind to combine datasets
for glass transition temperature prediction across different modalities. The unified embedding space
enables consistent representation and improved predictive performance compared to conventional
Morgan fingerprints.
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Figure 1: Overview of PolyBind: The framework integrates polymer informatics through a two-
step process. (1) Model training employs self-supervised contrastive learning to align PSMILES,
BigSMILES, and polymer name representations in a shared latent space, using PSMILES as the
anchor. (2) Application combines datasets (PSMILES, BigSMILES, and polymer names) into a
unified embedding space via PolyBind, enabling ML model training and prediction of property (Tg),
with corresponding Tg values.

Concretely, our contributions are:

1. The first unified self-supervised contrastive learning approach that uses PSMILES as the
central modality and aligns polymer names and BigSMILES within the same latent space,
enabling integration of previously incompatible polymer datasets.

2. Dense embeddings that capture richer, more predictive information than traditional Morgan
fingerprint vectors for downstream polymer property prediction tasks.

2 Related Work

2.1 Polymer representations and identifiers

The challenge of representing polymers computationally spans multiple categories of approaches,
each with distinct strengths and limitations. Unlike small molecules that can be uniquely described
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by single structures, polymers exist as ensembles of similar molecules with varying chain lengths,
architectures, and compositions, necessitating specialized representation strategies.

Text-based identifiers form the foundation of polymer nomenclature and data exchange. IUPAC
names provide systematic chemical identification but become unwieldy for complex architectures.
Modern string-based identifiers include PSMILES [2], which extends SMILES notation to represent
polymer repeat units with terminal asterisks, and BigSMILES [4], which uses specialized syntax
to describe polymer ensembles with stochastic objects, like random sequences in copolymers or
probabilistic branching in dendrimers.

Recent developments have introduced PSELFIES [5], extending SELFIES notation [6, 7] to polymers,
and specialized representations like Group SELFIES [8] for systematic polymer description.

Graph-based representations have emerged as powerful approaches for capturing polymer con-
nectivity and chemical relationships. Aldeghi and Coley [9] developed molecular ensemble repre-
sentations specifically tailored for polymers. This foundation has been extended through multiple
polymer-specific graph approaches: PolymerGNN [10] addresses multitask property learning using
graph representations of monomer compositions; polyGNN [11] introduces invariant transformations
for repeat unit graphs, ensuring that the graph neural network processes the molecular structure
of polymer repeat units in a way that remains consistent under symmetries like rotations or node
permutations and recent work has developed polymer-unit graphs [12] that provide coarse-grained
representations. Self-supervised approaches for graph neural networks have also shown promise for
polymer property prediction [13].

Fingerprint-based representations convert chemical structures into fixed-length numerical vectors.
Morgan fingerprints [14] remain widely used but often produce sparse, insufficiently informative
representations for polymers. Polymer-specific fingerprint approaches [15, 16] have demonstrated
improved performance over traditional molecular fingerprints.

Currently, no unified framework exists for converting between these diverse representation modalities.
This fragmentation effectively leaves much polymer data unused, as datasets employing different
identifiers (PSMILES, BigSMILES, and polymer names) cannot be meaningfully combined without
loss of essential information.

2.2 Self-supervised learning for aligning representations

Self-supervised learning (SSL) has demonstrated remarkable success in aligning diverse data modali-
ties within unified embedding spaces. ImageBind [17] creates a single embedding space that binds
images, text, audio, depth, thermal, and inertial measurement unit data through contrastive learning.
This approach enables zero-shot cross-modal retrieval and emergent alignment between modalities
that were never directly paired during training. Recent work has extended multimodal alignment to
chemical domains: MoleculeBind [18] demonstrates contrastive learning across five molecular modal-
ities (SMILES, SELFIES, graphs, fingerprints, and 3D structures), showing that unified embeddings
can enable cross-modal retrieval and property-based molecular search.

2.3 Self-Supervised learning in polymer informatics

polyBERT [2] pioneered the application of transformer architectures to polymers by training on
PSMILES strings using masked language modeling, where the model learns to predict missing tokens
in polymer sequences.

Self-supervised graph neural networks [13] have demonstrated that SSL pre-training on unlabeled
polymer graphs can reduce prediction errors by 28% in data-scarce scenarios compared to supervised
models trained solely on limited labeled data. Uni-Poly [19] showed the potential of multimodal
learning by combining structural and textual modalities for polymers, though it does not address the
fundamental challenge of unifying different identifier systems.

The key limitation across existing polymer SSL approaches is their focus on single representation
modalities. While these methods have shown promise for property prediction tasks, none address the
critical bottleneck of integrating datasets that employ different polymer identifiers.
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3 Methods

3.1 Data acquisition

Data were collected from multiple sources, as summarized in Table 1. The complete dataset comprises
4.91M data points, consisting of 970k homopolymers and 3.94M copolymers. Among the sources
listed in the table, only two originally provided both polymer names and PSMILES representations.
The remaining sources contained PSMILES along with corresponding monomer structures (either
single monomers or two monomers for copolymers).

To generate polymer names for the entries lacking them, we first translated the SMILES repre-
sentations of monomers to IUPAC names using the inhouse model smiles-to-iupac-translator. For
homopolymers, we then wrapped these names in the poly(monomer) format, while for copolymers, we
applied the standard IUPAC polymer nomenclature convention poly(monomer-co-monomer) [20] us-
ing custom Python scripts. Subsequently, we converted all PSMILES representations to BigSMILES
format using the corresponding Python package [4].

This process resulted in three distinct modalities for polymer representation. Following the ImageBind
framework [17], we treat PSMILES as the central modality and align both polymer names and
BigSMILES representations to this central reference point.

Table 1: Data Sources. This table summarizes the sources of the dataset, listing the number of data
points available from each source along with the presence of polymer names, chemical representations
(PSMILES), and corresponding references.

Source Number of Points Polymer Name PSMILES Reference

PolyUniverse 3,799,195 ✗ ✓ [21]
PI1M 944,346 ✗ ✓ [22]
SMiPoly 151,920 ✗ ✓ [23]
PolyMetrix 7,367 ✗ ✓ [15]
Catauggie 6,273 ✓ ✗ [24]
PN2S 4,885 ✓ ✓ [25]

3.2 Models

3.2.1 Joint model architecture.

Our framework enables the integration of established models from existing literature. For PSMILES
string encoding, we utilize the MolFormer model [26], which implements a transformer-based
architecture [27] enhanced with rotary positional encoding [28]. For the encoding of polymer names,
we opt for RoBERTa-base from FacebookAI [29], a language model pretrained on a large corpus of
English text that is well-suited for processing natural language of polymer names. To address the
dimensional mismatch between different encoder outputs, we incorporate a linear projection layer for
each modality encoder, following the approach demonstrated in [17].

3.2.2 Training

PolyBind framework’s primary objective is to achieve semantic alignment across multiple polymer
representation modalities. Our training procedure employs the InfoNCE contrastive loss function [30],
which is formulated as follows:

Li,j = − log
exp (sim(zi, zj)/τ)∑2N

k=1 ⊮[k ̸=i] exp (sim(zi, zk)/τ)
(1)

• zi, zj : Embeddings of a positive pair (e.g., the same polymer represented as PSMILES and
polymer name).

• sim(·, ·): Cosine similarity, which quantifies how close the embeddings are in the shared
latent space.
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• τ : Temperature parameter that controls the concentration of the distribution—lower values
make the model focus more on the closest (most similar) pairs.

• 2N : The total number of representations (for a batch of N samples, each positive pair gives
two views/modalities).

• ⊮[k ̸=i]: Indicator function that is 1 if k ̸= i and 0 otherwise; ensures that only representations
other than i are considered as negatives.

3.2.3 Hyperparameters

We use a learning rate of 10−4. For contrastive learning and set the temperature parameter (τ ) to 0.07,
following the approach established by [31]. This temperature parameter regulates the penalty strength
applied to negative sample pairs (i.e., mismatched PSMILES and polymer name embeddings) [32].
Training convergence is determined using an early-stopping criterion [33] with a patience threshold
of 10 epochs.

4 Results and Discussion

PolyBind uses contrastive learning to create a unified embedding space where different represen-
tations of the same polymer are positioned close together. The framework employs InfoNCE loss
(see Equation (1))[30] with PSMILES as the anchor modality: for each PSMILES string, the model
learns to pull the embeddings of its corresponding BigSMILES and polymer name closer together in
the embedding space while pushing away the embeddings of different polymers. For example, the
PSMILES “[*]CC[*]”, BigSMILES “{$CC$}”, and name “polyethylene” form positive pairs whose
embeddings should be similar, while the embeddings of any representations of “polystyrene” serve as
negative examples that should be distant.

4.1 Unified embedding space quality

Figure 2 shows a UMAP visualization of PolyBind embeddings colored by polymer chemical families.
Chemically similar polymer classes form distinct, well-separated clusters. For instance, polyesters,
polyamides, and polyimides each occupy distinct regions, while aromatic polymers (polyphenylenes)
separate clearly from aliphatic chains (polyolefins).The tight intra-family clustering demonstrates
that PolyBind preserves the chemical knowledge from the pretrained SMILES models, capturing
shared structural motifs and chemical properties.

4.2 Cross-modal alignment and retrieval performance

Figure 3 shows the results of retrieval experiments. The plot shows top-k candidates on the x-axis and
the fraction of correct matches (recall) on the y-axis for different PSMILES as queries and retrieval
responses.

For PSMILES-to-BigSMILES alignment, PolyBind achieves 92% recall at Top@1, reaching 100% at
Top@20. PSMILES-to-polymer name retrieval, a more complex task due to the shift from structured
notation to natural language, yields 71% recall at Top@1 and 98% at Top@20. For the emergent
alignment BigSMILES-to-PSMILES, the recall is close to that of PSMILES-to-BigSMILES because
there is only a slight difference between the notations of PSMILES and BigSMILES. The lower
performance for BigSMILES-to-polymer name may be attributed to MolFormer’s model [26]
treatment of tokens like {, }, <, and > as unknowns during tokenization, disrupting alignment with
RoBERTa’s natural language embeddings.

4.3 Correlation between cosine similarity and recall

To estimate how well calibrated the cosine similarities are in PolyBind’s embedding space, we
analyzed their relationship with Top@1 recall across cross-modal polymer pairs, as shown in Figure 4.
The analysis uses 30 quantile-based bins, with perfect calibration (dashed diagonal) as reference.

For PSMILES-to-BigSMILES retrieval, the pipeline calibration curve consistently lies above the
perfect calibration diagonal, indicating systematic overestimation of recall performance.
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Figure 2: UMAP projection of PolyBind embeddings along the first two dimensions. Points
correspond to individual polymers, colored by their chemical family (e.g., polyamide, epoxy, vitrimers,
polyurethane, polyester, polyimide, polyolefin, polyacrylic, polystyrene, polycarbonate, polysiloxane).
The separation across diverse classes highlights that the learned representation encodes meaningful
chemical distinctions across polymer space.

For PSMILES-to-polymer name retrieval, the pipeline calibration curve lies below the perfect
calibration diagonal in the 0.6–0.8 similarity range, indicating underestimation where actual recall
exceeds cosine similarity predictions. Above 0.8, the calibration approaches the diagonal.

4.4 Integrating datasets using aligned identifier representations

To demonstrate PolyBind’s utility in integrating datasets, we applied it to glass transition tem-
perature (Tg) prediction. The datasets contain the polymers described using different notations:
Poly(isodecyl methacrylate) appears as “[*]CC([*])(C)C(=O)OCCCCCCCC(C)C” (PSMILES),
“$CC(C)(C(=O)OCCCCCCCC(C)C)$” (BigSMILES) and “Poly(isodecyl methacrylate)”. Traditional
approaches would treat these as separate entries or require manual mapping.

After alignment, we generated unified embeddings for polymers across PSMILES, BigSMILES, and
polymer names. For regression, we used Gradient Boosting Regression (GBR) [34] with default
hyperparameters. Polymers appearing in multiple representations were included multiple times in
training to reinforce semantic relationships.

We compared PolyBind against baseline methods using Extended Connectivity Fingerprints
(ECFP) [35] and PolyBERT [2] on the same Tg property dataset from PolyMetriX [15]. Poly-
BERT is a DeBERTa-based encoder-only Transformer trained on 100 million hypothetical polymer
SMILES strings using masked language modeling, generating 600-dimensional dense fingerprint
vectors from PSMILES strings [2]. All models were evaluated on fixed test set using Mean Absolute
Error (MAE).

As shown in Table 2, PolyBind achieves a mean MAE of 45.85± 0.014 K, compared to the baseline
ECFP’s 54.56 ± 0.172 K and PolyBERT’s 48.507 ± 0.007 K, representing 16.0% and 5.5% error
reductions respectively. To isolate the effect of representational diversity from dataset size, we
conducted controlled experiments (see Table 3).
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Figure 4: Calibration analysis of cosine similarity as a predictor of retrieval performance. Left:
PSMILES-to-BigSMILES retrieval shows systematic overestimation with pipeline calibration curve
above the diagonal. Right: PSMILES-to-polymer name retrieval demonstrates underestimation in
mid-range similarities (0.6–0.8) with better calibration at higher similarities.

5 Conclusions

The representational diversity in polymer science has long hindered effective data integration and
machine learning applications. PolyBind demonstrates that self-supervised contrastive learning can
successfully bridge this gap by creating unified embeddings that transcend notational boundaries.
This approach fundamentally shifts the paradigm from representation-specific modeling to universal
polymer understanding.

The framework establishes a new standard for handling heterogeneous polymer datasets in com-
putational materials science. By treating different notations as complementary views of the same
underlying chemical reality, PolyBind enables researchers to leverage the full spectrum of available
polymer data regardless of its original format. This capability transforms previously fragmented
datasets into coherent, integrated resources for machine learning.
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Table 2: Comparison of Tg prediction performance between baseline ECFP, PolyBERT and
PolyBind. All the models are evaluated on the fixed test set to ensure fair comparison. Standard
deviations are from four runs with different model initialization seeds. PolyBind integrates diverse
representations, yielding a larger training set and lower MAE.

Model Mean MAE (K) Train Size Test Size
Baseline ECFP 54.56± 0.172 6252 1115
PolyBERT 48.50± 0.007 6252 1115
PolyBind 45.85± 0.014 12858 1115

The success of PolyBind points toward broader implications for materials informatics, where similar
representational challenges exist across different material classes.
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A.1 Data efficiency gains for retrieval

Figure A.1 shows how data efficiency gains in cross-modal retrieval change across different training
dataset sizes, while keeping the validation dataset (242k samples) and test dataset (56k samples)
fixed.

The results reveal distinct learning patterns between the two cross-modal tasks. PSMILES-to-
BigSMILES retrieval demonstrates exceptional data efficiency, achieving high recall@1 performance
(0.91) even with minimal training data (2.42k samples). Performance remains consistently stable
across all training sizes, showing only marginal improvements as data increases (0.92). This stability
arises because PSMILES and BigSMILES are based on SMILES notation and share the same
SMILES encoder.

In contrast, PSMILES-to-polymer name retrieval exhibits a fundamentally different learning curve.
Performance starts near zero with small datasets and demonstrates continuous improvement as
training data increases, reaching 0.71 recall@1 at maximum data size.
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Figure A.1: Data efficiency analysis for cross-modal retrieval tasks. PSMILES-to-BigSMILES
retrieval (blue) achieves high performance with minimal training data due to structural similarity
between notations. PSMILES-to-polymer name retrieval (gold) requires substantially more training
data to bridge the semantic gap between chemical structures and natural language descriptions.

A.2 Success and failure analysis of cross-modal Retrieval by polymer class

Figure A.2 shows cross-modal retrieval performance across polymer classes, revealing patterns that
correlate with training data abundance. Training data is dominated by epoxy (1M samples), vitrimer
(987k), polyester (518k), and polyamide (424k) classes. The test set maintains similar distributions
with vitrimer (10,008), epoxy (9,895), polyester (5,798), polyimide (5,425), and polyamide (4,825)
as the most represented classes.

For PSMILES-to-Polymer Name retrieval, epoxy and vitrimer polymers achieve the highest successful
retrieval counts, directly reflecting their training abundance and test set representation.

PSMILES-to-BigSMILES retrieval shows substantially different patterns. Success rates remain high
across most polymer classes with dramatically reduced failure counts. This improvement stems from
the structural similarity between PSMILES and BigSMILES representations, both using standardized
chemical syntax for connectivity encoding.
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Figure A.2: Cross-modal retrieval performance by polymer class. PSMILES-to-Polymer Name
retrieval (top) shows high success for training-abundant classes but notable failure rates due to
nomenclature variability. PSMILES-to-BigSMILES retrieval (bottom) demonstrates consistently
high success across polymer families due to structural representation similarity.

A.3 Controlled Experiments: dataset size vs. representational diversity

To isolate the effects of dataset size and representational diversity, we conducted controlled experi-
ments using the fixed test set.

ECFP-Doubled doubles the baseline Tg dataset to 12,504 samples by sampling with replacement
from the original 6252 samples, using ECFP fingerprint representations. This tests whether increased
dataset size improves performance with traditional Morgan fingerprints.

PolyBERT-Doubled similarly doubles the Tg dataset to 12504 samples using PolyBERT finger-
print representations, evaluating the impact of larger dataset size on transformer-based polymer
representations.

PolyBind-Mix combines embeddings from multiple polymer representations (PSMILES, BigSMILES,
and polymer names), maintaining the original train dataset size of 6252 samples by randomly selecting
points across modalities. This assess whether representational diversity alone enhances performance.

Results show that PolyBind-Mix, with 6,252 samples, reduces MAE by 17.8% compared to ECFP-
Doubled, while doubling the ECFP dataset size yields no improvement over the baseline. This
indicates performance gains arise from improved representations rather than increased dataset size.
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Table 3: Comparison of dataset size and representational diversity effects on a fixed test set of 1,115
samples. Mean MAE (K) and standard deviation are reported over four runs with different seeds for
the model.

Model Mean MAE (K) Train Size Test Size
ECFP-Doubled 55.353± 0.065 12,504 1,115
PolyBERT-Doubled 47.024± 0.018 12,504 1,115
PolyBind-Mix 45.099± 0.009 6,252 1,115
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