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Abstract

Large Language Model(LLM)s have demonstrated remarkable capabilities to tackle1

multidomain challenges, a capability often lacking in conventional machine learn-2

ing methods. This makes them particularly promising for understanding the com-3

plex relationship between a material’s composition and its properties, which can4

significantly accelerate materials design, especially for polymers. Leveraging the5

hidden states of domain-specific pretrained LLMs for downstream tasks like prop-6

erty prediction has gained significant traction. This approach is now widely used for7

small molecules and proteins, along with recent efforts also extending to polymers.8

In addition to achieving superior predictive performance, Uncertainty Quantifica-9

tion (UQ) is another crucial aspect for enhancing the reliability of machine learning10

models used as property predictors. This is particularly important for high-stakes11

applications like the discovery of new functional polymers. We introduce Polymer12

Property Predictor Uncertainty Quantification Benchmark, a pioneering study that13

evaluates the effectiveness of embeddings extracted from a Polymer Language14

Model for representing polymer data and assesses the performance of several15

different UQ methods for reliable polymer property prediction.16

1 Introduction17

Language model embeddings are transforming how complex data is represented and used in science18

and engineering. These embedding techniques, which originated in Natural Language Processing19

to model linguistic relationships in a vector space, have demonstrated surprising utility across a20

wide range of disciplines. In bioinformatics, protein and genomic language models use sequence21

data to create embeddings that encode biological properties, enabling accurate predictions of protein22

function and structure [26, 37, 22]. Models like the ESM series [38, 23, 11, 6], have been shown23

to capture evolutionary and structural relationships directly from protein sequences, providing a24

powerful alternative to traditional feature engineering.25

In materials science and chemistry, language models trained on chemical data (like SMILES) or text26

can produce embeddings that predict material properties, guide drug discovery, and accelerate the27

design of new compounds [44, 13]. These embeddings can encapsulate complex chemical knowledge,28

such as periodic table trends or structure-property relationships, in a vectorized format [44]. As a29

result, language model embeddings have unlocked new avenues for discovery and innovation by30

providing a unified and powerful representation for sequential and compositional data across a variety31

of domains.32

The complex and diverse structures of polymers create unique challenges, despite their critical role in33

medical devices, energy storage, and aerospace engineering [9, 45, 25]. Accurate prediction of diverse34

polymer properties is essential for tailoring polymers to meet specific functional requirements [18].35

In contrast to time and resource-intensive traditional approaches for polymer property evaluation,36
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machine learning enables rapid, scalable, and cost-effective prediction of material properties, acceler-37

ating the development of advanced polymers for diverse applications [15, 52, 34, 30, 31, 49, 29]. By38

integrating data-driven insights with predictive accuracy, machine learning can streamline polymer39

discovery, optimize design, and transform polymer informatics [43].40

Even after the tremendous success of ML polymer property predictors, relying solely on a single,41

deterministic prediction, also known as point estimate, is insufficient and potentially dangerous for42

high-stakes applications like polymer material design [40]. This critical limitation underscores the43

necessity for Uncertainty Quantification (UQ), a discipline dedicated to characterizing and quantifying44

the sources of uncertainty in predictive models [7]. Uncertainty Quantification is a critical enabler for45

trustworthy AI and scientific computing, as it provides the necessary confidence intervals that allow46

agents, human or automated, to make informed decisions, evaluate potential risks, and determine47

the credibility of a given prediction [53]. The two primary types of uncertainty that UQ methods48

aim to capture are aleatoric and epistemic uncertainty [42]. Aleatoric uncertainty is an irreducible49

property of the data generation process, arising from its inherent stochasticity. Conversely, epistemic50

uncertainty results from insufficient knowledge, often attributable to a model’s limited exposure to51

certain areas of the input space during training. This form of uncertainty is reducible in principle52

through the acquisition of more comprehensive training data [14].53

Although machine learning has greatly advanced polymer property prediction, with a few works54

on benchmarking uncertainty quantification [41, 40], pioneering UQ benchmarking in the field still55

relies on traditional representations like Morgan fingerprints [32]. Consequently, there remains a56

critical gap in the literature regarding a systematic evaluation of modern polymer language model57

(PLM) embeddings for uncertainty quantification.58

In this work, we introduce Polymer property predictor Uncertainty Quantification Benchmark59

(PolUQBench), an extensive benchmark for uncertainty quantification of ML polymer property60

predictors with Polymer Language Model embeddings as polymer representations. We utilize61

Polymer Prediction 2025 Dataset [24]. To the best of our knowledge, this is the most recent and62

extensive publicly available dataset for labeled polymer properties.63

2 Problem Statement64

The central problem addressed in this work is quantification of predictive uncertainty for machine65

learning polymer property predictors. Consider si be the SMILES representation of a polymer.66

Given a pretrained Polymer Language Model pϕ, the hidden state embedding representation from the67

Polymer Language model is xi = pϕ(si). We define a property predictor as a function fθ(xi) that68

maps a polymer representation xi to a predicted property ŷi. The goal of Uncertainty Quantification69

(UQ) is to complement this point prediction with an estimate of the probability distribution p(yi|xi,D)70

over the possible true property values yi, given the training data D. This distribution can be71

summarized by its moments, most importantly the Predictive Mean, µ(xi) and Predictive Variance,72

σ2(xi):73

µ(xi) = Eθ∼p(θ|D)fθ(xi) ≈ ŷ(xi) (1)

74 σ2(xi) = V arθ∼p(θ|D)fθ(xi) (2)

The variance σ2(xi) captures the total predictive uncertainty.75

3 PolUQBench76

In this work, we focus on investigating UQ approaches in polymer property prediction tasks. This task77

can be cast as a regression problem, where the model is trained to predict some physical properties78

related to polymer. We first briefly describe the dataset we utilized in Section 3.1, the hidden state79

embedding extraction from Polymer Language models in Section 3.2, experimental setup in Section80

3.3 and experimental results in Section 3.4.81

3.1 Dataset82

We utilize Polymer Prediction 2025 Dataset [24], a large-scale open-source dataset. This dataset83

provides a polymer’s structure as a simple text string (SMILES) [46, 48, 47]. The set of labeled84

properties include: (i) Density, (ii) Heat Thermal Conductivity (Tc), (iii) Glass Transition Temperature85

(Tg), (iv) fundamental molecular size and packing efficiency Radius of Gyration (Rg) and (v)86

Fractional Free Volume (FFV). The ground truth for each property is averaged from multiple runs of87

molecular dynamics simulation.88
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3.2 Data Processing89

We used two different Polymer Language Models (PLM) to extract embeddings that we utilize as90

input data for our property predictors: (i) PolyNC [35] and PolyBERT [19]. The PLM tokenizes91

the non-Hydrogen atoms and pass the tokens into the model. Considering length of the SMILES92

representation of the polymer is N , the size of the hidden state embedding of the PLM is N ×D93

where D is the hidden state dimension. We averaged over the length of the hidden state dimension,94

resulting the polymer embedding dimension to be D. The value of D are 768 and 600 for PolyNC95

and PolyBERT accordingly.96

3.3 Experimental Setup97

Architectural Setup: We trained different models for each polymer property. For each property we98

conducted five-fold cross-validation experiments and report the evaluations on those five validation99

sets. We utilized the LightningUQBox [21] package to design and train all the different probabilistic100

models. For the backbone model, we employed a Fully Connected ResNet which is available in the101

LightningUQBox [21] package, with a hidden dimension of 256 and a depth of 8. All models were102

trained a total of 500 epochs, with a learning rate of 0.0001.103

Model: Apart from deterministic model, we also evaluated the following set of probabilistic104

models in this benchmark: (i) MVE (Mean Variance Estimation) [33, 39], (ii) DEL (Deep Evidential105

Learning) [1, 28], (iii) QREG (Quantile Regression) [17], (iv) LA (Laplace Approximation) [36, 2],106

(v) MCD (Monte-Carlo Dropout) [8], (vi) MFVI (Mean Field Variational Inference) [16], (vii)107

BNNVI (Bayesian Neural Network with Variational Inference) [3], (viii) SWAG (Stochastic Weight108

Averaging Gaussian) [27], (ix) DKL (Deep Kernel Learning) [51], (x) VBLL (Variational Bayesian109

Last Layer) [10], (xi) VBLL SNGP (Variational Bayesian Last Layer (VBLL) with SNGP Regression),110

(xii) Deep Ensemble [20, 50], (xiii) Mask Ensemble [4], and (xiv) Zigzag [5].111

Evaluation Metrics: To evaluate the models, we selected 4 metrics: (i) MAE (Mean Absolute112

Error), (ii) PCC (Pearson Correlation Coefficient), (iii) CRPS (Continuous Ranked Probability113

Score) [12] and (iv) CA (Calibration Area) [40]. The first 2 metrics evaluate the predictive perfor-114

mance of the model, and CRPS and CA are the UQ metrics.115

3.4 Results116

We report the evaluation metric values averaged over the five cross-validation splits for all polymer117

properties, and for both Polymer Language Models.118

Observations: Table 1 shows the metric values for different models. For all properties, the119

probabilistic models obtained lower MAE than deterministic models, except for Tg with PolyNC120

embeddings. Unlike the case of MAE, the deterministic model obtained higher PCC values than121

probabilistic models for quite a lot of polymer properties. For most properties, the Mask Ensemble122

model obtained lower CRPS than other models. The VBLL SNGP model also obtained lowest CRPS123

value in some of the evaluation scenarios. For most properties, the MVE model obtained lowest CA124

than other models. Almost at all scenarios and for every metrics, models trained with PolyNC hidden125

state embeddings obtained better performances compared to models trained with PolyBERT hidden126

state embeddings.127

Discussion: Experimental results indicate that a clear winner among the probabilistic models could128

not be identified, as no single model consistently outperformed the others across every metric. The129

probabilistic models consistently achieved a lower MAE than the deterministic baseline, signifying130

a general improvement in predictive accuracy. Additionally, a distinct performance advantage was131

observed for models trained with PolyNC hidden state embeddings over those trained with PolyBERT132

hidden state embeddings.133

4 Conclusion134

This work presented a pioneering benchmark study evaluating the efficacy of Polymer Language135

Model (PLM) embeddings for uncertainty quantification (UQ) in polymer property prediction.136

Diverging from prior UQ investigations that largely relied on conventional molecular fingerprints,137

such as Morgan fingerprints, our study uniquely leveraged the rich, contextual representations138

extracted from Protein Language Models. We evaluated a diverse set of probabilistic models across139

multiple polymer properties, providing a comprehensive characterization of predictive accuracy140

alongside robust uncertainty estimates.141
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Table 1: Evaluation Results.
MAE (↓)

Model Density Tc Tg Rg FFV
PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT

BNN VI 0.0183 0.0216 0.0271 0.0292 0.1033 0.1132 0.0445 0.0456 0.0086 0.0100
Deep Ensemble 0.0194 0.0381 0.0278 0.0474 0.1035 0.1189 0.0443 0.0659 0.0222 0.0236

DEL 0.0280 0.0429 0.0354 0.0445 0.1274 0.1351 0.0585 0.0670 0.0129 0.0175
DKL 0.0294 0.0190 0.0306 0.0289 0.1229 0.1261 0.0494 0.0417 0.0079 0.0073
LA 0.0162 0.0194 0.0257 0.0274 0.1000 0.1050 0.0421 0.0400 0.0094 0.0112

Mask Ensemble 0.0165 0.0183 0.0247 0.0260 0.1126 0.1229 0.0412 0.0395 0.0089 0.0091
MC Dropout 0.0184 0.0194 0.0257 0.0277 0.1002 0.1070 0.0424 0.0403 0.0094 0.0112

MFVI 0.0178 0.0213 0.0275 0.0290 0.1245 0.1433 0.0445 0.0453 0.0196 0.0210
MVE 0.0195 0.1206 0.0271 0.0631 0.1041 0.1077 0.0418 0.0899 0.0162 0.0520

QREG 0.0151 0.0196 0.0256 0.0278 0.1018 0.1104 0.0411 0.0411 0.0079 0.0120
SWAG 0.0168 0.0190 0.0254 0.0271 0.1020 0.1086 0.0415 0.0421 0.0090 0.0104
VBLL 0.0445 0.0655 0.0375 0.0636 0.1151 0.1314 0.0583 0.0750 0.0088 0.0097

VBLL SNGP 0.1351 0.0899 0.0716 0.1134 0.1226 0.1048 0.1377 0.1807 0.0060 0.0069
ZigZag 0.0164 0.0186 0.0255 0.0271 0.1017 0.1076 0.0410 0.0416 0.0085 0.0108

Deterministic 0.0162 0.0194 0.0257 0.0274 0.1000 0.1050 0.0421 0.0400 0.0094 0.0112
PCC (↑)

Model Density Tc Tg Rg FFV
PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT

BNN VI 0.9102 0.8970 0.9019 0.8925 0.8013 0.7481 0.8448 0.8419 0.8918 0.8451
Deep Ensemble 0.9004 0.7085 0.9011 0.8037 0.8026 0.7153 0.8438 0.7419 0.7446 0.4683

DEL 0.9010 0.8474 0.8826 0.8664 0.7066 0.6715 0.8307 0.8208 0.7938 0.6763
DKL 0.8866 0.9174 0.8769 0.8884 0.7187 0.6906 0.8406 0.8446 0.9088 0.9229
LA 0.9265 0.9156 0.9109 0.9017 0.8069 0.7814 0.8606 0.8694 0.8697 0.8093

Mask Ensemble 0.9072 0.9006 0.9075 0.8982 0.7610 0.6904 0.8512 0.8624 0.8316 0.8551
MC Dropout 0.9223 0.9155 0.9104 0.8989 0.8078 0.7757 0.8600 0.8674 0.8690 0.8077

MFVI 0.9180 0.8955 0.9002 0.8890 0.7169 0.6342 0.8444 0.8370 0.6124 0.5734
MVE 0.9060 0.2897 0.9089 0.6502 0.7994 0.7684 0.8628 0.6049 0.7285 0.3875

QREG 0.9254 0.9068 0.9046 0.8957 0.8004 0.7599 0.8627 0.8637 0.8838 0.7893
SWAG 0.9250 0.9145 0.9109 0.9004 0.8073 0.7794 0.8604 0.8634 0.8722 0.8253
VBLL 0.7881 0.4882 0.8913 0.6933 0.7722 0.6866 0.8050 0.6161 0.9119 0.8708

VBLL SNGP 0.5392 0.7400 0.6827 0.5918 0.6397 0.7763 0.5622 0.5518 0.9409 0.9282
ZigZag 0.9205 0.9140 0.9095 0.9017 0.8073 0.7816 0.8643 0.8653 0.8980 0.8506

Deterministic 0.9265 0.9156 0.9109 0.9017 0.8069 0.7814 0.8606 0.8694 0.8697 0.8093
CRPS (↓)

Model Density Tc Tg Rg FFV
PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT

BNN VI 0.0169 0.0192 0.0256 0.0272 0.1011 0.1059 0.0429 0.0425 0.0077 0.0084
Deep Ensemble 0.0162 0.0299 0.0221 0.0324 0.0875 0.0905 0.0365 0.0466 0.0129 0.0201

DEL 0.1286 0.1443 0.1297 0.1403 0.1645 0.1775 0.1415 0.1539 0.0993 0.1187
DKL 0.0213 0.0149 0.0230 0.0219 0.0920 0.0999 0.0368 0.0326 0.0068 0.0064
LA 0.0158 0.0191 0.0256 0.0271 0.0994 0.1017 0.0420 0.0396 0.0094 0.0111

Mask Ensemble 0.0119 0.0134 0.0181 0.0193 0.0834 0.0930 0.0301 0.0287 0.0064 0.0066
MC Dropout 0.0140 0.0143 0.0194 0.0206 0.0770 0.0784 0.0315 0.0304 0.0069 0.0083

MFVI 0.0206 0.0234 0.0251 0.0274 0.0972 0.1116 0.0397 0.0400 0.2406 0.2451
MVE 0.0164 0.1276 0.0207 0.0982 0.0736 0.0766 0.0312 0.0983 0.1397 0.2399

QREG 0.0117 0.0152 0.0189 0.0213 0.0738 0.0807 0.0304 0.0306 0.0061 0.0093
SWAG 0.0152 0.0178 0.0247 0.0261 0.0996 0.1042 0.0406 0.0399 0.0087 0.0098
VBLL 0.1212 0.1353 0.0688 0.1311 0.1917 0.1590 0.1099 0.1419 0.0081 0.0081

VBLL SNGP 0.0982 0.0578 0.0478 0.0734 0.0913 0.0765 0.0981 0.1155 0.0046 0.0052
ZigZag 0.0147 0.0172 0.0228 0.0253 0.0919 0.0951 0.0364 0.0397 0.0076 0.0096

CA (↓)

Model Density Tc Tg Rg FFV
PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT PolyNC PolyBERT

BNN VI 0.0635 0.1315 0.1510 0.0213 0.2896 0.3011 0.1461 0.0735 0.0858 0.0513
Deep Ensemble 0.1663 0.2641 0.0230 0.2215 0.1611 0.1034 0.0528 0.1329 0.4517 0.4577

DEL 0.4170 0.3884 0.3971 0.3798 0.2019 0.2092 0.3457 0.3362 0.4487 0.4428
DKL 0.1860 0.0856 0.1818 0.2191 0.2899 0.3256 0.2223 0.2119 0.0394 0.0462
LA 0.4687 0.4705 0.4717 0.4728 0.4693 0.4557 0.4747 0.4691 0.4750 0.4744

Mask Ensemble 0.1932 0.1437 0.2151 0.1911 0.2422 0.2953 0.2080 0.2146 0.1297 0.1234
MC Dropout 0.1035 0.1650 0.2075 0.1930 0.3005 0.2130 0.2708 0.2165 0.1970 0.1637

MFVI 0.1823 0.1595 0.0668 0.0911 0.0451 0.0627 0.0521 0.0517 0.4652 0.4637
MVE 0.0398 0.1205 0.0827 0.1760 0.1906 0.1919 0.1044 0.1207 0.2964 0.4181

QREG 0.0977 0.0790 0.1710 0.1130 0.1620 0.1596 0.1554 0.1350 0.0912 0.0698
SWAG 0.4085 0.4405 0.4607 0.4610 0.4642 0.4594 0.4618 0.4498 0.4577 0.4443
VBLL 0.3565 0.3174 0.2869 0.3164 0.2722 0.1834 0.2945 0.3002 0.0698 0.0228

VBLL SNGP 0.0741 0.1447 0.1732 0.2197 0.1241 0.1573 0.1188 0.2109 0.1095 0.1502
ZigZag 0.3765 0.4226 0.4112 0.4329 0.4307 0.4139 0.3985 0.4547 0.4185 0.4116
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A Evaluation Metrics321

Mean Absolute Error (MAE): Considering the trained property predictor model fθ, the polymer322

representation x, and the ground truth property value y, the MAE metric is evaluated as:323

MAE(x,y) =
1

n

n∑
i=1

|fθ(xi)− yi| (3)

Pearson Correlation Coefficient (PCC): Considering the trained property predictor model fθ, the324

test set polymer representation x, and the ground truth property value of test set y, and the predicted325

property values of test set ŷ, the PCC metric is evaluated as:326

PCC(ŷ,y) =
Cov(ŷ,y)

Var(y)Var(ŷ)
(4)

Continuous Ranked Probability Score (CRPS): Considering the trained property predictor model327

fθ, the polymer representation x, and the ground truth property value y, the CRPS metric is evaluated328

as:329

CRPS(fθ(xi), yi) =

∫ ∞

−∞
[Φ(fθ(xi))− 1fθ(xi)≥yi

]2dfθ(xi), (5)

Here Φ(fθ(xi)) is the cumulative distribution function of the predictive distribution fθ(xi). To330

evaluate CRPS over the full test set (x,y), we take the average over the CRPS for each sample in the331

test set:332

CRPS(fθ,x,y) =
1

n

∑
i

CRPS(fθ(xi), yi) (6)

Calibration Area (CA): We follow the definition of CA metric defined in Tang et al. [40]. The333

process for evaluating this metric involves constructing confidence intervals based on uncertainty334

estimates and then determining the proportion of true values that lie within these intervals. Plotting335

the observed confidence against the expected confidence yields the calibration curve. A well-336

calibrated model’s curve will align with the diagonal, while deviations reveal overconfidence (below337

the diagonal) or under-confidence (above the diagonal). The CA metric is the area between the338

calibration curve and the diagonal.339

B Additional Results340

To show the variability of our results, we’ve created bar plots for all models and polymer properties,341

illustrating the range of metric values over the five cross-validation splits. The value on each bar342

represents the median value among the metrics for the cross-validation splits.343
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Figure 1: CRPS values for Density property of polymers.
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Figure 2: CA values for Density property of polymers.

BNN VI

Deep Ensemble
DEL

DKL LA

Mask Ensemble

MC Dropout
MFVI

MVE
QREG

SWAG
VBLL

VBLL SNGP
ZigZag

Model

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

0.025
0.020

0.129

0.0240.025
0.0180.018

0.0250.0210.018
0.024

0.059

0.0200.023

(a) PolyNC

BNN VI

Deep Ensemble
DEL

DKL LA

Mask Ensemble

MC Dropout
MFVI

MVE
QREG

SWAG
VBLL

VBLL SNGP
ZigZag

Model

0.000

0.025

0.050

0.075

0.100

0.125

0.150

0.175

0.200

0.0270.031

0.138

0.0210.026
0.0180.020

0.0270.027
0.0210.025

0.131

0.0260.024

(b) PolyBERT

Figure 3: CRPS values for Tc property of polymers.
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Figure 4: CA values for Tc property of polymers.
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Figure 5: CRPS values for Tg property of polymers.
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Figure 6: CA values for Tg property of polymers.
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Figure 7: CRPS values for Rg property of polymers.
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Figure 8: CA values for Rg property of polymers.
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Figure 9: CRPS values for FFV property of polymers.
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Figure 10: CA values for FFV property of polymers.
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