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Abstract

Designing synthetic macromolecules with targeted functions is a long-standing chal-
lenge in materials science. Random heteropolymers (RHPs) and their blends pro-
vide a vast combinatorial design space whose physicochemical behavior emerges
from short-range monomer interactions rather than global sequence order. However,
the absence of explicit sequence information and the difficulty of simulating disor-
dered polymer ensembles make structure—property prediction challenging. Here,
we introduce a k-mer representation learning framework for modeling and optimiz-
ing functional random copolymers, trained on data acquired from an autonomous
robotic blending platform. The platform executes high-throughput synthesis, test-
ing, and iterative optimization of RHP blends for protein stabilization, generating
>103 labelled experiments in closed-loop optimization campaigns. Each polymer
or blend is encoded as a concatenated k-mer fingerprint that captures segment-level
statistics of monomer connectivity derived from stochastic polymerization models.
We demonstrate that the resulting k-mer features outperform one-hot composition
encodings in predictive accuracy, revealing non-additive, physically interpretable
correlations such as charge-pattern complementarity. The k-mer-based model
generalizes across different experimental setups. This work shows how physics-
grounded statistical representations of polymer structure can bridge experimental
data and machine learning, providing a scalable framework for physically faithful
modeling of disordered soft-matter systems.

1 Introduction

Blending polymers provides a practical and efficient route to create new materials with tailored
properties using existing components [Khan et al.| [2019]], |Utracki et al.|[2014]]. Such blends have
broad applications across plastics recycling, energy storage, and biomedical materials [Lin et al.
[2024]], Blatt and Hallinan Jr{[2021]], Leyden et al.| [2024]]. However, discovering functional polymer
blends remains difficult because their properties emerge from complex, non-additive interactions
among components. Traditional computational methods, such as Flory—Huggins theory or molecular
dynamics, can provide qualitative insights into compatibility but are often too limited or expensive to
capture the nonlinear relationships that determine function [Ethier et al.|[2024]], |[Liang et al.|[2022]].

Random heteropolymers (RHPs) are synthetic polymers composed of multiple monomer types that
are statistically linked along the chain, producing heterogeneous sequences with complex local
structures and emergent macroscopic behaviors. We recently developed an autonomous experimental
workflow for exploring the design space of random heteropolymer blends (RHPBs), the mixture of
RHPs (Figure I). Using a robotic platform that performs high-throughput synthesis, testing, and
optimization, we generated a dataset of over 10° labeled blend compositions, each evaluated by
its ability to stabilize proteins under thermal stress. This dataset captures the effects of varying
polymer composition, molecular weight, and mixing ratio on emergent functionality, providing a

Submitted to 39th Conference on Neural Information Processing Systems (NeurIPS 2025). Do not distribute.



38
39

40
41
42
43
44
45
46
47

48

49

50
51
52
53
54
55

Commands |

A E
. & 1 I
—
RHPs synthesis . . ) ) [ = "
e Lo eendne I Evaaion W Experiment planning i RHPs IJ'_G?!“- RHPBS ‘ Data @B Data E
p i ﬁ-- | —
B

prm—
o mands

3 % % Photo-reactor Liquid handler Plate reader NAS Server

"
x4 Plate reader

e
Theoretical Accessible Synthesized
design space design space RHPs

RHP solutions ~J

Well plate hotel

RHP-1 RHP-2 RHP-3 RHP-4 RHP-n Buffer reservoir
(M, M, M) (M6, M6, M) (M, M, MSK) (M0, M, MSK) (M3 M, M%)

RHPB-1 03 04 03 0 . 0 Isopropyl alcohol

Water bath

RHPB-2 02 04 01 03 0

Enzyme substrate

Heater shaker

Enzymes on cold plate

X "= argmax f (x) s.box= {(xg, 2|0 <x; < 1,30, x, = 1, |Ixllo < 4}

imization goal
‘ ‘ Quenching solution ~ |

Figure 1: Overview of the autonomous closed-loop discovery process for RHPBs. (A) Workflow of
the optimization process. (B) [llustration the RHP design space discretization. The theoretical design
space is firstly constrained by physical factors such as the solubility of the resulting polymers, and
then it is discretized according to a specified step length. (C) Exemplary representation of RHPBs.
Each RHPB is a mixture of different RHPs and described by its composition (D) Mathematical
formulation of the optimization goal with constraints. (E) Material and information flow during
the optimization process. The green arrows indicate material flow and the black arrows indicate
information flow. NAS: Network-Attached Storage. (F) Detailed view of the physical experimental
platform and key components.

rare large-scale, physically grounded experimental corpus for modeling disordered macromolecular
systems.

In this work, we applied the structure-informed k-mer representation for modeling this dataset. Each
polymer or blend is encoded as a concatenated k-mer fingerprint that reflects segment-level connec-
tivity and short-range monomer correlations derived from stochastic polymerization theory
let al.| [2011]], Smith et al.| [2018]]. We demonstrate that these k-mer features outperform composition-
based one-hot encodings in predictive accuracy and physical interpretability, capturing non-additive
effects such as charge-pattern complementarity. This framework establishes a scalable and physically
faithful approach for linking polymer composition to macroscopic function, offering a foundation for
data-driven design of disordered soft-matter systems.
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Figure 2: Dataset overview. (A) Illustration of the enzyme assay. (B) Structures of the monomers
used in this research.

2.1 Dataset

The dataset used in this study was generated using an autonomous experimental platform. Briefly, the
platform integrates automated liquid handling, plate-based high-throughput experimentation, and
real-time data analysis to perform closed-loop optimization of RHPBs. Each RHP was synthesized
from a set of pre-selected monomers via one-step copolymerization using PET-RAFT (Figure 2)),
resulting in polymers with statistically distributed sequences characterized by distinct monomer
compositions and molecular weights. During the optimization, the robotic system blended up to four
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RHPs in programmable ratios, dispensed the resulting mixtures into multi-well plates, and evaluated
their ability to stabilize glucose oxidase (GOx) under thermal stress. The residual enzyme activity
(REA) after heat treatment served as the functional metric (Figure 2). The final dataset comprises over
102 labeled blend compositions, each annotated with quantitative polymer descriptors (composition,
molecular weight, blending ratio) and the corresponding measured REA.

2.2 k-mer representaion
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Figure 3: Blending RHPs achieves a broader design space than individual RHPs alone. (A) Schematic
illustration of the synthesis of random heteropolymers (RHPs) with three monomers (M1, M2, and
M3) through polymerization, and the blending of these RHPs with various compositions to form
random heteropolymer blends (RHPBs). x;% is the blending ratio of individual RHP-i. (B) Demon-
stration of how blending expand the design space as reflected by the change in k-mer distributions
under ideal polymerization conditions where monomer reactivities are identical. The rows show the
probabilities of k-mer (k < 3) for individual RHPs (RHP-1, RHP-2, RHP-3) and for a 1:1 blend of
RHP-1 and RHP-2. Single RHP-3 can recover the 1-mer distribution of the blend, but is not able to
match the k£ > 2 probabilities shown in red. (C) Visual comparison of 1-mer and 2-mer distributions
for all potential RHPs versus all potential RHP blends in a two-monomer system. 21 RHPs (blue
dots) were uniformly sampled from the design space, and 10,000 RHPBs (red dots) were generated
by randomly selecting two RHPs and mixing them with a random blending ratio. While blending
does not shift the 1-mer distribution, it accesses new regions of composition space for k-mers (k > 2),
demonstrating the expanded diversity achievable through blending.

Blending RHPs expands the accessible design space beyond what can be achieved by tuning a single
polymer’s monomer composition (Figure 3]A). Each RHP is characterized by a 1-mer represen-
tation—the normalized abundance of individual monomers along the chain, while its full k-mer
representation describes the normalized abundance of all contiguous monomer segments of length
k, analogous to k-gram statistics in genomics Compeau et al.|[2011]]. The k-mer distribution arises
from stochastic polymerization governed by monomer reactivity ratios |Smith et al.|[2018]], [Yu et al.
[2024]. Previous studies have typically represented RHPs using one-hot monomer composition vec-
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tors Tamasi et al.|[2022], Wu et al.[[2023]], implicitly assuming additive behavior between monomers.
In contrast, blending multiple RHPs effectively decouples the relationship between 1-mer composition
and higher-order k-mer statistics: mixing different RHPs alters the distribution of segmental motifs
without changing the overall monomer composition (Figure 3B) Jiang et al|[2020], Ruan et al.|[2023].
In this k-mer feature space, a blend corresponds to a convex combination of its constituent RHP
representations (Figure 3[C), introducing an additional continuous degree of freedom for engineering
emergent, non-additive properties and enabling data-driven exploration of disordered polymer en-
sembles where each blend can be viewed as a weighted mixture of learned one-hot embeddings that
encode both composition and local sequence correlations.

The k-mer distribution of the RHP with different £ were generate with quantecon and scipy package.

import numpy as np

import quantecon as qe

from scipy.stats import multinomial
def calculate_kmer(p:np.array, k:int):

distribution = []

index = np.argmax(p)

p_rest = np.delete(p,index)

rest_sum = np.sum(p_rest)

plindex] = 1 — rest_sum

for i in range(k):
kmer = qe.simplex_grid(p.shape[0],i+1)
kmer_distribution = multinomial . pmf(x=kmer,n=i+1,p=p)
distribution = np.append(distribution ,kmer_distribution)

return distribution

2.3 Predictive Modeling and SHAP Analysis

Predictive modeling and feature attribution analyses were performed in Python using the XGBoost
library for regression and the SHAP package for model interpretation. An XGBoost model was
trained on the dataset, with a 9:1 train—test split. Training was repeated three times with different
random seeds, and model hyperparameters were optimized for each run. Model performance was
evaluated using the coefficient of determination (R?) and mean squared error (MSE).

For interpretability, SHAP values were computed on the model trained with the 4-mer representation
to quantify the contribution of each segment feature to the predicted REA. SHAP summary plots
and interaction values were analyzed to identify the most influential k-mer motifs and synergistic
relationships among polymer segments driving functional performance.

3 Results

We performed analysis of the experimental outcomes to identify sequence-level features contributing
to enzyme stabilization. Each RHPB was represented by a concatenated k-mer fingerprint that
encodes segment-level monomer connectivity at different lengths (k) (Figure 4]A). Using XGBoost
regression, predictive accuracy improved with increasing k. When k = 1, the model reproduced the
same monomer-level trends (M1, M2, M3) previously observed by [Tamasi et al.|Tamasi et al.| [2022],
while for k£ > 2 the k-mer model outperformed one-hot encoding based solely on blending ratios
(Figure 4B). The best performance was achieved at k& = 4, which was used for subsequent analyses. A
model trained on the data accurately predicted the outcomes of an independent Bayesian-optimization
campaign from selected RHPs (Figure 4[C), suggesting that the learned k-mer features captured the
key structural factors governing thermal stabilization.

Feature attribution using SHAP (SHapley Additive exPlanations)Lundberg and Lee|[2017] revealed
that specific k-mers strongly correlate with model performance (Figure 4D). The motif (M1)3(M4),
exhibited the highest positive contribution, while SHAP interaction analysisLundberg et al.| [2020]
showed that the presence of (M1),(M4), synergizes with (M2); but not with (M1); (Figure 4E). These
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Figure 4: Modeling the experimental results of RHPBs with k-mer representation. (A) Schematic
illustration of the generation of k-mer representation. RHPs and RHPBs are encoded as concatenated
k-mer segments and used as input features for XGBoost to predict the REA. (B) Model performance
in terms of R? (blue) and mean squared error (MSE; red) as a function of k, demonstrating improved
predictive accuracy with higher-order k-mer representations. Each data point is represented as
mean =+ standard deviation of 3 different train-test splits. The dashed blue and red lines indicate
the R? and MSE values obtained using one-hot encoding based on the blending ratios of RHPs.
(C) Parity plot of relative REA values to RHP-89 of RHPBs from another optimization campaign
with RHPs selected from the library, predicted by the model trained on data from original dataset
with concatenated 4-mer representation. The results demonstrate the model’s ability to capture key
features driving performance improvements. (D) SHAP analysis ranking the top-5 segment features
from 4-mer representations contributing to the model performance. (E) SHAP interaction values
for the interactions between selected segment features and (M1)2(M4); from model trained with
4-mer representation. The x-axis is the combined effect of these features on the model’s output.
The dot colors reflect the magnitude of one of the interacting features. The results indicate that
(M1),(M4), itself has a strong contribution to the improvement. Meanwhile, its presence together with
specific occurrences of (M2); also contributes to improved performance. In contrast, combinations
of M1),(M4); with (M1); exhibit an negligible effect on the prediction. (F) Illustration of the
synergistic effect. RHPBs composed solely of positively charged components did not show synergy
(left), whereas incorporating both positive and negative components (right) leads to synergistic
improvement. (G) Ablation experiment of a selected RHPB demonstrating that both the specific
identity of the positively charged polymer (RHP-89 and RHP-74) and the inclusion of oppositely
charged components (RHP-67) synergistically enhance performance.

results indicate that separating positively and negatively charged segments into distinct polymer chains
enhances GOx stabilization, and that the balance of charged RHP components must complement the

protein surface (Figure 4F).

Ablation experiments on a top-performing blend (RHP-89:RHP-74:RHP-67:RHP-78 =
0.4:0.15:0.3:0.15) confirmed these findings (Figure 4G). Removing individual components revealed
strong synergy between negatively charged RHP-67 and positively charged RHP-89, whereas re-
placing RHP-89 with another positive polymer (RHP-74) diminished activity. These observations
demonstrate that optimizing segment-level charge distributions through blending yields benefits
beyond simple monomer-composition tuning.

This phenomenon mirrors mechanisms of molecular recognition by intrinsically disordered regions
(IDRs) in proteins, which use short linear motifs (SLiMs) of 5—12 residues to mediate specific yet
flexible interactions [Holehouse and Kragelund| [2024]]. The redundancy and tolerance of SLiMs
to sequence variation parallels the statistical diversity of RHP sequences. Exploring RHPB space
thus not only enables materials discovery but also illuminates how local segment motifs contribute
to macroscopic function. Our analysis identified the co-occurrence of M1 and M4 within short
segments as critical for GOx stabilization, likely reflecting complementarity to charged patches
on the protein surface [Panganiban et al| [2018]]. All-atom explicit-solvent molecular-dynamics
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simulations of GOx—RHPB complexes (data not shown) confirmed that multiple polymer chains
interact simultaneously with a single enzyme, consistent with previous adsorption models Jin et al.
[2023] [2025]]. The observed synergy between oppositely charged segments likely arises from
complementary electrostatic interactions at the polymer—protein interface that collectively enhance
structural stabilization.

4 Conclusion

In summary, we developed a physics-grounded k-mer representation learning framework for modeling
the functional performance of RHPBs. By encoding segment-level connectivity statistics derived
from stochastic polymerization theory, the model captures non-additive sequence effects that govern
emergent functionality and enables accurate prediction of enzyme stabilization outcomes across
experimental campaigns. SHAP analysis revealed combinations of segment motifs responsible for
synergistic performance, highlighting the role of charge complementarity and short-range monomer
correlations in protein—polymer interactions.

Despite its predictive performance, the current representation does not explicitly capture molecular-
weight distributions or chain-length heterogeneity, both of which can substantially influence polymer
conformations and blending behavior. Incorporating these structural descriptors, together with
coarse-grained physical parameters, would further enhance the model’s quantitative accuracy and
transferability. However, direct simulation of such large, disordered systems using conventional
molecular dynamics (MD) remains computationally expensive. Looking ahead, we anticipate that
accelerated MD techniques will enable mechanistic insight into how local sequence statistics give rise
to emergent macroscopic functions. When integrated with data-driven modeling, these approaches
will contribute to a unified and physically interpretable framework for designing and understanding
complex polymer ensembles.
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