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I. Model Polymer and Data Generation 

 

The data sets are generated using MD simulation-based genetic algorithms. Starting from a 

random sequence, genetic operators – mutation and crossover are applied to generate new 

polymer sequences. Each time the GA algorithm produces a new polymer sequence, MD 

simulation is conducted for measuring its property.1,2 A very generic phenomenological 

polymer model within the Kremer-Grest (KG)3 framework is used in this study.  In the model, 

two adjacent coarse-grained monomers of a copolymer are connected by the Finitely Extensible 

Nonlinear Elastic (FENE) potential of the form  𝐸 = −
1
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], where 𝐾 =

30𝜖/𝜎2 and 𝑅0 = 1.5𝜎 for bond length 𝑟 ≤ 𝑅0 and 𝐸 = ∞ for 𝑟 > 𝑅0. The pair interaction 

between any two monomers is modelled by the well-known Lennard-Jones (LJ) potential of 

the form  𝑉(𝑟) = 4𝜀 [(
𝜎

𝑟
)

12
− (

𝜎

𝑟
)

6
]. The 𝜖 is the unit of pair interaction energy. The size of 

all the monomers is .  The LJ interaction is truncated and shifted to zero at a cut-off distance 

𝑟𝑐 = 2.5𝜎 to represent attractive interaction among the monomers. Here, the size of a monomer 

() is constant and same for both the systems. The two moieties have different interaction 

strength () to represent their different chemical nature in the Rg data set. For the Rg data set, 

𝜖𝐴𝐴 = 𝜖 and 𝜖𝐵𝐵 = 0.2𝜖 and 𝜖𝐴𝐵 = 0.2𝜖.  For the surface tension data set, 𝜖𝐴𝐴 = 𝜖, 𝜖𝐵𝐵 = 𝜖  

are considered. The AB interaction is repulsive which is modeled by considering 𝑟𝑐 = 1.12𝜎  

and 𝜖𝐴𝐵 = 𝜖.   The KG polymer model is a standard model for studying generic polymer 

properties using molecular dynamics simulations. It is very popular for MD study because of 

its simplicity and computational efficiency, rather than its ability to represent specific polymers 

species and conditions. Moreover, this model can be mapped to any commodity polymer.4 
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II. Loss Functions of DNN Models 

 

 

Few representative loss functions during the layer-by-layer growth of a DNN model is shown 

in Figure S1. The Figure S1 corresponds to the surface tension model. It clearly suggests that 

the loss function is systematically decreasing during the training of the model without any 

significant overfitting.   
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Figure S1: Few representative Loss function are shown. The number of layers and nodes in a model is as mentioned in 

the panels. 


