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The field of material science has undergone a
profound transformation with the emergence of
computational methods, enabling the exploration
and design of novel materials with customized
properties. Among these materials, two-dimensional
(2D)  crystals, particularly transition  metal
dichalcogenides (TMDCs) like molybdenum disulfide
MoS2, have received significant attention due to
their unique electronic, optical, and mechanical
properties Tedstone et al. [2015], Wang et al. [2012],
Han et al. [2015]. These properties not only make
them suitable for a wide range of applications, from
transistors to photovoltaic devices but also provide a
fertile ground for fundamental research, specifically
in comprehending and manipulating crystal defects.
Recently, controllable defect engineering and
formation of alloys became possible, as shown in
Huang et al. [2023]. These methods are now viable
tools to prepare new 2D materials with
predetermined properties. The monolayer of MoS2,
a prominent member of the two-dimensional
materials family, is composed of a plane of
molybdenum atoms flanked by sulfur atom planes.
However, accurately analyzing defect arrangements
computationally can be challenging, particularly
considering crystalline symmetries. As a result, there
is an urgent need for computational tools that can
efficiently and precisely model, characterize, and
predict the effects of defects on material properties.
In the study of MoS2 lattice defects, we
explore the use of Siamese Neural Networks (SNN)
[Bromley et al. [1993]] to create invariant
embeddings, which respect the crystalline symmetry
of the lattice. By training our model with contrastive
learning, we successfully differentiate configurations
with varying defects, achieving perfect accuracy in
recognizing equivalent placements. Our method
showcases the capabilty to predict physical
properties like formation energy per site and the
bandgap with strong performance across both low
and high-defect density scenarios, outperforming
traditional methods when enhanced with polynomial

features. Despite its effectiveness, the model
presents limitations at high defect densities,
indicating a need for further refinement. Our

approach lays the groundwork for reverse-
engineering processes. Thus, we open pathways for
generative models that can navigate from specified
property ranges to optimal defect configurations,
fostering an efficient solution-space exploration for
bespoke material synthesis.
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Figure 1. UMAP representations for various defect counts.
Each point represents the embedding of some placement.
The same color denotes the same configurations.
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Figure 2. Comparative Performance of Different Methods
in Predicting Formation Energy Per Site and HOMO-
LUMO Gap. The table compares the MAE values
achieved by Bag of Bonds, Coulomb Matrix, and SNN
embeddings (with and without polynomial features) across
low and high-density datasets.




