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ABSTRACT

Materials discovery for targeted applications has been the keystone for the progress of human
civilizations. In civil engineering, key materials of interest include cement, concrete, and glass.
Concrete, the most widely used man-made material, plays a pivotal role in the construction
industry. Glasses, an infinitely recyclable class of material, has become an important material for
constructing energy efficient buildings. Since glass can be manufactured by utilizing a wide range
of periodic table elements and their compounds, it has applications across several fields like
architecture, energy, environment, transportation, information technology, and healthcare. Cement,
used in concrete can also be manufactured by using alternate materials and hence reducing its
carbon footprint. However, developing improved materials for growing human needs faces two
major challenges (a) Search amongst existing materials and resources, and (b) obtain properties of

materials without experimentation.

In this thesis, we tackle the first challenge of information extraction for cementitious materials by
developing a language model that can understand the text in the domain of cement and concrete
research. This language model is than used to train specialized model for extracting entities like
materials, synthesis methods, characterization methods, applications, material descriptors,
properties, and phase labels for cementitious materials from text of related research papers. Further,
complete details of compositions of cementitious materials are found in the table of research papers.
Therefore, we used a graph neural networks-based pipeline combined with handcrafted rules to
extract the oxide compositions from tables. In the case of glasses, we used rule-based systems, un-

supervised machine learning, and manual extraction to create database of structure factor of glasses.

The second challenge, i.e, understanding the effect of composition, processing, and testing
conditions on properties of glasses, is addressed through developing machine learning models by
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considering wide range of input parameters including compositions, and additional parameters like

wavelength, temperature, testing loads, frequencies, depending upon property of interest.

Finally, considering the recent rise in the application of large language models (LLMs) in materials
discovery related tasks, we created the first benchmarking dataset to evaluate the performance of
LLM:s on different aspects of materials science and compare the performance of 3 different LLMs
on questions from different subdomains of materials science. Further, we also evaluate the
performance of GPT-4 on extraction of material composition from tables and writing python codes
related to materials discovery.

Keywords: construction materials, oxide glass, cement, concrete, materials databases, materials
discovery, composition — property relationships, materials tetrahedron, explainable machine

learning, SHAP analysis, language modelling, natural language processing, large language models,

information extraction, computer vision, optical microscopy
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