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Artificial intelligence in materials science - hype or revolution?

Claudia Draxl, Physics Department and IRIS Adlershof, Humboldt-Universitét zu Berlin
and Fritz Haber Institute of the Max Planck Society, Berlin

The growth of data from simulations and experiments is ex-
panding beyond a level that is addressable by established
scientific methods. The so-called “4V challenge” of Big Data
— Volume (the amount of data), Variety (the heterogeneity of
form and meaning of data), Velocity (the rate at which data
may change or new data arrive), and Veracity (uncertainty
of quality) — is clearly becoming eminent also in the scienc-
es. Controlling our data, in turn, sets the stage for explora-
tions and discoveries.

Novel approaches and tools of Artificial Intelligence (Al) can
find patterns and correlations in data that cannot be ob-
tained from individual calculations or experiments and not
even from high-throughput studies. In fact, data-driven re-
search is adding a new research paradigm to the scientific
landscape, as indicated in Figure 1, which shows the his-
torical development of the research paradigms in our field.

For a real breakthrough, Open Data and sharing, as well
as an efficient data infrastructure is key. In other words, for
shaping this forth paradigm and contributing to the devel-
opment or discovery of improved and novel materials, data
must be what is now called FAIR - Findable, Accessible, In-
teroperable and Reusable [2].
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Figure 1: Development of research paradigms of materials science
and engineering (from [1]).

The NOMAD Laboratory [3,4] is a living example for such
infrastructure in computational materials science, com-
prising the NOMAD Repository (raw data) and its Archive
(normalized, i.e. code-independent data). The NOMAD En-
cyclopedia is a web-based public platform that visualizes
the properties of this large variety of materials. The NOMAD
Analytics Toolkit provides a collection of examples and tools
to demonstrate how materials data can be turned into know-
ledge by Al approaches (e.g. [5,6]).
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What are the challenges [7] ahead of us to make the data
revolution happen? On the computational side, reliable error
quantification (for a very first step, see [8]) and trust levels
that help making data comparable; efficient algorithms and
implementations of high-level methods for creating the right
data; and novel Al tools are among them. Figure 2 sketches
this situation.
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Figure 2: Challenges on the way to novel discoveries.

It also indicates NOMAD’s long-term vision, namely to pro-
vide (high-dimensional) materials maps that tell where in the
composition and compound space one can find materials
for a certain application. The very big next step, that has in-
deed already been started [9], is exploring FAIRness in data
of experimental materials science, synthesis, and a number
of functional materials.

*Work in collaboration with Matthias Scheffler and the entire NOMAD Team.
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