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Background: Artificial Intelligence in materials design

Modeling small experimental data sets

Over the last few decades, computational modeling and simulations have
become an integral part of modern materials design. As highly specialized
materials properties are rooted in the atomic scale behavior of materials,
quantum chemical modeling has taken on a central role in the design of novel
materials by providing fundamental insights in the underlying mechanisms.
More recently also Artificial Intelligence (AI) and Machine Learning (ML)
are starting to play a more important role in the field of materials science. This
is made possible through the access to big data sets of both theoretical and
experimental origin. Although large data sets are becoming more commonplace, they do not represent the typical data sets most materials
chemists work with or generate in their day-to-day labor. In general, those
data sets are much smaller.
Given the successes of Machine Learning with large data sets, there is a
growing interest in their application on small data sets, in hope of reaping
similar successes here.

Experimental data set: Coating formulation [3]
Targets: 2

Features: 3
1. 2-ethylhexyl acrylate (2EHA)
2. Acrylic acid (AA)
3. N-vinyl caprolactam (VCL)
Repeated computer
experiments

(a)

1. peel strength on steel (PSS)
2. elongation at break (EB).

(b)

• 100 repetition of
ensembles of 1000
model instances.
• Best & Worst model
instance are
selected. Average is
calculated (cf., box Figure 3: (a) Evolution of the average coefficients for the “Best”,
“Worst”, and “Average” model instance. (b) Volcanobelow)
plot relating model quality to coefficient value. [1]
Average instance is not so average

Small, smaller … trouble

1. Coefficients coincide with those of the best model
instances.

Standard ML approaches deal with at least thousands and often millions of
data samples. But what would happen if you only have a handful?

2. Quality measure equal to that of the best model
instances.
Fig. 4: Evolution of quality 3. Average does not rely on lucky circumstance, so it
measure with data set size.
might outperform best instance in small ensembles.

Two routes to prediction
Ensemble averages are well known to
present
improved
accuracy
over
individual weak learners. In case of
simple polynomial models, it can
analytically
be
shown
that
the
prediction by an average model is
identical to the ensemble average.

Figure 1: (a) schematic representation of linear model instances,
trained on different subsets. (b) Heat map of 1000
model instances trained on a 20 point data set. [1]

Figure 5: Two routes to prediction using
ensembles of model instances.

• Broad distribution of possible model instances
• Model instances appear spread around a central optimum

AMADEUS framework: An ensemble approach

Advantages of average model
• Only 1 evaluation/prediction
[2]

• Only 1 model instance to store

The AMADEUS framework is build around the scikit-learn library, and
provides additional functionality for handling small data sets:
• Automation of hyper-parameter tuning
• Error-handling & sanity checks
• Parallelization over model instances • Construction of Average model
The core aspect is an ensemble approach to modeling the small data set. A
large number of random train-test splits are generated, and on each a model
instance is trained.

• 1 model instance =
simple analytical model

Conclusions
• Small data sets can successfully be modelled using Ensemble based
Machine Learning approaches.
• Ensemble averages can be replaced without loss of quality by an average
model instance
• Average model instances are fast, minimal in storage and give access to
simple analytical models, improving the interpretability.

Moral:
Figure 2: Ensemble approach at the core of AMADEUS
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