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Research Questions
- Using Al and automated synthesis, can we discover reaction conditions optimized for generality?

Methods and Results Conclusion
Computationally selected diverse starter set Robotically generated training _ Closed-loop After 5 rounds of closed-loop
(chosen from all commercial building blocks) set data, duplicates, 2% yield  optimization optimization ~ (>400  automated

reactions including duplicates), Al
discovered more general reaction
conditions than known previously.
We estimate this result is 2-3 times
faster than random sampling.
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Automated integration of experiment, theory, and data to
accelerate graphene synthesis

E. M. Campo, Department of Materials Science and Engineering, University of Maryland at College Park, USA

W. Y. Rojas, Institute of Physics, Czech Academy of Sciences of the Czech Republic, Prague, CR

Research Questions
- Can industrial fabrication of graphene benefit from ML/AI technologies?
- Can defects be characterized with atomic sensitivity at wafer scale?
- What advanced characterization techniques can be exploited to accelerated fabrication?

Methods and Results

Electron/ion microscopies to benchmark superficial defects.
Experimental Near Edge X-ray Absorption Fine
Spectroscopy(NEXAFS) Imaging reduction describes
corrugation and strain distribution at wafer levels.
Approximately 7000 spectra of likely defects have
calculated and will be openly available @dat.NIST.gov
Exploit experimental hyperspectral NEXAFS imaging
through a theoretical defect library.

Conclusion

Metrology and ML/AI algorithms
along with defects fingerprinting are
needed for automated
characterization of graphene.
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ANDIE: Autonomous Neutron Diffraction Explorer
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Algorithm Overview Isothermal Diffraction Measurements

Goal: Autonomously Discover Magnetic Order Parameter of a Material from Neutron
Powder Diffraction Measurements

 Autonomous control consists of two nested _f 1 [N Kk
Bayesian inference loops. |
¢ * |sothermal inference identifies the magnetic _
component of the diffraction and passes _
R that to the thermal inference. ' |
¢ : * Thermal inference predicts the temperature ' _

dependance of the magnetic component of

diffracted intensity.

v « Active learning chooses the next At each temperature ANDiIE uses Markov Chain Monte Carlo to infer the parameters of
temperature based on the uncertainty from the diffraction peaks, shown here for MnO. This inference captures the large changes
the thermal inference. in the magnetic contribution to the diffraction pattern over the temperature range.

* Implemented at NCNR and ORNL.
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Autonomous Experiment ‘_8

Start

* Autonomously discovered Néel temperature
(T,) of MnO and Fe, ,,Te.

Thermal Dependance Models

To drive the autonomous
experiment, we need a model
v of the thermal dependance of
the magnetic component of

the diffraction intensity.
A First-Order model gives no indication of the

proximity of the experiment temperature to T,.
The Ising model only applies near T,. For all

Using the results of the isothermal inference, ANDIE infers the temperature dependance

materials, we drive the selection of the next of the magnetic contribution to the diffraction pattern. ANDIE then increases the
temperature with the Weiss model. temperature of the experiment to where the confidence interval exceeds a user-defined
Hypothesis Testing threshold relative to the expected Poissonian-like uncertainty. In this

way, ANDIE can choose the most informative measurements, quickly
converging on the T,. ANDIiE autonomously discovered the T, of MnO

®é

o in 14 measurements and completed the experiment in 16
’ measurements, whereas a traditional ad hoc schedule might take 74

measurements.

Conclusions

We have developed the autonomous neutron diffraction explorer
(ANDIE), a system to control neutron diffraction experiments for the
| | 1 | discovery of the magnetic transition temperature of a material.
Several relevant physics-based principles (such as the Poissionian
counting statistics and models of the temperature dependance of the
magnetic contribution to the diffraction) are encoded into ANDIE. The
Full Range T>0.5Ty After the autonomous experiment, ANDIE probabilistic Bayesian inference allows ANDIE to choose the most
— vodel 1 lee“htgg ........................ . lee“htgg verforms the Bayesian inference on whole data  informative measurement to perform next. Despite always driving the
"""""" w0  FirstOrer 1144012 2122 uozoags) a2 | set for the hypothesis testing of which model experiment with the Wiess model, ANDIE can discover the transition
............. \:\;?:12512794@Eli2092ﬁ23322-» describes the material best. Since the Ising model temperature of materials with differing magnetic behavior. At the
"""" Fe,,Te  FirstOrder  6858(16)  -64 690018)  -21  isonlyvalidintherange 0.5T, <T<T, thatrange WAND? HB-2C beamline at HFIR at ORNL, ANDIE autonomously
............. \:\Sllel:59157000(1(_13§f7g5082g(7);2% is used for direct comparisions to the Ising model. acquired diffraction measurements and correctly discovered an Ising

ANDIE concludes that MnO is an Ising type type magnetic transition in MnO. ANDIE reduced the number of
antiferromagnet with a T, at 120.85(56) K. measurements compared to traditional experiments by a factor of ~5.
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Abstract Robot accelerated perovskite workflow Crystal structure determination

Metal halide perovskites are a promising class of materials
for next-generation photovoltaic and optoelectronic devices.
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