
Closed-loop optimization of general conditions for heteroaryl Suzuki coupling
Nicholas H. Angello, Vandana Rathore, Wiktor Beker, Edward R. Jira, Agnieszka Wołos, Rafał Roszak, Alán
Aspuru-Guzik, Charles M. Schroeder, Bartosz A. Grzybowski, Martin D. Burke

Research Questions

- Using AI and automated synthesis, can we discover reaction conditions optimized for generality?

Methods and Results Conclusion

Computationally selected diverse starter set 

(chosen from all commercial building blocks)

Robotically generated training 

set data, duplicates, ±2% yield 
Closed-loop 

optimization

After 5 rounds of closed-loop

optimization (>400 automated

reactions including duplicates), AI

discovered more general reaction

conditions than known previously.

We estimate this result is 2-3 times

faster than random sampling.



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. 







http://onlinelibrary.wiley.com/doi/10.1002/chem.201703004/abstract
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Model

Full Range T > 0.5TN

Material TN (K) Log 

Likelihood

TN (K) Log 

Likelihood

MnO First Order 114.49(12) -2722 119.204(86) -742

Weiss 127.948(47) -427 127.954(52) -389

Ising ------ ----- 120.81(56) -52

Fe1.09Te First Order 68.58(16) -64 69.09(18) -21

Weiss 70.000(15) -348 70.000(17) -287

Ising ------ ----- 65.05(60) -49

Autonomous Experiment

St
ar

t

Sto
p

Isothermal Diffraction Measurements

Thermal Dependance Models

Hypothesis Testing

Conclusions

Algorithm Overview Isothermal Diffraction Measurements

• Autonomous control consists of two nested 
Bayesian inference loops.

• Isothermal inference identifies the magnetic 
component of the diffraction and passes 
that to the thermal inference.

• Thermal inference predicts the temperature 
dependance of the magnetic component of 
diffracted intensity. 

• Active learning chooses the next 
temperature based on the uncertainty from 
the thermal inference.

• Implemented at NCNR and ORNL. 

• Autonomously discovered Néel temperature 
(TN) of MnO and Fe1.09Te.

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

To drive the autonomous
experiment, we need a model
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 TN.
The Ising model only applies near TN. For all
materials, we drive the selection of the next
temperature with the Weiss model.

At each temperature ANDiE uses Markov Chain Monte Carlo to infer the parameters of
the diffraction peaks, shown here for MnO. This inference captures the large changes
in the magnetic contribution to the diffraction pattern over the temperature range.

Using the results of the isothermal inference, ANDiE infers the temperature dependance
of the magnetic contribution to the diffraction pattern. ANDiE then increases the
temperature of the experiment to where the confidence interval exceeds a user-defined

threshold relative to the expected Poissonian-like uncertainty. In this
way, ANDiE can choose the most informative measurements, quickly
converging on the TN. ANDiE autonomously discovered the TN of MnO
in 14 measurements and completed the experiment in 16
measurements, whereas a traditional ad hoc schedule might take 74
measurements.

After the autonomous experiment, ANDiE
performs the Bayesian inference on whole data
set for the hypothesis testing of which model
describes the material best. Since the Ising model
is only valid in the range 0.5TN < T < TN, that range
is used for direct comparisions to the Ising model.
ANDiE concludes that MnO is an Ising type
antiferromagnet with a TN at 120.85(56) K.

We have developed the autonomous neutron diffraction explorer
(ANDiE), a system to control neutron diffraction experiments for the
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
probabilistic Bayesian inference allows ANDiE to choose the most
informative measurement to perform next. Despite always driving the
experiment with the Wiess model, ANDiE can discover the transition
temperature of materials with differing magnetic behavior. At the
WAND2 HB-2C beamline at HFIR at ORNL, ANDiE autonomously
acquired diffraction measurements and correctly discovered an Ising
type magnetic transition in MnO. ANDiE reduced the number of
measurements compared to traditional experiments by a factor of ~5.
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Robot-Accelerated Perovskite Investigation and Discovery (RAPID):  
Inverse Temperature Crystallization

Abstract Robot accelerated perovskite workflow
Metal halide perovskites are a promising class of materials
for next-generation photovoltaic and optoelectronic devices.
The discovery and full characterization of new perovskite-
derived materials are limited by the difficulty of growing high
quality crystals needed for single-crystal X-ray diffraction
studies. We present the first automated, high-throughput
approach for metal halide perovskite single crystal discovery
based on inverse temperature crystallization (ITC) as a
means to rapidly identify and optimize synthesis conditions
for the formation of high quality single crystals. Using this
automated approach, a total of 8172 metal halide perovskite
synthesis reactions were conducted using 45 organic
ammonium cations. This comprehensive dataset allows for a
statistical quantification of the total experimental space and
of the likelihood of large single crystal formation. Moreover,
this dataset enables the construction and evaluation of
machine learning models for predicting crystal formation
conditions. This work is a proof-of-concept that combining
high throughput experimentation and machine learning
accelerates and enhances the study of metal halide
perovskite crystallization. This approach is designed to be
generalizable to different synthetic routes for the acceleration
of materials discovery.
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Human low throughput search Robot high throughput search

Best Research-Cell Efficiency Chart | Photovoltaic Research | NREL

High-throughput screening

8172 metal halide perovskite synthesis reactions

Representative samples were 
collected for powder X-ray diffraction

MA/PbI2EtA/PbI2

MAPbI3 EtAPbI3 (nBuA)2PbI4

FAPbI3 AcetPbI3 ChmaPbI3

Machine learning
The model for the EtA /PbI2 system achieves
prediction accuracy as high as 83% with only
~100 experiments

PUFK-SVM model trained exclusively on
EtA /PbI2 system data resulted in the highest
performance

Statistical study

Quantifying experimental space
and the likelihood of large crystal
formation

Convexhull of experimental space

We have developed an automated, high-throughput robotic synthesis platform (Robot-
Accelerated Perovskite Investigation and Discovery, or RAPID) for metal halide
perovskite single crystal discovery. A total of 8172 reactions were performed using our
RAPID workflow. We identified conditions that produce perovskite single crystals for
19 out of 45 target perovskite compositions, adding 17 new materials to the library of
metal halide perovskites accessible via ITC (a 400% increase). Among these
compounds are two novel perovskite species, AcetPbI3 and (CHMA)2PbI4, for which
we reported the crystal structures and performed preliminary characterization. RAPID
is a powerful tool for accelerating perovskite discovery and can be readily extended to
a broad range of synthetic routes and materials.

One shot optimization of crystallization 
conditions.

[C7H16N]2[PbI
4]

[C2H7N2][PbI
3]

Joshua Schrier (Fordham University), Liana Alves, Alyssa Z. Sherman, Peter Cruz Parrilla, Ian M.
Pendleton, Wesley Wang, Venkateswaran Shekar (Haverford College) Matthias Zeller (Purdue
University), Philip W. Nega and Emory Chan (LBNL).

Metal Halide Perovskite

I-, Br-, Cl-

Pb2+, Sn2+, Ge2+

R-NH3
+

PV

LED

Tunable band gap
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