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Abstract YBCO Experimental Dataset Progress and Results

Numerical optimization methods have the potential to develop | Counts of Precursors at Different Temperatures We first analyzed the dataset using Python and Pandas
efficient and fully autonomous discovery of new solid-state 5] =?835 dataframes. We read the JSON format file as dataframes
matgrlals. Unllki tradltlonal. dlatase}tls vyhere the 1np;uts dre o = %g%{i extracted and stored useful information such as target percent
confinuous numpers, material synthesis consists ot 5| yield and XRD of each experiment. To better operate with the
information such as precursors, product weight fraction, and N data that had different sizes of x entries, we used linear
products Wthh are categorical da}ta: Th}S would be a N interpolation to make sure each experiment has the same data
challepge if A }Jse.black-box opFlmlzatlpn methodg such as | size. Then we looked at XRD from the eight experiments that
Bayesian optimization and genetic algorithms. In this project, B yielded pure YBCO, took the average and set that as our

we examine how different optimization problem formulations d target function. Since some of the XRD are slightly shifted up,
can quantify the eftects of different precursors synthesized " & & P F L L S and the location of the peaks matters more, therefore we
under different jcempera’Fures us%ng X-Ray lefractlon (XRD) Priursorf\ ) shifted all XRD by setting each minimum y value to zero. We
data measured In an Onllne faShlon Our goal IS for these Figure 2: Experimentally verified combinations in the YBCO dataset: These involve 11 precursors at 5 temperatures. later tI‘led I‘IOI‘mathl’lg eaCh y by ltS COrreSpOndlng average
formulations to allow for more robust and efficient discovery To gather more information, we sliced each XRD with the size
of pathways to a target material. of 8000 x indices and increment of 1000, then we analyzed the

Spearman correlation between the corresponding MSE and

BaCkg round All XRD in YBCO with Scaled y Values: (y-ymin), Compared to Averages target percent yield. Then we repeated the process to
o Precpartaly arerage shifed compare the absolute deviation. We observed that normalized
Conventional high-temperature synthesis based on solid-state — pure y_average shifted y has the best Spearman correlation with target percent yield,
reaction is often used for the preparation of inorganic — 20000 roughly at -0.86398.
materials, and there is no clear road map to optimize the solid- . Linear Interpolation of XRD for Combination (Ba02, Cu0, Y2Cu205) x=[30, 30.1]
state synthesis of novel inorganic materials due to the 5 . —e— 600C
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difficulty to model solid-state reactions, which uses density =S | £ 5600
functional theory (DFT) calculations based on thermochemical £ \ S 5400
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We started by looking at the YBCO dataset in the ARROWS 2 Theta (degrees) 2050 - —» 2006 20/08 010
repOSItorYB, as thls IS a Comprehens]_ve dataset that lncludes Figure 3: XRD traces in the dataset visualized with one way of approximating the YBCO target (black line). 2 theta degrees
bOth pOSlthG and negathe OUtcomeS, Wthh means the Target F'E;rcent Yield vs the Mean Square Errors of l@if;e;ent types of XRD ?;iﬂ Percent Yield vs the Absolute Deviation of Tiﬁjlent types of XRD Figure 6: Linear interpolation of all XRD entries, blue is the interpolated dataset.
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methods. We focused on the experimental dataset, which : -, : X3 2 " . . . . .
. . . 5061 & 0w . z et . * Optimize the objective function to minimize the experiments
consists of different combinations of the 11 precursors, the g =oee * . 2 x .
.. ce = : g 22 s fgt that did better than the target
temperature of each combination (at 600, 700, 800, 900, and = “ . . £ 2000- Lo : . : : :
. L. « " a3, . . ; * Determine a threshold as cut-off line to accurately identify
1000 degrees Celsius), whether the combination was | ¥, B = 3 0o *® . . : .
. . . 0o ! . | | | . . . . . . . and locate peaks in the target XRD patterns
experimentally verified, as well as the resulting products and o 0 a0 60 s 10 o & & & 0 . N . .
measured XRD from the experiments 9 9  Compare different objective functions and correlations to
. Figure 4: Negative correlation trends would indicate that an objective is a d predictor of YBCO yield: .
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z :::::ngm huntfor new materials 21/ 2 g | (right) Target percent yield vs. the absolute deviation of the 149 experimental XRD. . .
h\ o - m“ ; Spearman Correlation vs. Starting Index of the 149 XRD MSE, Slice = 8000 x Indices, Increment = 1000 ’ DevelOp a fUlly aUtOHOmOU.S algorlthm based on our ﬁndlngs
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