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Appendix A. Gaussian Process Model (GPM)
The general form of the GPM is as follows:
y(x) = xTB + z(x) (A1)

where xT 8 is the Polynomial Regression model. The polynomial regression model captures the
global trend of the data. z(x) is a realization of a correlated Gaussian Process with mean E[z(x)]

and covariance cov(xi, x/ ) functions defined as follows:

z(x)~ GP (E[z(x)], cov(xi,xj)); (A.2)
E[z(x)] = 0,cov(x},x/) = o?R(x%, x7) (A3)
R(x%,x7) = exp (—0.5 x zgin:l(xﬁ—f’]”)» (A4)

Hm = (01, 92, ey Hd)

where a2 is the overall variance parameter and 6,,is the correlation length scale parameter in
dimension m of d dimension of x. These are termed as the hyper-parameters of GP model.
R(xi,xj ) is the spatial correlation function. In this paper, we have considered a Radial Basis
function which is given by eqn. A.4. The objective is to estimate (by MLE) the hyper-parameters

o, 0,, which creates the surrogate model that best explains the training data Dy, at iteration £.
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After the GP model is fitted, the next task of the GP model is to predict at an arbitrary

(unexplored) location drawn from the parameter space. Assume Dy = {Xj, Y(X)} is the prior
information from previous evaluations or experiments from high fidelity models, and X, € Xis

a new design within the unexplored locations in the parameter space, X. The predictive output

distribution of x4, given the posterior GP model, is given by eqn A.5.

P(Vis11Dpo Xies1, 0, 01) = NU(Tiew1 Frer1)), 02 Fierr Frer1))) (A.5)

where:
#(}z’k+1(97k+1)) = oV} 1COV}'Yy; (A.6)
0% (Fer1(Frs1)) = cov(Xyr1, Xir1) — €OV 1 COVi OV 4 (A7)

COVy, is the kernel matrix of already sampled designs X, and covy,4 is the covariance function
of new design Xy, which is defined as follows:
cov(xq,x1) - cov(xq,Xy)

cov, = : . :
cov(xg,x1) -+ cov(xg,Xi)

COVpiq = [Cov(fk+1' xl)ﬂ COU()?]H_l, Xz), ) Cov(fk+1' xk)]
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Appendix B. Additional figures

Inputk:

Physics-driven domain knowledge of
the material system from prior
microscopic andalysis

materials

Set the confrol parameters of the
microscope. Initialize sample

|

Run microscope. Scan a high
resolufion (128x128) image

l

Segment info several image patches
with user defined window size

Select initial BO training image
patches (random) in the feasible
search space

Develop training dataset: input image
patch, output specira and descriptors.
Choose an input sample image

patch,
]

Posterior modelling:
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:

Train metamodel:
Optimize kernel functions of the
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!

Posterior predictions of unexplored

image patches

Search Strategy:
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e——— |
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target ¢
“"—-_-_——

User votes the quality of
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Good, Very good
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spectra.

P

Formulate objective function **
Calculate custem  descriptor

values of generated spectra
———

By

Data Augmentation:
Provide the output values (spectra and
descriptors) of the respective initial sample

Stop Model and find the optimal
solution

Is maximum
BO iteration
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image patchesinto training data.
Augment Training Data with current and new
evaluations.

Figure B1. Flowchart of human augmented BOARS architecture
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Figure B2. Analysis of Oxide sample 1. User-voting of the spectral at first 10 iterations. Rating
for the votes is defined as: bad (0), good (1) and very good (2). We can see the dynamic changes
of the target spectral in the current iteration, depending on the voting given in all the previous
iterations. Finally, user satisfies with the target (represented with *) at 10" iteration. For the
comparative study in this paper, this target is set for both BOARS system, with traditional periodic
kernel and deep learning kernel. For all the spectral figures, the X axis ranges from -4V to 4V and
the Y axis ranges from 0 A(a.u.) to 1 A(a.u).
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Figure B3. Analysis of Oxide sample 2. User-voting of the spectral at first 10 iterations. Rating
for the votes is defined as: bad (0), good (1) and very good (2). We can see the dynamic changes
of the target spectral in the current iteration, depending on the voting given in all the previous
iterations. Finally, user satisfies with the target (represented with *) at 10" iteration. For the
comparative study in this paper, this target is set for both BOARS system, with traditional periodic
kernel and deep learning kernel. For all the spectral figures, the X axis ranges from -8V to 8V and

the Y axis ranges from 0 A(a.u.) to 1 A(a.u).

We can see the voting are also given based on the current target spectral structure, in other words,
the votes are correlated. For example, in fig. B3, the user votes spectral 2 (S2) as good (1) whereas
votes spectral 6 (S6) as bad (0), though both are spectral does not have symmetric features. This
is because, with more iterations, the user is better informed about the general spectral features over
the material sample and the target that can be achieved. Thus, with updated knowledge the user
choice can be more specific in updating to a desired target, which is an expected human-thinking
approach. In this research, we extend the application of BO to tackle this dynamic human-

augmented voting functionalities in ARS system.



