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Appendix A. Gaussian Process Model (GPM) 15 

The general form of the GPM is as follows: 16 

𝑦(𝑥) = 𝑥𝑇𝛽 + 𝑧(𝑥)                                                                 (A.1)      17 

where 𝑥𝑇𝛽 is the Polynomial Regression model. The polynomial regression model captures the 18 

global trend of the data. 𝑧(𝑥) is a realization of a correlated Gaussian Process with mean 𝐸[𝑧(𝑥)] 19 

and covariance 𝑐𝑜𝑣(𝑥𝑖 , 𝑥𝑗) functions defined as follows: 20 

𝑧(𝑥)~ 𝐺𝑃 (𝐸[𝑧(𝑥)], 𝑐𝑜𝑣(𝑥𝑖 , 𝑥𝑗)) ;                                          (A.2) 21 

𝐸[𝑧(𝑥)] = 0, 𝑐𝑜𝑣(𝑥𝑖 , 𝑥𝑗) = 𝜎2𝑅(𝑥𝑖 , 𝑥𝑗)                                      (A.3)                                               22 

𝑅(𝑥𝑖 , 𝑥𝑗) = exp (−0.5 ∗ ∑
(𝑥𝑚

𝑖 −𝑥𝑚
𝑗

)
2

𝜃𝑚
2

𝑑
𝑚=1 ) ;                                   (A.4) 23 

𝜃𝑚 = (𝜃1, 𝜃2, … . , 𝜃𝑑)               24 

where 𝜎2 is the overall variance parameter and 𝜃𝑚is the correlation length scale parameter in 25 

dimension m of d dimension of 𝑥. These are termed as the hyper-parameters of GP model.  26 

𝑅(𝑥𝑖 , 𝑥𝑗) is the spatial correlation function. In this paper, we have considered a Radial Basis 27 

function which is given by eqn. A.4. The objective is to estimate (by MLE) the hyper-parameters 28 

𝜎, 𝜃𝑚 which creates the surrogate model that best explains the training data 𝑫𝒌 at iteration k.  29 
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After the GP model is fitted, the next task of the GP model is to predict at an arbitrary 30 

(unexplored) location drawn from the parameter space. Assume 𝑫𝒌 = {𝑿𝒌, 𝒀(𝑿𝒌)} is the prior 31 

information from previous evaluations or experiments from high fidelity models, and 𝑥̿𝑘+1 ∈ 𝑿̿ is 32 

a new design within the unexplored locations in the parameter space, 𝑿̿. The predictive output 33 

distribution of 𝑥𝑘+1, given the posterior GP model, is given by eqn A.5.  34 

𝑃(𝑦̿𝑘+1|𝑫𝒌, 𝑥̿𝑘+1, 𝜎𝑘
2, 𝜽𝒌) =  𝑵(𝜇(𝑦̿𝑘+1(𝑥̿𝑘+1)), 𝜎2(𝑦̿𝑘+1(𝑥̿𝑘+1)))               (A.5)  35 

where: 36 

𝜇(𝑦̿𝑘+1(𝑥̿𝑘+1)) = 𝒄𝒐𝒗𝒌+𝟏
𝑻 𝑪𝑶𝑽𝒌

−𝟏𝒀𝒌;                                     (A.6) 37 

𝜎2(𝑦̿𝑘+1(𝑥̿𝑘+1)) =  𝑐𝑜𝑣(𝑥̿𝑘+1, 𝑥̿𝑘+1) − 𝒄𝒐𝒗𝒌+𝟏
𝑻 𝑪𝑶𝑽𝒌

−𝟏𝒄𝒐𝒗𝒌+𝟏            (A.7)               38 

𝑪𝑶𝑽𝒌 is the kernel matrix of already sampled designs 𝑿𝒌 and 𝒄𝒐𝒗𝒌+𝟏 is the covariance function 39 

of new design 𝑥̿𝑘+1 which is defined as follows: 40 

   𝑪𝑶𝑽𝒌  =  [
𝑐𝑜𝑣(𝑥1, 𝑥1) ⋯ 𝑐𝑜𝑣(𝑥1, 𝑥𝑘)

⋮ ⋱ ⋮
𝑐𝑜𝑣(𝑥𝑘, 𝑥1) ⋯ 𝑐𝑜𝑣(𝑥𝑘, 𝑥𝑘)

]       41 

  𝒄𝒐𝒗𝒌+𝟏 = [𝑐𝑜𝑣(𝑥̿𝑘+1, 𝑥1), 𝑐𝑜𝑣(𝑥̿𝑘+1, 𝑥2), . . , 𝑐𝑜𝑣(𝑥̿𝑘+1, 𝑥𝑘)]   42 

 43 
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Appendix B. Additional figures 55 

 56 

Figure B1. Flowchart of human augmented BOARS architecture 57 

 58 
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Figure B2. Analysis of Oxide sample 1. User-voting of the spectral at first 10 iterations. Rating 60 

for the votes is defined as: bad (0), good (1) and very good (2). We can see the dynamic changes 61 

of the target spectral in the current iteration, depending on the voting given in all the previous 62 

iterations. Finally, user satisfies with the target (represented with *) at 10th iteration. For the 63 

comparative study in this paper, this target is set for both BOARS system, with traditional periodic 64 

kernel and deep learning kernel. For all the spectral figures, the X axis ranges from -4V to 4V and 65 

the Y axis ranges from 0 A(a.u.) to 1 A(a.u). 66 

 67 
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Figure B3. Analysis of Oxide sample 2. User-voting of the spectral at first 10 iterations. Rating 69 

for the votes is defined as: bad (0), good (1) and very good (2). We can see the dynamic changes 70 

of the target spectral in the current iteration, depending on the voting given in all the previous 71 

iterations. Finally, user satisfies with the target (represented with *) at 10th iteration. For the 72 

comparative study in this paper, this target is set for both BOARS system, with traditional periodic 73 

kernel and deep learning kernel. For all the spectral figures, the X axis ranges from -8V to 8V and 74 

the Y axis ranges from 0 A(a.u.) to 1 A(a.u). 75 

We can see the voting are also given based on the current target spectral structure, in other words, 76 
the votes are correlated. For example, in fig. B3, the user votes spectral 2 (S2) as good (1) whereas 77 
votes spectral 6 (S6) as bad (0), though both are spectral does not have symmetric features. This 78 
is because, with more iterations, the user is better informed about the general spectral features over 79 

the material sample and the target that can be achieved. Thus, with updated knowledge the user 80 
choice can be more specific in updating to a desired target, which is an expected human-thinking 81 
approach. In this research, we extend the application of BO to tackle this dynamic human-82 
augmented voting functionalities in ARS system. 83 

 84 


