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In this addition to the regular paper, we derive the derivatives needed to use the moment matching method from [1] for
doing Gaussian process (GP) predictions when using uncertain inputs. In this case, the GP predictions are combinations of
the predictions of two GP’s, one from real-world data (rw) and one from simulated data (sim). In the equations below
superscript letters encased in parentheses indicate indices of a vector or matrix.

First, since the proportion to which the real data is valued is a function of both the input mean and the covariance (note
that X, = depends on p and X), the derivatives of p(,.,) with respect to p and X are needed.

The derivative of the generalized logistic function with respect to the input is
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Since p(r) is a scalar, % is a 1 x D vector, which is computed element-wise as
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Again using the chain rule, the partial derivative of py,.,) with respect to the input covariance is computed as
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where the D x D output is calculated element-wise as
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Given the derivatives of p,.,), the derivatives of the prediction mean with respect to the input mean can now be calculated
as
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and the prediction covariance with respect to the input covariance as
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Similarly, the derivative of the input-output covariance with respect to the input mean is calculated element-wise as
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and with respect to the input covariance as
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To calculate the partial derivatives of the predictive covariance, some helper variables are first defined as
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Using @i,y and P ,,), the partial derivative of the predictive covariance with respect to the input mean are calculated as
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Defining similar helper variables for the covariance
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the partial derivative of the predicted covariance with respect to the input covariance are
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In summary, Equations [T}j} together with the partial derivatives in [1], [2] define the partial derivatives needed to implement

the moment matching algorithm for approximating the output of the combined real-world and simulation GP from the regular
paper.
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