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Appendix
We provide the derivations for the derivatives of the parameters for LACE as discussed in Section 3.1. The derivatives for

the target signatures is shown in Section A and the background statistics (i.e., mean and covariance) are shown in Sections B
and C.
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B. Background Mean
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C. Inverse Background Covariance
Note: In the code, we do not compute the inverse. Instead, by enforcing this metric, we expect the algorithm to learn a

matrix that is the inverse background covariance. We take the derivative here with respect to Σ−1
b .
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