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The simultaneous calibration is able to correct for residual
response dependencies that a sequential method is unable to
account for:
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calibration should be independent of the underlying truth

distribution of jets, in order to have an unbiased calibration. By taking into account multiple variables, the simultaneous

calibration can reduce the difference in response between quark-

Generalized Numerical Inversion and gluon-initiated jets, and this effect is robust to model
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