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With the goal of developing a data-driven parameterization of unresolved gravity waves (GW)
momentum transport for use in general circulation models (GCMs), we investigate neural network
architectures that emulate the Alexander-Dunkerton 1999 (AD99) scheme, an existing physicsbased GW parameterization. We analyze the distribution of errors as functions of shear-related
metrics in an effort to diagnose the disparity between online and offline performance of the
trained emulators, and develop a sampling algorithm to treat biases on the tails of the distribution
without adversely impacting mean performance.
It has been shown in previous efforts [1] that stellar offline performance does not necessarily
guarantee adequate online performance, or even stability. Error analysis reveals that the majority
of the samples are learned quickly, while some stubborn samples remain poorly represented. We
find that the more error-prone samples are those with wind profiles that have large shears– this is
consistent with physical intuition as gravity waves encounter a wider range of critical levels when
experiencing large shear; therefore parameterizing gravity waves for these samples is a more
difficult, complex task. To remedy this, we develop a sampling strategy that performs a
parameterized histogram equalization, a concept borrowed from 1D optimal transport.
The sampling algorithm uses a linear mapping from the original histogram to a more uniform
histogram parameterized by $t \in [0,1]$, where $t=0$ recovers the original distribution and $t=1$
enforces a completely uniform distribution. A given value $t$ assigns each bin a new probability
which we then use to sample from each bin. If the new probability is smaller than the original,
then we invoke sampling without replacement, but limited to a reduced number consistent with
the new probability. If the new probability is larger than the original, then we repeat all the
samples in the bin up to some predetermined maximum repeat value (a threshold to avoid
extreme oversampling at the tails). We optimize this sampling algorithm with respect to $t$, the
maximum repeat value, and the number and distribution (uniform or not) of the histogram bins.
The ideal combination of those parameters yields errors that are closer to a constant function of
the shear metrics while maintaining high accuracy over the whole dataset. Although we study the
performance of this algorithm in the context of training a gravity wave parameterization emulator,
this strategy can be used for learning datasets with long tail distributions where the rare samples

are associated with low accuracy. Instances of this type of datasets are prevalent in earth system
dynamics: launching of gravity waves, and extreme events like hurricanes, heat waves are just a
few examples.
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