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Fig. 2. Kolmogorov-Smirnov test (p-value) cluster
map for experiments pre and post alignment.
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Fig. 5. The distribution of N-term/C-term amino
acids.

Data Upscale
After alignment there still existed an uneven number
of samples per peptide. Without correcting for this,

Model Structure

the data would be unbalanced and lead to training
Fig. 8. Kolmogorov-Smirnov test for mean
aligned experimental and predicted distribution.
We used an alpha value of 0.05. The KS-test
assumes that the distributions are the same.
Failing to reject this hypothesis means that the
experimental and predicted distributions are
similar.
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Fig. 1. The structure of an MDN is very
simple. It’s a combination of a Deep Neural
Network (DNN) and a mixture model. It can
theoretically
model
any
probability
distribution.

Fig. 3. Left image depicts the fitting of a KDE to the
ion mobility distribution. Right image depicts the
distribution after being sampled from the KDE.

Fig. 6. Depicts PepMDN model structure. The
peptide feature dense layers consist of relu
activation and 256 units. The peptide sequence
encoding layer uses 20 embedding units. The
biGRU layers have 256 and 128 hidden units,
respectively. All other dense layers have 512 units
and relu activation functions. The MDN uses 64
mixture components. All hyper parameters were
tuned using keras-tuner.
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