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Figure 2: Illustration of Oberservation 1. Spearman correlations pg between the sensitivity of the
perceptual distances NLPD and MS-SSIM and log(p(x)) (in red/gray). Distances are computed
between x, and a distorted version with additive Gaussian noise, x+ Ax, with deviation . Correlation
of RMSE with perceptual distortions (in orange/brown) and of RMSE with log(p(x)) (in blue) are
included for comparison. MS-SSIM is a similarity index, so 1-(MS-SSIM) is a distortion measure.
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Figure 3: Illustrating Observations 2, 3, and 4. Spearman correlations pg(D, p(x1)) between

different distances and the probability of point x; are shown. Each point corresponds to the correlation
for one autoencoder trained for a particular Rate regime.
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Figure 4. Checking Observation 5. Spearman correlations pg between induced distances (D,. or
D;,,) and mean opinion score (MOS) for images from TID 2013 dataset [33]. Pretrained compressive
autoencoders at different bitrates were used. factorized-mse denotes networks trained using MSE
D = ||x1 — x2||3 in Eq. 3, and factorized-msssim networks use D = 1 — (MS-SSIM) in Eq. 3.
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Figure 6: Checking observation 8. Decoded image (compressed at 0.25bpp) encoded with networks
trained using data from a uniform distribution and Euclidean vs perceptual losses.
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Figure 16: Gain in using NLPD over MSE as a loss function evaluated in terms of MSE loss on test set
(Kodak dataset) using batch size of 1 and a small learning rate, fixing random seeds. XNr,pp denotes
the reconstruction of x with a network optimized for NLPD, and x;sg for a network optimized for
MSE. The mean (solid line) and standard deviation (solid fill) was taken over 5 runs with different
random seeds, i.e. different network initialization and training image ordering. The dashed line
represents if the two networks had the same expected MSE on the test set.
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Figure 5: Checking observation 7. Relative performance of networks for samples along a line
through the support of the respective distributions. Left: networks trained with D = p(x)-||x1 —x2||3
in Eq. 3 divided by performance of networks trained with D = ||x; — X2||3 on the 2D Student-t
and evaluated using samples along z-axis (see Appendix B). Right: networks trained with D =
1 — (MS-SSIM) in Eq. 3 divided by performance of networks trained with D = ||x; — x»||35 for

image coding using the Tensorflow Compression package.
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