


(a) (left)WeightW (xj�; b ) = 1 � exp(� � jx � � j=b) for adjusting the original loss over the difference between the network output and
ground truthx = � = I ( Output ) � I ( GT ) as the tunable hyperparameter� varies. For simplicity, it is assumed that the mean� and the
scale parameterb of � are 0 and 1 respectively. It shows that larger� makesL OA approachL 1 , while smaller� reduces the weights of
the loss by well predicted pixels to a larger degree.(right) The loss value over� : compared withL 2 , L OA reduces the weights of the well
predicted pixels instead of squaring the loss values of badly predicted pixels. SinceL OA � L 1 , L 1 becomes the asymptote ofL OA as�
becomes larger.

(b) (left)The normalized loss density that we de�ne as loss value times the probability density of that loss valueL � p(L ), which leads to
the expectation of loss to be 1 as

R
L L � p(L )dL = 1 . We could understand the loss density as the contribution to the total loss by this

loss value. It could be observed thatL OA reshapes the loss density by increasing the proportion of outliers and reducing the proportion
of well predicted pixels in the total loss. Speci�cally, a smaller� causes a larger proportion transfer towards the outliers. Therefore,
we successfully increase the importance of badly predicted outliers and decrease the importance of well predicted pixels in the training.
Initially, we try to collect the loss values by testing the pre-trained model but found the vibration of the values cause the curve to be
too messy. Thus we decide to randomly generate pixel-to-pixel loss values by sampling from the Laplacian distribution since the loss
values collected from the test look very close to it. Note that this is not always the case due to the variation of the dataset and network
itself. (right) The cumulative normalized loss, which is the integration of normalized loss density, shows the growth of total loss when we
integrate the total loss from small loss values to large ones. It is observed that forL 1 loss, the loss values smaller than 3 forms 80% of the
total loss, but forL OA loss with� = 0 :1, the loss values smaller than 3 only forms 30% of the total loss.

Figure 8: Analysis of the Outlier-Aware Loss: Combining (a) and (b) could demonstrate the function ofL OA and� . It could
be seen from all the four �gures that larger� makeL OA approachL 1 but would not exceedL 1. So that, we could avoid the
regression to the mean problem byL 2.



Figure 10: Image signal processing comparisons


