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Abstract

When training a classifier the choice of loss function heavily influences
the characteristics of the resulting model. The most commonly used loss
function for classification is cross entropy. In image segmentation problems
where each pixel is assigned to a particular class, overlap-based losses
have recently been shown to improve classifier performance especially



for datasets with an imbalanced class distribution. This is particularly
relevant to segmentation because class imbalance mitigation strategies
used in regular classification are often not applicable. Overlap-based losses,
however, have different drawbacks. We are aiming at combining the upsides
of different losses with a simple scheduling scheme during training while
minimizing their downsides. Gradually transitioning from an overlap-based
dice loss to cross entropy allows to reliably select a distinct minimum in
the optimization landscape as a valuable alternative to results obtained
from traditional unscheduled loss functions. We demonstrate the efficacy
of our approach on different combinations of loss functions, datasets, and
models.

1 Introduction

Deep Learning is the de facto standard when it comes to classification in general
and semantic image segmentation in particular [1]. One degree of freedom in
designing classification models is the choice of loss function applied during train-
ing. Depending on their specific characteristics, different loss functions lead to
different optimization landscapes and accordingly trained models. Since neural
networks are trained with different flavors of gradient-descent optimization, a
rough landscape with many local minima is difficult to optimize and smoother
landscapes are preferred. Hence, the main concern in the selection of a loss is
usually its convergence behavior. Other criteria include discriminative perfor-
mance on a range of metrics that inform model selection but are not used in
the training directly. Popular performance metrics are accuracy, the F; score,
or an expected misclassification cost. For some applications of probabilistic
regression, a measure of model calibration or reliability is required as a special
case of classification. In this context, if the considered classifier is well calibrated,
its output can be interpreted as an approximation of the probability of the
sample belonging to a particular class instead of being an opaque score. For
image segmentation problems, where the model assigns each pixel a categorical
label to generate a dense feature map, overlap-based losses and metrics such as
the Jaccard index and dice loss are often used [2]. Compared to the standard
cross entropy, dice loss has been found to perform better on class-imbalanced
problems. Its drawback is that, unlike cross entropy, dice loss is not a proper
scoring function and thus produces models whose outputs have to be viewed
as opaque scores rather than as probabilities. In this light, it is desirable to
combine features of different loss functions for some applications. In biomedical
image segmentation [3], for example, it would be advantageous to have both
good performance on class-imbalanced datasets and an interpretable score. As
our contribution to class imbalanced classification problems, we propose a loss
scheduling scheme in order to combine the characteristics of different loss func-
tions. We apply our proposed method to two different segmentation models on
three standard class-imbalanced datasets. We find that we can consistently drive
the model to a minimum that increases class-averaged recall and is hard to find
using static losses.



2 Class Imbalance Mitigation
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Figure 1: Taxonomy of class-imbalance mitigating loss functions for image
segmentation problems. Arrows indicate usage.

Some recent publications have focused on class imbalance in general and
class imbalance for image segmentation in particular [4-6]. Many real-world
classification datasets do not have an even distribution of classes: some classes,
e.g., “road”, occur considerably more often in a dataset of street level photographs
than others like “person” [7-9]. The same applies to segmentation datasets
where two types of class imbalances can be distinguished, i.e. class imbalances
at the sample level or at the pixel level. Sample-level class imbalance leads to a
concentration of the underrepresented class to few batches and hinders training
convergence. Similarly to classification tasks, this type of imbalance can be
addressed during data collection by including class representatives uniformly
[10]. Pixel-level class imbalance where only few pixels of a sample containing a
particular class are harder to address at the data collection stage. In this work,
we will focus on pixel-level class imbalance. One class of approaches involves
adapting the loss function to focus on the underrepresented class or “hard”
examples. The simplest of these applies a by-class weight to the used loss, where
each weight usually is proportional to the inverse class frequency. A second group
of methods aims to reduce the chances of many small per-pixel contributions to
the loss from a single image or batch overwhelming few larger ones by reweighting
individual pixel losses based on their magnitude. Both focal loss [6] and loss
max-pooling [4] fall in this category. Another loss often employed in image
segmentation is based on the dice overlap [2] of prediction and ground truth.
Overlap-based losses are reported to perform better on imbalanced datasets but
often do not converge as well as traditional classification losses. This issue can
be addressed by using a weighted sum of two losses from each category to fit a
model [11]. One approach that does not involve modifying the loss function is
stochastic sampling, which can also be used for sample-level class imbalance. For
segmentation training, ground-truth pixels are masked out with a probability
proportional to their class label frequency. This approach is not further explored
in this work for two reasons: First, not training on large parts of the training data
while still performing all computations makes the already expensive training
process even less efficient both in terms of computational expense and data
efficiency. Second, it has been reported [5] that stochastic oversampling on
classification tasks causes a model to overfit the underrepresented class.
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Figure 2: Idealized schematic depictions of a reliability diagram to compare the
confidence of the model output to the ground-truth accuracy for each probability.

3 Preliminaries

The loss functions considered in this work were selected based on their relevance
for imbalanced multi-class semantic segmentation. For class-weighted losses, we
use inverse class frequency scaled such that the weights sum up to the number
of classes. Furthermore, Y denotes the set of ground-truth labels with pixel
values ¥y, and Y the set of predicted probability values y, for a given data item
x. Fig. 1 gives an overview of the different loss functions. The green group
contains distribution-based, the red group overlap-based and the purple group
composite losses, respectively.

For many classification problems it is important that the classification model
is well calibrated. Considering a set of instances predicted to belong to a particular
class with probability p by a calibrated classifier, a fraction equal to p should
truly belong to that class. Calibrated confidence improves the interpretability
of classification models and allows them to be directly incorporated into other
probabilistic models. Still, perfect calibration on a realistic training dataset is not
achievable. Fig. 2 shows an empirical way to illustrate a model’s calibration by
plotting the approximated real probability over the confidence of the model. Guo
et al. [12] highlight a range of methods to calibrate a trained model. Since these
methods require either sufficient numbers of predictions in as many reliability
histogram bins as possible or training another calibration model on the validation
set, it is desirable to produce as well calibrated models as possible from the
outset.



3.1 Cross Entropy

Cross entropy is one of the most widely used losses for arbitrary classification
tasks [13]. It measures the dissimilarity between the true class distribution ¥’
and the predicted probabilities Y. The class-weighted variant can be expressed

as
C

WCE, = — Z We * Yea IOg (gcz) . (1)

In the unweighted variant C'E of the weighted cross entropy (WCE), all weights
w, are set to one. While cross entropy is a proper scoring function and the-
oretically promises a well calibrated model, in practice cross-entropy trained
models are often not perfectly calibrated due to practical concessions making
the training feasible in the first place [12].

3.2 Dice Loss

T s

w w
(a) Schematic characteristics of optimization (b) Schematic characteristics of optimization
landscapes for cross entropy loss. landscapes for dice loss.

Figure 3: Schematic representations of different optimization landscapes. We
expect cross entropy to be smoother in general but its global optimum to be
hard to hit.

Dice loss has been defined first by Milletari et al. [2]. It is a differentiable
measure of the overlap of ground-truth labels with the predicted segmented area.
A generalized version of the dice loss (GDL) has been introduced by Sudre et
al. [2], which includes a smoothing value & to make the computation numerically
more stable. In this work, we employ a weighted hybrid between these flavors,
including the smoothing term as well as the quadratic denominator terms from
the initial version. It is defined as:

S we Y, Yealea + 5
C ~
Zc:l We En ygz + ygw +s+e

WDL, =1-2 (2)

Analogous to cross entropy, an unweighted dice loss DL can be obtained by
setting all class weights w,. to one. The weighted dice loss as presented here
can be seen as a special version of another class-imbalance mitigating loss—the
Tversky loss [14]. Instead of a singular weight w,, the Tversky loss defines two
separate factors o and S for the W DL denominator components. Accordingly,
the Tversky loss for the case @ = 8 = w, is covered in this work.



3.3 Focal Loss

Another approach to solving the class imbalance problem is pixel loss reweighting.
Instead of emphasizing entire underrepresented classes, it enhances the loss of
individual difficult-to-learn training samples. One such reweighting scheme is
focal loss [6]

FLz = _(1 - Qm)’yym IOg(Qm) = (1 - QI)WCEmv (3)

where 7 is an adjustable focusing parameter. Focal loss assumes that the easier-
to-predict over-represented classes in the training sample, even if the per-pixel
loss is small, contribute significantly more to the overall loss due to sheer volume.
Hence, they need to be down-weighted in order to be on the same scale as the
underrepresented classes. The factor (1 — ¢,)” reduces a training pixels x’s loss
contribution when its prediction g, is close to y, = 1 and focuses on the badly
classified pixels with larger individual losses.

3.4 Loss Max-Pooling

Similarly to focal loss, loss max-pooling [4] uses a modulating factor to enhance
larger contributions to the overall loss while suppressing smaller ones. In short,
the max-pooled cross entropy loss is then written as:

CEMP, = wy - yz log(9) = w(CE,) - CE, (4)

The weight w(CE,) reweights the largest pixel losses and ignores the smallest
ones. For details on its computation we refer the interested reader to the original
publication. Note that we apply the loss max-pooling over an entire batch rather
than a single image.

3.5 Compound Loss

Compound loss uses a weighted sum of two different loss functions to combine
their strengths or mitigate their drawbacks. For example, dice loss is often com-
bined with cross entropy in order to aid training with a smoothened optimization
landscape while still directly optimizing for an overlap measure.

4 Loss Scheduling

Our contribution—Iloss scheduling—addresses the key issue of class imbalance
by dynamically distorting the optimization landscape. Consider a model archi-
tecture that potentially produces a perfect, well calibrated classifier if optimized
under cross entropy. Then, the global optimum of the optimization surface is
typically hard to find using a straightforward gradient-descent based optimization
algorithm. For, e.g., a binary classification problem with a single overrepresented
class, gradient-descent based algorithms tend to preferably locate local optima
where the underrepresented class is neglected. This is because such local minima



are shallower but also wider than the global optimum, i.e., easier to find. Fig. 3a
shows a sketch of this optimization landscape. To circumvent this issue, we
propose to transform the optimization landscape during the actual optimization
process in order to funnel the model into a different optimum performing better
on the underrepresented class. Since overlap-based measures have been shown
to improve performance in class-imbalanced image segmentation [2], we add a
dice-loss component to the overall cross-entropy loss function (see Section 3.2).
As the model is to be optimized on cross entropy to produce a well calibrated
model, the dice-loss contribution is reduced over time while increasing the cross-
entropy contribution. We call this gradual transition from one loss function to
another over the course of the training process loss scheduling. If the minimum
obtained from the overlap-based loss is close to the new cross-entropy minimum
as sketched in Fig. 3b and the transition is gradual, the model converges to
this new minimum. We explore two different schedules here (cf. Fig. 4): The
”Naive” schedule is a simple linear ramp from dice loss to cross entropy. In
the 7 Alternating” schedule, we ramp linearly from cross entropy to dice loss
before applying a sinoidal decay back to cross entropy. We finish with some more
iterations using only cross-entropy loss. Mathematically, the exact formulation is

wep (i) = max (0, min (17 2 — Z)) (5)

for the naive schedule where i is the iteration count and s and e are beginning
and end of the linear transition, respectively, and

weg (i) = min (1,max <0’ L ;>>
1 — cos (min <72T max (0’ ;H)»

for the alternating schedule where s and e are beginning and end of the sinoid.
In general the loss schedule has to be adapted to the learning rate schedule.

(6)

5 Empirical Evaluation

We evaluated the different loss functions presented previously and our loss
scheduling approach on two network architectures: A fully convolutional network
(FCN) [15] and DeepLabV3 [16] with a pre-trained ResNet-101 [17] backbone. We
used three datasets: 1. the PASCAL Visual Object Classes 2012 (VOC) [7] dataset
with a total of 11 540 images and 20 different classes, 2. the Semantic Boundaries
Dataset (SBD) [9] with a total of 11355 images and 20 different classes, and
3. the Cityscapes [18] dataset with the utilized total of 5000 fine-annotated
images and 30 classes. Fig. 5 illustrates the imbalance in class distribution for
these datasets. In order to model a best-case scenario, we also used models
pre-trained on MS-COCO [8] restricted to the same classes as VOC and SBD.
MS-COCO is a considerably larger dataset with over 200000 labeled images.
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Figure 4: Different loss scheduling schemes. The cross entropy loss contribution,
i.e., weight weg, is depicted against the fraction of total optimization epochs.

Table 1: Results of the empirical evaluation of the FCN and DeepLabV3 neural
network architectures using all loss functions on the VOC, SBD, and Cityscapes
datasets. Losses prefixed with W are class-weighted. Losses suffixed with
M P are max-pooled. Two losses separated by N or A are naively or alternat-
ingly scheduled respectively. CE and DL denote cross entropy and dice loss,
respectively.

voc sBD
acc By al  Sacc  Srec Py al  Sacc  Srec Py
prefine 095 085 085 091 093 087 092 082 081 093 093 087 -
woE 089  0.68 064 095 092 077 057 0.68 064 093 090 076 084 nan
woL 089 065 062 093 091 07 057 0.67 0.64 089 0.85 075 083 nan
FL 088 0067 064 062 073 063 087 067 064 060 071 062 083 nan 3 o 5
cEmP 088  0.66  0.63 045 0.60 0.5 056 0.66  0.63 035  0.50 045 085 nan 041 046 0.59 045
DLCE 080 0068 064 095 092 077 087 068 064 095 091 077 084 nan 043 005 089 059
wDLCE 059 065 065 096 092 078 058 008 064 096 092 077 084  nan  0.45 094 088 061
DLWCE 081 060 075 097 088 0.8 079 039 076 096 087 085 076 039 057 001 08 0w
WDLWCE 079 039 075 096 087 0.8 077 058 076 096 085 085 075 man  0.35 089 081 008
N
e DLNCE 0.89 0.67 0.64 0.92 0.90 0.76 0.87 0.67 0.64 0.92 0.90 0.75 0.83 nan 0.41 0.96 0.89 0.58
bLACE 059 065 064 093 091 07 057 067 0.64 093 090 0.7 084  man 042 096 089  0.50
08 0068 065 093 091 07 087 0068 064 092 090 076 053 man 043 096 089  0.60
089 0.68 065 094 091 077 057 068 064 093 090 076 084 nan 044 095 089 0.0
065 051 076 0093 075 0.5 064 050 077 087 074 052 070 037 055 090 079 07
067 051 076 08 077 082 064 050 077 087 074 082 060 037 058 001 079 07
B 069 052 076 096 080 085 064 050 077 090 075 083 070 037 058 088 078 0w
B 068 052 076 093 079 08 065 050 077 090 075 083 060 037 058 080 078 0%
prefin 0.96 0.89 0.91 0.95 0.96 0.93 0.93 0.86 0.88 0.96 0.95 0.92 - - -
wor 092 050 083 089 090 0.6 091 080 0.83 001 091 0.7 085 man 047 080 087 061
wDL 088 nan 062 080 089 073 090 nan 081 085 087 083 081 nan 023 080 080 0.0
rL 090 077 084 071 080 0.7 090 079 0.85  0.65 075 073 084  man 047 071 077 056
cEMP 092 079 082 069 079 073 090 079 081 054 008 005 084 047 048 061 047
DLCE 091 079 083 089 090 086 091 080 084 091 091 087 084 046 088 086 0.61
wDLCE 092 050 083 085 090 0.6 091 081 084 090 0.90 0.7 054 045 086 085 062
DLWCE 086 071 089 082 084 085 084 072 090 081 082 085 o078 061 093 085 0%
WDLWCE 086 072 088 085 0.85 087 054 073 090 083 0.83 056 0.77 057 093 085 07
DeeplabVs DLNCE 0.91 0.77 0.84 0.90 0.90 0.87 0.90 0.80 0.85 0.90 0.90 0.87 0.84 0.43 0.91 0.87 0.58
DLACE 091 079 083 090 090 086 091 080 084 091 091 087 084 046 090 087 061
WDLNCE 092 079 083 091 091 087 090 080 084 092 091 088 084 046 089 087 061
WDLACE 092 079 083 089 090 0.6 091 080 084 092 091 088 084 047 085 0.86 0.1
DLNWCE 074 0060 090 072 073 080 074 0063 091 065 060 076 073 061 093 082 0u
DLAWCE 076 0.62 090 068 072 078 074  0.63 091 067 070 077 073 061 094 082 0%
WDLNWCE 077 063 090 079 078 0.5 075 064 091 070 072 079 0.73 061 093 082 0y
WDLAWCE 076 063 09 072 074 080 075 064 091 071 073 080 073 06 093 o082 01

For training we used 30 epochs, training only the classifier head with a batch
size of 12 and an initial learning rate of 1073. The weight decay regularization is
set to 1074, Over the course of the training, the learning rate is linearly reduced
to 0. For compound losses we experimented with different ratios. As the choice
only had a minor impact on the result, compound losses presented here use a 1:1
ratio. With the naive loss scheduler, the transition begins after 30% of iterations
and finishes after 90%. For the alternating loss scheduler, the sinoid phase starts
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Figure 5: Relative class frequencies of evaluated datasets. The class distribution
of VOC is similar to the one of SBD

after 50% of iterations and finishes after 90%. We trained with normalization,
random resize, flip, and crop as data augmentation. For the larger Cityscapes
images, doubled resize and crop sizes were used.

5.1 Metrics

We employ several metrics to quantify and compare the quality of the trained
classifiers. Based on the confusion matrix over the validation set, we use the
well-known metrics [19] per-pixel accuracy, and class averaged F' — 1-score and
recall. Class-averaged metrics put more emphasis on the underrepresented classes
since an individual pixel in a class with many pixels overall contributes less
to the metric. Furthermore, we introduce a score to quantify the calibration
of a model. As depicted in Fig. 2, a well calibrated classifier would produce
class-membership probabilities rather than an opaque confidence score. The
calibration is estimated based on calibration curves: We first bin the model
output for each pixel and class. Then we plot the fraction of positive labels for
each bin over the mean output. As a measure of a model’s reliability, we define
a scalar calibration score, which is computed by a metric similar to the expected
calibration error (ECE) introduced in [20]:

4 R 4
Cal:l_ﬁ';m’_pi':1_N'Z‘Xi‘ (7)
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N is the number of bins, p; the fraction of positives in bin 4, and p; the mean
predicted score. This calibration score is equal to 1 if all bins land on the
identity, and we call it N-approximately perfectly calibrated. The calibration
score is equal to O if the model is calibrated according to the dashed red line in
Fig. 2. Note that the cal score is in [—1, 1] but all models we trained produce a
calibration score greater than 0. Unless specified otherwise, we set N = 10 to
ensure a sufficient number of samples in each bin. We use this score rather than
ECE since we need a score that is defined for multi-class problems and fits into
the following two definitions. In order to simultaneously evaluate calibration
and classification performance, we introduce two more metrics: Sacc and Spec;
the harmonic mean of calibration score, and accuracy and recall, respectively.

5.2 Experimentation Environment

All experiments have been performed on computational nodes with an Intel Xeon
Gold 6126 CPU @ 2.60GHz as host processor and an NVidia Tesla V100 GPGPU
as Al accelerator. A Redhat Enterprise Linux with kernel version 3.10.0 has
served as operating system. The GPU driver, CUDA runtime, and PyTorch [21]
were in versions 418.87.00, 10.1, and 1.4.0, respectively. The source code may be
obtained from the authors’ repository [22].

5.3 Results

We compare the different loss functions over three datasets and two models.
Table 1 shows metrics computed over the validation set with a converged model
averaged over four training runs as defined in Section 3 and Section 4. Most
of the losses seem to be fairly robust against initialization with the exception
of pure dice loss. A compound loss includes both loss names, in the case of a
scheduled loss separated by an indicator of the schedule used. The prefine line
shows results using a model pre-trained on MS-COCO. Model hyperparameters
can be found in [23] and in [22]. The F} score of models that ignore at least one
class is not defined and marked as nan. The first notable observation is that the
prefine model always performs best. The second best Sye. for each architecture
after the prefine model is highlighted in bold. Focal loss and max pooled cross
entropy produce performance metrics comparable with the other traditional
losses but have the worst calibration scores. Models using a traditional loss
or a compound loss with unweighted cross entropy have similar performance
and calibration metrics. Compound or scheduled losses with class weighted
cross entropy sacrifice global accuracy for class-averaged recall. On VOC and
SBD, DeepLabV3 tends to have better overall accuracy, Fi, and recall but worse
calibration compared to FCN with the exception of dice loss. On Cityscapes only
losses scheduled towards weighted cross entropy and DLWCE compound loss
specifically produce models that do not ignore at least one minority class. The
different schedules do not display a consistent trend over the range of models.
We also tested loss scheduling from focal loss to cross entropy with similar
results as for the dice loss version. Examining individual examples shows that

10



the DeepLabV3 models are more reliable in picking classes consistent with the
overall image.

6 Conclusion

We introduced a novel approach to addressing the class imbalance problem which
is of particular relevance to image segmentation problems. In the examples
explored in this work loss scheduling was consistently able to drive a model
towards a local minimum in the optimization landscape, that put more emphasis
on underrepresented classes. Even though a compound loss was also able to find
this new optimum, our loss seems to be better able to find underrepresented
classes, while not being too sensitive to changes in scheduling parameters. Es-
pecially the models trained on Cityscapes illustrate this. More concretely, high
recall models might be useful for problems where false negatives in the underrep-
resented class are expensive, e.g. biomedical pathology detection. Losses based
on reweighting cross entropy to focus on hard examples may produce better
performing models than found here, especially if more effort is expended on
tuning their hyperparameters. However the reweighting appears to have adverse
impact on the calibration of the trained model. While loss scheduling was not
able to reproduce the performance of models pre-trained on a larger dataset,
we expect this to be achievable with different choices of loss functions or more
elaborate (e.g. oscillating) loss schedules at least for some datasets. The general
idea of dynamically distorting the optimization landscape to drive the training
in a particular direction before converging on the actually desired loss function
is applicable in a wider context. It is also extendable to using more than two
component losses or arbitrarily elaborate schedules. Loss scheduling may also
improve performance on problems like graph edge labeling or dense feature map
prediction.
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