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Abstract. Training deep neural networks (DNNs) on classi�cation tasks
can be performed with a number of di�erent losses, but cross-entropy
(CE) loss is the de-facto standard. Here, we propose an alternative loss,
high error margin (HEM), which is a margin based loss modi�ed to im-
prove the training dynamics of neural networks. HEM loss is evaluated
extensively using a wide range of DNN architectures and benchmark
datasets with all experimental settings and training hyper-parameters
taken from the literature, and hence, optimised for CE loss. HEM is found
to be more e�ective than CE loss across a range of image-based tasks: un-
known class rejection, adversarial robustness, learning with imbalanced
data, continual learning, and semantic segmentation (a pixel-wise classi-
�cation task). HEM is inferior to CE only in terms of clean and corrupt
image classi�cation with balanced training data, and this di�erence is
small. We also compare HEM to specialised losses that have previously
been proposed to improve performance for speci�c vision tasks. Logit-
Norm, a loss achieving state-of-the-art performance on unknown class re-
jection, produces similar performance to HEM for this task, but is much
poorer for continual learning and semantic segmentation. Logit-adjusted
loss, designed for imbalanced data, has superior results to HEM for that
task, but performs worse on unknown class rejection and semantic seg-
mentation. DICE, a popular loss for semantic segmentation, is inferior to
HEM loss on all tasks, including semantic segmentation. Overall, HEM is
competitive with the best alternative loss for all the tasks we have used
and performs better than all other tested losses in terms of rejecting
out-of-distribution examples, for continual learning, and by a substan-
tial margin for semantic segmentation1.

Keywords: deep learning · loss functions · robustness · generalisation
· image classi�cation · imbalanced data · continual learning · semantic
segmentation

1 Introduction

Deep neural networks (DNNs) are generally trained using variants of stochastic
gradient descent. These optimisers require the loss function to have a gradient.

1 Code at https://codeberg.org/mwspratling/HEMLoss
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This means that it is not possible to maximise the classi�cation accuracy directly
as this function is piece-wise constant, and therefore, does not de�ne a usable
gradient. As a result, it is necessary to use a surrogate loss function that has
a gradient, but still encourages few classi�cation errors. The design of the loss
function is important as di�erent losses will lead to di�erent training speeds and
cause convergence to di�erent parameters. While many possible surrogate loss
functions have been proposed [56, 59], cross-entropy (CE) loss is by far the most
common choice for classi�cation tasks.

In some speci�c domains better performance can be obtained by using other
losses. For example, alternative losses and regularisation terms have been pro-
posed to improve robustness to adversarial attack [3, 13, 29, 30, 37, 44, 46, 55,
63, 66]. In the domain of open-set recognition, where the aim is to better detect
and reject images from �unknown� classes, alternative losses (such as contrastive
losses) have been employed together with architectural modi�cations to improve
performance beyond that achieved by CE [41, 69]. Alternatively, LogitNorm loss
[60], can be employed to improve unknown class rejection without the need for
modi�cations to the network architecture or training procedure. To deal with
situations where the training data contains drastically di�erent numbers of sam-
ples for di�erent classes (�class imbalance�), state-of-the-art approaches use a
logit-adjusted loss which weights minority classes more heavily [14, 39, 48]. For
semantic segmentation, where the aim is to assign a class label to each image
pixel, the two largest groups of losses centre around CE and its variants, and
DICE and its variants [4, 36]. DICE loss [40] is designed to be particularly e�ec-
tive when there is class imbalance, a common situation in segmentation tasks.
While these specialised losses can outperform CE on the speci�c tasks for which
they were developed, they tend to perform poorly outside of their specialised
domain, as is con�rmed by our results which are summarised in Fig. 1. The fact
that specialised losses out-perform CE on certain tasks motivates our search for
a better classi�cation loss function, that performs well on a range of tasks.

For simpler statistical models, margin based losses [11] are known to be
general-purpose and show better generalisation behaviour than CE loss. We
hypothesised that similar advantages could be achieved for DNNs by using a
margin based loss. Particularly, we expected a margin-based loss to train net-
works that were less susceptible to making over-con�dent predictions, and hence,
that would be better able to distinguish known from unknown classes. Further-
more, a margin-based loss should be less prone to over-write previously learnt
weights, which could reduce catastrophic forgetting in continuous learning and
over-writing weights necessary to classify minority classes when training with
imbalanced data. Hence, a margin-based loss is a promising candidate for a
general-purpose classi�cation loss function. However, the existing multi-class
margin-based loss (MM) results in performance that is frequently much worse
than that achieved with CE loss (Fig. 1).

Here, we propose high error margin (HEM) loss, a new margin-based loss
function that can be used as a general-purpose loss. To motivate our new loss
we �rst describe issues with CE loss (Sec. 2.1) and MM loss (Sec. 2.2). Sec. 3
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Fig. 1: Summary results for all the di�erent tasks considered, comparing the average
performance of cross-entropy (CE) loss to each of the alternative losses that have been
evaluated: LogitNorm (LN), Logit-adjusted (LA), DICE, multi-class margin (MM),
high error margin with shared margin (HEM-), and high error margin with adjusted
margins (HEM). Results are averaged using the arithmetic mean over all other fac-
tors that were varied in the experiments. Speci�cally, for all experiments on �Training
with Standard data� (the �rst four segments of the �gure), each bar is an average
of 71 experiments (5 data-sets x 3 network architectures x 5 repeats, except for one
combination of data-set and architecture where only one trial was performed). For all
experiments on �Training with Imbalance Data� (the �fth to eighth segments) each bar
is an average of 75 experiments (5 data-sets x 3 network architectures x 5 repeats).
For the experiments on continual learning (the ninth segment), each bar is an aver-
age of 80 experiments (4 data-sets x 4 continual learning techniques x 5 repeats). For
experiments on semantic segmentation (the tenth segment), each bar is an average of
76 experiments (3 data-sets x 4 network architectures x 5 repeats + 1 data-set x 4
network architectures x 4 repeats). For all the evaluation metrics used, higher values
indicate better performance. The relative performance is calculated by subtracting the
performance produced by CE loss from the corresponding metric for each of the other
losses. Hence, positive values indicate average performance better than that of CE loss.
Note that the results for LA are equal to those of CE, and the results for HEM are
equal to those of HEM- when the training data is balanced: i.e. when using standard
training data (results in segments 1 to 4 of the �gure) and when performing continual
learning (segment 9).
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Table 1: Example outputs (logits), y, from the last layer of an imaginary neural
network being trained to perform a 4-way classi�cation task, and the corresponding
losses associated with each of these predictions when the �rst output represents the
correct class. Hyper-parameters for each loss were set to τ = 1 for cross-entropy (CE)
loss, τ = 0.04 for LogitNorm (LN) loss, and µ = 0.5 for multi-class margin (MM) and
high error margin (HEM).

y CE LN MM HEM

[1.0 −1.0 −1.0 −1.0] 0.34 0.00 0.00 0.00
[0.6 0.1 0.1 0.1] 1.04 0.00 0.00 0.00
[0.6 0.3 0.0 −0.1] 1.02 0.00 0.11 0.45
[0.6 0.5 0.0 −0.7] 1.00 0.09 0.16 0.63
[0.6 0.7 0.0 −3.5] 0.98 1.10 0.19 0.77
[0.0 1.0 0.0 0.0] 1.74 25.00 0.66 0.88

describes HEM loss which �xes the shortcomings of the existing losses that we
have identi�ed in our analysis in Sec. 2. Finally, we present extensive evaluations
performed using nineteen di�erent neural network architectures (ranging in size
from LeNet to Vit-B/16) trained on many di�erent data-sets (ranging in size
from MNIST to ImageNet1k). We �nd that HEM is competitive with or out-
performs CE loss, and several specialised losses, across a range of classi�cation
tasks (Sec. 4). Full details of CE and all the other existing loss functions that
we consider are given in Appendix A.

2 Analysis and Motivation

2.1 Issues with CE Loss

Even when a classi�er produces the correct classi�cation with high con�dence,
the CE loss is far from zero (Tab. 1, row 1). Consequently the gradients will
be non-zero and each presentation of a correctly classi�ed training sample will
cause the weights to be modi�ed so that the outputs become ever more extreme
(highly positive for the logit representing the correct class and highly negative
for the logits representing the incorrect classes). CE loss therefore encourages
a DNN to map every training exemplar to an output where con�dence in the
predicted classi�cation is extremely high. It is to be expected that such a DNN
will produce high con�dence for all samples, including ones not seen during
training. It is unsurprising, therefore, that CE-trained DNNs have issues using
prediction con�dence to distinguish known from unknown classes.

CE loss continuing to update the weights even when the correct classi�ca-
tion has been learnt successfully, could cause weights to be over-written. This
behaviour may underlie some of the issues when CE loss is used for continual
learning and learning with imbalanced training data. For good performance in
these tasks it is necessary to maintain weights that represent classes learnt ear-
lier or that have few training samples. Even after the classi�er has achieved
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perfect performance, CE loss will update the weights which may cause further
forgetting of the previously learnt classes or the minority classes. This intuition
is consistent with the observation that models learn fewer features relevant to
the minority classes than the majority classes [15].

Another issue with CE loss is that it can be lowered by reducing the logit
for an already clearly rejected class without increasing the di�erence to the
closest competitor class. As a result, CE loss can behave quite counter-intuitively:
decreasing even though the prediction is becoming poorer (Tab. 1, second to third
rows). Most concerningly, CE loss can even be lower for incorrect classi�cation
(Tab. 1, penultimate row), than for correct classi�cation.

LogitNorm (LN), multi-class margin (MM) and the proposed high error mar-
gin (HEM) losses, do not su�er from these issues. These losses produce a loss
of zero for samples where the output of the neuron representing the true class
is su�ciently larger than the outputs of other neurons (Tab. 1 top rows) and
non-zero losses only for predictions that are worse at distinguishing the true
class from the alternatives (Tab. 1 bottom rows). In the case of MM and HEM,
this is due to these losses using a margin. In the case of LN loss this is due to it
behaving like a margin loss (Appendix A.2).

2.2 Issues with MM Loss

The analysis in Sec. 2.1 suggests that a margin-based loss could have advantages
over CE loss. A margin loss, including our proposed High Error Margin (HEM)
loss, de�nes an error, ei, associated with each logit, yi, as follows:

ei =

{
max(0, yi − yl + µi) if i ̸= l
0 if i = l

(1)

where µi is the margin (a non-negative hyper-parameter) for logit i, and l is
the index corresponding to the correct class (i.e. the ground-truth class label).
The error is zero when the output from the neuron representing the correct class
exceeds the outputs of the other logit by at least the margin.

MM loss, the existing margin-based loss (see Appendix A.5 for full details),
produces classi�ers that have signi�cantly lower accuracy on the standard test
data compared to equivalent CE-trained classi�ers (as shown in Fig. 1). We
suspect that this may be due to the method used to combine the errors. In MM
loss this is achieved by averaging (or summing) the errors (across logits and
samples in the batch). We believe this method of combining the error causes the
gradient magnitude to change too much over the course of training. The loss
is much higher at the start of training than near its end, because most errors
become zero. This e�ect could either prevent the suppression of the last non-
zero errors towards the end of training or lead to instability at the start. If our
intuition is correct, we predict that the severity of this problem will increase for
tasks with more classes.



6 M. W. Spratling and H. H. Schütt

3 High Error Margin Loss

We propose to solve the training issues of MM loss (Sec. 2.2) by combining
the errors (Eq. (1)) in a more adaptive way to reduce the change in gradient
magnitude during training. For each sample, all error values below the mean are
set to zero, and the mean of above-zero values is calculated:

LHEM =

∑n
i=1 1[ei ≥

1
n

∑
ej ]× ei∑n

i=1 1[ei ≥
1
n

∑
ej ]

(2)

where n is the number of classes, and 1[·] is the indicator function, which equals
1 if the argument is true and 0 otherwise. We call this loss the high error margin
(HEM) loss, as it takes the average only of high errors. Losses for di�erent
samples in the batch are also combined by �nding the mean of above-zero values.
Note that the computation of the mean error, used by the indicator function in
Eq. (2), is detached from the computational graph so that it does not a�ect the
gradients.

At the start of learning, when a large number of logits produce errors (espe-
cially when n is large), the mean error for each sample will be signi�cant and, by
only considering those losses above the mean, HEM concentrates on reducing the
largest errors. Later in learning, there will be many zero errors and as a result,
the mean error will be small (likely smaller than the few non-zero errors that
remain). Hence, at this stage in training thresholding the errors by the mean will
have little e�ect. However, by taking the mean of only the above-zero values, the
loss will remain large even when there are few non-zero errors in each sample,
and/or few incorrectly classi�ed samples in a batch. As a result, HEM loss con-
centrates on the logits that produce the highest errors throughout learning. The
e�ectiveness of the proposed method of combining errors, compared to that used
in MM loss, was con�rmed in an ablation study presented in Sec. 4.5.

We present results for two variants of the proposed loss:

High Error Margin with adjusted margins (HEM) which uses per-logit
margins as de�ned in Eq. (1). Each margin was set to be inversely propor-
tional to the number of training samples associated with that class. Specif-
ically, µi =

√
M/(nsi), and si is the number of samples in class i. The

separate, class speci�c, margins help deal with class imbalance.
High Error Margin with shared margin (HEM-) which (like MM loss) sets

all margins to the same value (i.e. µi = µ ∀i). The shared margin was made
equal to

√
M/

∑n
i=1 si. HEM- is an ablated version of the proposed loss that

we use to provide a fairer comparison with CE and MM losses which do not
employ mechanisms to deal with class imbalance.

Both versions employ a single hyper-parameter, M . Based on preliminary exper-
iments (see Appendix D.1)M was set to a value of 2000 for all other experiments
described in this paper. Appendix D.1 demonstrates empirically that the results
are not sensitive to the size of the margin, and also provides an intuitive argu-
ment for this lack of sensitivity to the choice of the hyper-parameter value. Note
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that when the training data contains the same number of samples per class, all
the margins used by HEM are equal, and HEM is identical to HEM-.

4 Results

We compared the performance of networks trained with our proposed loss, HEM,
to the performance of identical networks trained with the alternative losses de-
scribed in Appendix A. We have sought to produce a fair and representative
evaluation of the di�erent losses by using many di�erent tasks, data-sets, and
network architectures. Performance was tested using a number of di�erent met-
rics to assess accuracy, generalisation, and robustness. For all metrics larger
values correspond to better performance. Full details of the tasks, data-sets,
evaluation metrics, DNN architectures and training set-ups are provided in Ap-
pendix B.

The tasks were chosen to include essential and important applications in
computer vision (image classi�cation and semantic segmentation), and tasks
where we expected our margin loss to perform well, due to it not learning to make
predictions with very high con�dence (unknown class rejection) and stopping
weight updates once adequate performance is achieved (continual learning and
learning with imbalanced data).

For each experimental condition (combination of data-set, network architec-
ture, and loss function) a network was trained and evaluated multiple times
(typically �ve), each time with a di�erent random weight initialisation and ran-
dom presentation order of training samples. In the main text, summary results
are presented by showing the average performance relative to CE loss. Detailed
results showing absolute performance together with error-bars are reported in
Appendix C.

Each experiment was performed using a single NVIDIA Tesla V100 GPU
with 16GB of memory, except for experiments with ImageNet1k which were ex-
ecuted in parallel on four such GPUs. Performance di�erences can be interpreted
independently of computational cost because the time taken to compute any of
the losses is negligible compared to the overall execution time.

4.1 Learning with Standard Data-sets

Performance on standard image classi�cation tasks was assessed using �ve bench-
mark data-sets: MNIST, CIFAR10, CIFAR100, TinyImageNet and ImageNet1k.
For each training data-set experiments were performed using three di�erent neu-
ral network architectures (see Tab. 3 in Appendix B.1). Performance was evalu-
ated in terms of the following criteria: accuracy on standard test data, accuracy
on common corruptions test data, ability to identify and reject samples from
unknown classes, and the proportion of adversarial samples correctly classi�ed
or rejected (details in Appendix B.1).
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Fig. 2: Summary results for all the di�erent tasks considered, showing the relative
performance of high error margin (HEM) loss compared to Cross-Entropy (CE) loss.
Relative performance is calculated as described in Fig. 1. Hence, points above the hori-
zontal line indicate HEM performance better than that of CE. Please note the separate
y-axis scales used in each segment of this �gure. In contrast to Fig. 1, here separate
results are shown for each training data-set. When there are multiple results for the
same data-set, these were obtained using di�erent DNN architectures, or in the case
of continual learning di�erent techniques for preventing catastrophic forgetting. Each
marker shows the di�erence in the mean performance achieved across multiple trials.
The `x' and `+' markers indicate experiments where there was or was not a signi�cant
statistical di�erence in the performance produced by the two losses, as evaluated using
the two-sample t-test (with p<0.05). The blue/red markers indicate conditions where
CE/HEM loss had the signi�cantly better performance. For information about the vari-
ability of performance across trials please see the more detailed results in Appendix C.

Performance on Standard Test Data and Common Corruptions Data
Networks trained using CE loss and HEM loss (here, because the training data
is balanced, HEM- = HEM) have comparable performance on classifying the
standard test data and the common corruptions data (Figs. 1 and 2, 1st and
2nd segments), although CE loss has a small advantage. On average across the
�fteen conditions (�ve data-sets with three network architectures per data-set)
this advantage is 1.19% for clean accuracy and 1.07% for common corruptions.
This di�erence is small compared to the changes in clean accuracy that can be
produced by small changes to the training setup [22, 45, 61]. Of the specialized
losses, LN loss achieves similar accuracy on clean and corrupt test data as HEM,
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while DICE and MM losses perform much worse (Fig. 1, 1st and 2nd segments).
Detailed results are given in Appendix C.1.

Performance on Unknown Class Rejection Classi�cation accuracy mea-
sured on the standard test set, which contains samples from a similar input
distribution to the training data, has been the main pre-occupation of most re-
search in the history of machine learning so far. However, more recently, there
has been growing concern that accuracy on the standard test data is insu�cient
to ensure that classi�ers are safe, reliable, and trustworthy in more realistic sce-
narios [1, 2, 7, 18, 19, 23, 27, 38, 43, 47, 50�53, 64]. In particular, it is well known
that CE-trained DNNs are susceptible to making over-con�dent predictions. For
example, when shown samples that do not belong to any of classes in the training
data a DNN may predict with high con�dence that these samples belong to one
of the known categories [2, 25, 33, 43]. Such over-con�dence for unknown classes
may cause errors in real-world scenarios where such samples might be commonly
encountered and in situations where dishonest actors deliberately attempt to fool
the classi�er into making erroneous predictions.

To evaluate how susceptible a network is to this kind of overcon�dence error,
we can test whether we can detect and reject out-of-distribution samples based
on the con�dence of the network (see Appendix B.1 for details). This evalua-
tion method is called open-set recognition [58, 62], out-of-distribution (OOD)
detection/rejection [6, 25, 26, 42, 67], or unknown class rejection [53]. For the
results reported here, Maximum Softmax Probability (MSP) [25] was used as
the con�dence score, but similar results were obtained using Maximum Logit
Score (MLS) [24, 58] (see Fig. 4(c) in Appendix C.1).

For unknown class rejection, HEM provides signi�cantly better performance
on average than all other tested losses (Fig. 1, 3rd segment). In all but one of the
�fteen conditions we tested (�ve data-sets with three network architectures per
data-set) HEM outperforms CE and its average performance is 4.52% better than
CE (Fig. 2, 3rd segment). DICE loss and MM loss perform very badly (Fig. 1,
3rd segment). HEM loss even beats LN loss despite LN being a specialised loss
that produces state-of-the-art performance on unknown class rejection. Detailed
results are given in Appendix C.1, and an analysis of the prediction con�dence
scores, and the calibration of these scores, is given in Appendices D.2 and D.3.

Performance on AutoAttack Rejection Another robustness problem faced
by DNNs is their susceptibility to adverserial attacks: being fooled into making
the wrong prediction by small perturbations that do not change the class of
the perturbed sample to a human observer [5, 16, 20, 34, 54]. Here we test
susceptibility to this problem using the DAR score [53], which is the proportion
of adverserially perturbed samples that are rejected as out-of-distribution or are
not rejected but still classi�ed correctly. The rejection/acceptance threshold is
set so that 95% of correctly classi�ed clean examples are accepted. Adverserial
samples were generated using AutoAttack (AA) [12] (details in Appendix B.1).
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HEM-trained networks have a large advantage over identical CE-trained ar-
chitectures in terms of correctly dealing with adversarial attacks (Fig. 1, 4th

segment). In this case, HEM outperforms CE in all �fteen conditions (Fig. 2,
4th segment), and its average performance is 17.17% better. Compared to CE,
HEM loss has a much larger advantage in terms of its ability to enable accu-
rate unknown class rejection, and also to detect adversarial attacks, than the
small disadvantage it has in terms of clean and corrupt accuracy. HEM also out-
performs, by a large margin, the other tested losses on adverserial robustness
(Fig. 1,4th segment). Detailed results are given in Appendix C.1.

4.2 Learning with Imbalanced Data-sets

The ability to learn when the training data contains a very di�erent number of
samples for di�erent classes (i.e. with long-tailed data) was tested using the CI-
FAR10, CIFAR100 and ImageNet training data. This training data was modi�ed
to produce long-tailed data, using standard methods used in previous literature,
by removing di�erent numbers of samples from each class. Performance was eval-
uated on multiple network architectures using all the performance criteria used
in the Sec. 4.1 to evaluate networks trained with balanced data-sets. Full details
of the experimental methods are provided in Appendix B.2.

A comparison of the performance of networks trained on imbalanced data
using CE and HEM losses reveals a similar pattern of results as where obtained
with standard training data. Speci�cally, similar performance for the two losses
on standard and corrupt test data (on average HEM is better by 0.70% and
1.54% respectively, see Figs. 1 and 2, 5th and 6th segments), better performance
with HEM loss on unknown class rejection and adversarial attacks (on average
HEM is better by 9.33% and 2.77% respectively, see Figs. 1 and 2, 7th and 8th

segments).
Comparing HEM and LA loss (a version of CE designed to improve perfor-

mance on imbalanced data) shows that LA has an advantage in terms of clean
and corrupt accuracy, but that networks trained with HEM are better at iden-
tifying, and rejecting, unknown and adversarial samples. The high performance
of LA loss on the clean data raises the prospect that there may be more optimal
methods of adjusting the HEM margins to take account of the class imbalance.

HEM (and HEM-) perform as well as, or better than LN on all of the four
evaluation metrics. DICE loss performs signi�cantly worse than HEM on all
evaluation criteria. However, the performance of DICE loss on adversarial attacks
can, surprisingly, be improved beyond all other losses by using the MLS score as
the rejection criterion (see Fig. 6(e) in Appendix C.2). A full set of more detailed
results are provided in Appendix C.2.

4.3 Continual Learning

The performance of HEM loss when applied to continual learning was assessed
using standard benchmark tasks: PermutedMNIST, SplitMNIST, SplitCIFAR10,
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and SplitCIFAR100. Due to catastrophic forgetting [17], the over-writing of pre-
viously learned weights when training on a new task, all loss functions perform
very poorly at continual learning unless a strategy is used to reduce forgetting.
Many such strategies have been proposed. Here �ve were used: Replay [9, 49],
Synaptic Intelligence (SI) [65], Elastic Weight Consolidation (EWC) [32], Less-
Forgetful Learning (LFL) [28], and Learning without Forgetting (LwF) [35].
Each loss function was used in combination with each of these continual learn-
ing strategies, and performance was evaluated at the end of a sequence of �ve
training episodes using unseen test data for all the �ve sub-tasks that were
learnt during training. Full details of the experimental methods are provided in
Appendix B.3

HEM performed 1.27% better on average at continual learning than CE loss
(Fig. 1, 9th segment), consistent with our expectations (Sec. 2.1). In 11 of the 16
conditions tested, better performance was obtained using HEM loss rather than
CE loss (Fig. 2, 9th segment). Furthermore, if only the best performing combi-
nation of loss and strategy of reducing catastrophic forgetting is considered for
each loss, then in three of the four tasks HEM loss produces better performance
than CE loss (Figs. 7(a) to 7(d) in Appendix C.3). This is remarkable as the
training recipes used were designed to produce the best performance for each
method of reducing catastrophic forgetting when paired with CE loss.

HEM has even greater advantages over the other applicable losses that were
tested: LN, DICE and MM. LN and DICE losses perform very poorly on con-
tinual learning. This suggests that, unlike HEM and CE losses, they do not
generalise to tasks outside of the specialised domain for which they were de-
veloped. As there is no class imbalance in the training data used here, LA is
equivalent to CE, and HEM is equivalent to HEM-. Detailed results are given in
Appendix C.3.

4.4 Semantic Segmentation

Performance on semantic segmentation was assessed using four standard data-
sets: CamVid [8], Cityscapes [10], SBD [21], and ADE20k [68]. For each data-set
multiple experiments were performed using the FPN architecture [31] with four
di�erent backbones. Full details can be found in Appendix B.4.

HEM- (the ablated version of the proposed loss with a single, shared, margin)
performs better than HEM (the proposed loss that uses class speci�c margins
to help deal with imbalanced data), suggesting that our heuristic for setting
class-speci�c margins does not generalise from image classi�cation to seman-
tic segmentation (see Fig. 1, 10th segment). However, even with sub-optimal
margins, HEM produces 5.31% better average performance than CE, and ex-
ceeds by an even greater margin the performance of all the other existing losses
considered. For some backbone architectures CE loss produced superior image
segmentation performance to HEM loss on the CamVid data-set (Fig. 2, 10th

segment and Fig. 8(a) in Appendix C.4). However, for the three larger data-sets,
HEM loss out-performed CE loss with all four backbone architectures (Fig. 2,
10th segment and Figs. 8(b) to 8(d) in Appendix C.4).
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Table 2: Ablation study on the e�ects of the proposed changes to MM loss on classi�-
cation accuracy. Results are for ResNet18 networks trained on CIFAR10 and CIFAR100
using a margin of µ =0.2. Results are averaged over �ve trials and the standard devia-
tion is given after the ± symbol. The best result in each column is highlighted in bold.
The changes made to standard MM loss are denoted as �maz� for taking the mean of
above-zero errors, and �thres� for setting errors below the mean to zero.

Clean Accuracy (%)
Loss CIFAR10 CIFAR100

MM 93.79± 0.11 70.13± 0.19
+maz 93.81± 0.23 74.94± 0.35
+thres 93.78± 0.22 73.13± 0.26
+maz+thres = HEM 93.84 ± 0.19 74.95 ± 0.46

LN and LA losses perform very poorly (Fig. 1, 10th segment) showing that
these specialised losses do not work well outside of the speci�c domain for which
they were created. DICE, a specialised loss developed speci�cally for segmen-
tation tasks, has performance similar to that of CE, but worse than HEM and
HEM-. The advantage of HEM is even clearer if for each data-set only the re-
sults for the backbone architecture that gives the best results for each loss is
considered (Fig. 8(e) in Appendix C.4).

4.5 Ablation Study

HEM, di�ers from MM loss in terms of 1) using class-speci�c margins, and 2) how
the errors are combined (Sec. 3). The e�ects of the �rst modi�cation can be seen
from the results for HEM- that have already been presented. The e�ects of the
second modi�cation were tested using ResNet18 networks trained on CIFAR10
and CIFAR100. The training set-up was as described in Appendix B.1.

The �rst change to how the errors are combined is to include only above-zero
error values when calculating the mean error. This modi�cation alone produces
an improvement in classi�cation accuracy (Tab. 2). As expected, this improve-
ment is greatest for the data-set with the most class labels, as there will be
more zero-valued errors across the larger number of logits that this modi�cation
enables the loss to ignore.

The second change to how the errors are combined was to set errors less than
the mean to zero. On its own this modi�cation is less e�ective than the �rst. This
is to be expected, as this modi�cation causes even more zeros to be included in
the average, causing the loss to become low and learning to cease prematurely.
However, when this modi�cation is combined with the �rst it provides a small
additional boost to performance by encouraging the loss to concentrate on the
largest errors, particularly at the start of training when there are many errors.
The advantage of HEM over MM in terms of clean accuracy is fairly small for
the conditions shown in Tab. 2. However, as shown in Fig. 1, on average, over
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many data-sets and network architectures, the advantages of HEM over MM are
highly signi�cant.

5 Conclusion

The proposed high error margin (HEM) loss has been shown to perform well
across a wide range of tasks, data-set sizes, and network architectures. It was
the best loss in our evaluations for unknown class and AutoAttack rejection, for
continual learning, and for semantic segmentation, where it outperformed the
other losses by a wide margin. Across the ten di�erent types of evaluation we
have performed, corresponding to the ten segments of Fig. 1, HEM was the best
performing in �ve situations. In comparison, CE was found to be the best in only
two. In a head-to-head comparison with CE loss, HEM was found to be superior
in eight of the ten evaluations we performed (Fig. 2). CE was only best for
classi�cation of clean and corrupted images when training was performed with
balanced training data, and remains the loss of choice to maximise accuracy in
such circumstances. However, to improve rejection of out-of-distribution (OOD)
samples, for training with long-tailed data, for continual learning, and certainly
for semantic segmentation, HEM seems the better choice.

When training with balanced data, the drop in clean accuracy resulting from
using HEM compared to CE was about about 1.2%. This reduction is likely to be
negligible, as optimising the training hyper-parameters can yielded much bigger
improvements in clean accuracy than the di�erence we observe [22, 45, 61] and
in all our experiments, the training and evaluation choices were optimized for
CE loss. A simple experiment where only the initial learning rate was modi�ed
based on intuition gained from observing the learning dynamics substantiates
this claim (see Appendix D.4). Furthermore, clean accuracy is often reduced by
techniques that increase robustness [53]. In this context, the reduction in clean
accuracy caused by HEM would often be considered acceptable to achieve the
large increases in performance on the other metrics.

Our results con�rmed that specialised losses performed well on the tasks
that they were designed for, but also showed that all these losses had very poor
performance on at least one other task. LogitNorm (LN) loss [60], performed
almost as well as HEM loss at OOD rejection, but HEM out-performed LN by a
considerable margin on continual learning and semantic segmentation. With im-
balanced training data, logit-adjusted (LA) loss [39] yielded better performance
on standard test data than HEM loss, but HEM was superior at rejecting OOD
samples. Furthermore, HEM out-performed LA at semantic segmentation, our
only other task with class imbalance. For semantic segmentation the commonly
used specialised loss, DICE [40], performed no better than CE loss in the ex-
perimental set-ups we used. HEM loss performed semantic segmentation more
accurately than DICE, and out-performed DICE by a considerable margin on
all other tasks. In contrast to the specialised losses that all failed outside their
speci�c domain, HEM loss performed well on all tasks. This general applicability
of HEM might lead to even greater advantages in other applications. For exam-
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ple, in an situation where image segmentation needed to be performed with high
robustness to unknown classes, a developer might be tempted to use LN loss due
to it good performance in training image classi�ers to be robust to OOD sam-
ples. However, our results show that this would be a poor choice as LN produces
poor accuracy in image segmentation. In contrast, HEM loss is likely to do well
in such an application. It is not hard to imagine other real-world scenarios where
multiple advantages of our loss might combine to yield even greater advantages
over CE and the specialised losses. For example, a task where it is necessary to
learn continuously with long-tailed data and the resulting classi�er needs to be
robust to unknown classes.

Training with HEM loss is slightly faster than training with CE loss. HEM
loss is zero for any training sample where the activation of the target logit
is su�ciently above the value of the other logits. This means that during the
later stages of learning many training samples cause no changes to the network
weights, and it is possible for autograd to prune the computational graph. For
example, this e�ect reduces training time by approximately 10% for a ResNet18
trained for 200 epochs on TinyImageNet. In dense prediction tasks there will be
fewer opportunities to prune the computational graph, however, we still observe
a small reduction in training time when using HEM. For example, training the
ResNet34 backbone on Cityscapes was approximately 4% quicker using HEM
compared to CE.

Future work might explore how to exploit the fact that samples can yield
strictly zero loss for HEM. To save even more time, one could try presenting
such learnt samples less frequently. Rather than saving time, one could focus
augmentations or adversarial distortions on such zero-loss training samples to
improve generalisation and/or robustness. More generally, future work might
explore which augmentations, regularizations and training schedules work best
for HEM loss. Some initial experiments showing that HEM is compatible with
existing, complementary, methods for improving performance with imbalanced
training data, adversarial robustness, and unknown class rejection are shown
in Appendix E. Testing HEM with other such methods, and developing new
techniques speci�cally designed to work well with HEM, might also be interesting
topics for future research. Additionally, further work might explore alternative
heuristics for setting the class-speci�c margins or ways of learning margins for
di�erent tasks. Subsequent research might also test HEM in other domains, such
as language, as there is no reason why HEM loss should not also work for non-
visual classi�cation tasks.
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