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Abstract

A wide breadth of research has devised data aug-
mentation approaches that can improve both ac-
curacy and generalization performance for neural
networks. However, augmented data can end up
being far from the clean training data and what
is the appropriate label is less clear. Despite this,
most existing work simply uses one-hot labels for
augmented data. In this paper, we show re-using
one-hot labels for highly distorted data might run
the risk of adding noise and degrading accuracy
and calibration. To mitigate this, we propose
a generic method AutoLabel to automatically
learn the confidence in the labels for augmented
data, based on the transformation distance be-
tween the clean distribution and augmented distri-
bution. Aut oLabel is built on label smoothing
and is guided by the calibration-performance over
a hold-out validation set. We successfully ap-
ply AutoLabel to the state-of-the-art RandAug
and AugMix. Experiments on CIFAR-100 and
ImageNet show that AutoLabel significantly
improves existing data augmentation techniques
over models’ calibration and accuracy, especially
under distributional shift.

1. Introduction

Deep neural networks are increasingly being used in high-
stakes applications such as healthcare and autonomous driv-
ing. For safe deployment, we not only want models to be ac-
curate on independent and identically distributed (i.i.d.) test
cases, but we also want models to be robust to distribution
shift (Amodei et al., 2016). Recent work has shown that the
accuracy of state-of-the-art models drops significantly when
tested on corrupted data (Hendrycks & Dietterich, 2019).
Furthermore, these models do not just perform worse on
these unexpected examples, but are also over-confident —
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Ovadia et al. (2019) showed that calibration of models de-
grades under shift. Calibration measures the gap between a
model’s own estimate of correctness (i.e., confidence) versus
the empirical accuracy, which measures the actual proba-
bility of correctness. When a model is not well calibrated,
particularly on unexpected examples, it undermines our abil-
ity to trust its predictions. Building models that are accurate
and robust, i.e. can be trusted under unexpected inputs from
distributional shifts, is a challenging but important research
problem.

While numerous approaches have been explored for improv-
ing calibration under distribution shift, one of the funda-
mental building blocks is data augmentation: generating
synthetic examples, typically by modifying existing training
examples, that provide additional training data outside the
empirical training distribution. A wide breadth of litera-
ture has explored what are effective ways to modify train-
ing examples, such as making use of domain knowledge
through label-preserving transformations (Hendrycks et al.,
2020). Approaches like these have been shown to improve
the robustness and calibration of overparametrized neural
networks as they alleviate the issue of neural networks over-
fitting to spurious features that do not generalize beyond the
i.i.d. test set.

In the broad amount of research on data augmentation, most
of it attempts to apply transformations that do not change
the true label such that the label of the original example can
also be assumed to be the label of the transformed example,
without expensive manual review. While there has been a
significant amount of work in how to construct such pseudo-
examples in input space, there has been relatively little
attention on whether this assumption of label-preservation
holds in practice and what label should be assigned to such
augmented inputs. For instance, many popular methods
assign one-hot targets to both training data as well as aug-
mented inputs that can be quite far away from the training
data where even human raters may not be 100% sure of the
label. This runs the risk of adding noise to the training pro-
cess and degrading accuracy and calibration, as the model
may learn to assign high confidence predictions to inputs
far away from training data.

With this observation, in this paper we investigate the con-



What Are Effective Labels for Augmented Data? Improving Calibration and Robustness with AutoLabel

)

Clean image

e —

One-hot Label
1

.

o 1 2 3
Classes

Classifier

—

Augmented
images

(a) Pipeline

—

e 04160.16‘ 0.16

0.91

0.030.03 0.03

0o 1 2 3
Classes

0o 1 2 3
Classes

Labels learned by :
Autolabel = gy v ¥ &
(iii)d =3, 1=09 (iv)d=3,1=0
(b) Augmented images of
varying distances

Figure 1. (a): An example showing AutoLabel assigning different labels to augmented images (e.g., by AugMix (Hendrycks et al.,
2020)) based on their transformation distances to the clean image. The label for the true class is automatically learned based on the
calibration performance on validation set. (b): Examples of images augmented by AugMix with different distances to the original image.

fidence assigned to target labels for augmented inputs and
propose AutoLabel, a method that automatically adapts
the confidence assigned to augmented labels, assigning high
confidence to inputs close to the training data and lowering
the confidence as we move farther away from the training
data. Figure 1 (left) gives a high-level overview of our pro-
posed AutoLabel along with examples of augmented im-
ages of varying distances generating by AugMix (Hendrycks
et al., 2020) on the right. Our key contributions are:

e We propose Aut oLabel, a generic approach that can au-
tomatically learn the confidence in labels for augmented
data based on the transformation distance between clean
and augmented distribution.

e We show that Aut oLabel is complementary to methods
which focus on generating augmented inputs by combin-
ing it with RandAug (Cubuk et al., 2020) (which includes
10 different augmentation types), and the state-of-the-art
method AugMix (Hendrycks et al., 2020).

e We perform experiments on CIFAR-100 and ImageNet
demonstrating that Aut oLabel significantly improves
the calibration of models on clean and corrupted data.

2. Related Work

Data Augmentation. Recent work has shown that intro-
ducing additional training examples can further improve
a model’s accuracy and generalization (Devries & Taylor,
2017; Cubuk et al., 2019; Yun et al., 2019; Takahashi et al.,
2019; Lopes et al., 2019; Zhong et al., 2020). For exam-
ple, AugMix (Hendrycks et al., 2020) utilizes stochasticity
and diverse augmentations, together with a consistency loss
over the augmentations, to achieve state-of-the-art corrup-
tion robustness. Mixup (Zhang et al., 2018), on the other
hand, trains a neural network over convex combinations of
pairs of examples and shows improved generalization of
neural networks. In this paper, we investigate the choice
of the target labels for augmented inputs and show how

to apply Aut oLabel to these existing data augmentation
techniques to further improve model’s robustness.

Calibration and Uncertainty Estimates. A variety of
methods have been developed for improving a model’s cal-
ibration, e.g., post-hoc calibration by temperature scaling
(Guo et al., 2017) and multiclasss Dirichlet calibration (Kull
et al., 2019). Model’s predictive uncertainty can also be
quantified using Bayesian neural networks and approximate
Bayesian approaches, e.g., variational inference (Graves,
2011; Blundell et al., 2015), MCMC sampling based on
stochastic gradients (Welling & Teh, 2011), and dropout-
based variational inference (Kingma et al., 2015; Gal &
Ghahramani, 2016). In addition to calibration over in-
distribution data, more recently, Ovadia et al. (2019) show
that model calibration can further degrade under unseen
data shifts, where ensemble of deep neural networks (Lak-
shminarayanan et al., 2017) is shown to be most robust to
dataset shift. On the other hand, several data augmentation
methods have also been shown to improve model’s calibra-
tion under data shifts. For example, AugMix is shown to
improve uncertainty measures on corrupted image classifi-
cation benchmarks (Hendrycks et al., 2020).

3. AutoLabel

Notations Given a clean dataset D = {(x;, ¥;) }i=1, ,m>
where y € {1, ..., K}, the one-hot encoding of the label
is denoted as § € {0,1}%, where the label for the true
class §x—y, = 1 and -, = 0 for others. In addition to
the training data D, we also have a clean validation set Dy,
drawn i.i.d. from the same distribution.

Our key insight is: the confidence in the labels of the aug-
mented data depends on how distorted the transformation
is. To make use of this insight, we first need to measure
the transformation distance. Many data augmentation ap-
proaches have hyperparameters that reflect how large the
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transformation should be. As examples, which we will dis-
cuss in-depth below, this can take the form of the number of
transformations in AugMix (Hendrycks et al., 2020).

With aware of the transformation distance, we then build
AutoLabel upon the hypothesis that effective labels for
augmented training data can lead to well-calibrated pre-
dictions on the samely augmented validation set, where
the predicted confidence is aligned with the predicted accu-
racy. Thus, the training labels for augmented data can be
automatically updated according to the calibration perfor-
mance on the samely augmented validation data. Specifi-
cally, if a model is over-confident on the augmented vali-
dation set, then the confidence in the training labels should
be decreased accordingly; otherwise the confidence should
be increased. Note that computing calibration on the aug-
mented validation set does not use the confidence in the
labels of validation data.

Taking these together, our proposed Aut oLabel is mainly
composed of two components: (1) a measure of the transfor-
mation distance for the augmented data, and (2) a subroutine
for updating labels of the augmented data during training.

Specifically, given a data augmentation technique Aug
that takes in an image = and outputs an augmented im-
age Aug(z,s) that transformed by a distance s € R,
AutoLabel updates its label based on the calibration
performance on the samely augmented validation data.
Since calibration can not be computed over a single data
point, we must obtain an augmented validation set that
is transformed by the same distance s. To this end, we
discretize the transformation distance s into N buckets
{51, -+, SN} where each S,, is a range, and we can gener-
ate augmented data for bucket S,, by sampling a distance
uniformly in that range s ~ U(S,,) to generate Aug(z, s).
In this way, we can generate the augmented validation set
Q(Sn) = {(Aug(wi, s),i)l(wi, %) € Dy,s ~ U(Sn)}
which is used to learn the labels for any training data trans-
formed by a distance s € S,,.

With the augmented validation set Q(S,,), AutoLabel
updates the confidence of the true class §x—, (S, ) after each
training epoch ¢ according to:

gltciz(sn) = gltc:y(sn) — Q- ECEt(Q(Sn))
-sign(Conf"(Q(S,,)) — Acc'(Q(S,))) (1)

where ECE(Q(S,,)), Acc(Q(Sy)) and Conf(Q(S,,)) are
respectively the expected calibration error, accuracy and
confidence on the augmented validation set. The sign of
(Conf(Q) - Acc(Q)) indicates if the model is overall over-
confident (> 0) or under-confident (< 0). Intuitively, if
the model is over-confident on the validation set, we should
reduce the confidence given to the true class ¢j;—,, otherwise
we should increase y—,. The expected calibration error
on the augmented validation set ECE(Q) > 0 suggests

to what extent we should adjust the labels as the optimal
result is ECE(Q) = 0 when the training converges. The
hyperparameter « controls the step size of updating the

labels. Since gjig! stands for the probability of the true

class, we clip the value to be within [Acc’(Q), 1] after each
update. Acc’(Q) is used as the minimum clipping value to
prevent gj,tf:i from being too small as Acc’(Q) — - when

1
the classifier is a random guesser.

Given the updated label for the true class Q?;L(Sn)’
AutoLabel takes a label smoothing approach to uniformly
distribute the remaining probability to other classes:

i _ 1
Ty (Sn) = (1= §3.5,(80)) -

7 @
where K is the number of classes in the dataset and
S Gk = 1. Finally, AutoLabel trains the model us-
ing §(Sy,) as the target for the cross-entropy loss across the
augmented data. A complete pseudocode for AutoLabel
is presented in Algorithm 1 in Appendix.

To demonstrate AutoLabel can easily slot into exist-
ing data augmentation methods, we show how to apply
AutoLabel to automatically adjust the confidence in
labels over different data augmentation methods: Ran-
dAug (Cubuk et al., 2020) and AugMix (Hendrycks et al.,
2020). These data augmentation methods originally use
one-hot labels for augmented data and we discuss in details
in Section A in Appendix how to apply AutoLabel for
each of them.

4. Experiments

4.1. Datasets and Evaluation Metrics

Datasets We report the performance on CIFAR-
100 (Krizhevsky, 2009) and ImageNet (Russakovsky et al.,
2015) as well as the corrupted datasets: CIFAR-100-C
and ImageNet-C (Hendrycks & Dietterich, 2019), which
include different corruptions types (17 types for CIFAR-100
and 15 types for ImageNet) that are frequently encountered
in natural images. Note that the corruption type in the
corrupted dataset do not overlap with transformations used
for data augmentations.

We use a Wide ResNet-28-10 (Zagoruyko & Komodakis,
2016) for CIFAR-100, and a ResNet-50 (He et al., 2016)
for ImageNet as our basic model architectures and mainly
compare Aut oLabel with standard label smoothing (LS)
(Szegedy et al., 2016).

Evaluation Metrics We report the classification accuracy
and expected calibration error on the clean datasets as Acc
(higher is better) and ECE (lower is better) respectively.
The accuracy and expected calibration error on the cor-
rupted datasets are represented as cAcc and cECE, which
are computed as an average over all the corruption types
across 5 corruption severities.
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Table 1. Effects of AutoLabel for RandAug and AugMix on CIFAR100 and ImageNet and the corresponding corrupted datasets. All
numbers reported in the table are in %, an average of 4 independent runs on CIFAR-100 and 2 independent runs on ImageNet. The arrow

indicates better direction. Best results are highlighted in Bold.

Method Acc/cAcce (1) ECE/cECE (])
CIFAR100 ImageNet CIFAR100 ImageNet
RandAug 82.0/63.0 76.9/43.4 4.1/13.0 2.0/6.4
+LS 82.2/63.6 76.9/43.5 2.4/8.2 1.2/5.5
+ AutoLabel 82.7/64.8 76.9/43.9 1.9/5.6 1.0/5.1
AugMix 81.1/64.3 75.9/46.1 4.5/10.9 1.5/4.9
+LS 81.3/64.6 76.0/46.3 2.6/6.5 1.5/4.6
+ AutoLabel 81.9/65.5 76.4/46.5 1.8/4.2 1.4/4.2
CIFAR-100 ImageNet
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Figure 2. Expected calibration error (ECE) of AugMix trained with

one-hot labels and AutoLalbel across corruption severities on

CIFAR100 and ImageNet. Severity O denotes clean data.
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Figure 3. Effects of AutoLabel for RandAug and AugMix on
ImageNet with a reduced size of training data. When training a
model with limited training data, the improvement of AutoLabel
over calibration is significantly increased. o = 0.02 is used for
AutoLabel for all experiments here without further tuning.

4.2. AutoLabel improves calibration

In this section, we apply AutoLabel to RandAug and
AugMix to investigate if Aut oLabel can make data aug-
mentation approaches more effective in improving calibra-
tion, especially under distributional shifts. We see in Table 1
a clear picture: AutoLabel consistently helps RandAug
and AugMix improve both accuracy and calibration across
CIFAR100 and ImageNet, and greatly outperforms label
smoothing. In addition, we can see that Aut oLabel has a

much more significant improvement on models’ calibration
on the corrupted datasets. As shown in Figure 2 we ana-
lyze how calibration performance changes with the severity
of the corruption being tested against, comparing AugMix
trained with one-hot labels and with AutoLabel. We
see that the baseline AugMix is increasingly worse cali-
brated as the corruption increases, but Aut oLabel damp-
ens that trend effectively. Similar patterns are observed
when AutoLabel is applied to RandAug.

Looking more closely, we find that the improvement of
AutoLabel over calibration on ImageNet is relatively
smaller compared to CIFAR-100. We conjecture that this is
mainly due to the much larger training data on ImageNet,
leading to a greater generalization performance and the head-
room for improvement is relatively limited. To validate this,
we train the same networks with a reduced size of training
images, e.g., we randomly sample 50% training images from
the whole training dataset (~1.2M training images). Note
that we use the same hyperparameter o = 0.02 in Eqn (1)
without further tuning for each training data size. From
Figure 3 we can see that as the percentage of training data is
reduced, the calibration performance of both RandAug and
AugMix trained with one-hot labels becomes significantly
worse. In contrast, AutoLabel enables models to keep a
low calibration error on the clean test set and a much smaller
calibration error on the corrupted dataset.

5. Conclusion

In this paper, we propose AutoLabel to automatically
learn the confidence in labels for augmented data based on
the transformation distance between the augmented data
and the clean data. We demonstrate the effectiveness of
AutoLabel by applying it to RandAug and AugMix. We
see that AutoLabel greatly improves the models’ cali-
bration, especially on corrupted data. More generally, we
believe that more nuanced approaches to setting labels for
augmented data, beyond assuming label-preserving trans-
formations, will lead to more effective data augmentation
techniques.
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A. Algorithms
A.1. AutoLabel for RandAug

RandAug includes 10 different types of transformations
from AutoAugment (Cubuk et al., 2019) and RandAug-
ment (Cubuk et al., 2020): color, rotation, autocontrast,
equalize, posterize, solarize, shear X, shear Y, translate X
and translate Y. During training, RandAug randomly ap-
plies one transformation to generate the augmented data.
Unlike RandAugment (Cubuk et al., 2020) that optimizes
a single distortion magnitude for all the transformations,
RandAug randomly samples a distortion magnitude m &€
{1, ,Mmaz}, Where m,,, is the maximum distortion
magnitude. Finally, the model is trained on the augmented
data with one-hot labels.

Instead of using one-hot labels, we propose AutoLabel
to automatically learn the confidence in labels for the aug-
mented data that are transformed by different transforma-
tion distances. In RandAug, the transformation distance is
determined by two factors: (1) the type of sampled transfor-
mation, in total we have 10 different transformations, and
(2) the distortion magnitude m.

To learn the labels for the augmented data transformed
by a specific operation with a distortion magnitude at m,
AutoLabel applies the same transformation distorted by
the same magnitude m to construct the augmented vali-
dation set. Then AutoLabel updates the confidence of
labels according to Eqn (1) & (2) and trains the model with
these updated labels.

A.2. AutoLabel for AugMix

AugMix (Hendrycks et al., 2020) is a data augmentation
technique that achieves state-of-the-art robustness and un-
certainty estimates under data shift. Specifically, AugMix
augments the input data via feeding the input z into an
augmentation chain' which consists of d € {1,2,3} trans-
formations randomly sampled from 10 different operations
used in RandAug with a fixed distortion magnitude. Then
a convex combination is performed to mix the augmented
image ., With the original image 2: Aug,ygmiz () =
Xz + (1 — ) - Zaye, where the mixing parameter A € [0, 1]

'The original AugMix (Hendrycks et al., 2020) uses 3 aug-

mentation chains. However, we consistently observe an accuracy
increase when we use one augmentation chain.

is randomly sampled from a uniform distribution.

In AugMizx, the transformation distance is mainly controlled
by two parameters®: (1) the depth of the augmentation chain
d, which decides how many augmentation operations are
applied to the original image (shown in Figure 1(b) (ii)
and (iv)); (2) the mixing parameter A, which controls the
ratio of the augmented image .., and the original image
x (shown in Figure 1(b) (iii) and (iv)). As a result, we can
define the distance bucket Sy ,, for the augmented data as:
Sdn = Sa, AN .3 where N is the total number of buckets
at a given depth d.

Next, to learn the labels for augmented training data within
a distance bucket Sy ,, AutoLabel constructs an aug-
mented validation set Q(S,,,,) by feeding the validation
images into an augmentation chain with the depth d and
then randomly sample a mixing parameter A’ from a uni-
formly distribution: \' ~ U(%, %) to mix the original
image and the augmented image. Finally, AutoLabel
updates the labels §(S,,,) according to Eqn (1) & (2) and
trains the model using these updated labels.

B. The proposed AutoLabel Algorithm

In Algorithm 1 we describe how Aut oLabel works.

C. Implementation Details

We train the vanilla models on CIFARI100 and Im-
ageNet using the open-sourced code for uncertainty
baselines at https://github.com/google/
uncertainty-baselines/tree/master/
baselines.

C.1. RandAug

When applying label smoothing to RandAug, we sweep
the hyperparameter p which decides the smoothing degree
in a range [0, 0.1] with a step size 0.01 and find the best
p = 0.02 for CIFAR-100 and p = 0.01 for ImageNet.

When applying AutoLabel to RandAug, the hyperparam-
eter  in Eqn (1) in the main text is swept in a set and we
choose the best a = 0.01 for CIFAR-100 and o = 0.02 for
ImageNet.

C.2. AugMix

For AugMix (Hendrycks et al., 2020), the max depth of
the augmentation chain is d,,4, = 3 for CIFAR-100 and

Transformation types could provide us more precise transfor-
mation distance but is not our main focus in AugMix.

*In the special case where A = 0, we merge it into bucket Sy
to avoid creating an additional bucket, similarly for € in adversarial
training.
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Algorithm 1 Pseudocode of AutoLabel

1: Input: A training dataset D = {(x;,¥;)}i=1....,m. a validation dataset Dy, drawn i.i.d. from the same distribution, an
augmentation method Aug. Number of classes K, number of training epochs 7', number of distance buckets [V and the

hyperparameter c.

2: We perform Aug to obtain the augmented training data Aug(x, s), where the transformation distance s is determined
by the hyperparameters in the Aug. We discretize the transformation distance s into N buckets {S1, - , Sn }, where

each .S, is a range.

3: For each distance bucket S,,, we initialize QO(SH) as the one-hot label.

4: fort =0to7T — 1 do

5:  Minimize cross-entropy loss over the augmented training data with smoothed labels 3¢ (.S, ).

6: forn=1to N do

7: Generate an augmented validation set: Q(S,,) = {(Aug(x;, s), yi) (x4, yi) € Dy, s ~U(Sy)}.

8: Update the label for the true class ytJrl (Sn):

i, (Sn) = Gf—,(Sn) — - ECE'(Q(S),)) - sign(Cont*(Q(5,)) — Acc' (Q(Sn))) > according to Eqn (1)

9: Clip g1}, (Sn) to be within [Acc’(Q(Sy)), 1]
10 Update the label for other classes y,#y(S ): ng#L(S )=(1- g},t:“;(S ) 7 > according to Eqn (2)
11:  end for
12: end for

ImageNet following the original work.

When applying label smoothing to AugMix, we sweep the
hyperparameter p which decides the smoothing degree in a
range [0, 0.1] with a step size 0.01 and find the best p = 0.02
for CIFAR-100 and p = 0.01 for ImageNet.

When applying Aut oLabel to AugMix, we set the number
of distance buckets to be d,,,q - N = 3 -5 = 15 for both
datasets. The hyperparameter o in Eqn (1) in the main
text is swept in a set and we choose the best o = 0.02 for
CIFAR-100 and ImageNet.



