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Abstract

While recent automatic data augmentation works
lead to state-of-the-art results, their design spaces
and the derived data augmentation strategies still
incorporate strong human priors. In this work, in-
stead of selecting a set of hand-picked default aug-
mentations alongside the searched data augmenta-
tions, we propose a fully automated approach for
data augmentation search called Deep AutoAug-
ment (DeepAA). We propose a search strategy
that matches the directions of the validation gra-
dients and the training gradients averaged over all
possible augmentations. Our experiments show
that DeepAA achieves strong performance on
CIFAR-10/100 and SVHN with much less search
cost compared to state-of-the-art data augmenta-
tion search methods.

1. Introduction
Many of the state-of-the-art results rely on data augmenta-
tion (DA) since it effectively regularizes the model by in-
creasing the number of data points (Goodfellow et al., 2016;
Zhang et al., 2017). A large body of data augmentation trans-
formations has been proposed (Inoue, 2018; Zhang et al.,
2018; DeVries & Taylor, 2017; Yun et al., 2019; Hendrycks
et al., 2020; Yan et al., 2020) to improve the model per-
formance and robustness. While applying a set of well
designed augmentation transformations could help yield
considerable performance enhancement, manually selecting
high-quality augmentation transformations and determining
how they should be combined still require strong domain ex-
pertise and prior knowledge of the dataset of interest. With
the recent trend of automated machine learning, data aug-
mentation search flourished in the image domain (Cubuk
et al., 2019; 2020; Ho et al., 2019; Lim et al., 2019; Hataya
et al., 2020; Li et al., 2020; Liu et al., 2021), which learns
augmentation policies over a set of transformations.

1Michigan State University 2Amazon Web Services. Corre-
spondence to: Yu Zheng <zhengy30@msu.edu>.

The 38 th International Conference on Machine Learning (ICML)
Workshop on Machine Learning for Data: Automated Creation,
Privacy, Bias (ML4data). Copyright 2021 by the author(s).

Augmentation
Policy

Default
Transformation 

1

(A)

Transformation 
2

Transformation 
2

Transformation 
1

Transformation 
1

Default
Transformation 

2

Augmentation
Policy

Transformation 
2

Transformation 
2

Transformation 
1

Transformation 
1

Transformation 
3

Transformation 
3

Transformation 
4

Transformation 
4

(B)

Figure 1. (A) Existing automated data augmentation methods (shal-
low augmentation search layers followed by hand-picked trans-
formations). (B) Deep AutoAugment (deep augmentation search
layers without hand-picked transformations).

Although previous works achieved SOTA performance on
several vision tasks, we argue that data augmentation in
(Cubuk et al., 2019; 2020; Ho et al., 2019; Lim et al., 2019;
Hataya et al., 2020; Li et al., 2020; Liu et al., 2021) is not
fully automated. This is because these methods only search
for shallow layers of augmentation policy followed by hand-
picked default transformations (Figure 1(A)), while a fully
automated search should be ideally performed without any
domain knowledge. The augmentation pipeline with default
transformations are known to perform strong even with
random policies (LingChen et al., 2020; Müller & Hutter,
2021). In other words, the previously designed search space
still embeds strong priori.

In this work, we propose Deep AutoAugment (DeepAA), a
multi-layer data augmentation search method which aims
to remove the need of hand-crafted default transformations
(Figure 1(B)). DeepAA fully automates the data augmen-
tation by searching a deep data augmentation policy on an
expanded set of transformations that includes the widely
adopted search space as well as the default transformations
(flips, Cutout and pad-and-crop), leading to a total of 139 dif-
ferent transformations. DeepAA treats the training gradient
as a function of augmentation policy, and formulates data
augmentation search as maximizing the cosine similarity
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between training and validation gradients. The independent
sampling at each augmentation layer and the estimated mean
gradient of training data are implemented to speed up and
stabilize the data augmentation policy optimization.

We evaluate the performance of DeepAA on three datasets
CIFAR-10, CIFAR-100, and SVHN, and compare the results
with SOTA data augmentation search methods including Au-
toAugment (AA) (Cubuk et al., 2019), PBA (Ho et al., 2019),
Fast AutoAugment (FastAA) (Lim et al., 2019), DADA (Li
et al., 2020), and RandAugment (RA) (Cubuk et al., 2020).
Our results show that DeepAA achieves strong performance
on CIFAR-10, CIFAR-100, and SVHN with much less pol-
icy search cost compared to state-of-the-art automated data
augmentation methods.

2. Related Work
Automated Data Augmentation. Automating data aug-
mentation policy design has recently emerged as a promis-
ing paradigm for data augmentation. The pioneer work on
automated data augmentation was proposed in AutoAug-
ment (Cubuk et al., 2019), where the search is performed
under reinforcement learning framework. This method re-
quires to train the neural network repeatedly, which takes
thousands of GPU hours to converge. Subsequent works
(Lim et al., 2019; Li et al., 2020; Liu et al., 2021) aim at
reducing the computation cost. Fast AutoAugment (Lim
et al., 2019) treats data augmentation as inference time den-
sity matching which can be implemented efficiently with
Bayesian optimization. Differentiable Automatic Data Aug-
mentation (DADA) (Li et al., 2020) further reduces the com-
putation cost through a reparameterized Gumbel-softmax
distribution (Jang et al., 2017). To avoid relaxing categor-
ical distribution to Gumbel-softmax, Direct Differentiable
Augmentation Search (DDAS) (Liu et al., 2021) exploits
meta-learning with one step gradient update. RandAugment
(Cubuk et al., 2020) introduces a simplified search space
containing two interpretable hyperparameters, which can
be optimized simply by grid search. Although many auto-
mated data augmentation methods have been proposed, the
use of default augmentations still imposes strong domain
knowledge. DeepAA is proposed to address this constraint.

Gradient Direction Matching. Our work is also related
to gradient direction matching. Investigating gradient di-
rection of an individual training sample sheds lights on the
influence of such example on the final performance of mod-
els trained with stochastic gradient descent (Pruthi et al.,
2020; Hara et al., 2019). To utilize the gradient direction
to optimize data usage, DDS (Wang et al., 2020) uses the
gradient inner product as a reward to up-weight the data that
has similar gradient with the development set. A similar
approach was proposed in (Müller et al., 2021), which uses
the next batch as a cheap proxy of the development set and

proposes an efficient method to compute the example-wise
alignment. (Du et al., 2018) observes that the cosine simi-
larity between gradients of different tasks provides a signal
to detect whether an auxiliary loss is helpful to the main
loss. In this work, we propose to use the cosine similarity
between the augmented training data and validation data as
a reward signal to optimize the sampling probability of the
corresponding data augmentation transformations.

3. Deep AutoAugment
We first introduce the search space of the data augmentation
policy. We then formulate a new search strategy based on
gradient direction matching to search the data augmentation
policy in an unconstrained and efficient way.

3.1. Search Space

LetO = {o1, ..., oN} denote a set of N augmentation trans-
formations, where each transformation o : X → X trans-
forms an input image in the space X . To augment an image
x ∈ X , we apply K layers of transformations to the im-
age as x̃ = onK

◦ onK−1
◦ · · · ◦ on1

(x). In the kth layer,
the transformation onk

∈ O is sampled based on an N -
dimension categorical distribution pθk parameterized by θk,
where nk ∼ pθk . The data augmentation policy hence con-
sists of K categorical distributions P = {pθ1 , · · · , pθK}.

Following (Cubuk et al., 2019; 2020; Li et al., 2020; Liu
et al., 2021; LingChen et al., 2020; Müller & Hutter, 2021),
we discretize the magnitude of each transformation, and
treat transformations with different discretized magnitudes
as independent ones. Different from previous works, the
transformation set O contains not only the widely adopted
transformations (e.g., rotate, autoContrast) but also the ones
previously used as the default augmentations (flips, Cutout,
pad-and-crop). Moreover, instead of searching for a shallow
augmentation policy consisting of either one or two layers
of transformations, DeepAA searches for an augmentation
policy with deeper layers.

3.2. Search Strategy

3.2.1. AUGMENTATION POLICY SEARCH VIA GRADIENT
DIRECTION MATCHING

In DeepAA, we consider searching the data augmentation
policy as a problem of gradient direction matching be-
tween the validation data and the augmented training data.
The intuition behind this formulation is that an effective
data augmentation should preserve data distribution (Chen
et al., 2020) where the distribution of the augmented images
should align with the distribution of the validation set such
that the training gradient direction is close to the validation
gradient direction. Therefore, we propose to maximize the
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cosine similarity between the gradients of the validation
data and the augmented training data.

Specifically, let xt and Dv denote a single training sam-
ple and a batch of validation samples from the same class
respectively. Since we augment the training sample xt fol-
lowing the policy P parameterized by θ = {θ1, · · · , θk},
the training gradient g(θ) should also be a function of θ.
Let v denote the gradient over the validation samples. We
perform the data augmentation policy search by maximizing
the cosine similarity between the gradients of augmented
training data and validation data as follows:

θ = argmax
θ

cosineSimilarity(v, g(θ)) (1)

= argmax
θ

vT · g(θ)
‖v‖·‖g(θ)‖

where ‖·‖ denotes the L2-norm. The distribution parameters
can be optimized via gradient ascent:

θ ← θ + η∇θ cosineSimilarity(v, g(θ)) (2)

3.2.2. POLICY OPTIMIZATION FOR ONE LAYER

We start with the case where the data augmentation policy
only contains a single augmentation layer (i.e., P = {pθ}).

Let L(xt;w) denote the classification loss of data xt where
w ∈ Rp represents the weights of the neural network. Con-
sider applying augmentation on the training sample xt fol-
lowing the distribution pθ, the resulting training data gradi-
ent can be calculated analytically as

g(θ) =

N∑
n=1

pθ(n)∇wL(on(xt);w) (3)

= G · pθ

where G = [∇wL(o1(xt);w), · · · ,∇wL(oN (xt);w)] and
pθ = [pθ(1), · · · , pθ(N)]

T is the N -dimension Categorical
distribution. The gradient w.r.t. the cosine similarity in
Eqn. (2) can be derived as:

∇θ cosineSimilarity(v, g(θ)) = ∇θ(rT pθ), (4)

where

r = GT
(

v

‖g(θ)‖
− vT g(θ)

‖g(θ)‖2
· g(θ)

‖g(θ)‖

)
(5)

where the nth element of vector r can be interpreted as the
reward of the nth augmentation transformation on.

Given that Eqn. (5) can be implemented efficiently via
Jacobian-vector product by autodiff libraries such as Tensor-
Flow (Abadi et al., 2016).

3.2.3. POLICY OPTIMIZATION FOR MULTIPLE LAYERS

For augmentation layer k (k ≥ 2), it becomes impractical to
compute the training gradient g(θk) given that the number
of augmentation combinationsNk grows exponentially w.r.t.
k. To efficiently search the data augmentation policy, we
propose to independently sample a batch of L (L� Nk−1)
augmentation sequences following the distributions of the
previous k − 1 augmentation layers {pθ1 , · · · , pθk−1

}. We
obtain a batch of L augmented samples as

{x̃l|x̃l = onl
k−1
◦ · · · ◦ onl

1
(xt), (6)

nlk−1 ∼ pθk−1
, · · · , nl1 ∼ pθ1 , l = 1, 2, · · · , L}

Based on the augmented samples, we can estimate the train-
ing data gradient at layer k as

g̃(θk) = Gk · pθk (7)

where Gk is estimated via Monte Carlo average as

Gk =
1

L

L∑
l=1

[∇wL(o1(x̃l);w), · · · ,∇wL(oN (x̃l);w)]

(8)

Substituting the analytical solution g(θ) and G in Eqn. (5)
with the Monte Carlo average g̃(θk) and Gk, we obtain
r̃k as an estimate of r. We found that it helps to stabilize
the training by replacing r in Eqn. (4) with r̃k minus one
standard deviation of r̃k calculated from previous iterations,
as it reduces the reward that has large uncertainty.

4. Experiments and Results
In this section, we evaluate the performance of Deep Au-
toAugment (DeepAA) on CIFAR-10, CIFAR-100, and
SVHN datasets and compare the results with a baseline aug-
mentation method (flip left-right and random translations
(Cubuk et al., 2019; 2020)) as well as SOTA automated
data augmentation methods including AutoAugment (AA)
(Cubuk et al., 2019), PBA (Ho et al., 2019), Fast AutoAug-
ment (Fast AA) (Lim et al., 2019), DADA (Li et al., 2020),
and RandAugment (RA) (Cubuk et al., 2020).

We set up the search space to include K = 4 augmentation
layers, where each layer contains 15 transformations (iden-
tity, shear-x, shear-y, translate-x, translate-y, rotate, solarize,
equalize, color, posterize, contrast, brightness, sharpness,
autoContrast, invert) used in (Cubuk et al., 2019) as well as 3
additional transformations (flips, Cutout and pad-and-crop)
which were used as the default augmentations in previous
works (Cubuk et al., 2019; 2020; Lim et al., 2019; Li et al.,
2020; Liu et al., 2021; LingChen et al., 2020; Müller & Hut-
ter, 2021). Among the 15 transformations, there are 11 trans-
formations (shear-x, shear-y, translate-x, translate-y, rotate,
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Dataset Baseline AA PBA Fast AA DADA RA DeepAA

CIFAR-10 3.9 2.6 2.6 2.7 2.7 2.7 2.57 ± 0.15
CIFAR-100 18.8 17.1 16.7 17.3 17.5 16.7 16.30 ± 0.17
SVHN 1.5 1.1 1.1 1.2 1.2 1.0 1.13 ± 0.04

Table 1. Test error rates (%) on CIFAR-10, CIFAR-100, and SVHN for Wide-ResNet-28-10 model. The reported result is the average of 4
independent runs with 95% confidence interval.

Dataset Baseline AA PBA Fast AA DADA RA DeepAA

CIFAR-10 2.9 2.0 2.0 2.0 2.0 2.0 1.89 ± 0.12
CIFAR-100 17.1 14.3 15.3 14.9 15.3 - 14.81 ± 0.28

Table 2. Test error rates (%) on CIFAR-10, CIFAR-100 for Shake-Shake-2x96d model. The reported result is the average of 4 independent
runs with 95% confidence interval.

Dataset AA PBA Fast AA DADA RA DeepAA

CIFAR-10/100 5000 5 3.5 0.1 25 3
SVHN 1000 1 1.5 0.1 160 1.2

Table 3. Policy search time on CIFAR-10/100, and SVHN in GPU hours2.

solarize, color, posterize, contrast, brightness, sharpness)
associated with magnitude parameters. We then discretize
the range of magnitudes to 12 discrete levels and treat each
augmentation transform with these discrete magnitudes as
12 independent operators. For 7 transformations that do
not have maginitude (i.e., identity, equalize, autoContrast,
invert, flips, Cutout, and pad-and-crop), we treat each of
them as a single transformation. Therefore, we have a total
of N = 139 transformations in each augmentation layer.

4.1. CIFAR-10 and CIFAR-100

Policy Search. We followed (Cubuk et al., 2019) to search
for the best policy on the reduced CIFAR-10 dataset which
contains 4,000 randomly chosen examples. We use Wide-
ResNet-40-2 (Zagoruyko & Komodakis, 2016) as a proxy
model for computational efficiency, and train it on the re-
duced CIFAR-10 dataset for 50 epochs with the same pa-
rameters as in (Lim et al., 2019). We conduct the policy
search for 128 epochs at each augmentation layer.

Policy Evaluation. The augmentation policy found dur-
ing search is used to train Wide-ResNet-28-10 model
(Zagoruyko & Komodakis, 2016) on CIFAR-10 and CIFAR-
100 respectively. We use the SGD optimizer with Nesterov
momentum of 0.9. We set weight decay to 5e− 4 and batch
size to 128. We train Wide-ResNet-28-10 for 200 steps with
a learning rate of 0.1 and a cosine learning rate decay.

Results. In Table 1, we show the test error rates on Wide-
ResNet-28-10. As shown, DeepAA significantly improves
the performance of baseline and outperforms SOTA auto-

mated data augmentation methods on both CIFAR-10 and
CIFAR-100. In particular, we achieve a test error rate of
2.4% on CIFAR-10 and 16.3% on CIFAR-100, which is
0.2% and 0.4% better than the state-of-the-art (AA and RA)
with much less policy search cost (5,000 and 25 GPU hours
vs. 3 GPU hours).

4.2. SVHN

Policy Search. We search for the best policy on a subset of
2,000 images of SVHN core dataset. We use Wide-ResNet-
40-2 as a proxy model for computational efficiency, and train
it for 50 epochs with SGD optimizer, learning rate of 0.005,
1e− 3 weight decay and batch size of 128. We search for
the augmentation parameters using the same configuration
as CIFAR-10.

Policy Evaluation. The augmentation policy found during
the search is used to train Wide-ResNet-28-10 model on
SVHN. We train the model for 160 epochs with Nesterove
momentum 0.9, learning rate of 5e− 3, cosine learning rate
decay, weight decay of 1e− 3, and batch size of 128.

Results. In Table 1, we show the test error rates on Wide-
ResNet-28-10. As shown, DeepAA outperforms the base-
line and obtains competitive performance to other automated
data augmentation methods.

2The time for AA is measured using P100 GPU, PBA and
DADA are measured using Titan XP GPU, and FastAA and
DeepAA are measured using V100 GPU. Baseline is not included,
since it is manually designed. The time for RA is estimated on
V100 GPU for CIFAR and SVHN datasets.
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Figure 2. The distribution of augmentation transformations at each
layer of the policy for CIFAR-10/100. The probability of each
transformation (e.g., rotate) is summed up over all 12 discrete
intensity levels of the corresponding transformation.

4.3. Policy Search Efficiency

Table 3 compares the policy search time on CIFAR-10,
CIFAR-100, and SVHN in GPU hours. As shown, it only
takes DeepAA 3 GPU hours for the policy search on CIFAR-
10/100 and 1.2 GPU hours on SVHN, which are less than
both Fast AA and RA that are claimed to be two practical
automated data augmentation methods (Lim et al., 2019;
Cubuk et al., 2020).

4.4. Policy Visualization

In Figure 2 and Figure 3, we show one searched augmen-
tation policy for CIFAR-10/100 dataset. Figure 2 shows
the distribution of transformations at each layer of the aug-
mentation pipeline. As shown, the first layer contains a
diverse set of transformations; the second layer contains
primarily Cutout; the third layer is dominated by pad-and-
crop, Cutout and color; and the fourth layer is dominated by
flips, pad-and-crop, posterize and color. Figure 3 shows the
magnitudes of 11 transformations that have magnitude pa-
rameters (the transformations without magnitude parameters
(i.e., identity, autoContrast, invert, equalize, flips, Cutout
and pad-and-crop) are not shown). We observe that the
magnitudes of these transformations are high in the first
layer, while in the second to fourth layers, the magnitudes
of these transformations excluding solerize and posterize
are centered around zero. This indicates that the correspond-
ing transformations are close to the identity function. It
should be noted that the last three layers are dominated by
flips, pad-and-crop, and Cutout as observed in Figure 2, and
hence the augmentation pipeline does not collapse to the
identity function.

Figure 3. The distribution of discrete magnitudes of each augmen-
tation transformation in each layer of the policy for CIFAR-10/100.
The x-axis represents the discrete magnitudes and the y-axis rep-
resents the probability. The magnitude is discretized to 12 levels
with each transformation having its own range. A large abso-
lute value of the magnitude corresponds to high transformation
intensity. Note that we do not show identity, autoContrast, invert,
equalize, flips, Cutout and pad-and-crop because they do not have
intensity parameters.

5. Conclusion
In this work, we propose Deep AutoAugment (DeepAA),
a multi-layer data augmentation search method without us-
ing hand-picked transformations. DeepAA formulates data
augmentation search as a gradient direction matching objec-
tive between the validation data and the augmented training
data. The independent sampling at each layer and the esti-
mated mean gradient of training data are proposed to speed
up and stabilize the policy optimization. Our experiment
results show that DeepAA achieves state-of-the-art results
compared to other automated data augmentation methods.
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