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ABSTRACT

Dropout lacks success in Convolutional Neural Networks
(CNN) since the spatially correlated features still grant a
chance for rich information to flow through the network. Re-
cently, some structured dropout methods such as Cutout and
Dropblock have been proposed to resolve such an issue. How-
ever, the randomness behind such structured methods in de-
ciding mask positions risks the model’s capability of focus-
ing on non-trivial spatial contextual information. In addition,
fixed square masks breed the model’s inflexibility in deal-
ing with heterogeneous scales and shapes of objects. There-
fore, to enhance the effectiveness of structured dropout on
CNNs, we propose AttentionDrop that drops units intelli-
gently. To be more specific, AttentionDrop 1) firstly gener-
ates an adaptive mask on units of irregular regions in a fea-
ture map according to their activation values; 2) the gener-
ated adaptive mask is then optimized by a soft mask sampled
from a Bernoulli distribution. Experiments on CIFAR-10,
CIFAR-100 and SVHN datasets demonstrate AttentionDrop’s
competitive performance on image classification tasks com-
pared with state-of-the-art methods, yielding test accuracy of
96.37%, 78.60%, and 98.31% respectively.

Index Terms— Dropout, Attention, Adaptive, Regular-
ization, CNN, Classification

1. INTRODUCTION

Deep neural networks are widely used in the field of com-
puter vision. As a matter of fact, many state-of-the-art meth-
ods leverage CNNs for multifarious visual tasks, such as im-
age classification [1, 2], object detection [3] and semantic
segmentation [4, 5]. However, most prevalent models like
ResNet [6], Inception [7], and DenseNet [8] are inclined
to suffer from over-parameterization, thus giving rise to the
problem of overfitting. In this regard, regularization meth-
ods, such as weight decay and dropout [9], are harnessed to
alleviate the problem of overfitting.

To date, dropout [9] has been a commonly used regular-
ization method and proved to be effective for fully connected
layers of deep neural networks. However, it becomes less ef-
fective for CNNs due to the fact that features in CNNs are
correlated spatially [10]. As a result, to enhance the effec-
tiveness of dropout on CNNs, some variants of dropout like
Cutout [11], SpatialDropout [12], and DropBlock [10] have

been recently proposed. Cutout operates on the image level
by randomly masking square regions of input, while Spatial-
Dropout operates on the feature level where an entire channel
is dropped from a feature map. Recently proposed DropBlock
[10], a form of structured dropout, generalizes Cutout to every
feature map and obtains better performance.

Despite the performance gain of such regularization meth-
ods, they might perform unsatisfactorily for the following rea-
sons. First, they drop activation units randomly, thus ignoring
the spatial contextual information that might be indispens-
able; besides, considering various scales and shapes of ob-
jects, such methods are susceptible to limited flexibility with
fixed square masks. As shown in Figure 1, previous regular-
ization methods, including dropout [9] and DropBlock [10],
mask feature maps randomly. Therefore, when the mask cov-
ers the entire object, such methods might suffer from signif-
icant performance deterioration and thus make the network
difficult to train.
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Fig. 1. Masks of naive dropout [9], Dropblock [10] and At-
tentionDrop. In DropBlock, it sometimes backfires because
it drops overmuch non-trivial information in the feature map,
which makes the network fail to learn what a cat is when the
cat is completely ”dropped”. Naive dropout is rendered less
effective because the dropped information can still be restored
through surrounding features given the spatial correlation.

In order to address the above issues, we propose a novel
regularization method – AttentionDrop – by considering at-
tention information. Specifically, AttentionDrop 1) firstly
produces irregularly shaped adaptive masks according to the
activation values of units in a feature map; 2) a soft mask
sampled from a Bernoulli distribution is utilized to optimize



the original adaptive mask. The above two approaches are
combined together as AttentionDrop which is shown in Fig-
ure 2. Experiments show that feature maps are activated in a
better way by AttentionDrop, which indicates that the CNN
model with AttentionDrop takes into account a wider variety
of features rather than only the ones with high activation val-
ues when making predictions. In addition, the heat map of At-
tentionDrop masks the feature map with an object-like shape,
while that of Dropout and DropBlock just focus on random
regions.
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Fig. 2. The comparison among Dropout, DropBlock and At-
tentionDrop. The main object is marked by blue squares, and
Dropout operations are marked by red squares. (a) is the input
image; (b) is the standard Dropout; (c) is DropBlock; (d) is
AttentionDrop.

To the best of our knowledge, AttentionDrop is the first
regularization method that is capable of deciding the position
and shape of the mask adaptively and dropping with an atten-
tion mask. The two characteristics enable AttentionDrop to
adjust according to the activation values of a feature map. On
the one hand, AttentionDrop highlights the overall context in-
formation while retaining the main object in the feature map.
On the other hand, parameters for AttentionDrop does not re-
quire too much manual adjustment thanks to its intelligence
in choosing features.

Adding AttentionDrop to ResNet-18 [13], which is a
state-of-the-art classification model, brings an increase in per-
formance. To be more specific, the accuracy increases on
CIFAR-10, CIFAR-100 [1] and SVHN [14], are from 95.28%
to 96.37%, from 77.54% to 78.60% and from 97.40% to
98.31% respectively.

2. RELATED WORK

Regularization is critical for neural networks especially for
models with a large number of parameters. After Dropout [9]
opened the door to regularize model through simple “drop”
mechanism, a number of regularization approaches are pro-
posed such as DropPath [15], DropConnect [16], shake-shake
regularization [17], and ShakeDrop regularization [18], max-
out [19], StochasticDepth [20]. DropPath set some layers in
the neural network to zeros after training, rather than for a
specific neuron. DropConnect drops the connections of the
network instead of activations. Most of these methods insert
noise information to the existing neural networks, therefore,
they prevent the model from overfitting. Nonetheless, our
method AttentionDrop adds attention mechanism to extend
the existing dropout-based methods. Further experiments
demonstrate this attention feature is beneficial for model to
understand the image, thus, achieve a better performance.

3. METHODS

AttentionDrop is a simple but effective technique that orig-
inates intuitively from Dropout and DropBlock. As Drop-
Block, it drops contiguous regions from the feature map.
However, instead of dropping only regions with fixed shapes,
AttentionDrop drops regions based on the activations of the
input. Moreover, the original binary mask is substituted by a
soft mask.

Denoting the feature map of the current layer as F (n) and
that of the next layer as F (n+1), traditional dropout can be
described as

γij = Bernoulli(α) (1)

Mij =

{
0 γij = 1
1 γij = 0

(2)

F (n+1) =M � F (n) (3)

where γij is sampled from a Bernoulli distribution with the
dropout probability α ∈ (0, 1) and M is the generated mask.

3.1. Dropout with Adaptive Mask

We first propose a simple implementation of the adaptive
mask. Letting F (n)

top β denote the top βth percentile value in
F (n), we define the shape mask as

Sij = F
(n)
ij ≤ F

(n)
top β (4)

For example, when setting β to 20, the masked activation
units tend to cover a contiguous region, such as a dog’s head,
the frontier part of a plane, or a tree’s trunk. Therefore, we do
not need extra operations to connect the high activation units



in order to make masks contiguous. Then we compute the
AttentionDrop mask as

Mij =

{
Sij γ = 1
1 γ = 0

(5)

where γ is again sampled from a Bernoulli distribution as
above and M is the dropout mask with an adaptive shape.
This operation differs from the original dropout in that it con-
strains the region to a small portion of the feature map and
drops / keeps the units in the region altogether. It could be
interpreted as focusing all the attention on covering important
regions so that the irrelevant background is ignored by the
mask. With definite shapes and positions, dropout performs
more effectively through an adaptive mask.

3.2. Dropout with Soft Mask

Most Dropout techniques employ binary masks where acti-
vation units are either dropped or kept. In this section, we
explore a new way of dropout with masks consisting of soft
values between 1 and 0. In addition, as discussed before,
the mask should have preference for highly activated units.
Firstly, we normalize the current feature map through min-
max normalization as

F̂
(n)
ij =

F
(n)
ij − F

(n)
min

F
(n)
max − F (n)

min

(6)

Note that F̂ (n)
n naturally suffices for the above two properties:

soft value and attention mechanism. Normalized features in
a uniform range are critical for assigning appropriate weights
later. Then the soft mask Mij can be defined as

Sij = 1− F̂ (n)
ij (7)

Mij =

{
Sij γ = 1
1 γ = 0

(8)

Lastly, the factor 1/sum(M) applies appropriate scaling to
the adjustment for the varying range of valid (unmasked) in-
puts F (n)

n

F
(n)
n+1 =

F
(n)
n �M
sum(M)

(9)

As a result, soft maskMij allows features to be partially kept,
and thus is more flexible than the binary mask. Experiments
also substantiate the better effectiveness of the soft mask.

3.3. AttentionDrop

Combining the adaptive mask and soft mask together, the At-
tentionDrop algorithm can be described in Algorithm 1.

As we can see from Algorithm 1, AttentionDrop selects
well-learned features and drops them intelligently, in stark

Algorithm 1 The work flow of AttentionDrop.

Input: Current layer’s feature F (n)

Output: Next layer’s feature: F (n+1)

1: if phase == interface then
2: return F (n)

3: Normalize the current layer’s feature

F̂
(n)
ij ⇐

F
(n)
ij − F

(n)
min

F
(n)
max − F (n)

min

4: Get the top β activation from normalized feature map, to
localize the adaptive mask with irregular shape

F̂
(n)
ij ⇐ (F

(n)
ij ≥ F

(n)
top β)� F̂

(n)
ij

5: Get the attention weights Sij ⇐ 1− F̂ (n)
ij

6: For each element in feature map F (n), get an initial
dropout possibility γ = Bernoulli(α)

7: Get the AttentionDrop mask
8: if γ == 1 then
9: Mij = Sij

10: else
11: Mij = 1
12: Apply mask to the output feature and scale the output

F (n+1) ⇐ F (n) �M
sum(M)

13: return F (n+1)

contrast to the aimlessness of methods such as naive dropout
[9] and DropBlock [10]. After applying AttentionDrop to
F (n), the highly activated units in F (n) are dropped effec-
tively. Without the dropped information, the network is en-
couraged to focus more on complimentary and less prominent
features. Besides, with the attention mechanism, the model is
still capable of obtaining the information from the masked
features, because of the soft mask with attention mechanism
instead of a hard mask that comprises only 1 and 0.

Following [10], we gradually increase α. In our experi-
ments, we use a linear scheduler to increase the value of α
from 0 to 0.1.

We visualize the masks generated by Dropout, DropBlock
and AttentionDrop in Figure 3. We can see that the masks
generated by AttentionDrop shed light mostly on the regions
with rich semantic information instead of masking the entire
object, therefore maintaining sufficient features for the classi-
fication task. In addition, AttentionDrop also generates masks
effectively to remove maximally activated features and en-
courage the network to consider less prominent features.
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Fig. 3. Masks generated by Dropout, DropBlock and At-
tentionDrop. We randomly choose 9 masks generated by 3
dropout methods and visualize them through the illustration
of heat maps. It can be seen that the masks of Dropout and
DropBlock cover the images randomly, whereas the masks
of AttentionDrop cover semantic information more purpose-
fully. In fact, dropping out multiple randomly chosen sep-
arate regions is ineffective because the removed information
can be retrieved through nearby units, thus rendering Dropout
ineffective. In addition, DropBlock also risks network’s ca-
pability of learning from features since it allows a chance for
the entire object to be dropped. Nonetheless, AttentionDrop
drops semantic information effectively since the highly acti-
vated units usually cover the object partially, which compels
the model to reference global context features and learn repre-
sentations in a better way while still keeping the indispensable
features.

4. EXPERIMENTS

We apply three types of AttentionDrop: Dropout with
Adaptive Mask (AM), Dropout with Soft Mask (SM) and
Dropout with AttentionDrop (AD), to three general image
classification datasets – CIFAR-10, CIFAR-100 and SVHN.
All experiments are based on ResNet-18 model [13].

We normalize the datasets with per-channel mean and de-
viation. Standard data augmentation scheme is also incorpo-
rated. Images are first zero-padded with 4 units on each side
to obtain a 40×40 image, then a 32×32 cropped region is
randomly extracted. Additionally, images are also randomly
mirrored horizontally with 50% probability. The learning rate
is decayed by the factor of 1e-1 at 0.4, 0.6, 0.8 ratio of total
epochs. The model will automatically stop training when it
converges. All experiments are performed on a 1080Ti GPU.

4.1. CIFAR-10 and CIFAR-100

Both CIFAR datasets consist of 60,000 images with a shape
of 3×32×32 [1]. CIFAR-10 consists of 10 different classes,
such as dogs, cats, horses, and buses. CIFAR-100 includes

100 classes with much fewer pictures in each class. Thus, the
classification task on CIFAR-100 is far more exacting com-
pared to that on CIFAR-10 given its wide range of image
types and resemblance among classes. For example, on the
average, each class in CIFAR-10 contains around 5,000 im-
ages; however, in CIFAR-100, the quantity plunges to only
500. In our experiments, each dataset is split into a training
set with 50,000 images and a test set with 10,000 images.

We display the test accuracy of both datasets in Table 1
and the accuracy of CIFAR-100 during training in Figure 4.
We can see that all of the AttentionDrop models, which is
a combination of the adaptive mask and soft mask, outper-
form the state-of-art ones on the CIFAR-10 and CIFAR-100
datasets. In fact, an adaptive mask pinpoints the most non-
trivial units in a feature map, offering more inspirations upon
the mask position; the soft mask overshadows the hard mask,
enlightening the model about a more tactful way to drop the
units. Therefore, the combination of the two mechanisms
boosts the model to obtain the best results.

Table 1. Test accuracy of classification on CIFAR-10 and
CIFAR-100 test sets. The best results are highlighted in bold.
DropBlock is based on [10] and Cutout is based on [11]

Models CIFAR-10 (top-1) CIFAR-100 (top-1)
ResNet-18[11] 95.28±0.21 77.54±0.31
ResNet-18+Cutout[11] 96.01±0.13 78.04±0.24
ResNet-18+DropBlock 95.41±0.14 78.05±0.65
ResNet-18+AM 95.31±0.05 77.58±0.12
ResNet-18+SM 95.35±0.17 78.22±0.45
ResNet-18+AD 95.49±0.16 78.47±0.07
ResNet-18+AD+Cutout 96.37±0.09 78.60±0.16
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Fig. 4. Training accuracy of classification on CIFAR-100
training set. The models with AttentionDrop (AD) converge
to a higher accuracy during training than the ones with ei-
ther standard Dropout or DropBlock. In addition, they also
achieve a better performance than the ones with AM or SM
used alone.

4.2. SVHN

The Street View House Numbers (SVHN) [14] is a real-world
dataset consisting of 630,420 labeled digits captured from



street view images. The official dataset contains 73,257 train-
ing images and 26,032 test images, and there are also 531,131
additional training images available. We use both training sets
to train our models. The classification results are shown in
Table 2 and we also display the accuracy during training in
Figure 5. We can see that models with AttentionDrop again
achieves the best performance.

Table 2. Test accuracy of classification on SVHN test set.
The best results are highlighted in bold. DropBlock is based
on [10] and Cutout is based on [11]

Models SVHN (top-1)
ResNet-18[11] 97.40±0.12
ResNet-18+Cutout[11] 98.10±0.07
ResNet-18+DropBlock 97.90±0.15
ResNet-18+AM 98.16±0.05
ResNet-18+AD+Cutout 98.31±0.09
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Fig. 5. Training accuracy of classification on SVHN training
set. The models with AD converge to a higher accuracy than
that with either standard Dropout or DropBlock.

4.3. Analysis of Activations

In this part, we design several experiments to prove the effec-
tiveness of AttentionDrop in dropping semantic information
of feature maps.

First, we use class activation mapping (CAM) [21] to vi-
sualize the activation units of ResNet-18 [13] on images as
shown in Figure 6. We can see that the AttentionDrop model
is able to capture discriminative spatial information, and that
the feature map shape indicates a stronger correlation to the
object in the image. Hence, the AttentionDrop model demon-
strates strong competence in learning spatially distributed fea-
tures thanks to its adaptive dropout shapes and soft masks.

Additionally, in order to gain a better understanding of
the effect of AttentionDrop, we compare the average magni-
tude of feature activations in ResNet-18 on CIFAR-10 when
trained with and without AttentionDrop. The models were
trained on the same settings as illustrated in Section 4.1. We

quantify feature activations in different magnitude scales av-
eraged over 512 randomly sampled images. Specifically, to
scale the output of convolutional layers for comparison, we
choose the feature maps of Batch Normalization layers after
each convolutional layer as the activation units for visualiza-
tion. Besides, considering the predominant zero values of ac-
tivations resulting from the sparsity in deep learning model,
we eliminate the activations less than 0.02 for better illustra-
tion. The results are displayed in Figure 7. We observe that
the activations in the AttentionDrop model significantly out-
strip that in the DropBlock model, which thus demonstrates
that AttentionDrop manages to prompt the network to con-
sider a wider variety of features when making predictions.

5. CONCLUSION

In this paper, we propose an original dropout scheme – At-
tentionDrop, in order to make up for the deficiency of naive
dropout that usually employs hard masks and drops without
any priori knowledge. Specifically, AtentionDrop makes use
of the activation values in each feature map and generates soft
masks with adaptive shapes. Besides, it adjusts mask shapes
and mask weights during the process of training. We visualize
the masks and validate their better utilization of the contextual
information from the input image. Extensive classification
experiments are performed on different datasets using Atten-
tionDrop and indicate a pronounced gain in performance. We
believe that AttentionDrop possesses significant applicability
to other tasks like object detection, semantic segmentation,
and etc.
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