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Abstract
We propose an end-to-end-trainable feature aug-
mentation module built for image classification that
extracts and exploits multi-view local features to
boost model performance. Different from using
global average pooling (GAP) to extract vectorized
features from only the global view, we propose
to sample and ensemble diverse multi-view local
features to improve model robustness. To sample
class-representative local features, we incorporate
a simple auxiliary classifier head (comprising only
one 1×1 convolutional layer) which efficiently and
adaptively attends to class-discriminative local re-
gions of feature maps via our proposed AdaCAM
(Adaptive Class Activation Mapping). Extensive
experiments demonstrate consistent and noticeable
performance gains achieved by our multi-view fea-
ture augmentation module.

1 Introduction
Progresses of image classification were dramatically pro-
moted by deep convolutional neural networks. NIN [Lin et
al., 2013] for the first time replaced traditional flattening-
based fully-connected (FC) layers with global average pool-
ing (GAP), which reduces model size and enables input im-
ages of arbitrary size. Since then, GAP is widely used in
combination with more complex convolutional backbones.
GoogLeNet [Szegedy et al., 2015] extracts and fuses multi-
scale convolutional features to enrich feature representation.
ResNet [He et al., 2016] introduces residual learning to fa-
cilitate optimization of deep networks, improving model per-
formance noticeably. Later on, more variants and derivatives
of ResNet are proposed to make further improvements by in-
creasing network width [Zagoruyko and Komodakis, 2016],
adopting multi-path group convolution [Xie et al., 2017], ex-
tending skip connection to dense connections [Huang et al.,
2017], and introducing attention mechanism [Wang et al.,
2017; Zhang et al., 2020]. Besides, networks were also spe-
cially designed for lightweight deployment by using more ef-
ficient convolution or convolutional blocks [Howard et al.,
2017; Iandola et al., 2016]. However, all these advanced

∗Contact Author

te
nc

h
E

ng
lis

h 
sp

ri
ng

er
go

lf 
ba

ll

Figure 1: Example images of “tench”, “English springer”, “golf
ball” categories in ImageNet dataset. Even for images of the same
class, the class-related objects, which we annotate with red boxes,
vary a lot in scale. We consider that for an image with a small scale
of class-related object, the final image representation extracted by
global average pooling (GAP) could be corrupted by class-irrelevant
background features, and thus is less representative of the corre-
sponding class. This motivates us to attend to local region of class-
related object and extract more class-representative image represen-
tations by sampling local features around the attended region.

deep models only focus on delicate design of convolutional
backbone networks, the common ground is applying GAP to
obtain vectorized features which are then fed to a linear clas-
sifier head for final classification. Though effective and effi-
cient, GAP extracts vectorized image representations simply
by averaging cross the entire feature maps. In this way, the
extracted image representations could be corrupted by back-
ground elements for images where the class-related object
takes up only a fraction of the image. As Figure 1 displays,
even for images of the same class, the scale of class-related
object varies a lot in ImageNet dataset. For images with a
small scale of class-related object, GAP easily extracts image
representations that bias towards features of the background
or class-irrelevant objects, making the input features to the
subsequent linear classifier head less class-representative.

Based on this motivation, we replace GAP with a multi-
view feature augmentation module (MV-FeaAug), which
learns to locate region of class-related object on the final con-
volutional feature maps, and extracts multi-view image rep-
resentations by sampling diverse local features around the
attended class-discriminative region. The extracted multi-
view local representations more precisely represent the class-
related object of the image from diverse views, the ensemble
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Figure 2: Comparison between the image classification architecture
with the general GAP (left) and our MV-FeaAug module (right). We
sample diverse local features around the class-discriminative region
of the final convolutional feature maps as multi-view local image
representations for ensembled classification, as compared with GAP
that extracts only global-view image representation.

of the predictions to all these representations are used as the
final prediction of the entire image. Comparison between the
image classification architecture with the general GAP and
our MV-FeaAug counterpart is illustrated in Figure 2.

Apart from network architecture design, data augmenta-
tion, which acts as a regularizer to reduce overfitting, is also
important for image classification. In addition to the basic
position and color transformations, some advanced methods
were proposed in recent years. Mixup [Zhang et al., 2017]
blends two images and their corresponding labels with a ran-
dom proportion as training samples. Cutout [DeVries and
Taylor, 2017] randomly removes a rectangular patch from
images to guide the network to learn from local views. Cut-
Mix [Yun et al., 2019] randomly cuts and pastes rectangular
patches among training images with their corresponding la-
bels mixed up in proportion to patch area. Our method shares
similar spirit in expanding training samples with these meth-
ods. But instead of image-level augmentation, our method
extracts diverse multi-view local representations at feature
space as augmented samples for subsequent classifier head,
for which we call feature augmentation. Besides, our method
takes full advantage of the augmented features at inference
time by ensembling predictions to all the multi-view features,
while such ensemble prediction property is not available for
the above-mentioned data augmentation methods.

Our method also relates to “visual explanation” of CNN
models. Efforts have been made to visualize the evidence
of class predictions made by CNN. CAM [Zhou et al.,
2016] produces class activation maps that highlight class-
discriminative regions of images with GAP and a single-layer
classifier head. Grad-CAM [Selvaraju et al., 2017] extends
such object localization ability to arbitrary CNN architectures
by computing gradients of the logits with respect to interme-
diate feature maps. However, both CAM and Grad-CAM op-
erate in a way of postprocessing since they require extraction
(or computation) of weights (or gradients) associated to the
target-class logit. Moreover, the attention maps produced by
these two methods are conditioned on the ground truth label,
which is not flexible in cases when the target image label is
unknown. In this work, we propose AdaCAM that adaptively

…
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Figure 3: Adaptive class activation mapping (AdaCAM). We replace
the traditional classifier head made up of [GAP→MLP→Softmax]
with [MLPConv→GAP→Softmax] (MLPConv comprises consec-
utive Conv1×1 layers joined by non-linear activations) to maintain
spatial resolution of feature maps. The AdaCAM is obtained by per-
forming channel-wise weighted sum of the last convolutional feature
maps with respect to the softmax logit vector.

generates attention maps with simply a forward pass of the
network without conditioning on the class label. The pro-
duced attention maps provide cues to sample diverse class-
representative local features for feature augmentation.

Another topic related to our method is attention mecha-
nism, which has been widely applied to image classifica-
tion recently. SENet [Hu et al., 2018] built a Squeeze-and-
Excitation module to selectively enhance or depress features
in channel dimension. CBAM [Woo et al., 2018] sequen-
tially stacked two modules for channel-wise and spatial atten-
tions respectively. SKNet [Li et al., 2019] proposed a multi-
branch attention module for adaptive convolution kernel size
selection. GCNet [Cao et al., 2019] improved model perfor-
mance by designing an efficient self-attention block that cap-
tures global context information. All these methods increase
model size for incorporating additional attention modules. By
contrast, our method also introduces attention mechanism by
locating class-discriminative regions via AdaCAM, however,
all the extra cost is an auxiliary classifier head comprised of
only one 1×1 convolutional (Conv1×1) layer. Furthermore,
we demonstrate that a classification network with a deeper
CNN backbone could be surpassed by a network with a shal-
lower backbone combined with our MV-FeaAug module.

2 Method
In this section, we firstly describe our method for efficiently
producing label-independent attention maps, i.e., adaptive
class activation mapping (AdaCAM), and then elaborate on
the complete architecture of our MV-FeaAug module.

2.1 Adaptive Class Activation Mapping
We start with a brief introduction of CAM and Grad-CAM
for completeness and ease of comparison.

CAM uses GAP and a single-FC-layer classifier head to
produce class activation maps. Supposing the output fea-
ture maps of the CNN backbone are {Fk}Kk=1, where Fk is
the k-th channel, and {uk}Kk=1 are the units after GAP, i.e.,
uk = 1

HW

∑
x,y Fk(x, y), where H and W denote the height

and width of feature maps. The class activation map for class
c is Ac =

∑
k w

c
kFk, where wc

k is the weight of the subse-
quent FC layer that corresponds to class c for unit uk. The
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Figure 4: Overview of MV-FeaAug. We concurrently train an auxiliary classifier head comprised of only one 1×1 convolutional layer
for dynamic generation of AdaCAM, based on which we sample multiple local representations on the final convolutional feature maps as
multi-view inputs to the main classifier head. The main classifier head comprises (but not restricted to) a single fully-connected layer.

limitation of CAM is threefold: (i) it is less efficient for the
need of extracting intermediate weights of the model; (ii) it
is limited to single-layer classifier head, and thus may com-
promise classification performance as compared with MLP
classifier head; (iii) it is conditioned on the ground truth la-
bel, which may not be known in practical applications.

Grad-CAM addresses the second limitation of CAM by
backpropagating gradients with respect to convolutional fea-
ture maps. Specifically, the class activation maps for class c
is Ac =

∑
k α

c
kFk, in which αc

k is the gradient of f c, the
logit (before softmax) of class c, with respect to Fk, i.e.,
αc
k = 1

HW

∑
x,y ∂f

c
/
∂Fk(x, y). However, Grad-CAM is

still not efficient for the need of gradient computation, and
also relies on the specific class label.

A key ingredient of our MV-FeaAug module is to employ
class activation maps to highlight class-related regions for lo-
cal features sampling, for which a good method to produce
such attention maps should follow two criteria: (i) the genera-
tion process is simple and efficient; (ii) the generation process
is independent of class label, since the ground truth labels are
not given at inference time. Both CAM and Grad-CAM fail to
satisfy these two conditions, for which we propose AdaCAM
to meet the requirements.

AdaCAM aims to directly synthesize class activation maps
in a feed-forward pass without conditioning on target labels.
This functionality is achieved with only a slight modifica-
tion of the classifier head. As illustrated in Figure 2, af-
ter feature extraction of CNN backbone, we alter the tradi-
tional classifier head structure of [GAP→MLP→ Softmax]
into [MLPConv→GAP→Softmax], where MLPConv refers
to consecutive Conv1×1 layers joined by non-linear activa-
tions. The Conv1×1 layers are essentially equivalent to FC
layers, but have the advantage of maintaining spatial reso-
lution of feature maps. The output of MLPConv is feature
maps {Gc}Cc=1 with its channel number equalling the num-
ber of classes C, i.e., {Gc}Cc=1=MLPConv({Fk}Kk=1), where
Gc represents the c-th channel. Then GAP and softmax op-
erations are employed to obtain the final softmax logit vector
f , i.e., f=Softmax(GAP({Gc}Cc=1)), the objective is to mini-
mize the cross-entropy between f and the one-hot label vector
y. This architecture is equivalent to traditional MLP classifier
head since MLPConv shares the same parameter space with

MLP. The advantage is the efficiency in obtaining class ac-
tivation maps: for an image of class c′, the corresponding
class activation map Ac′ is exactly Gc′ , the c′-th channel of
the MLPConv output (we prove this in supplementary ma-
terials). To further make the attention map independent of
class label, we perform weighted sum on {Gc}Cc=1 with re-
spect to the softmax logit vector f as an approximation, i.e.,
A =

∑C
i=1Gifi, where fi is the i-th element of f . Actually,

A is very close to Ac′ since softmax operation exponentially
widens the gap between elements of the logit vector.

In this work, we build a separate auxiliary classifier head
tailored for AdaCAM to provide attention maps for the main
classifier head. Since the auxiliary classifier is not necessarily
to be sufficiently accurate, we use only one Conv1×1 layer in
the MLPConv part to reduce additional overhead.

2.2 Multi-view Feature Augmentation
The overall architecture of MV-FeaAug is illustrated in Fig-
ure 4. An auxiliary classifier head is built on top of F =

{Fk}Kk=1, the final feature maps of CNN backbone, to dy-
namically generate AdaCAM attention maps, based on which
we sample multi-view local representations from F as input
to the main classifier head. The final prediction at inference
time is the ensemble of the predictions made by the main clas-
sifier head to all the sampled multi-view representations.

In the auxiliary classifier part, we first use a MLPConv
network comprised of a single Conv1×1 layer to reduce
the depth of feature maps to the class number C, i.e.,
G = {Gc}Cc=1=Conv1×1(F), then the softmax logit vec-
tor f is obtained after GAP and softmax operations, i.e.,
f=Softmax(GAP(G)), the objective function is the cross-
entropy between f and the one-hot label vector y:

Lglobal = −
∑C

i=1
yilog(fi), (1)

where yi and fi are the i-th element of y and f respectively.
We call this global loss as our auxiliary classifier considers
only the global view of image features by using GAP. The
minimization of the global loss endows the auxiliary classi-
fier head object localization ability, which allows for dynamic
generation of AdaCAM attention map A:

A =
∑C

i=1
Gifi. (2)
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The attention map A shares the same spatial size as feature
maps F, and highlights class-discriminative local regions of
the image. The pixel intensity of A reflects the correlation of
each location with the corresponding image class. Therefore,
we select top K locations with the largest pixel values from
A as anchor points, around which we sample multiple local
regions from F for feature augmentation. Let V be the set of
anchor points for an input image, S be an ordered list of the
pixel coordinates of A:

S = {(xi, yi)|i = 1, 2, ...,HW,

A(x1, y1) ≥ A(x2, y2) ≥ ... ≥ A(xHW , yHW )}, (3)

where H and W denote the height and width of A, then the
anchor set V is the top K subset of S:

V = {(xi, yi)|(xi, yi) ∈ S, i = 1, 2, ...,K}. (4)

The number of anchor points K for each input image is a
hyper-parameter of the model. Each anchor point in V serves
as a centroid around which we crop R multi-scale square re-
gions on F for feature augmentation. For feature maps F
with spatial size H × W , we pre-define a region size list
LR = [r1, r2, ..., rR], in which ri (odd number) denotes the
length of the side of the i-th square region to be cropped
around each anchor point in V . Specifically, given a centroid
(xc, yc) ∈ V and a region length r ∈ LR, the square region to
be cropped on F is determined by the coordinates of the top-
left corner (xtl, ytl) and the bottom-right corner (xbr, ybr):

xtl = max(xc − (r − 1)/2, 0)
ytl = max(yc − (r − 1)/2, 0)
xbr = min(xc + (r − 1)/2,W − 1)
ybr = min(yc + (r − 1)/2, H − 1).

(5)

The length and the elements of LR are also hyper-parameters
of our method. The purpose of sampling multi-scale local
regions is to (i) capture class-related objects with different
and varying spatial sizes, (ii) further increase the number of
the augmented features to reduce overfitting, (iii) extract fea-
tures of the class-related objects from more views to improve
classification robustness. In this way, there are K × R lo-
cal feature maps cropped out from F for each input image,
to which average pooling is applied separately, yielding the
augmented vectorized features {ai}K×Ri=1 as multi-view in-
puts to the main classifier head, as compared with the tra-
ditional single-view input GAP(F). Like most classic net-
works [He et al., 2016; Szegedy et al., 2015; Xie et al., 2017;
Howard et al., 2017], the main classifier head comprises a
single FC layer that converts the vectorized features into logit
vectors {gi}K×Ri=1 , i.e., {gi}K×Ri=1 =FC({ai}K×Ri=1 ), after which
softmax is applied to obtain probability distribution vectors
{si}K×Ri=1 , i.e., {si}K×Ri=1 =Softmax({gi}K×Ri=1 ). All the aug-
mented multi-view features are classified to the correspond-
ing image-level label by minimizing the cross-entropy be-
tween {si}K×Ri=1 and the one-hot label vector y:

Llocal = −
∑K×R

i=1

∑C

c=1
yclog(si,c), (6)

where yc and si,c are the c-th element of y and si respectively.
We call this local loss as the inputs to the main classifier head

are multi-view local features. The total loss function is the
combination of the global loss and the local loss:

Ltotal = Lglobal + Llocal. (7)

We find that the final classification performance is not sen-
sitive to tuning the weights of Lglobal and Llocal in Eq. 7, and
thus assign equal weights for the two loss functions.

At inference time, the final prediction of the image is the
ensembled result of the predictions to all the augmented fea-
tures, i.e., the predicted class label p is:

p = argmax
c

(
∑K×R

i=1
gi,c). (8)

For computational efficiency, the inputs of the entire model
is actually a mini-batch of N images, the complete loss func-
tion including the batch dimension is as below:

Ltotal =−
1

N

∑N

n=1

∑C

c=1
y(n)c log(f (n)c )

− 1

N

∑N

n=1

∑K×R

i=1

∑C

c=1
y(n)c log(s

(n)
i,c ),

(9)

in which the superscript (n) indicates the n-th image sample
in a mini-batch. Last but not least, our MV-FeaAug mod-
ule has no restriction on the main classifier head. Besides
single-layer softmax classifier, the main classifier head could
be more complex one with multiple hidden layers, or more
robust one like prototype classifier [Yang et al., 2018], we
demonstrate this in supplementary materials.

3 Experiments
3.1 Experiment Setup
We evaluate our method on the following object, scene,
and action classification datasets: Caltech101, Imagenette,
Corel5k, Scene15, MIT Indoor67, Stanford Action40, UIUC
Event8, UCMLU, RSSCN7, and AID. The details of these
datasets are described in supplementary materials. All the
images of these datasets are resized to 224×224. We ver-
ify the effectiveness of our MV-FeaAug module by applying
it to networks with different CNN backbones. For all CNN
backbones, the resolution of the output feature maps is kept
to be 14×14, upon which we sample 3×3, 5×5, 7×7, and
9×9 multi-scale local features around each anchor point, i.e.,
we set LR = [3, 5, 7, 9]. In all experiments, we use the Adam
optimizer with β1 = 0.9 and β2 = 0.999. The initial learning
rate is lr = 0.0001, the batch size is N = 64. We only use
very simple data augmentation techniques by firstly flipping
images horizontally with 0.5 probability, and then enlarging
images to 256×256 followed by randomly cropping back to
224×224. Our model is implemented with TensorFlow and
run on a single GeForce GTX 1080 Ti GPU.

3.2 Experiment Results
Firstly, we visually demonstrate that our proposed AdaCAM
possesses comparable object localization ability as CAM. To
this end, we train a network with a structure of [VGG16
backbone→GAP→single FC layer] to generate CAM; and
train another network of [VGG16 backbone→single Conv1×1
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Figure 5: Visual comparison between CAM and our AdaCAM (eval-
uated on Imagenette validation set) in object localization. Refer to
supplementary materials for more results.

layer→GAP] to synthesize AdaCAM. As shown in Figure 5,
though generated efficiently in a feed-forward manner and in-
dependently of class label, the attention maps obtained by our
AdaCAM are very close to that of CAM.

We incorporate our MV-FeaAug module to different CNN
backbones as a substitute of GAP and achieve consistent and
noticeable performance gains. The chosen CNN backbones
are VGG16 [Simonyan and Zisserman, 2014], ResNet50 [He
et al., 2016], ResNeXt50 [Xie et al., 2017], and MobileNet
[Howard et al., 2017]. For 224×224 input images, the output
of VGG16 backbone is 14×14 feature maps, upon which we
respectively apply GAP and our MV-FeaAug (MFA) mod-
ule, yielding VGG16 GAP and VGG16 MFA respectively.
For ResNet50, ResNeXt50, and MobileNet backbones that
contain 5 convolutional stages, the output feature maps are
of 7×7 spatial size. We firstly build GAP-based models
by applying GAP over them, leading to ResNet50 GAP,
ResNeXt50 GAP, and MobileNet GAP. For evaluation of
MV-FeaAug, since 7×7 resolution is too small to sample
sufficient multi-view local features, we remove the last con-
volutional stage of these backbones, yielding the truncated
counterparts ResNet41, ResNeXt41, and MobileNet24 that
have 14×14 output feature maps, upon which we apply MV-
FeaAug module to build ResNet41 MFA, ResNeXt41 MFA,

Figure 6: Learning curves comparison between GAP and MV-
FeaAug on different datasets. A validation accuracy (Val Acc) is
evaluated after every 100 training iterations. The used CNN back-
bone is VGG16. Refer to supplementary materials for more results.

and MobileNet24 MFA respectively. For fair comparison
between GAP and MV-FeaAug under the same backbones,
we also build ResNet41 GAP, ResNeXt41 GAP, and Mo-
bileNet24 GAP by applying GAP over the truncated back-
bones. We set K = 50 and LR = [3, 5, 7, 9] in our MV-
FeaAug module. The used classifier head of all the built mod-
els in this section is a simple single-FC-layer softmax classi-
fier, though it is demonstrated in supplementary materials that
our module also brings impressive performance gains in the
case of more complex classifier head.

We train 20k iterations on Imagenette, Caltech101, AID,
and Corel5k, 10k iterations on Scene15, Event8, and
RSSCN7, 15k iterations on UCMLU, 30k iterations on Ac-
tion40, and 40k iterations on Indoor67, making sure that
learning converges on all datasets. The validation accura-
cies achieved by different models on different datasets are re-
ported in Table 1. It is shown that under the same CNN back-
bone, image classification performance could be improved by
a noticeable margin by substituting our MV-FeaAug mod-
ule for GAP. Furthermore, we demonstrate that GAP based
models with a deeper CNN backbone could be surpassed

Model Datasets
Imagenette Caltech101 Corel5k Scene15 Indoor67 Action40 Event8 UCMLU RSSCN7 AID

VGG16 GAP 82.04% 70.42% 54.31% 80.86% 68.25% 52.19% 80.00% 90.95% 91.25% 87.61%
VGG16 MFA 88.45% 76.05% 70.74% 85.53% 75.27% 60.36% 85.75% 96.67% 95.29% 94.55%

ResNet50 GAP 83.66% 71.84% 54.55% 81.41% 70.14% 53.43% 81.08% 91.67% 91.43% 89.48%
ResNet41 GAP 82.47% 70.75% 52.72% 80.17% 68.90% 52.56% 79.88% 90.58% 90.54% 88.31%
ResNet41 MFA 88.60% 76.19% 69.84% 85.00% 75.59% 60.61% 85.25% 96.43% 94.71% 94.89%

ResNeXt50 GAP 84.10% 72.65% 56.20% 83.18% 71.26% 54.71% 82.95% 92.65% 92.32% 90.24%
ResNeXt41 GAP 82.79% 71.54% 55.66% 81.84% 69.95% 53.50% 81.89% 91.79% 91.18% 88.96%
ResNeXt41 MFA 88.86% 76.78% 71.48% 86.29% 76.38% 61.77% 87.14% 97.31% 95.14% 95.29%
MobileNet GAP 81.26% 70.26% 53.86% 80.24% 67.79% 52.48% 80.50% 90.24% 90.54% 86.87%

MobileNet24 GAP 80.60% 69.78% 51.77% 79.34% 66.96% 51.73% 79.25% 89.37% 89.61% 86.04%
MobileNet24 MFA 87.55% 75.74% 69.31% 84.97% 74.53% 59.95% 84.75% 95.48% 93.82% 93.52%

Table 1: Comparison between GAP and our MV-FeaAug (MFA) module with K = 50 in validation accuracy based on different CNN
backbones. Our MV-FeaAug impressively boosts model performance with simply one more Conv1×1 layer than GAP-based counterpart.
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Model Datasets Backbone
ParametersCaltech101 AID Indoor67

VGG16 GAP 70.42% 87.61% 68.25% 14.03M
VGG16 SE GAP 70.96% 88.44% 68.75% 14.18M

VGG16 CBAM GAP 71.53% 89.37% 69.24% 14.61M
VGG16 SK GAP 71.25% 89.63% 69.08% 19.55M
VGG16 GC GAP 71.87% 90.04% 69.51% 14.76M

VGG16 mixup GAP 71.55% 89.50% 69.67% 14.03M
VGG16 cutout GAP 70.90% 88.25% 69.14% 14.03M
VGG16 cutmix GAP 72.10% 90.16% 70.03% 14.03M
VGG16 MFA (ours) 76.05% 94.55% 75.27% 14.03M

Table 2: Comparison of our MV-FeaAug (MFA) with related visual
attention modules and data augmentation methods in validation ac-
curacy. We use VGG16 backbone for all the related methods, and
set K = 50, LR = [3, 5, 7, 9] in our MV-FeaAug module.

Datasets GAP MV-FeaAug
K=20 K=30 K=40 K=50 K=60

Imagenette 82.04% 86.27% 87.62% 88.13% 88.45% 88.72%
Indoor67 68.25% 73.51% 74.34% 74.89% 75.27% 75.55%
Action40 53.21% 58.24% 59.36% 59.98% 60.36% 60.68%
UCMLU 90.95% 94.52% 95.33% 96.02% 96.67% 97.05%

Table 3: Study of the impact of K to validation accuracy on different
datasets. The backbone network is VGG16.

by our MV-FeaAug based models with a truncated shal-
lower backbone, which shows potential value of our method
in model compression. Learning curves of VGG16 GAP
and VGG16 MFA evaluated on the validation set of differ-
ent datasets are shown in Figure 6, our MV-FeaAug module
boosts performance consistently on different datasets.

Since our method relates to both attention mechanism
and data augmentation, we quantitatively compare our MV-
FeaAug with methods of both two fields. Based on VGG16
backbone, we separately attach a SE block [Hu et al., 2018],
a CBAM block [Woo et al., 2018], a GC block [Cao et al.,
2019] to the end of each convolutional stage of VGG16
backbone, introducing channel-wise attention, channel-wise
and spatial attention, global context self-attention to the net-
work respectively, yielding VGG16 SE, VGG16 CBAM, and
VGG16 GC backbones. Besides, we replace the last convo-
lutional layer of each convolutional stage of VGG16 back-
bone with a SK block [Li et al., 2019] that combines channel-
wise attention with dynamic kernel-size selection, yielding
VGG16 SK backbone. For SE block, CBAM block, and
SK block, we set the reduction ratio r = 2. As shown in
Table 2, though injecting these attention modules can im-
prove model performance as compared to the baseline model
VGG16 GAP, the effects are very limited compared with our
MV-FeaAug module (i.e., VGG16 MFA), which could be
due to that our method (i) explicitly attends to class-related
local features; (ii) augments training samples at feature space
by sampling diverse multi-view features, while the compared
attention modules do not possess such object localization and
data augmentation abilities. Moreover, adding these attention
modules increase backbone network parameters, while our
method improves performance remarkably without enlarging
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Figure 7: Visualization of the top-1 and top-10 local regions that
correspond to local features with the highest prediction confidence
of the corresponding image class. Please zoom in for better resolu-
tion and refer to supplementary materials for more results.

backbone network. In addition, as Table 2 shows, our method
also noticeably surpasses classic image-level data augmenta-
tion methods, e.g., Mixup [Zhang et al., 2017], Cutout [De-
Vries and Taylor, 2017], and CutMix [Yun et al., 2019] (we
set αmixup=0.2 and mask size to be 56×56 in these meth-
ods), since the augmented multi-view features in our module
collaboratively contribute to the final prediction of the image,
while these methods do not involve such ensemble learning
functionality. Ablation study of the contributing factors of our
MV-FeaAug module to classification performance is demon-
strated in supplementary materials.

We also explore the influence of K to classification per-
formance based on VGG16 MFA model. Results in Table 3
shows that validation accuracy improves with the increase of
K, indicating that sufficient number of the augmented multi-
view features is important to model performance.

Based on VGG16 MFA, we select from all the sampled
K × R multi-view local regions top-k ones that correspond
to local features with the highest prediction confidence of the
corresponding image class in the main classifier head, and
map these top-k regions from feature scale to image scale
as visualization of our MV-FeaAug. Results of top-1 and
top-10 local regions evaluated on images of the Imagenette
validation set are shown in Figure 7, we see that the aug-
mented multi-view local features correspond to the selected
local regions that basically gather around the image-class-
related objects, which demonstrates the effectiveness of our
method in extracting rich class-related local features as a kind
of attention-based feature-level data augmentation.

4 Conclusion
This paper proposes MV-FeaAug module that performs
feature-level data augmentation by sampling multi-view
class-related local features with our proposed AdaCAM.
By virtue of feature augmentation and multi-view ensemble
learning, our module boosts image classification performance
noticeably. In future work, we will explore the potential of
our method in other learning tasks such as few-shot learning.
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