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ABSTRACT

The attention mechanism has been widely explored to con-

struct a long-range connection which is beyond the realm of

convolutions. The two groups of attention, unary and pair-

wise attention, seem like being incompatible as re and wa-

ter due to the completely different operations. In this paper,

we propose a Group Attention (GA) block to bridge the gap

between these two attentions and merely leverage unary at-

tention to lightweightly reach the effect of pairwise attention,

based on the implicit group clustering of light-weight CNNs.

Compared with the conventional pairwise attention, i.e, Non-

Local networks, our method artfully bypasses the burdensome

pixel-pair calculation to save a huge computational cost, that

is a big advantage of our work. Experiments on the task of im-

age classication demontrate the effectiveness and efciency

of our GA block to enhance the light-weight models. Code

will be released at https://github.com/ChiSuWq/GANet.

Index Terms— Non-Local networks, attention mecha-

nism, light-weight CNNs, image classication

1. INTRODUCTION

The attention mechanism manages to capture a long-range

connection between distant features which is beyond the

realm of conventional convolutions. Based on the attention

operation, this mechanism can fall into two groups: unary

attention and pairwise attention.

The unary attention[1, 2, 3, 4, 5] leverages the pooling

method and convolutions over channel or spatial dimension to

enlarge the receptive eld thus enable the interdependency of

features’ global information. Typical examples include SE[1]

and CBAM[2]. In general, an attention mask is required to

lightweightly recalibrate the original feature map for the sup-

pression of trivial features and highlight of informative ones.

The pairwise attention, whose representative work is Non-

Local networks, instead measures the pixel-to-pixel relation

and adaptively aggregates key pixels’ features into the query

one[6, 7, 8]. However, the calculation of the pixel-pair rela-

tion introduces a huge occupation of computational resources
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and GPU memory, resulting in the low efciency of Non-

Local Networks[8, 9].

However, due to the completely different processing of

these two attentions, they seem like being incompatible. Mo-

tivated by this observation, here comes to our idea: Is there

a way to bridge the gap between unary attention and pair-

wise attention, i.e., represent pairwise attention via unary

attention?

Thanks to the nature that the semantic entity is learned

in a group-wise form in image classication[10], which we

call ”implicit group clustering” and meanwhile the form of

clustering is unique for light-weight CNNs, we can bridge

the gap between unary and pairwise attentions specially. As

illustrated in Figure 1, although we query pixels about dif-

ferent apples which belong to the same semantic entity, the

returned attention map of Non-Local method is nearly iden-

tical, which indicates all the local apples are trying to do the

same thing: ”how to represent myself more like the concept

’apple’?”. Meanwhile, the concept is well described by the

global information of this semantic entity. The similar obser-

vation can be likewise found in the lamp from Figure 1. Ac-

cordingly, the pairwise attention for all these pixels is shared

in the group thus can be reached using simple unary attention.

Note that we argue that the clustering in Figure 1 is dedicated

for light-weight CNNs, for that the channels of these mod-

els are limited. Therefore, the learned group-wise entity is

coarse and comprises of more subtle sub-entities which could

only learned by the heavy networks, like ResNet[11].

Based on the above motivation, we propose our attention

block, named as Group Attention (GA) block, for our method

is implemented in a group-wise form. The GA block is com-

prised of two unary attention modules to enhance implicit

group clustering and reach pairwise attention, respectively.

Our GA block can be easily plugged into the existing light-

weight CNNs[12, 13, 14, 15], named GANet, to equip CNNs

with long-range connection.

The main contributions of our paper are as follows:

• We propose a Group Attention (GA) block for light-

weight networks, which bridges the gap between unary

and pairwise attention via implicit group clustering. To

the best of our knowledge, this is the rst work to real-

ize the compatibility of these two distinct attentions.
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Table 1. Comparisons with state-of-the-art attention modules on CIFAR100 and ImageNet.

CIFAR100 ImageNet

Backbone Param. MFLOPs Top-1 Acc Param. MFLOPs Top-1 Acc

Shufenetv2 1.43M 188.51 76.88% 2.28M 147.70 66.80%

SE-Shufenetv2[1] 1.65M 189.39 77.41% 2.47M 156.45 68.08%

CBAM-Shufenetv2[2] 1.58M 190.88 77.40% 2.47M 157.47 68.38%

SGE-Shufenetv2[10] 1.43M 189.17 78.02% 2.35M 156.33 67.33%

NL-Shufenetv2[6] 1.43M 259.28 77.56% 2.35M 192.78 67.26%

GNL-Shufenetv2 1.43M 259.28 78.22% 2.35M 192.78 68.11%

GA-Shufenetv2 1.48M 194.14 78.40% 2.39M 163.26 68.16%

As illustrated in Table 1, the pairwise attention GNL sur-

passes all the unary attention modules. It indicates that a

stronger long-range connection is modeled by pairwise atten-

tion than unary attention. Note that the NL module does not

come up to expectations. We conjecture that it’s because the

NL module measures the pairwise relation along the whole

channels which may entangle different semantic entities to

prevent the learning of each other’s pairwise attention, as sim-

ilarly mentioned in the recent work[7]. However, the perfor-

mance of pairwise attention is in a trade-off manner with a

non-negligible computational complexity. To be concrete, the

FLOPs of GNL-Shufenetv2 is 259.28Mwhile those of unary

attention networks are about 190M.

On the contrary, our GA-Shufenetv2 gives consideration

to both performance and complexity. While reaching simi-

lar Top-1 accuracy to GNL-Shufenetv2, our model’s param-

eters and FLOPs are on par with unary attentions. Based

on the above results, we demonstrate that the proposed GA

block lightweightly bridges the gap between unary attention

and pairwise attention.

Furthermore, we insert GA block into another lightweight

model, Shufenetv1[14]. The Top-1 accuracy of Shufenetv1

is 75.76%. Compared with SGE(76.74%), GA presents a

stronger performance(78.06%). It proves that our module is

not specially designed for Shufenetv2 but all the lightweight

models with a suitable channel number.

3.2. Experiments on ImageNet

The ImageNet 2012 dataset includes 1.28 million images for

training and 50k images for validation from 1,000 classes[19].

Like CIFAR100, we follow the standard training scheme[14]

while train 100 epochs using a cosine shape learning decay

with a learning rate from 0.1 to 0 and a batch size of 512.

As presented in Table 1, GA-Shufenetv2 also has a lead-

ing performance in ImageNet dataset. It indicates that our

module is not only dedicated to CIFAR100 but being gener-

alized in the task of image classication. Even though the

improvement from our GA block is close to those of SE and

CBAM, we argue that GA block is a spatial attention which

has no relation with channel attention. It means GANet could

be further promoted with orthogonal equipment of the other

Table 2. Performance on CIFAR100 test set for different

components of GA block. U4U and U4P refer to the unary at-

tention for unary relation and pairwise attention, respectively.

GANet -U4P -U4U -Normalize -GA

78.40% 78.10% 77.90% 77.86% 76.88%

attentions, like SE.

3.3. Ablation Study

In order to give more insights into each component of the pro-

posed module, here we perform a series of ablation studies on

CIFAR100 based on GA-Shufenetv2.

As elaborated in Sec. 2, GA block is comprised of two

unary attentions for unary relation (U4U) and pairwise re-

lation (U4P), respectively. To investigate the effect of each

component, we remove U4U and U4P from GANet, respec-

tively. Table 2 indicates that both unary relation and pairwise

relation are positive for the feature enhancement while the

integration of them, i.e., GANet, outperforms the separated

ones. We conjecture that in GA block, the unary relation rst

suppresses irrelevant noises in the given group. It reduces the

risk of mistaking trivial pixels as informative ones in the fol-

lowing pairwise relation stage, thus making this relation more

easily learned. What’s more, the normalization is proved to

be explicitly essential for GA block by a considerable margin

(78.40% vs 77.86%).

4. CONCLUSION

In this paper, we observe that the implicit group cluster-

ing of light-weight CNNs is unique and pixels belong to

the same group-wise entity share the Non-Local response.

Therefore, we propose a brand new attention block, Group

Attention(GA) block, which merely leverages the unary at-

tention to reach pairwise attention with saving a huge amount

of computational complexity. Experiments on image classi-

cation demonstrate the efciency and effectiveness of our

method.
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