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Abstract
Fusion of the extracted high-order features by capturing complex correlation between
features to obtain a better representation performs well in visual tasks. As a simple
and effective high-order feature interaction representation, the bilinear representation has
achieved remarkable results in many visual tasks: fine-grained image classification, semantic segmentation and so on. However, bilinear pooling has not been widely used due
to the bilinear representation up to hundreds of thousands or even millions of dimensions. In this paper, we propose grouping bilinear pooling (GBP) that the representation
captured by GBP can achieve the same effect with less than 0.4% parameters compare
with full bilinear representation. This extreme compact representation largely overcomes
the high redundancy of the full bilinear representation, the computational cost and storage consumption. It can be used as a plug-and-play module with convenient operation.
Comparing with other state-of-the-art approaches, it achieves competitive performance.
The effectiveness of the proposed GBP is proved by experiments on the widely used
fine-grained recognition datasets.
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Introduction

Convolutional neural network (CNN) has been widely used in various computer vision tasks
such as image classification [18, 31], object detection [24, 29] and semantic segmentation [2, 30]. The key is that CNN can extract rich semantic features through the stacked
convolutional layers and the elaborate design of structure. To make better use of the extracted semantic features, lots of meaningful and enlightening works are proposed to get
better feature representation.
Most studies obtain the feature representation of input image by pooling high-order features [37, 38], making model to pay attention on valuable information [12, 32] or aggregating the features of different levels [21, 30], then apply it to subsequent tasks. Besides, some
other studies use the high-order statistical information of features to obtain better feature
representation, such as VLAD [11], Fisher Vector [3, 27], spatial pyramids [19] and bilinear
pooling [23, 36]. Among them, the full bilinear pooling (FBP) [23] captures the complex
association between paired features and uses the bilinear representation for classification
which makes remarkable achievements in fine-grained image classification. However, the
bilinear representation is as high as hundreds of thousands or even millions of dimensions.
It is far higher than the aggregating representation, resulting in huge computational load and
memory consumption, and limiting the expansion of model structure.
© 2021. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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Figure 1: The architecture of Bilinear CNN
In order to reduce the dimensions of bilinear representation, [5, 14, 16, 35, 39] simplify
the bilinear operations in different ways. [5] regards the image classification based on bilinear pooling as a linear kernel machine and proves that bilinear pooling enabled the linear
classifier to have the discriminating ability of a second-order kernel machine. Then, Random
Maclaurin (RM) [13] and Tenor Sketch (TS) [28] are used for low-dimensional approximation, and a compact bilinear pooling (CBP) is established. [14] uses Hadamard product to
perform low-dimensional approximation bilinear pooling. [16, 35] also reduces the dimensions by carrying out low-dimensional feature mapping to get a low-rank representation.
Learnable grouping module is introduced for semantic grouping in [39]. It also reduces the
dimensions of bilinear representation to a certain extent.
Inspired by various compression methods, we note that further compression is possible
for bilinear representation. According to the analysis of bilinear pooling in Section 2, it is
shown intuitively that the bilinear representation is actually a low-rank self-correlation and
cross-correlation representation. Then, the reason for high redundancy of bilinear representation is analyzed. To compress the bilinear representation to the extreme, we propose
grouping bilinear pooling (GBP) to minimize the dimensions of bilinear representation with
only 0.4% parameters of full bilinear representation. With the fewest parameters, GBP can
reach the best accuracy among compact methods. It also achieves competitive performance
comparing with other state-of-the-art approaches. Experiments on the widely used datasets
CUB-200-2011 [34] and Stanford Cars [17] show the effectiveness of GBP.

2

Analysis of Bilinear Pooling

In FBP [23], in order to get the bilinear representation Z of input image, the image will pass
through the convolutional neural network first to obtain the high-order feature representation
X, X ∈ RC×H×W , where C is the number of feature layers, the height and the width of feature
layers are H and W . For each feature layer, there are H ×W different locations. The network
architecture is illustrated in Figure 1.


Here, we define local descriptor xiT = xi1 , xi2 , . . . , xCi ∈ RC (i ∈ [1, . . . , HW ]), xin represents the value of ith position on the nth feature layer. Besides, for convenience, considering
xi as a vector which dimension is C. The bilinear representation Z is as follow:
 HW 1 1

xi xi . . . ∑HW
xi1 xCi
i
1 HW T
1  ∑i

...
Z=
xi xi =
(1)
HW ∑
HW
HW
HW
1
C
C
C
i
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Vectorizing Z, vector (Z) ∈ RC . Assuming C is 512, vector (Z) will be up to 250K
dimensions. The high dimensions of bilinear representation result in high computation and
storage costs.
The representation Z is used for classification after passing through the full-connection
layer,
!
HW
1
T
xi xi WC + bC
(2)
Out put = ZWC + b =
HW ∑
i
2

Where WC ∈ RC ×N is the weight matrix of full-connection layer, bC ∈ Rk , Out put ∈ RN ,
N is the number of categories. In general, C2  N, the rank of WC is as follow:

rank (WC ) ≤ min C2 , N = N
(3)

RC ,



i
∈ RHW , F T = [ f1 , f2 , . . . , fC ] ∈
Vectorizing the ith feature layer: fiT = x1i , x2i , . . . , xHW
 T
f f
1  1 1
Z=
HW
f1T fc

...
...
...

Out put = ZWC + b =

f1T fc
fcT fc


 = 1 FF T
HW


1
FF T WC + bC
HW

(4)

(5)

In [5], RM [13] is used to sample the feature layers, then bilinear pooling is carried out.
In fact, the representation obtained by [5] is the recombination of part of the element in Z.
The representation obtained by [14] using the low-dimensional approximation of Hadamard
product is the elements on the diagonal of Z. This low-rank approximation actually abandons
the vast majority of information of Z. Losing of information is inevitable, although the
dimensions of representation is reduced.
X contains C different feature layers f , the bilinear representation Z in Equation 1 is
a symmetric matrix. The elements on the diagonal of Z are the dot product sum of the
corresponding positions of feature layer itself. The scalar obtained by point-wise product can
be regarded as the pixel-level self-correlation of the feature layer to some extent. Similarly,
the elements on the non-diagonal of Z are the dot product sum of the corresponding positions
of different feature layers, which can be regarded as the cross-correlation between feature
layers.
Since the bilinear representation obtained by bilinear pooling is a correlation representation with extremely high dimensions between high-order feature layers (increasing with the
square of the number of feature layers), it will greatly increase the parameters to be learned
by the full-connection layers even there is only a single-layer full-connection layer. Furthermore, there is nearly half of the calculations in symmetric matrices Z are repeated, obviously,
it greatly reduces computational efficiency and results in redundancy of the model.

3

Grouping Bilinear Pooling

According to Equation 3, hoping full-connection layer to establish high-efficient contact
between Z and Out put is impractical. Thus, minimizing the huge gap of dimensions between
Z and Out put is a highly cost-effective way.
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Figure 2: (a) is FBP, bilinear pooling is performed in pairs in all feature layers. (b) is
the intra-group bilinear pooling, bilinear pooling performs in each grouped feature layer
group. (c) is the inter-group bilinear pooling, bilinear pooling performs between two different grouped feature layer groups.
We propose grouping bilinear pooling (GBP) that by grouping the feature layers X and
performing intra-group bilinear pooling (Intra-GBP) or strongly constrained inter-group bilinear pooling (Inter-GBP), the information of the original bilinear representation can be
greatly preserved and the model can be extremely compressed. Figure 2 shows the difference between FBP [23] and GBP.

3.1

Intra-group Bilinear Pooling

Dividing F into g groups. Noting that the maximum of g is C while carrying out Intra-GBP.


C
For the kth group GTk = f1 , f2 , . . . , fC/g , Gk ∈ R g ,
Zk =

1
Gk GTk
HW

(6)

ZG = Concat (Z1 , Z2 , . . . , Zk )

(7)

Out put = ZGWG + bG
 2
C

C2
g

(8)
C2 ×N
g

Where vector (Zk ) ∈ R g , k ∈ [1, 2, . . . , g], ZG ∈ R ,WG ∈ R
, b G ∈ RN .
For FBP, when the full bilinear representation Z is used for classification, the parameters
that the full-connection layer needs to learn are as high as C2 N. While for the grouping
bilinear operation proposed by us, the parameters that the full-connection layer needs to
learn are C2 N/g.
 2 
C
rank (WG ) ≤ min
,N
(9)
g
When g is small, this bilinear operation after grouping still requires large computational
resources (Intra-GBP at g = 1 is equivalent to FBP), and the dimension of Intra-GBP is still
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too high. As g gets bigger and bigger, it will bring huge benefits. The influence of changing
g will be explained in the experiment section.
The representation Zk in Equation 6 has similar properties to the representation Z obtained by FBP, that is, Zk is also a symmetric matrix and there is still computational redundancy. Thus, we propose inter-group bilinear pooling for further improvement.

3.2

Inter-group bilinear pooling

Same as Intra-GBP, dividing F into g groups. The difference is that bilinear pooling is carried
C
out between two different grouped feature layers groups Ga and Gb (Ga , Gb ∈ R g , Ga 6= Gb )
in Inter-GBP. Ga and Gb are from grouped g groups, and each group is selected only once.
1
Ga GTb
HW

 0 0
0
= Concat Z1 , Z2 , . . . , Zk
0

Zk =

ZG

0

0

0

0

Out put = ZG WG + bG

(10)
(11)

0

(12)

 2

 0
C
C2
C2
0
0
0
Where vector Zk ∈ R g , k ∈ [1, 2, . . . , g/2], ZG ∈ R 2g ,WG ∈ R 2g ×N , bG ∈ RN .
Similar to Intra-GBP, Inter-GBP will yield huge benefits when g is large enough. Besides,
g should be a multiple of 2 due to the specific group selection method of Inter-GBP, the
maximum and minimum of g are C/2 and 2. The full connection layer needs to learn the
parameters: C2 N/2g.
 2 
 0
C
rank WG ≤ min
,N
(13)
2g
Furthermore, in order to simplify the operation of Inter-GBP, feature layers are grouped
in sequence, and the groups for bilinear pooling are selected in order.

4
4.1

Experiment
Datasets, Backbone and Experiment Configurations

Datasets
We conduct experiments on two widely used fine-grained image classification datasets:
CUB [34] and Stanford Cars [17]. In all experiments, we only used the category labels of
images. The details of datasets are shown in Table 1.
Dataset
CUB [34]
Stanford Cars [17]

Training
5994
8144

Testing
5794
8041

Category
200
196

Table 1: Datasets Details
Backbones
In order to compare with compact bilinear pooling methods and the states-of-the-art approaches using different methods, we use VGG-16 [31], ResNet-50 [9], ResNet-101 [9] and
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ResNet-152 [9] pretrained on the ImageNet [4] image classification dataset as our backbone
networks respectively (removing full-connection layers, using the GBP pooling layer and the
new full-connection layer instead).
Experimental Configurations
The experiment was carried out on the server of Ubuntu system, using PyTorch [26]
framework and 4 NVIDIA GTX 1080Ti GPUs for distributed model training. The size of
input image is 448 × 448 and our data augmentation follows the commonly used methods.
During the training, the pre-training weight of the model on ImageNet [4] was first loaded
and frozen, and the parameters of the full-connection layer between GBP representation and
outputs were fine-tuned. During the fine-tuning, the initial learning rate was 0.0003, and
the Adam optimizer [15] was adopted with factor=0.2, patience=3, cooldown=3. After finetuning the epoch to 45 epochs, the model was unfreezing, then the learning rate was adjusted
to 0.0001. In all experiments, the same experimental configurations were followed.

4.2

Evaluation

First, we used VGG-16 [31] as the backbone network to perform Intra-GBP and Inter-GBP
on CUB [34] dataset and Stanford Cars [17] dataset respectively. Then, after grouping bilinear pooling, the obtained representation was used to classification directly by full-connection
layer. The high-order feature layer X extracted from VGG-16 has 512 feature channels,
which was divided into g groups, g ∈ [1, 2, 4, 8, 16, 32, 64, 128, 256]. Noting that the IntraGBP degenerates to FBP [23] at g = 1, and the minimum of g is 2 in Inter-GBP.

Figure 3: (a) is the Top1 accuracy of Intra-GBP and Inter-GBP based on VGG-16 on CUB
dataset; (b) is the corresponding model size (including backbone CNN).
The original FBP achieved an accuracy of 84.01% on CUB dataset, and our reimplementation achieved an accuracy of 83.43%. The experiment results of Intra-GBP and Inter-GBP
on the CUB dataset are shown in Figure 3 and Figure 4. Intra-GBP(Inter-GBP) achieved the
best accuracy 83.64%(83.66%) at g = 32 on CUB, 91.42%(92.49%) at g = 64 on Stanford
Cars. In the same grouping case, Inter-GBP tends to mean higher performance and fewer
parameters.
As discussed, Intra-GBP still has inherent redundancy, and Inter-GBP can reduce the
redundancy. Comparing with the Intra-GBP, the Inter-GBP is always more compressive
and performs better with same backbone. This characteristic does not vary with backbone
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Figure 4: (a) is the Top1 accuracy of Intra-GBP and Inter-GBP based on VGG-16 on Stanford
Cars dataset; (b) is the corresponding model size (including backbone CNN).
and dataset. Therefore, we only show Inter-GBP with better performance in subsequent
experiments.
In order to further verify the effectiveness of GBP with different backbones, we also
used ResNet-50, ResNet-101 and ResNet-152 as the backbone to perform GBP respectively.
With a more powerful backbone, GBP performs better. Table 2 shows the performances of
Inter-GBP based on ResNet-50 on CUB and Stanford Cars.
The groups
CUB(%)
Model size(MB)
Stanford Cars(%)
Model size(MB)

2
83.79
987.81
92.11
971.81

4
84.19
497.81
92.34
489.81

8
85.13
297.81
92.35
293.81

16
85.28
197.81
92.29
195.81

32
85.23
147.81
92.33
146.81

64
85.11
122.81
92.49
122.31

128
85.07
110.31
92.61
110.06

256
85.21
104.06
92.75
103.94

512
85.32
100.94
92.74
100.87

1024
85.54
99.37
92.86
99.34

Table 2: The Inter-GBP experiments on CUB dataset and Stanford Cars dataset (ResNet-50)
In the case of g=1024, the best accuracy of Inter-GBP on CUB dataset(Stanford Cars
dataset) reaches 85.54%(92.86%), which is 2%(0.4%) higher than Inter-GBP based on VGG16. When g goes from 2 to 1024, the model size goes from 987.81MB(971.81MB) to
99.37MB(99.34MB) and the accuracy goes from 83.76%(92.11%) to 85.54%(92.86%).
Noting that the accuracies reach the highest at g=1024 (maximum number of grouping).
It is because the Inter-GBP representation is the most compact when maximum number of
grouping is used. In all experiments with ResNet as the backbone, more groupings often
represent better performance.

4.3

Comparison with Compact Bilinear Pooling Methods

It is similar to the comparison method in [16], we compare our GBP with some classical
compact bilinear pooling methods [5, 16, 22, 23] in details.
Assuming that the categories to be classified is N, and bilinear pooling is carried out
on the feature layers with the size of c × h × w, where c is the feature channels, the height
and width of feature layers are h and w (VGG-16: h=w=28, c=512; ResNet-50: h=w=14,
c=2048). For more intuitive comparison, taking the experiment on CUB as an example. The
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input size of the images is 448 × 448. The configurations of the comparative experiment are
as follows: g=128(VGG-16), g=1024(ResNet-50), m=100, r=8, d=8192, N=200.
Backbone

VGG-16

ResNet-50

Method
FBP [23]
iFBP [22]
CBP-TS [5]
CBP-RM [5]
LRBP-I[16]
LRBP-II[16]
Intra-GBP(ours)
Inter-GBP(ours)
FBP [23]
Intra-GBP(ours)
Inter-GBP(ours)

Dimension
2

c [262K]
c2 [262K]
d[10K]
d[10K]
mhw[78K]
m2 [10K]
c2 /g[2K]
c2 /2g[1K]
c2 [4194K]
c2 /g[4K]
c2 /2g[2K]

Computing
Pooling
Classifying
O(hwc2 )
O(Nc2 )
2
O(hwc )
O(Nc2 )
O(hw(c + dlogd))
O(Nd)
O(hwcd)
O(Nd)
O(hwcm)
O(Nrmhw)
2
O(hw(cm + m ))
O(Nrm2 )
O(hwc2 /g2 )
O(Nc2 /g)
O(hwc2 /2g2 )
O(Nc2 /2g)
O(hwc2 )
O(Nc2 )
O(hwc2 /g2 )
O(Nc2 /g)
O(hwc2 /2g2 )
O(Nc2 /2g)

Projection
0
0
2c
2cd
cm
cm
0
0
0
0
0

Parameters
Classifier
Nc2
Nc2
Nd
Nd
Nrm
Nrm
Nc2 /g
Nc2 /2g
Nc2
Nc2 /g
Nc2 /2g

Total
200MB
200MB
8MB
48MB
0.8MB
0.8MB
1.6MB
0.8MB
3200MB
3.2MB
1.6MB

Table 3: Comparison of different compact bilinear pooling methods. We used VGG-16 and
ResNet-50 as the backbone respectively to compare the computational complexity, representation dimensions and the parameters need to be learned (excluding the backbone network).
The detailed comparisons of different compact bilinear pooling methods are shown in
Table 3. The comparison contents include feature dimension, computational complexity and
the number of parameters. Under the same configurations, the performances of compact
bilinear pooling methods based on VGG-16 are shown in Table 4.
Dataset
FBP [23] iFBP [22] CBP-TS [5] CBP-RM [5] LRBP[16] Intra-GBP(ours) Inter-GBP(ours)
CUB(%)
84.01
85.80
84.00
83.86
84.21
83.64
83.66
Stanford Cars(%) 91.18
92.10
90.19
89.54
90.92
91.42
92.49

Table 4: The performances of different compact bilinear pooling methods on CUB dataset
and Stanford Cars dataset. (Based on VGG-16)
According to the comparisons, GBP is more competitive than other compact methods in
almost all the aspects. When using VGG-16 as backbone, the representation dimensions of
Inter-GBP(g = 128) are only 0.4% of FBP, and the calculation amount of pooling is reduced
by 4 orders of magnitude. Besides, the parameters need to learn (excluding the backbone
network) are reduced by 99.6%. Comparing with [5, 16], the grouping operation in GBP
is performed without learning additional parameters. Assuming ResNet-50 is used as backbone, the bilinear feature representations based on FBP [23](GBP) will reach 4194K (2K),
and the parameters of model will reach 3200MB (1.6MB).
From the performances, GBP greatly reduces the number of model parameters and achieves
or closes to the best accuracies of other compact methods. On Stanford Cars dataset, the
Inter-GBP based on VGG-16 reaches the best accuracy of 92.49%. When using a more
powerful backbone, GBP will achieve all-round transcendence.

4.4

Comparison with the state-of-the-art

Generally, it is hard to balance accuracy and the complexity of model when bilinear pooling
is applied. With the extreme compression, GBP is able to using more powerful backbones
to improve performance. We embedded GBP in different backbones and compared it with
other methods. The performances of baselines, full bilinear pooling based methods, com-
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pact bilinear pooling based methods, GBP(ours) methods and other state-of-the-art methods
relating to channels are shown in Table 5.
Method
VGG-16 [31]
ResNet-50 [9]
Baselines
ResNet-101 [9]
ResNet-152 [9]
FBP [23]
Full Bilinear Pooling
iFBP [22]
MoNet-FBP [8]
CBP [5]
LRBP [16]
Compact Bilinear Pooling MoNet-TS [8]
FBC [7]
SBP-EN [20]

GBP(ours)

VGG-16

VGG-16

VGG-16
ResNet-50
ResNet-101
HBPASM [33] ResNet-34
HBP [35]
VGG-16
VGG-16
SEF [25]
ResNet-50
MC-loss [1]
ResNet-50
ResNet-50
CIN [6]
ResNet-101
VGG-16
ResNet-50
Inter-GBP
ResNet-101
ResNet-152
SWP [10]

State-of-the-art

Backbone
-

Dimension Parameters CUB(%) Stanford Cars(%)
25K
20MB
74.59
85.05
2K
1.6MB
82.15
92.19
2K
1.6MB
82.58
92.56
2K
1.6MB
82.74
92.64
84.01
91.18
260K
200MB
85.80
92.10
86.40
91.80
10K
8MB
84.00
90.19
10K
8MB
84.21
90.90
10K
8MB
85.70
90.80
8K
6.4MB
84.30
10K
8MB
84.50
90.90
90.70
92.30
93.10
86.80
92.80
24K
19MB
87.01
93.70
81.10
88.30
87.30
94.00
87.30
93.70
87.50
94.10
88.10
94.50
1K
0.8MB
83.66
92.49
2K
1.6MB
85.54
92.86
2K
1.6MB
86.10
93.76
2K
1.6MB
86.31
94.22

Table 5: The performances of different methods on CUB dataset and Stanford Cars dataset.
From top to bottom, the five blocks respectively list baselines, full bilinear pooling based
methods, compact bilinear pooling based methods, other state-of-the-art methods relating to
channels and our method.
Comparing with the methods based on bilinear pooling and compact bilinear pooling,
GBP is the most compact method and achieves the best performance. Especially, InterGBP improves the best performance of compact bilinear pooling from 91.80% to 94.22% on
Stanford Cars dataset.
In addition, due to lack of simplicity and convenience, few papers apply compact bilinear pooling approaches to high-performing backbones. And we also tried to perform other
compact BP on better backbones, but the result is not good enough. GBP compresses the
bilinear representation to the extreme so that it can be used with more powerful backbones
to achieve competitive performance.
The grouping operation of GBP is performed at the channel level. Comparing with other
state-of-the-art methods relating to channels [1, 6, 10, 25, 33, 35], GBP shows performance
as good as or even better than these methods.
Spatially weighted pooling (SWP) [10] strategy was proposed to improve the robustness and effectiveness of the feature representation. [33] devised a novel model Hierarchical
Bilinear Pooling with Aggregated Slack Mask (HBPASM) to generate a RoI-aware image
feature representation for better performance. [35] first proposed to obtain a better feature
representation by adjusting channel dimensions and performing Hadamard product between
different hierarchical feature layers. Mutual-channel loss [1] achieved the state-of-the-art
performance when implemented on top of common base networks. Channel permutation
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and weighted combination regularization in [25] also shown its effectiveness. And channel
interaction network [6] allowed the model to learn the complementary features from the correlated channels, yielding stronger fine-grained representation. These methods achieved the
state-of-the-art in different ways.
Compared with SWP [10], which also uses VGG-16, ResNet-50 and ResNet-101 as
backbones, GBP has better performance with different backbone. GBP outperformed most
other state-of-the-art methods with the accuracy of 94.22% on the Stanford Cars dataset,
only 0.3% lower than the best method [6].

5

Conclusions

We propose GBP in this paper, then Intra-GBP and Inter-GBP is introduced. By bilinear
pooling the grouped high-order feature layers in different way, GBP greatly reduces the
dimensions of the bilinear representation, the storage consumption and calculations. Comparing with other compact bilinear methods, GBP achieves the-state-of-the-art. Meanwhile,
the experiments show that GBP has also achieved competitive performance comparing with
other state-of-the-art approaches.
With the reduction of bilinear representation dimensions brought by GBP, bilinear pooling can be applied in other visual tasks efficiently. And GBP can be embedded into different
models as a plug-and-play module with convenient operation. We believe GBP has much
more potential. In the future work, we plan to further explore GBP by combining it with
other methods.
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