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Abstract—The traditional max-pooling operation in Convolu-
tional Neural Networks (CNNs) only obtains the maximal value
from a pooling window. However, it discards the information
about the precise position of the maximal value. In this paper,
we extract the location of the maximal value in a pooling window
and transform it into ”displacement feature”. We analyze and
discover the class-wise trend of the displacement features in many
ways. The experimental results and discussion demonstrate that
the displacement features have beneficial behaviors for solving
the problems in max-pooling.

Index Terms—Convolutional neural networks; Max-pooling;
Displacement feature.

I. INTRODUCTION

The max-pooling operation is a common step in modern

deep convolutional neural networks (CNNs), which is of-

ten introduced to obtain translation-invariant representation-

s. Many models that utilized the max-pooling operation in

their architectures have been proposed [1], [2], [3], [4], [5],

which demonstrates some good properties of the max-pooling

operation in many ways. Typically, the introduction of max-

pooling layers in CNNs has helped to satisfy some properties

by allowing a network to be somewhat spatially invariant to

the position of features [6]. However, the traditional max-

pooling operation only preserves the maximal value in a

pooling window and discards the location of the corresponding

maximal value, which looses the spatial information of the

original data.
In this paper, we extract the maximal values and their corre-

sponding locations simultaneously from the pooling windows.

In the condition of multiple maximal values in a pooling

window, we average all of the location coordinates as the

final location information of the maximal value and call it a

“displacement feature”. Based on the displacement features,

we mine the class-wise behaviors and trends. Firstly, we

visualize the displacement features based on a HSV color

model and a t-SNE [7] visualization. Next, we summarize the

displacement features on all feature maps in each class, and

illustrate the cumulative histograms to understand the distribu-

tion of the displacement features. Then, we introduce Principal

Component Analysis (PCA) to further analyze the properties

of the displacement features and compare the similarity of

class-wise subspaces spanned by the first N largest principal

components. Finally, we compute the confusion matrices that

are obtained by the recognition only using the displacement

features. The discussion of the displacement features demon-

strates many desirable properties and bring some merits for

handwritten digit recognition task. The contribution of this

paper are summarized as follows.

• We extract the maximal values and their locations from

the pooling windows simultaneously.

• This paper analyzes the properties of the displacement

features from each category in many ways.

• This paper mines the class-wise trend of max-pooling in

the subspaces.

The rest of the paper is organised as follows: Sect. II

discusses some work related to our own, we introduce the

displacement features in Sect. III, and finally give the analysis

and discussion in Sect. IV, while Sect. V concludes this paper

with remarks and future work.

II. RELATED WORK

In recent years, many models have been proposed based

on the max-pooling operation for handwritten recognition

task [8], [9], [10], [11], [12]. Among these works, most of

them use the CNNs with max-pooling layers in their models.

In [8], Ciresan et al. proposed a handwriting recognition model

based on relaxation convolutional neural network (R-CNN)

and alternately trained relaxation convolutional neural network

(ATR-CNN) with two max-pooling layers. This work achieved

good performance on recognizing offline handwritten Chinese

characters. Due to the powerful learning ability of deep CNNs,

Zhong et al. proposed a framework by using AlexNet [2] and

GoogleNet [3] with directional feature maps for handwritten

recognition task, which also contained many max-pooling

layers to build the networks. In the ICDAR 2013 Chinese

handwriting recognition competition [13], 10 groups submitted

27 systems for five tasks: extracted features, online/offline

isolated character recognition, online/offline handwritten text

recognition. Among these submitted systems, Deep CNNs

with several max-pooling layers based methods have shown

superiority in both isolated character recognition and handwrit-

ten text recognition [14]. However, these works only utilized

the max-pooling operation to construct the systems without

discussion and modification on the max-pooling operation.

To overcome the defects of the max-pooling operation,

many researchers focus on modifying the pooling layers in

many ways. Zeiler et al. proposed a simple and effective

method which replaces the conventional deterministic max-

pooling operations with a stochastic procedure, randomly

picking the activation within each pooling region according

to a multinomial distribution, given by the activities within
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the pooling region [15]. This approach is hyper-parameter

free and achieve good performance without data augmentation.

Malinowski and Fritz proposed a flexible parameterization that

allows for a richer set of possible pooling regions and extended

the learnable pooling regions to the events recognition task

with object banks as high level features [16]. Murray and

Perronnin proposed a novel pooling mechanism that involves

equalizing the similarity between each patch and the pooled

representation, called Generalized Max Pooling (GMP), which

can provide significant performance gains with respect to

heuristic alternatives such as power normalization [17]. Qian

et al. proposed max-pooling positions (MPPs) as an effective

discriminative feature for traffic sign recognition [18]. In this

work, For a 2× 2 pooling window, they defined a quaternary

encoding, ‘1000, 0100, 0010, 0001’, where the ‘1’ represents

the position of maximal value in pooling windows.

In addition, there are also many works analyze and discuss

the max-pooling operation in many ways [19], [20], [21], [22],

[23]. However, these works are not based on the location

information of the maximal values in the pooling windows. In

our paper, we analyze and discuss the displacement features

in many ways and discover the class-wise trends of the max-

pooling operation in subspaces.

III. DISPLACEMENT FEATURES FROM MAX-POOLING

OPERATION

In this section, we introduce how to extract the displacement

features from pooling windows. Then, we present how to

address the problem if there are more than one maximal value

in a pooling window.

A. Extracting Displacement Features from Convolutional Lay-
ers

In traditional CNNs, a max-pooling layer often appears after

a convolutional layer. For instance, in Fig. 1, for a 4 × 4
convolutional feature with 2 × 2 pooling size, there are 4

pooling windows that are represented by 4 colors. The bold

numbers are the maximal values in pooling windows. Then,

we obtained a 2 × 2 pooling feature from a 4 × 4 convo-

lutional feature. However, traditional max-pooling operation

only obtained the maximal value from a pooling window and

does not record where the maximal value is, which may lose

the spatial information of the original features. In order to

preserve these crucial information, we record the location of

the maximal value from a pooling window and transform it

into a “displacement feature”. The detail of this procedure is

presented in Fig. 2. Compared with the even case, the odd case

has the central unit “(0,0)”. Then, we divide the displacement

features into two parts, “dis-x” and “dis-y” shown in Fig. 3,

which represents the horizontal and vertical directions of the

displacement features respectively.

B. Multiple Maximal Values Condition

The previous section only discusses the case that only

single maximal value in a pooling window. However, in some

cases, a pooling window may contain more than one maximal
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Fig. 1. An example of max-pooling with kernel size 2× 2 stride 2.
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Fig. 2. (a) Even case: extracting the displacement features from the pooling
window, where the pooling size is 2 × 2. (b) Odd case: extracting the
displacement features from the pooling window, where the pooling size is
3 × 3. (c) Displacement features in even case. (d) Displacement features in
odd case.

value. Fig. 4 presents some cases with multiple maximal

values conditions. To address this problem, we first record

all locations of the maximal values in a pooling window.

Then, we calculate the mean value of all locations as the

final displacement feature. If all units are maximal values

in a pooling window, through simple computation, the final

displacement feature is “(0,0)”.
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Fig. 3. Example of extracting dis-x and dis-y from the displacement feature.
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Fig. 4. Different cases of multiple maximal values conditions. (a) Displace-
ment features: (0,0),(1,0). Mean displacement feature: ( 1

2
,0). (b) Displacement

features: (1,1),(-1,0),(1,-1). Mean displacement feature: ( 1
3

,0).
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Color Model

Fig. 5. Visualization of the pooling features and the displacement features on different classes. Here, the pooling size is 5 × 5, the first row represents the
original image and corresponding pooling features, the second row represents the displacement features, each column represents one convolutional filter. The
visualization of displacement features is based on the right color model whose color and intensity denote direction and average length of displacement feature.

IV. EXPERIMENT AND DISCUSSION

In this section, we discuss and discovery the class-wise trend

of the displacement features in MNIST dataset 1. At first, We

extracted the displacement features from the first convolutional

layer in a normally pretrained CNN. The architecture of the

normal CNN contains two convolutional (the kernel sizes are

5 × 5 with stride 1) and pooling layers (the kernel sizes

are 5 × 5 with stride 2), two fully connected layers (1024

hidden units), and the final layer is a softmax layer. The cross

entropy was used as the loss function, and we minimized

it by Adam with a 1 × 10−4 learning rate, the batch size

and epoch are set to 50 and 20,000, respectively. Next, we

visualized the displacement features by a color model and the

t-SNE model. Then, we illustrated the cumulative histograms

of the displacement features on all feature maps and observe

the distribution of the displacement features both in same and

different classes. Next, we used PCA method and computed

the similarity of class-wise subspaces spanned by the first N
principal components. Finally, we utilized the displacement

features for recognition task and computed the confusion

matrix to compare with the normal CNN.

1http://yann.lecun.com/exdb/mnist/

A. Visualization of Displacement Features

In order to discover the class-wise trend of the displacement

features, we visualized the displacement features based on a

HSV color model. The visualization results are shown in Fig. 5

and 6. In Fig. 5, we can see that each pooling feature repre-

sents one kind of local feature that is extracted by different

convolutional filters. The corresponding displacement features

record the location information that describes the position

of the maximum. In addition, the displacement features on

the different classes have large dissimilarities. The shapes

and boundaries are very similar to the corresponding pooling

features and original images, which may help for recognition

task in some cases. From Fig. 6, we can see that the samples in

the same class often have the similar behaviors. For instance,

in the first filter of all class “0” samples, the top left corners

are in blue direction, the top right corners are in green

direction, the bottom left and right corners are in purple and

red directions, respectively. The samples in different classes

have much different behaviors. It is easy to distinguish them

by only using the displacement features.

In Fig. 7 and 8, we also visualized the displacement features

of the test dataset on 2D space by t-SNE [7]. We can see

that there is a very clear class-wise trend of the displacement

features. The distance between the intraclass samples are

smaller than the interclass samples. In Fig. 7, the class “1”,
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Fig. 6. Visualization of the displacement features on the different samples that are in the same class.

Fig. 7. Visualization of the displacement features (dis-x) in horizontal
direction by t-SNE.

Fig. 8. Visualization of the displacement features (dis-y) in vertical direction
by t-SNE.

“4”, “5”, “9” have more clusters than other classes. But, this

phenomenon does not appear in Fig. 8. Therefore, it may

mean that the vertical displacement features are better than

the horizontal displacement features for classification tasks.

B. The Distribution of Displacement Features

In order to further observe the behaviors of the displace-

ment features, we illustrated the cumulative histograms of the

displacement features, which accounts the coordinate points of

the displacement features of different samples on all feature

maps (filters). To obtain more information of the displacement

features, the pooling size of the first pooling layer is set to 5×5
with stride 2. The distribution of the displacement features in

the first pooling layer is shown in Fig. 9. Due to the space

limitation, we just illustrated the 12 samples from 3 classes.

In Fig. 9, Due to the pooling size being 5 × 5, the

displacement features “dis-x” and “dis-y” belong to [−2, 2].
We can see that the samples in the same class have the

similar distributions. For the class “0”, there are some values

around the central point (0,0) and their quantities are about

100. For the class “1”, there is a relatively horizontal line

on all samples. It is very similar to class “1”, because the

displacement information is rare in vertical direction. For the

class “2”, the distribution is more scattered than the class

“0” and “1”. In addition, the most value in all samples is

(0,0), that is because the most features in original images are

backgrounds.

C. Class-wise Similarity of Displacement Features in the PCA
Subspaces

We also measured the displacement features in PCA sub-

spaces. At first, we trained different PCA models on the

samples that are in the same classes. Then, we preserved

10% of eigenvalues for each PCA model to build the PCA

subspaces. Based on these subspaces, we calculated the class-

wise similarity matrix for each feature map. The similarity can

be defined by using the canonical angles,

cos θi = sup
xi ⊥ xj , yi ⊥ yj

1 ≤ i, j ≤ p

xT
i yi

‖xi‖‖yi‖ (1)
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Fig. 9. The distribution of displacement features from class “0”, “1” and “2” (each row represents 4 different samples in the same class). The color histograms
represent the number of the displacement features on corresponding coordinate points.

Here, x ∈ P,y ∈ Q, P and Q are two PCA subspaces,

P,Q ∈ Rn, dim P = p ≤ dim Q = q. Then the similarity

can be defined as,

S =
1

p

p∑

i=1

cos θ2i (2)

If two PCA subspaces completely coincide with each other, all

canonical angles will be 0 and S equals to 1. The similarity

gets smaller as the two spaces separate. Finally, the similarity

is zero when the two subspaces are orthogonal to each oth-

er [24]. The similarity matrix are shown in Table. I and II. Due

to the space limitation, we just presented the similarity matrix

of two convolutional filters. We can see that the similarities

in different classes are relatively small, which means that the

displacement features are discriminative in different classes.

In addition, the similarity of class“4” and “9”, “7” and “9”

are larger than others, but they are far away from 1.

D. Classification by Using Displacement Features

Finally, we used the displacement features (dis-x and dis-

y) for classification task on MNIST dataset. We also used

the previous network that discards the first convolutional and

pooling layer (because the displacement features are the output

of the first pooling layer and have the same size of the first

pooling layer features). Then, we compared the confusion

matrix that only using the pooling features and only using

the displacement features. The confusion matrix are shown

in Table. III, IV and V. We can see that, only using the

displacement features for classification also can obtain the

relatively high accuracies. In class “5”, “6” and “8”, the

horizontal displacement features are better than the pooling

features for classification, and in class “2” and “5”, the vertical

displacement features are better than the pooling features.

In other cases, the pooling features perform better than the

displacement features. Therefore, we can reasonably speculate

that combining the displacement features and pooling features

may improve the performance of some specific tasks.

V. CONCLUSION

In this paper, we extract the displacement features that

record the location information of the maximal values in

pooling windows. Then, we discover the class-wise trend of

the displacement features in many ways. Through the analysis

and discussion, the displacement features may improve the

performance of some specific tasks. For the future work,

we plan to adopt some other techniques to enhance the

displacement features and combine the displacement features

with pooling features in some ways.
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