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Abstract: Deep kernel mapping support vector machines have achieved good results in numerous tasks by mapping features from a low-dimensional space to a high-dimensional space and then using support vector machines for classification. However, the depth kernel mapping support vector machine does not take into account the connection of different dimensional spaces and increases the model parameters. To further improve the recognition capability of deep kernel mapping support vector machines while reducing the number of model parameters, this paper proposes a framework of Lightweight Deep Convolutional Cross-Connected Kernel Mapping Support Vector Machines (LC-CKMSVM). The framework consists of a feature extraction module and a classification module. The feature extraction module first maps the data from low-dimensional to high-dimensional space by fusing the representations of different dimensional spaces through cross-connections; then, it uses depthwise separable convolution to replace part of the original convolution to reduce the number of parameters in the module; The classification module uses a soft margin support vector machine for classification. The results on 6 different visual datasets show that LC-CKMSVM obtains better classification accuracies on most cases than the other five models.
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1  Introduction

Before deep learning, support vector machines achieved great results in several recognition tasks due to their strong theoretical foundation, no local minima, and better generalization ability [1–3]. For example, Leslie et al. proposed a support vector machine with string-based kernels for the sequence classification task of proteins. The model is simpler and more computationally efficient than other methods [4]. Bousseta et al. used continuous wavelet transform and principal component analysis to process EEG data and input the processed features into a support vector machine with Radial Belief Function (RBF) kernel and achieved an average accuracy of 92.75% on the EEG dataset [5]. However, the performance of support vector machines was influenced by the kernel functions, and different kernel functions give different results. Moreover, a single kernel function cannot be adapted to different tasks and datasets.

In order to overcome the influence of kernel functions, researchers have proposed various methods, among which the representative one is the multiple kernel learning method. For example, Bennett et al. selected multiple kernel functions by the Multiple Additive Regression Kernels (MARK) algorithm, which achieved good results on three benchmark datasets [6]. Sonnenburg et al. proposed a semi-infinite linear programming-based multi-kernel selection method and experimentally verified the applicability of the proposed algorithm to groups and hundreds or even hundreds of thousands of kernels [7]. These multiple kernel learning methods take multiple kernel functions, following predetermined are rules, to obtain composite kernels. The results are not necessarily better than those of a single kernel and still require the selection of kernel functions.

Due to the strong feature extraction capability of convolutional neural networks, many scholars have used them for feature extraction. Li et al. proposed a deep kernel mapping support vector machine that implements kernel mapping by a deep neural network that maps data to a high-dimensional space [8]. The model does not require the selection of kernel functions and the mapping process is explicit. The model achieved results on 11 datasets due to other models. Liu et al. framed this approach by proposing a deep unified kernel mapping support vector machine framework, which makes this approach more general [9]. However, these models only considered information in a single dimensional space and did not consider the relationship between different dimensional spaces.

As the network is gradually deepened, gradient disappearance as well as gradient explosion comes along. For this reason, He et al. proposed the ResNet network, which allows the layers of the network to continue to deepen and the accuracy to further improve by constructing multiple residual units [10]. To ensure that features are maximally utilized, Huang et al. proposed DenseNet, for each layer of the network, the feature maps of all previous layers are used as inputs [11]. Zhang et al. proposed a framework for shortcut convolutional neural networks, which are able to produce better representations by integrating features from different layers through shortcut connections with learnable weights, achieving on multiple image classification datasets better results than standard convolutional neural networks [12]. Thus cross-connected can be used to mitigate gradient explosion and gradient disappearance, and fusing features from different layers to enrich the features of the network can be of great help for vision tasks. For this reason, in this paper, information from different dimensional spaces is fused by cross-connected as the final feature space.

To achieve better results in various tasks, networks are becoming more complex and the number of network parameters is increasing. Due to the large number of network parameters, the long computation time and the over-dependence on hardware resources, which cannot be directly applied to mobile devices with limited computing power, several lightweighting methods have been derived [13]. The first one is the lightweighting of the convolutional structure, which is achieved by modifying the size and number of convolutional kernels to lightweight the network [14]. The second one replaces the original convolutional operations by constructing lightweight groups of convolutional operations [15]. The third approach replaces the multiplication operations in convolution with bitwise operations to optimize the computational effort from the underlying hardware perspective [16]. The use of small convolutional kernels and lightweight convolutional operation groups can thus reduce the overall number of parameters of the model to some extent, which is beneficial for the lightweighting of the model. For this reason, in this paper, we use depthwise separable convolution to replace part of the normal convolution and reduce the number of parameters of the model.

In this paper, we propose a lightweight deep cross-connected convolutional kernel mapping support vector machine framework by adding cross-layer connectivity as well as deepwise separable convolution as the feature extraction module and using soft margin support vector machine as the classification module to the standard CNN. The number of features is enriched by fusing features from different layers through cross-linkage. The original convolution is replaced using deepwise separable convolution to reduce the overall number of parameters of the model. The feature extraction module makes the support vector machine have better performance by mapping the features. We compare the classification performance of LC-CKMSVM, RBFSVM, standard CNN, Convolutional MLP (ConvMLP) and Convolution Kernel Mapping Support Vector Machines (CKMSVM) on six image classification datasets, and the experimental results show that LC-CKMSVM has better classification results than other models. Moreover, LC-CKMSVM has fewer model parameters than Convolutional Cross-Connected Kernel Mapping Support Vector Machines (C-CKMSVM).

The rest of this paper is organized as follows: Section 2 introduces the LC-CKMSVM framework; Section 3 gives the objective function of LC-CKMSVM; Section 4 gives the analysis and results of the model on 6 image classification datasets; finally, Section 5 gives the conclusion.

2  Light-weight Framework Description

This section first introduces the overall structure of the lightweight deep cross-connected convolutional kernel mapping support vector machine, then describes the structure of the standard convolutional module and the depthwise separable convolutional module and how to compute them. The objective function is finally presented.

2.1 The Overall Framework Description

The overall structure of the lightweight deep cross-connected convolutional kernel mapping support vector machine framework is shown in Fig. 1, which consists of an image input, a convolutional module (ConvBlock), a depthwise separable convolutional module (DSConvBlock), a cross-layer connection (Concatenation), and a support vector machine module (SVM) for classification. In this case, m convolutional modules and n depthwise separable convolutional modules are included, and the cross-layer connection fuses the output of the mth convolutional module and the output of the nth depth-separable convolutional module by concatenation, and the fused features are classified using a support vector machine.
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Figure 1: A lightweight framework of cross-connected convolution kernel mapping support vector machines

The input of the framework is x∈RH×W×C, where H and W are the height and width of the image, respectively, and C is the number of channels of the image. The output of li(2≤i≤m) is the output of the convolution module, lj(m+1≤j≤m+n) is the output of the depthwise separable convolution module, lm+n+1 is obtained by concatenating lm and lm+n through a cross-layerconnection, o which corresponds to the classification result of the support vector machine. The output of each layer of the framework is as follows:

{l1=CB(x)li=CB(li−1),2≤i≤mlj=DSCB(lj−1),m+1≤j≤m+nlm+n+1=(Im,Im+n)o=w⋅lm+n+1+b(1)

where w and b are the weights and biases of the soft margin support vector machine layer. The convolution module is denoted by CB(⋅), the depthwise separable convolution module is indicated by DSCB(⋅).

2.2 Description of ConvBlock and DSConvBlock

The standard convolution (Conv) as well as the depthwise separable convolution (DSConv) are shown in Fig. 2. As can be seen from it, DSConv includes deepwise convolution, pointwise convolution and activation function, in which deep convolution is a grouped convolution with g groups, and the number of parameters is only 1/g of normal convolution, while pointwise convolution integrates the results of these g groups, so the number of parameters of DSConv is smaller than that of Conv. Both are computed as follows.

{Conv(x)=f(w∗x+b)DSConv(x)=f(w1∗(w2∗x+b2)+b1)(2)

where f is the ReLU activation function. w2 and b2 denote the learnable weights and bias of the deepwise convolution, respectively, and w1 and b1 denote the learnable weights and bias of the pointwise convolution, respectively. ∗ indicates convolution operation.
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Figure 2: Standard convolution and depthwise separable convolution

The structure of ConvBlock and DSConvBlock in the framework is shown in Fig. 3. The ConvBlock consists of several standard convolutions with a max pooling layer added at the end, while the DSConvBlock is a lightweight module consisting of several depthwise separable convolutions and a max pooling layer. The first part of the framework uses ConvBlock in order to extract the information of the image as completely as possible, and the second part is replaced by DSConvBlock in order to reduce the overall number of parameters of the framework. DSConvBlock replaces the DSConv with a DSConv that has fewer parameters than Conv to reduce the number of parameters. When both the standard convolution and the depthwise separable convolution are 2, the two modules are computed as follows.

{CB(x)=MaxPool(Conv2(Conv1(x)))DSCB(x)=MaxPool(DSConv2(DSConv1(x)))(3)

where MaxPool(⋅) denotes the max pooling operation, the 1st and 2nd standard convolution operations is symbolised by Conv1(⋅) and Conv2(⋅), and the 1st and 2nd depthwise separable convolution operations is symbolised by DSConv1(⋅) and DSConv2(⋅), respectively.
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Figure 3: Description of ConvBlock and DSConvBlock

2.3 Objective Function

The objective function of the LC-CKMSVM framework is shown in Eq. (4).

minw,b,ξ  12||w||2+C∑k=1Nξk2s.t.  yk(w⋅lm+n+1k+b)≥1−ξk,  ξk≥0,1≤k≤N(4)

To simplify the above problem, Eq. (4) can be converted to an unconstrained form as shown in Eq. (5).

L=minw,b⁡12||w||2+C∑k=1Nmax(1−yk(w⋅lm+n+1k+b),0)2(5)

where N is the number of samples input, yk corresponds to the true value of the kth sample, lm+n+1k is the output of the kth sample at the m+n+1th module layer and also the high-dimensional feature of the kth sample after the feature extraction module, and the prediction value of the soft margin support vector machine for the kth sample is calculated by w⋅lm+n+1k+b.

3  Experimental Results

In this section, experiments are conducted on two tasks, gender classification and character recognition, to verify the performance of the lightweight deep cross-connected convolutional kernel mapping support vector machine.

In this paper, mini batches stochastic gradient descent with momentum is used to update the model parameters. In all experiments, the number of training epochs is 90, the learning rate is set to 0.1, and every 30 rounds, the learning rate decreases to 1/10 of the original and the momentum is set to 0.9. The experiments are conducted on a server with processor model Intel® Xeon® E5-2643 and GPU model NVIDIA Tesla K40c, running 64-bit Windows 7. Python was used as the programming language and the experimental framework used was Pytorch [17].

3.1 Gender Classification

We evaluate the performance of the model using three datasets for gender classification, which are Labeled Faces in the Wild (LFW) [18], The Face Recognition Technology (FERET) [19], and The CelebFaces Attributes Dataset (CelebA) [20]. Specifically, LFW is a publicly available dataset of 13,233 face images sourced from the Web. Each image in the dataset is labeled with the name of the person, and the images also contain information about different poses and expressions of the person, lighting changes. The dataset has been divided into a training set and a test set. The training set contains 8,125 male individuals and 2,367 female individuals, and the test set includes 2,053 male individuals and 598 female individuals. FERET contains 14,051 face images, and the face images are collected in a semi-monitored environment, with clean background. The training set contains 7,107 male images and 4,140 female images, and the test set contains 1,772 male images and 1,032 female images. CelebA is a large-scale face image dataset containing 202,599 face images collected from Internet. The dataset is divided into a training set containing 67,548 male individuals and 94,532 female individuals, and a test set containing 16,886 male individuals and 23,633 female individuals. The sample datasets used for the experiments are shown in Fig. 4. The figure shows the face images of both genders in each of the three datasets, with color images in the LFW dataset as well as the CelebA dataset and grayscale images in the FERET dataset. Besides, the images in both LFW and CelebA datasets have more complex background.
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Figure 4: Image examples derived from gender classification datasets

We compared our model with 5 other models, namely, RBFSVM, standard CNN, ConvMLP [21], CKMSVM, C-CKMSVM. In order to optimize the performance of the model on each dataset, the batch size is tuned in the range {16, 32, 64, 128, 256} in this paper, and the results are shown in Tab. 1. The parameter C of the RBFSVM model is used as 1 and the gamma value is used as 0.5.
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The structure of the LC-CKMSVM model used in this paper is shown in Tab. 2. LC-CKMSVM fuses the output of ConvBlock2 with the output score of DSConvBlock, and then uses a soft margin support vector machine as a loss function for classification. ConvMLP uses the version of ConvMLP-S from the paper [21], in addition to reducing the hidden layer dimension.
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The results of RBFSVM, CNN, ConvMLP, CKMSVM, C-CKMSVM, and LC-CKMSVM models on the testsets of three gender classification datasets, LFW, FERET, and CelebA, are shown in Tab. 3. The images in all three datasets were bilinearly interpolated so that the image size was maintained at 32×32, and the best test results are indicated in bold.
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From Tab. 3, it can be seen that:

(1)   On LFW, FERET, and CelebA datasets, the test accuracy of LC-CKMSVM is 91.66%, 81.49%, and 96.90%, respectively, and the test accuracy of RBFSVM is 84.27%, 76.39%, and 91.89%, respectively, and the test accuracy of LC-CKMSVM compared with RBFSVM model can improve 5.01%∼7.39%, indicating that the feature extraction module of this paper has better feature mapping ability compared with the RBF kernel.

(2)   On all the datasets, LC-CKMSVM is able to improve the test accuracy by 0.58%∼2.92% compared with the standard CNN model, which shows that the model proposed in this paper has better performance for gender classification. On the LFW and FERET datasets, the test accuracy of LC-CKMSVM was improved by 1.73% and 1.93% compared to ConvMLP, respectively. In addition, on the CelebA dataset, the test accuracy of LC-CKMSVM was slightly lower by 0.10% compared to ConvMLP, but the number of parameters was lower by 78.8 K compared to ConvMLP. Showing that LC-CKMSVM has better performance compared to ConvMLP.

(3)   On the three gender classification datasets, C-CKMSVM can improve the test accuracy by 0.30%∼1.61% compared with the CKMSVM model, showing that fusing features from different layers through cross-connected is effective for gender classification.

(4)   Compared with the C-CKMSVM model, LC-CKMSVM reduced the number of parameters from 124.7 to 69.1 K, while the test accuracy was able to improve 0.07%∼0.71% on LFW, FERET, and CelebA datasets. It indicates that LC-CKMSVM is able to ensure that the test accuracy can remain the same or even increase while the number of parameters is reduced on these three gender classification datasets.

(5)   In summary, LC-CKMSVM achieves better results and has better classification performance on gender classification tasks compared to RBFSVM, standard CNN, ConvMLP, CKMSVM, and C-CKMSVM.

3.2 Character Recognition

We experiment with three datasets for character recognition using EMNIST [22], KMNIST [23], and The Street View House Numbers (SVHN) [24], with models using RBFSVM, CNN, CKMSVM, and the lightweight C-CKMSVM. EMNIST is a handwritten character dataset, the experiments are conducted using EMNIST Letters, the total number of samples in the dataset is 145,600, and the number of categories is 26. KMNIST is a Japanese character dataset, the total number of samples in the dataset is 70,000, and the number of categories is 10. SVHN is a Google Street View house number image dataset with a training set of 73,257 samples, a test set of 26,032 samples, and a category number of 10. Partial examples of each dataset are shown in Fig. 5. The figure shows six images for each of the three datasets, where the images in EMNIST and KMNIST are grayscale images and the images in SVHN are color images.
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Figure 5: Image examples derived from character recognition datasets

For these character recognition datasets, the batch size of the model is adjusted in this paper, and the final adjustment results are shown in Tab. 4. Among them, the parameter settings of RBFSVM are shown in Section 3.1.
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The structure of LC-CKMSVM used for character recognition is shown in Tab. 5, where the convolution parameters are designed with reference to LeNet. The CKMSVM and ConvMLP processing is consistent with Section 3.1. The LC-CKMSVM fuses the output of ConvBlock with the output of DSConvBlock to obtain the final features of the feature extraction layer, and finally uses a soft margin support vector machine for character recognition.
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The results of the five models on the character recognition task are shown in Tab. 6. From the table, it can be seen that:

(1)   the test accuracies of LC-CKMSVM on EMNIST, KMNIST, and SVHN datasets are 93.30%, 94.30%, and 88.80%, respectively, and the test accuracies of RBFSVM on these datasets are 70.05%, 72.73%, and 32.71%, respectively, LC-CKMSVM compared with RBFSVM improved by 23.25%, 21.57% and 56.09%, respectively, compared with RBFSVM.

(2)   LC-CKMSVM improves 0.14%, 0.76%, and 0.34%, respectively, compared to CNN on these three datasets. In addition, the test accuracy of LC-CKMSVM was improved by 0.20%, 0.59%, and 0.61% compared to ConvMLP on EMNIST, KMNIST, and SVHN datasets, respectively. LC-CKMSVM has a lower number of parameters compared to ConvMLP by 89.5 K.

(3)   LC-CKMSVM improved 0.34%, 0.67% and 0.94% compared to CKMSVM on these three datasets, respectively. Furthermore, the test accuracy of LC-CKMSVM on the three character recognition datasets were slightly reduced by 0.06%∼0.26% compared to C-CKMSVM, but the number of parameters was reduced from 81.3 to 55.3 K.

(4)   Overall, LC-CKMSVM was tested with higher accuracy in the character recognition task compared to RBFSVM, CNN, ConvMLP and CKMSVM, and with fewer number of parameters compared to C-CKMSVM.
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4  Conclusions

In this paper, we propose a lightweight support vector machine framework for mapping deep cross-connected convolutional kernels. Firstly, the ordinary convolution in the low-level ConvBlock is replaced with a deepwise separable convolution to reduce the overall number of parameters of the model. Secondly using cross-layer connectivity, features between different modules are fused to enrich the final features to be classified. Finally, the mapped high-dimensional features are classified using a soft margin support vector machine. Experiments on three tasks with a total of 6 datasets show that the lightweight cross-connected convolutional kernel mapping support vector machine framework has better classification performance than RBFSVM, CNN, ConvMLP, and CKMSVM, and is able to reduce the number of parameters of the model to some extent compared to the standard deep cross-connected convolutional kernel mapping support vector machine. In future work, more feature fusion methods can be considered to enrich the features and further improve the accuracy of image classification.
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Table 1: Batch size settings of different models for gender classification

Models LFW FERET CelebA
CNN 256 64 16
ConvMLP 256 128 16
CKMSVM 16 64 16
C-CKMSVM 128 32 128

LC-CKMSVM 64 64 128






OEBPS/Images/table-3.png
Table 3: Results of the five models on the gender classification datasets

Models LFW (%) FERET (%) CelebA (%) Params (K)
RBFSVM 84.27 76.39 91.89 6.1

CNN 90.68 78.57 96.32 121.6
ConvMLP 89.93 79.56 97.00 144.8
CKMSVM 91.29 79.17 96.21 121.6
C-CKMSVM 91.59 80.78 96.76 124.7

LC-CKMSVM 91.66 81.49 96.90 66.0
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Table 6: Results of the five models on the character recognition datasets

Models EMNIST (%) KMNIST (%) SVHN (%) Params (K)
RBFSVM 70.05 72.73 32.71 6.1

CNN 93.16 93.54 88.46 68.8
ConvMLP 93.10 93.71 88.45 144.8
CKMSVM 92.96 93.63 87.86 68.8
C-CKMSVM 93.39 94.36 89.06 81.3

LC-CKMSVM 93.30 94.30 88.80 55.3
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Table 4: Batch size settings of different models for character recognition

Models EMNIST KMNIST SVHN
CNN 256 512 512
ConvMLP 512 256 512
CKMSVM 64 64 128
C-CKMSVM 16 8 64

LC-CKMSVM 32 16 128
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Table 2: Description of the LC-CKMSVM for gender classification

Module

Layer

Parameters

Output size

Input

32x32xC

ConvBlockl1

Conv

kernel size = (5, 9),
stride=1, padding=2

32 x32x32

Max Pooling

kernel size = (3, 3),
stride=2

15 x 15 x 32

ConvBlock2

Conv

kernel size = (5, 9),
stride=1, padding=2

15 x 15 x 32

Max Pooling

kernel size = (3, 3),
stride=2

7x 7 x 64

DSConvBlock

DSConv

depth conv: kernel

size =(3, 3), stride=1,
padding=1, groups=2
point conv: kernel
size=(1, 1), stride=1,
padding =0, groups=1

7x 7 x 64

DSConv

depth conv: kernel

size =(3, 3), stride=1,
padding=1, groups=4
point conv: kernel
size=(1, 1), stride=1,
padding =0, groups=1

7x 7 x 64

DSConv

depth conv: kernel

size =(3, 3), stride=1,
padding=1, groups=4
point conv: kernel
size=(1, 1), stride=1,
padding =0, groups=1

7x 7 x 64

Max Pooling

kernel size = (3, 3),
stride=2

3x3x64

Concatenation

3712

SVM

2
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Table 5: Description of the LC-CKMSVM for character recognition

Module Layer Parameters Output size
— Input — 32x32xC
ConvBlock Conv kernel size = (3, 3), 30 x 30 x 32
stride=1, padding=0
Conv kernel size = (3, 3), 28 x 28 x 32
stride=1, padding=0
Max Pooling kernel size = (2, 2), 14 x 14 x 32
stride=2
DSConvBlock DSConv depth conv: kernel 12 x 12 x 64
size =(3, 3), stride=1,
padding =0, groups=2
point conv: kernel
size=(1, 1), stride=1,
padding =0, groups=1
DSConv depth conv: kernel 10 x 10 x 64
size =(3, 3), stride=1,
padding =0, groups=2
point conv: kernel
size=(1, 1), stride=1,
padding =0, groups=1
Max Pooling kernel size = (2, 2), Sx5x64
stride=2
— Concatenation — 7872
— SVM — 2
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