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Abstract: In the era of big data rich in We Media, the single mode retrieval system has been unable to meet people’s demand for information retrieval. This paper proposes a new solution to the problem of feature extraction and unified mapping of different modes: A Cross-Modal Hashing retrieval algorithm based on Deep Residual Network (CMHR-DRN). The model construction is divided into two stages: The first stage is the feature extraction of different modal data, including the use of Deep Residual Network (DRN) to extract the image features, using the method of combining TF-IDF with the full connection network to extract the text features, and the obtained image and text features used as the input of the second stage. In the second stage, the image and text features are mapped into Hash functions by supervised learning, and the image and text features are mapped to the common binary Hamming space. In the process of mapping, the distance measurement of the original distance measurement and the common feature space are kept unchanged as far as possible to improve the accuracy of Cross-Modal Retrieval. In training the model, adaptive moment estimation (Adam) is used to calculate the adaptive learning rate of each parameter, and the stochastic gradient descent (SGD) is calculated to obtain the minimum loss function. The whole training process is completed on Caffe deep learning framework. Experiments show that the proposed algorithm CMHR-DRN based on Deep Residual Network has better retrieval performance and stronger advantages than other Cross-Modal algorithms CMFH, CMDN and CMSSH.
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1  Introduction

The development of network communication technology and network social media has brought massive network multimedia information, which makes the information retrieval work face great challenges. Most of the existing search engines are limited to the retrieval of single-modal data, that is, they realize the functions of text-to-text and image-to-image retrieval. This single-modal retrieval method cannot meet users’ requirements of cross-modal retrieval, such as text search for images and text search for audio [1]. To solve this problem, scholars have carried out the research of cross-modal retrieval. Cross-modal retrieval first performs feature extraction on the underlying information of different modalities, integrates the features of different modal information into feature vectors that are easy to calculate, and models the relationship between different modal information to achieve retrieval matching. How to establish an association representation between different modal data is the main challenge faced by cross-modal retrieval.

Methods based on subspace learning are often used in cross-modal association modeling. In this method, the data of different modalities are mapped into a common subspace, and the similarity is measured by calculating the spatial distance between the data of different modalities. In the early stage, statistical Correlation Analysis was mainly used, and the representative algorithm is Canonical Correlation Analysis (CCA). For example, Rasiwasla et al. [2] used CCA algorithm to map data of different modalities into a common subspace, and realized cross-modal retrieval by calculating the subspace distance. However, the model based on the typical correlation analysis method is a one-to-two-layer shallow model, which cannot learn the deep semantics of multimodal data well. Moreover, only the correlation between paired samples is learned, and sample class information, such as paired constraint information and class label information, is not utilized. In addition, the features learned by canonical correlation analysis are linear, which is not suitable for learning nonlinear features.

The proposal and development of deep learning in recent years can enable deep neural network to extract more fine-grained multi-modal data features and improve the performance of cross-modal retrieval. For example, the deep Autoencoder model [3,4] is built, and the deep neural network is used to conduct feature learning for image and text data respectively. In the process of learning different modal features, association constraints are carried out, and the correlation between image features learned by the Autoencoder and text features is established to achieve the unified representation of different modalities. Compared with CCA model, the structure of the Autoencoder is relatively simple, so the training speed of the model is faster, the time consumption is shorter and the performance is better. At the same time, literature [5,6] introduced the idea of generative confrontation into cross-modal retrieval, and learned better and more effective public subspace representation by using the deep generative confrontation networks. Deep learning promotes the performance of cross-modal retrieval, but when processing large-scale multimedia data, it will face the problems of insufficient storage space caused by excessive dimensionality, excessive calculation and reduced retrieval efficiency. In view of this, the literatures [7–9] applied the Hash method to Cross-Modal Retrieval. The Hash method uses the binary low-dimensional vector composed of “+1” and “–1” to represent and store data, and maps the multi-modal data to the public Hamming space of the binary hash code. Using the Hash method can greatly reduce storage space, reduce the amount of calculation, and improve the efficiency of Cross-Modal Retrieval. However, the existing Cross-Modal Hashing methods such as CMSSH [7] and CMFH [8] are shallow models and rely on traditional manual design features, which are not universal and costly. Inspired by deep learning, people combine deep learning with hash learning. However, as the depth of the model deepens, the accuracy will gradually saturate, and then rapidly degrade [10]. Experiments show that [11,12] adding more layers in a model of appropriate depth will lead to higher training error and reduce retrieval accuracy.

In order to solve these problems, this paper proposes a Cross-Modal Hash retrieval algorithm based on Deep Residual Network (CMHR-DRN) [10]. This algorithm uses the Deep Residual Network to extract the features of images and texts, and maps them uniformly to the public Hamming space, so as to realize the Cross-Modal Retrieval. At the same time, the problem of network convergence caused by the increase of the number of network layers can be reduced by using the Deep Residual Network. Compared with the shallow Hash cross-mode retrieval model, our model can achieve better retrieval effect and is suitable for large-scale data retrieval.

2  Literature Review

At present, a lot of research results have been achieved in the field of Cross-Modal Retrieval, and a large number of open algorithms have been proposed, among which the more typical ones include: the CCA algorithm in the associated learning stage, the Word2Vec algorithm in text object modeling, and the Deep Residual Network (DRN) algorithm, etc. [1]. From the perspective of cross-modal data association modeling strategies, early people used shared layer and subspace learning methods to achieve data association modeling. With the development of Hash methods, many Hash modeling methods have also appeared in recent years. This article will introduce the following three aspects:

2.1 Establish the Association between Image and Text Data Based on the Shared Layer

A typical representative is a content-based automatic interaction system model proposed by Amir et al. [13], which proposes a learning algorithm based on feature extraction for images, establishes a multimodal semantic retrieval system for video content, and uses a 0–1 loss function in the algorithm to estimate the degree to which the predicted value of the model differs from the true value. Subsequently, Zheng et al. [14] applied the Cross-Modal Retrieval technology between text and image to automatic annotation of biological images, and established an automatic annotation and retrieval model for cell migration. Jia et al. [15] proposed a model combining Markov Random Field and LDA. This model regards topic distribution as a shared layer of images and texts, and optimizes corpus that is not closely related to images and texts. Zhong et al. [16] used a Bagging method consisting of multiple SVMs to map images and text. The advantages of this method are simplicity, easy implementation of the algorithm, but the disadvantage is that the accuracy rate is low and there is room for greater accuracy improvement. However, due to the heterogeneity between different modal data, the Cross-Modal Retrieval model constructed by this strategy is difficult to fully and effectively learn the association between different modal data. LDA needs to be trained on a larger corpus, and the quality of the corpus seriously affects the effectiveness of text features. The Cross-Modal Retrieval based on the shared layer has not yet involved deep learning algorithms, and the association of cross-modal data is still in the stage of conception and exploration, the modeling effect is not ideal, and a standardized cross-modal retrieval model has not yet been formed.

2.2 Image-Text Retrieval Model Based on Subspace Learning Method

Methods based on subspace learning can be divided into statistical correlation analysis methods and deep learning methods.

(1) Statistical Correlation Analysis Method

Among the statistical association analysis methods, the CCA method, as a classic method, is widely used in computer vision, natural language processing and other fields, but it also has obvious shortcomings. To this end, Peng et al. [17] proposed a semi-supervised canonical correlation analysis method (Semi-CCA), which improves classification performance by introducing supervised information given in the form of paired constraints. Borges et al. [18] proposed the concept of Manifold Learning, which uses a non-linear feature learning method to reduce dimensionality through the technique of Local Linear Embedding. Akaho et al. [19] combined nuclear technology with CCA and proposed a nuclear CCA technology that can realize nonlinear feature learning. Rasiwasia et al. [2] mapped the underlying image features and the text topic distribution features obtained through deep learning methods into the same space, and established a semantic-based deep learning cross-modal retrieval model. After that, CCA developed slowly in the field of cross-modal retrieval, without effective improvement and development.

Since 2010, Chandrika et al. [20] proposed LSI algorithm optimized for image retrieval, and built a multimodal latent semantic probability model, which effectively improves the accuracy of cross-modal image retrieval. Lin et al. [21] proposed a new multimodal integration and extension model (MMIP) based on PLSA and found that it can effectively improve the recall rate of image cross-modal retrieval through experiments. Wang et al. [22] proposed a multi-modal subspace learning algorithm (JGRMSL) based on the regularization of related images for the learning problem of hidden space. Zhuang et al. [23] proposed a multi-modal retrieval system with supervised learning organization structure, which further improved the cross-modal retrieval image retrieval effect of supervised learning. Chen et al. [24] based on the pairing of recipes and food photos, discovered the details of food pictures through fine-grained search, and learned a joint space to locally capture the correspondence between the image and the recipe. Since the image learning is carried out at the regional level, and the recipe learning is carried out at the ingredient level, the model can generalize the recognition to invisible food categories. The advantage is to start with fine-grained, which enhances the generalization ability of recognition. The disadvantage is that the area captured image causes ambiguity and increases the error rate.

(2) Deep Learning Methods

The proposal of deep neural network brings new development opportunities for cross-modal retrieval. By building a multi-layer neural network, we can extract more fine-grained features from pictures and texts. Ngiam et al. [3] proposed a Bimodal Deep Autoencoder model based on joint representation. First, the vector method is used to learn and represent the characteristics of different modalities, and then the association models of different modalities are constructed for unified representation. Feng et al. [4] proposed a Corr-AE model (Correspondence Autoencoder) with association constraints. When learning each single modal feature, a unified constraint algorithm is used to make the learned features of various single modalities relevant united relationship.

Kim et al. [25] proposed the combination of DAE and CCA to achieve cross-modal information matching, which provides a good theoretical foundation and research direction for the combination of deep learning algorithms and statistical correlation algorithms. Subsequently, Verma et al. [26] proposed a new structured support vector machine (SVM), which built a unified framework for img2text and text2img, and proved the effectiveness of this method in cross-modal retrieval of images and text by training datasets within the network size. Compared with other algorithm models, this algorithm has achieved better results. It can not only be applied to two modalities of image and text, but also can be extended to retrieval of other modalities.

Wang et al. [27] proposed a distributed training platform (SINGA) that supports effective large-scale deep learning model training. In order to construct effective image modal and text modal mapping functions, unsupervised learning algorithm Stacked Auto-Encoder (SAE) and supervised learning algorithm deep convolutional neural network (DCNN), neural language model are used respectively (NLM) to learn the mapping function. Ding et al. [28] used LDA and BOW models as the feature expression methods of text and image resources, and then used the least square method to learn feature subspace projection functions to improve the accuracy of cross-modal information retrieval. Dutta et al. [29] proposed a unified framework that can handle all challenging scenarios from different sources without any modification. This method projects the data in different modes into a common semantic feature space, retains the semantic relationship given by the class name embedding (attribute), and finds and retrieves similar data. Its advantages are unified framework and easy implementation; its disadvantages are that compatibility and accuracy are difficult to choose from. Wu et al. [30] proposed a new convolutional neural network data representation method for representing different forms of data. And learn the CNN model of each modal data, map different modal data to a public space, and regularize the new representation in the public space through a cross-model correlation matrix. The advantage of this method is that the method is unified, and the learning problem is summarized as a minimization problem; the disadvantage is that the unified data format limits the versatility of the method.

In recent years, the rapid development of the generation of antagonistic networks has also attracted the attention of researchers. Generative adversarial networks have strong data distribution fitting capabilities, and are especially good at generating continuous data such as images, which helps to build more effective public subspace representations. Gu et al. [5] proposed GXN (generative cross-modal learning framework) generative cross-modal feature learning framework, using image-text and text-image two generative models, not only can learn high-level global abstract representation, It can also learn the local underlying feature representation. He et al. [6] proposed an unsupervised generative confrontation cross-modal retrieval model ACMR, which used the generative confrontation mechanism in cross-modal feature association. The generator is used to form text-image sample pairs with the same semantics in the common subspace. The discriminator judges which modal the samples of the sample pairs in the common subspace come from, and learns an effective common subspace representation through adversarial training.

2.3 Image-Text Retrieval Model Based on Hash Algorithm

As an efficient retrieval algorithm, the Hash algorithm has a long history of development. The Hash method was originally used for Approximate Nearest Neighbor search, that is, to map data to a Hash table through a Hash function, and use the index of the Hash table to achieve retrieval. With the expansion of data scale, Indyk et al. [31] proposed a Local Sensitive Hashing (LSH) method. This method is widely used in single-modal retrieval. Inspired by the LSH algorithm, people apply the hash algorithm to cross-modal retrieval, and have proposed many excellent algorithms. For example, the CMSSH (Cross Modal Similarity Sensitive Hashing) algorithm proposed by Bronstein et al. [7] establishes a supervised hash learning framework, which maps input data from any two spaces into a common Hamming space based on similar semantic hash (SSH) [32], and learns the similarity between different modes through the Boosting algorithm. Li et al. [33] proposed a hash algorithm based on subspace ordering, which learns two sets of linear subspaces together, one set for each modal data, and maintains maximum similarity between cross-modes according to the ordering order of features in different subspaces. The Collective Matrix Factorization Hashing algorithm (CMFH) proposed by Ding et al. [8] uses a latent factor model to learn a unified hash code from different modes of an instance through integrated matrix factorization, which not only supports Cross-view search, and can improve retrieval accuracy by combining multiple view information sources.

However, most of the above-mentioned hash algorithms adopt manual design features, which are costly and prone to errors. With the development of deep learning, people have found that deep neural networks have strong data fitting capabilities and perform well when processing large-scale images, texts and other data. So people combined deep learning and hashing methods, and proposed some deep hash cross-modal retrieval algorithms.

(1) Supervised Deep Hash

The supervised deep hash method learns the hash function through the semantic tags of the data set, which can achieve more accurate retrieval results. Jiang et al. [34] proposed Deep Cross-Modal Hashing (DCMH), which puts feature learning and hash code learning in the same end-to-end learning framework, and maintains the similarity between the learned hash functions and the original data pairs through paired labels. Li et al. [35], proposed the self-supervised adversarial hashing (SSAH) algorithm, which incorporates antagonistic learning into cross-modal hashing and uses two antagonistic networks to maximize the semantic correlation and consistency of representations between different modes. At the same time, a self-supervised semantic network is used to discover high-level semantic information in the form of multi-label annotations. Deng et al. [36] proposed a triple-based deep hashing (TDH) network based on triplet, who uses triplet tags to obtain more semantic association information between modalities; it also uses graph regularization to maintain the semantic similarity between the hash code and the original data.

(2) Unsupervised Deep Hash

The data set of the unsupervised deep hash method has no labels, and retrieval is realized by learning and mining the structural associations between the data, which is suitable for cross-modal retrieval of large-scale data. Su et al. [37] proposed a Deep Joint-Semantics Reconstructing Hashing (DJSRH) algorithm, constructed a joint semantic association matrix containing different modal primitive domain information, used to capture potential semantic association information between multimodal data, and trained the network to generate binary hash codes using the reconstruction framework. Wang et al. [38] proposed an Unsupervised Deep Cross-modal Hashing with Virtual Label Regression (UDCH-VLR) algorithm, which is a unified framework for deep hashing Function training, virtual label learning and regression. The unified hash code is learned by decomposing the collaborative matrix of the multi-modal deep representation, maintaining the multi-modal shared semantics, and integrating the virtual label learning into the objective function, and returning the learned virtual label to the hash code. Hoang et al. [39] proposed Deep Cross-modality Spectral Hashing (DCSH) algorithm. It first uses algorithms based on spectral hashing to learn single modal and binary cross-modal representations, and uses deep convolutional networks to map text and images into binary hash codes. Wu et al. [40] proposed depth generation cross-modal hash algorithm, which introduces a loss of circular consistency to learn paired hash functions in antagonism training without paired training samples, and generates a hash function through a network to reduce the loss of associated information.

It is worth noting that in deep learning, increasing the depth of the network can allow model fitting to express complex functions more effectively. However, when the number of layers of the network is increased to a certain number, the training accuracy of the network will drop significantly. In order to solve this problem, He et al. [10] proposed a Deep Residual Network. That is, adding an identity mapping layer after the network so that the system error will not increase due to the increase in the number of network layers. In recent years, literatures [41–43] used deep residual networks in large-scale image retrieval, which demonstrated the excellent performance of deep residual networks in processing large-scale image data.

Inspired by this, this paper proposes a CMHR-DRN model. Aiming at the “Degradation problem” that the accuracy of image feature extraction quickly reaches saturation and tends to decline, we use the Deep Residual Network (DRN) model to adopt the method of identity mapping at the increased level, so as to better control the error of training results. Experiments show that CMHR-DRN model can improve the efficiency of unsupervised learning and the accuracy of image feature extraction.

3  Construction of Cross-Modal Hash Retrieval Model Based on Deep Residual Network

3.1 Symbolization of a Model

In order to solve the Cross-Modal Retrieval problem of image-text, we need to first mathematically describe the problem.

Firstly, it is assumed that dataset D contains two different modalities, and the eigenvector of image modality is represented as X, which describes the image data in the dataset. The text modal feature vector is represented as T, describing the text data corresponding to the image X in the dataset. Image data [image: images] and text data [image: images] constitute a cross-modal dataset D, which can be represented by mathematical symbols as follows:

[image: images]

Then, the similarity between the image and the text data is described. If the image [image: images] has similarity to the text [image: images], then define [image: images]; otherwise [image: images]. Cross-modal similarity matrix [image: images] is constructed.

[image: images]

[image: images]

Since the retrieval belongs to the scope of supervised learning, the similarity of data can be understood as the similarity of semantic information. Commonly used semantic information is in the form of tag information. Therefore, according to the description of the similarity matrix, the similarity value of the image [image: images] and the text t [image: images] having the same type of label is set to 1; otherwise the similarity value is 0.

After the data description of the image and the text is set, the data features of different modalities are extracted. For image and text features, different depth neural networks are used to operate the two separately. The image is extracted by using the Deep Residual Network. The text is processed by the TF-IDF feature word weight calculation method and then connected to the neural network. Since feature extraction is performed by using different neural networks, different modal features are obtained. Therefore, it is necessary to map features of different modalities into a common feature space for modeling.

Cao et al. [44] have proved that constructing a Hash function can effectively improve the retrieval performance, and by mapping different features into the binary Hamming space, it can realize Cross-Modal Retrieval between large-scale images and texts. Combined with the feature representation of the image and text in this paper, the common feature space of different modalities is Hamming space, so the mapping function that needs to be determined next is a Hash function

Then for the image modal [image: images], assume that the image Hash function it looks for is formula (3) and the text modal [image: images]is formula (4), where [image: images] is the length of the binary code.

[image: images]

[image: images]

In this way, the image is binary coded into the formula (5) by the mapping of the image Hash function, and the corresponding text code is the formula (6).

[image: images]

[image: images]

With the common feature space, we also need to keep the distance measure of the original distance measure and the common feature space unchanged during the mapping using the Hash function. That is, the measure of the distance between the original data and the distance between the binary codes remains unchanged. As the supervised information, the cross-modality similarity matrix [image: images] obviously plays a role in the process of maintaining the distance. If there is in the original data [image: images], the desired Hamming distance between the binary codes [image: images] and [image: images] can be as small as possible, and vice versa. In addition, it is necessary to ensure that the mapping using the Hash function is a mapping of the common feature space that maintains a constant distance, which is also the key to improving the accuracy of Cross-Modal Retrieval.

After mathematical modeling the Cross-Modal Retrieval problem, the research is carried out from two aspects in two stages. In the first stage, different deep neural networks are used to learn the features of image data and text data to extract the eigenvalues of different modal data. In the second stage, supervised information is used to learn the Hash function to map the common space while keeping the distance metric unchanged.

3.2 Construction of Cross-Modal Retrieval Model

In this paper, the image-text cross-mode retrieval model as shown in Fig. 1 is adopted. The construction process is mainly divided into two stages: The first stage is feature extraction, including image and text feature extraction. As for image features, this paper adopts the Deep Residual Network ResNet in the convolutional neural network model to solve the problem that accuracy will not decrease with the deepening of the network. For text features, because of their sparsity, TF-IDF features are used as input, and then DCNN is connected to the deep network. The second stage is the Hash coding part. By keeping the invariant distance mapping, the image and text features can finally be encoded on Hamming Cube, so as to carry out rapid retrieval on Hamming space.

[image: images]

Figure 1: Image-text cross-modal retrieval model

(1) The First Stage: Model Construction of Feature Extraction

The deep learning network structure consists of two parts: one is oriented to image modal data, and the other is oriented to text modal data. The ResNet-50 model proposed by He is adopted for the deep network model of image modality [10], and the method of identity mapping is adopted at the increased level when constructing the deep network model, so as to control the error of training results. Although the residual network has many variations, in fact, at the application level, the effect of different network depths on the accuracy is not very different, but the effect on the training time is greater. Therefore, this paper adopts the ResNet-50 model, which consumes less training time.

There are two basic modules in the Deep Residual Network. One is identity block, whose input and output data dimensions are consistent. Therefore, it supports multiple continuous connections, whose function is to reduce training time consumption. The other is the convolution block, where the data dimensions of input and output are inconsistent and multiple consecutive conjunctions are not supported. Its function is to change the dimension of the feature vector and reduce the dimension.

The whole residual network model is formed by concatenating multiple residual units. In the input part of the network, the size of the image in different data sets is different, so this paper adjusts the image to make its size uniform. After passing through the network layer, the two layers are finally connected to the fully connected network. The goal is to further compress the data down to a specific dimension.

In this paper, the deep network structure is set by experiments. From the perspective of function space, single-layer neural network has simple nonlinear mapping characteristics, and its function is similar to that of vector base in mathematics, while multi-layer neural network combination is similar to that of using base to construct function space. From a statistical point of view, neural network is often considered as a function of approximation. The single-layer network structure makes the data present a single probability distribution, while the multi-layer superposition makes the probability form a mixture. Such a hybrid model makes the neural network present Universal Approximation Theorem [45]. Therefore, by deepening the hierarchical structure of the neural network and increasing the capacity of the model, more complex functions can be approximated. In fact, the process of image feature extraction using deep learning is a mapping process, that is, assuming that the parameter set learned through training for the deep network of image modality is [image: images], then the overall output result can be expressed as a function of the input image set X:[image: images].

For the deep network model of the text part, we use the TF-IDF feature to represent each text data [image: images] and extract it as a text feature to the input of the deep network.

Since the TF-IDF is a statistical feature, in order to obtain similar features corresponding to the image data from the text, we attempt to access it into the fully connected network to re-map the TF-IDF feature results. The text deep network has three fully connected layers, and the specific parameters of each layer of data are shown in Tab. 1. In the first two layers of fully connected neural networks, ReLU function is the activation function, and in the last layer of output, it is the identity function.

Table 1: Parameter setting table of deep network

[image: images]

In this way, through the above text network, this paper assumes that the parameter learned in the network is[image: images], and the overall text output result can be expressed as a function [image: images]of the input text set T.

(2) The Second Stage: Hash Coding

The features extracted through the above feature learning process will be used as the input of the Hash coding function. Then, F is used to represent the image features acquired by data element t [image: images] learned from ResNet, and the corresponding G represents the text features obtained by data element [image: images] from the text deep network.

[image: images]

[image: images]

where [image: images] and [image: images] represent parameter information learned in two different deep networks respectively.

In the feature extraction stage, this paper will discuss how to warp the results of the two Feed-Forward Neural Networks into Hamming space, how to realize the likelihood mapping process of the whole Hash coding decomposition and projection to the same space, and how to use the Hash method to maintain the constant distance for quantization.

Firstly, the features extracted in the first stage are likelihood mapped. From the perspective of machine learning, Discriminative Model can be used to solve this problem. Specifically, the spatial distance between image features F and text features G should be as close as possible in the case of the same category, while the distance should be as far as possible in the case of different categories. Therefore, it is necessary to ensure the accuracy of classification by distance. Thus, the similarity matrix S, as the distance information of the original data, can be used as the discriminant criterion of the two feature distances. By optimizing the discriminant model, the same type of data can be clustered together as far as possible, that is, to maximize the logarithmic likelihood function:

[image: images]

The above probability distribution is divided to obtain the following formula:

[image: images]

where [image: images] is exponential function, [image: images] is the product between the i-th image feature and the j-th text feature, which are cross-modal variables that fuse different modal data. [image: images] is similarity matrix of raw data.

Combine the piecewise function, there is a likelihood function[image: images], which is expressed as follows:

[image: images]

This allows the text data and image data to satisfy the likelihood principle by calculating and maximizing the value of[image: images]. Next, a Hash-quantization process of distance invariance is performed on the real-valued variable. In order to unify the modeling and facilitate the subsequent gradient descent learning, the Hash map result of the image is described in the form of a matrix, that is [image: images]. The matrix of the Hash map result of the text is [image: images]. Obviously the Hash mapping function should be after two network output results, as shown in Fig. 2. Then use the common symbolization function as a Hash mapping function, get [image: images], [image: images]. The quantization process can be represented by a minimized loss function[image: images], that is:

[image: images]

where [image: images] is the square of the matrix norm. To maintain the balance of the data, in the quantization process of the Hash function, it is necessary to make the final Chinese text encoding result and the image encoding result as close as possible, thus introducing a regular term.

[image: images]

[image: images]

Figure 2: Image retrieval of text, images and text retrieval of images, text

Finally, through [image: images] and expressions above, the Hash-encoded learning objective function in the deep network can be defined as:

[image: images]

where α and β are Lagrange Multipliers [image: images]. In practical applications, [image: images]is directly set, which simplifies the objective function of Hash coding. For optimization training, the above objective function is simplified to:

[image: images]

3.3 Model Parameter Learning

After the objective function is obtained, the parameters in the model are then learned. Since the parameters to be optimized in the model are [image: images], [image: images] and [image: images], the cross-learning strategy is used for parameter learning. The specific model parameter optimization process is divided into three steps.

3.3.1 Fix [image: images] and [image: images], Optimize [image: images]

When parameters [image: images] and [image: images] are set as fixed values, only [image: images] is a variable at this time, and the parameters obtained as image deep network learning can be learned through Back Propagation. Back Propagation is mainly performed by gradient descent algorithm for optimization learning. To avoid the time-consuming Gradient calculation of the entire data set by Gradient Descent method and the problem of falling into local minima in the process of Gradient Descent, this paper refers to the Mini-Batch Gradient Descent (MBGD) for parameter learning [46]. A portion of the sample is used to update each parameter as it is updated, and the gradient is calculated using a mini-batch data calculation gradient instead of all data. On the overall model, the convergence effect of the results of multiple stochastic gradients is only slightly lower than the original gradient, but in exchange for a huge improvement in performance. For the objective function, we first calculate the gradient under small batch data:

[image: images]

Then calculate the target gradient [image: images] by chain rule.

3.3.2 Fix [image: images] and [image: images], Optimize [image: images]

When the parameter [image: images] and [image: images] are fixed values, [image: images] is a variable, and as a parameter obtained by text deep network learning, the same reason can also be obtained by using the Back Propagation learning by the stochastic gradient descent. The gradient of the small-lot data is obtained as follows:

[image: images]

Similarly, the target gradient [image: images] can be obtained from the above formula using the chain rule to update the parameters.

3.3.3 Fix [image: images] and [image: images], Optimize [image: images]

When [image: images] and [image: images] are fixed, the network structure is fixed, so the objective function can be written as:

[image: images]

[image: images]

Among them, [image: images] it is easy to find that the binary encoding [image: images] has the same symbol as [image: images], so there is:

[image: images]

3.3.4 Expansion of New Samples

For the model, in addition to training samples, there are also test samples and verification samples, namely new samples. The model trained in this paper can be directly used for binary coding of new samples. Therefore, after training the model, a new sample point [image: images] was given to represent the new image and text data. The binary code of the image [image: images] can be expressed as:

[image: images]

Similarly, the binary encoding for text [image: images] can be expressed as:

[image: images]

The model thus constructed has good scalability for newly added data.

3.4 Model Algorithm and Retrieval Algorithm

3.4.1 Model Algorithm

Algorithm 1: Cross-Modal Hash Retrieval algorithm based on Deep Residual Network (CMHR-DRN).

Input: Define the image dataset as [image: images].

The input size of the small batch is [image: images].

The number of model trainings is [image: images].

Text data set [image: images] .

Cross-modal similarity matrix [image: images].

Output: Image depth network model parameter set [image: images].

Text depth network model parameter set [image: images].

Binary Hash coded value [image: images].

Random initialization: random initialization image network parameters [image: images], text network parameters [image: images], small batch input size mini_batch iteration number is Iteration, the number of model iterations can be expressed as epochs, and Adam parameters are set to the default value.

The pseudo code is as follows:

[image: images][image: images]

[image: images], [image: images]

[image: images],[image: images], [image: images]

Repeat the training model:

Step 1: Randomly sample the image sample set [image: images]. After learning through the residual network, the Feed Forward output is obtained as [image: images], the gradient of the back propagation [image: images] is calculated. And then the parameters [image: images] are updated according to the gradient. The pseudo code is as follows:

For (int i = 1; i<iteration; i++) {

[image: images];

[image: images];

[image: images];

[image: images];

}

Step 2: Pre-processing the text sample set [image: images] to extract the TF-IDF feature and Vectorization to obtain [image: images]. Randomly sample the whole data set to obtain Vtj. And also calculate the output Gj through the neural network to calculate the gradient of the back propagation gradient_t. Parameter [image: images] update based on the gradient. The pseudo code is as follows:

For (int i = 1; i<iteration; i++){

[image: images];

[image: images];

[image: images];

[image: images];

[image: images];

}

Step 3: When the parameters [image: images] and [image: images] are fixed, the entire network structure has been fixed

[image: images],

[image: images],

Step 4: Optimize [image: images] to match the inputs of the two networks.

Step 5: Until the number of training reaches 500, the result is obtained.

3.4.2 Text-to-Image

Algorithm 2: Text-to-Image algorithm.

Input: text [image: images]

Output: a series of images [image: images] and the probability of each image [image: images].

Step 1: Using TF-IDF algorithm to extract feature vectors by text feature extraction. Then use binary function to convert to binary code [image: images].

Step 2: All images in the image library are extracted by feature extraction. Use the convolutional neural network to obtain the feature vector [image: images]. Then convert it into binary coding [image: images] by using the Hash function.

Step 3: Calculate the similarity [image: images] of the binary encoding of the input text and the binary encoding of all images in the image library.

Step 4: Sort all similarities from high to low, and take the image [image: images] corresponding to the binary encoding of the similarity top k.

3.4.3 Image-to-Text

Algorithm 3: Image-to-Text algorithm.

Input: an image [image: images].

Output: a series of texts [image: images]and the probability of each text [image: images].

Step 1: Using convolutional neural network to perform feature extraction on the input image [image: images] to obtain a feature vector[image: images], and then converting into a binary code [image: images] by using a Hash function.

Step 2: All the texts in the text library are extracted by the feature extraction using the TF-IDF algorithm to obtain the feature vector [image: images], and then converted into binary encoding [image: images]by using the Hash function.

Step 3: Calculate the similarity between the binary encoding of the input image and the binary encoding of all text in the text library:

[image: images];

Step 4: Sort all similarities from high to low, and take the similarity of the text [image: images] corresponding to the binary value of top k.

3.4.4 Rendering Effect of Cross-Modal Retrieval System Design

In order to achieve better results, the program was modified to support dual mode retrieval. The effect is shown in Fig. 2. Click the link to upload the picture, as shown in Fig. 2 (left). Upload the picture to be retrieved. Click the link to retrieve the text and image that meet the requirements, as shown in Fig. 2 (middle). Similarly, enter “Magpie” in the text box to retrieve a matching image and text, as shown in Fig. 2 (right).

4  Experimental Designs and Results Analysis

4.1 Experimental Operating Environment

According to the above model, the Caffe framework was used to build a Cross-Modal Retrieval system, and multiple text-image datasets were used for experiments. The experiment adopts assembled personal workstation, the operating system is Ubuntu 16.01-LTS, and the programming language is Python 3.6.

4.2 Data Set and Its Feature Extraction

To validate the algorithm’s effectiveness, we used three common cross-modal data sets, including Wikipedia, MIR FLICKR-25K and NUS-WIDE.

The Wikipedia dataset [2] is a recommended article crawled from Wikipedia, containing 10 different kinds of 2,866 encyclopedias. The image, as a further description of the textual information, constitutes a pairwise relationship. Each image in the original data set is composed of 128-dimensional SIFT feature vectors, and the text extracts corresponding TF-IDF features.

MIR KLICKR-25K [47] contains 25,000 images collected from the image social networking site Flickr. Each image corresponds to several different text word tags. We selected data containing at least 20 text labels as experimental data. Among them, the text was represented as a 1386-dimensional word bag vector. Each image used a 512-dimensional SIFT feature vector. Each data point was marked with multiple text labels.

The NUS-WIDE [48] dataset contains 260,648 site images, some of which have text labels. It is a multi-label dataset created by the Media Search Lab of the National University of Singapore with 81 text labels. The original image dataset extracts low-level features such as color histograms, wavelet textures, and word vectors described by SIFT.

In terms of data partitioning, we divided the training set and test set by 8:2 for each type of data set. At the same time, cross-validation was used to carry out three experiments on the training set and the test set at different positions. Finally the average value was obtained.

4.3 Performance Evaluation Index

The search evaluation indicators mainly used in this experiment included MAP, PR curve and F-Measure.

MAP (Mean Average Precision) refers to the mean of the average precision of multiple query results [49]. For retrieval, you first need to calculate the average precision of the results (AP). In the retrieval task, the precision and recall rate are single-valued metrics based on the results of the entire document list, but the order in which the sorted documents are returned must also be considered. Assuming a recall rate of [image: images] and a precision [image: images] as a function of the recall rate, the AP is:

[image: images]

The above equation shows that the average precision is the area under the PR curve. For the results obtained by a finite number of retrieval tasks, the average precision can be described as discrete:

[image: images]

where k is the rank in the retrieved document sequence and [image: images] is the number of retrieved documents. [image: images] is the precision of the cutoff value [image: images] in the list. [image: images] is the recall change of the items [image: images] to [image: images].

MAP, as the mean of the average accuracy of multiple query results, can be expressed as:

[image: images]

where Q is the retrieval times, MAP index can comprehensively calculate the average value of multiple retrieval results, and it is a single-value index of all documents. Therefore, it has good global characteristics, so it is quite appropriate as an evaluation index of the retrieval system.

In addition to use the MAP value to measure the average accuracy of the search, there is also a PR [50] (Precision-Recall) curve, which is used to evaluate the accuracy and recall rate of the search model.

F-Measure is the weighted harmonic mean of the precision rate P and the recall rate R, which is calculated as follows:

[image: images]

Evaluation of a search model mainly depends on whether the precision rate and the recall rate are optimal at the same time, that is, the closer the PR curve is to the coordinates (1,1), the better the retrieval effect [51].

4.4 Benchmark Model and Parameter Settings

We adopted CMFH, CMSSH and CMDN as the benchmark comparison model of this experiment, and compared the advantages and disadvantages of the cross-modal model, retrieval algorithm and other algorithms used in this paper. As a cross-modal algorithm for applying metric learning, CMSSH linearly maps data from different spaces to a unified space, ensuring the similarity of data distances before and after mapping. CMFH decomposes the data into different modalities to obtain the mapping of implicit variables. This paper only considers CMFH under unsupervised conditions. In the deep learning method, CMDN is used as a similar comparison of the algorithm.

In the first part of the model construction, the Deep Residual Network Resnet-50 is used. In the feature extraction of the image, there is no need to adjust the original parameters too much. This section uses the default parameter settings. In the final output stage, two layers of fully connected networks are connected, and the first layer is set to 512 × 3 × 4 dimensions, and the second layer is 512 dimensions. On the text network, this experiment is connected to a three-layer fully connected network. The first layer of the first two layers is the length of the TF-IDF vector. The output of the second layer is 4096. And the third layer is the identity mapping. This ensures that the probability distribution of the data will not be completely changed. The Hash function of the second part set Hash codes of different lengths, which are 16 bits, 32 bits, and 64 bits. In the calculation of stochastic gradient descent, the Adam [52] (Adaptive Moment Estimation) method is used. As an adaptive moment estimation algorithm, Adam has good optimization performance.

4.5 Experimental Results and Analysis

Tab. 2 lists the average accuracy MAP retrieved by the different types of cross-modal algorithms on the Wikipedia data set. In the task of image-to-text, in the case of using three different length Hash codes, the MAP value of the algorithm used in this experiment is higher than the two algorithms of CMFH and CMSSH, but there is still a certain gap compared with the CMDN algorithm. In the task of text-to-image, when the Hash code length reaches 32 bit and 64 bit, the MAP value of the algorithm used in this experiment is higher than the MAP values of the other three algorithms.

Table 2: Comparison of map values with other algorithms on Wikipedia datasets

[image: images]

Tab. 3 lists the average accuracy of different types of cross-modal algorithms retrieved on the MIRKLICKR-25K dataset. In the two tasks, the MAP value of the algorithm in this paper is higher than the MAP values of the other three algorithms.

Table 3: Comparison of map values with other algorithms on the mirklickr-25K dataset

[image: images]

Tab. 4 lists the average accuracy of different types of cross-modal algorithms retrieved on the NUS-WIDE dataset. In the task of image-to-text, the MAP value of the algorithm in this paper is higher than the MAP value of the other three algorithms. In the task of text-to-image, when the Hash code length is 16 bits, the MAP value of the algorithm in this experiment is higher than the MAP values of the other three algorithms. When the Hash code length is 32 bit and 64 bit, the MAP value of the algorithm in this experiment is higher than the MAP values of the two algorithms CMSSH and CMDN, which is slightly lower than the MAP value of the CMFH algorithm.

Table 4: Comparison of map values with other algorithms on the nus-wide dataset

[image: images]

Take MIRFLICKR-25K as an example to draw the PR curve of image-to-text and text-to-image, as shown in Figs. 3 and 4.

[image: images]

Figure 3: The PR curve of image-to-text

[image: images]

Figure 4: The PR curve of text-to-image

The experimental results show that the CMHR-DRN algorithm is better than the other three Cross-Modal Retrieval algorithms in the MIRFLICKR-25K dataset when it is used in Cross-Modal Retrieval. It improves the retrieval performance. In the task of text-to-image, when using the 16-bit Hash code in the Wikipedia dataset, it is better than the other three cross-model retrieval algorithms. In the task of image-to-text in the NUS-WIDE dataset, its performance is better than other three cross-modal search algorithms, which improves the search performance. It can be seen that the cross-modal Hash retrieval algorithm based on Deep Residual Network (CMHR-DRN) proposed in this experiment has stronger advantages in Cross-Modal Retrieval tasks than other types of algorithms CMSSH and CMDN. Compared with the same type CMFH, this algorithm also has improved retrieval performance.

5  Conclusion

This paper proposes a cross-modal hash retrieval algorithm CMHR-DRN based on a deep residual network, and solves the objective hash function through a stochastic gradient descent algorithm. In the optimization process, the Adam method is used as the main gradient descent optimization algorithm, which is suitable for most Non-convex optimization, thus learning a very effective hash function. The two-stage model training method can help the corresponding model to be fully trained in each stage, reduce the difficulty of training, and help the model to converge faster. Experiments have proved that the proposed algorithm has a strong advantage over other types and similar cross-modal hashing algorithms in image-text cross-modal retrieval tasks, and the retrieval performance has also been improved. In the image retrieval, the MAP value of CMHR-DRN is higher than the other three algorithms; in the retrieval image, the CMHR-DRN algorithm has also achieved better results. On the PR curve, we can clearly find that the value of the BEP (Break Even Point) point (P = R) of the PR curve of the CMHR-DRN algorithm is higher than other algorithms, indicating the overall performance of the CMHR-DRN algorithm better.

The essence of cross-modal retrieval is to extract key and useful information from the data features of various modules to the greatest extent, and then unify these information data into the same feature space to compare and sort similarities to achieve Search function. The algorithm proposed in this paper has two focuses: one is to focus on the feature extraction of input data. For the large amount of data in image data, the content information is mainly reflected in the combination of data spatial distribution and data elements; for text data, it reflects the problem of keywords and arrangement structure contained in text, which are different from each other. Therefore, the algorithm in this paper uses the most advanced and classic methods in the field of image feature extraction and text understanding to do feature extraction; the second is data matching. Classic hashing methods can be used for matching, and the similarity between the data can be obtained from the pairwise comparison of the data, which helps to sort the data retrieval results. Sorting according to similarity can reflect the relevance of retrieval.

The algorithm proposed in this paper also has excellent accuracy and recognition, and has great advantages compared to other algorithms. The core is that the algorithm provided in this paper makes an efficient and accurate feature extraction for the modal information data. Without the basic clear and valuable feature information, it is difficult to provide accurate information for the next phase of algorithm matching, and it is also difficult to achieve excellent results in cross-modal retrieval. The key of the algorithm is to use the depth residual network to extract information from the pictures. The depth network plays an important role in practicability and accuracy. By combining the advantages of the two algorithms, the accuracy and applicability of the entire algorithm framework is provided.

For the next step of research, there are two aspects that need to be studied in depth:

1.    With the rapid development of deep learning technology, the deep network framework is continuously optimized, but the deep network framework has not yet been used to achieve cross-modal retrieval tasks between speech and image, and between speech and text. Therefore, the next need to consider using a deep network framework and designing corresponding algorithms to extract voice features, realize the unified mapping of voice-image-text modal features, and finally realize multi-modal retrieval.

2.    Due to the increasing number of deep network layers, the size of training samples is also growing rapidly. The data format and content of multimedia information are more complex and diverse, including pictures, voice, text, video, etc. How to achieve efficient generalization of data conversion and provide more real-time solutions? It will be an important impetus to improve the cross-modal retrieval, enhance the cross-modal retrieval ability, and promote the application of cross-modal retrieval.
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