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Abstract: The quick retrieval of target information from a massive amount of information has become a core research area in the field of information retrieval. Semantic information retrieval provides effective methods based on semantic comprehension, whose traditional models focus on multiple rounds of detection to differentiate information. Since a large amount of information must be excluded, retrieval efficiency is low. One of the most common methods used in classification, the decision tree algorithm, first selects attributes with higher information entropy to construct a decision tree. However, the tree only matches words on the grammatical level and does not consider the semantic of the information and lacks understanding of the information; meanwhile, it increases the amount of calculation and the complexity of the algorithm on synonymous fields, and the classification quality is not high. We investigate the retrieval method, unstructured processing with different semantic data, extracting the attribute features of semantic information, creating a multi-layered structure for the attribute features, calculating the window function according to the theory of multi-level analytic fusion, and fusing different levels of data. Then, we calculate the expected entropy of semantic information, undertake the boundary treatment of the attributes, calculate the information gain and information gain ratio of the attributes, and set the largest gain ratio of semantic data as the nodes of the decision tree. Our results reveal the algorithm’s superior effectiveness in semantic information retrieval. Experimental results verify that the algorithm improves the expressing ability of knowledge in the information retrieval system and improves the time efficiency of semantic information retrieval.
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1  Introduction

With the advent of the internet, search engines are widely used [1], and the quick retrieval of target information from a massive amount of information is a core research area. Efficiency is an important measure of information retrieval methods [2,3]. With the development of natural language processing and artificial intelligence, semantic retrieval research has developed rapidly in recent years. The semantic web adds semantic information to networked documents, enabling computers to understand terms, concepts, and their logical relationships, allowing the maximum sharing and reuse of information. Therefore, semantic information retrieval methods can understand human language expressions so as to simplify communication and interactions between humans and computers.

Retrieval based on a semantic level can enable the analysis of semantics embedded in query words, enriching knowledge bases, improving the ability of computers to understand natural languages, and mining knowledge not clearly expressed by keywords. These features make the identification of retrieved content more accurate and improve the retrieval performance of search systems. Therefore, semantic information retrieval has become a topic of great interest in the field of computer data processing [4,5].

Semantic information retrieval extends the meanings of search words. It can consider the relationships between classes and attributes, establish semantic index items, and enhance the logical reasoning ability of a retrieval system [6]. It is not limited to the use of retrieval words as a starting point. Its results are semantic entities that contain the attributes of search words and relationships between them, instead of mechanically matching these strings, so as to increase the retrieval result space and precision. A semantic retrieval model enhances human-computer interaction. One way to improve its efficiency is to expand the query words input by users. Continuous updating of a query-extended word set can ensure that retrieval intentions are better understood, and provide a better retrieval experience. The process of semantic information retrieval is shown in Fig. 1.
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Figure 1: Process of semantic information retrieval

Semantic information and processing are attracting the attention of researchers. Its main retrieval methods include the statistical information retrieval model, Boolean and extended Boolean models, Bayesian model, and vector space model. Other models are based on ontology, and include the k-means algorithm [7], fuzzy c-means algorithm [8], Markov algorithm [9], semantic similarity algorithm [10], and notably, the cloud-computing-based clustering algorithm [11,12], which can be used to mine complex data, and whose broad development prospects have made it a focus of many experts.

Semantic information includes much complex, disordered, and highly variable information [13,14]. The traditional algorithm has been used for semantic information mining, which converges slowly, has high computational complexity, and may significantly reduce the efficiency of data processing [15]. An improved information retrieval algorithm based on a decision tree was proposed to avoid such limitations [16,17], using multi-level analytic fusion theory to obtain a window function for different information, and using this to fuse various levels of information. The results can be utilized to build a decision tree for semantic information retrieval.

2  Traditional Semantic Information Retrieval Principles

A traditional retrieval model (especially the Boolean model) is based on the literal matching of keywords or subject words; it ignores semantic information contained in keywords and lacks the ability to conduct semantic matching. This often leads to low recall and precision, and a poor user experience [18–20]. With the development of semantic web technologies, semantic retrieval research has developed rapidly [21], enabling users to input natural language and retrieve more keywords related to search keywords, instead of manually listing search information that only matches search terms [22,23].

A semantic retrieval model integrates all kinds of knowledge and information objects, intelligent and non-intelligent theories, and methods and technologies, including retrieval based on the knowledge structure, knowledge content, and expert heuristics; intelligent browsing retrieval based on knowledge navigation; and distributed multidimensional retrieval [24]. Common models include classification retrieval, multidimensional cognitive retrieval, and distributed retrieval [25]. The classification retrieval model uses the most essential relationship between things to organize resource objects; it has semantic inheritance, reveals the hierarchical and reference relationships of resource objects, and fully expresses the multidimensional combinational demands of users. The multidimensional cognitive retrieval model is based on the neural network, which simulates the structure of the human brain, organizes information resources into a semantic network structure, and constantly improves retrieval results through a learning mechanism and dynamic feedback technology. The distributed retrieval model uses a variety of technologies to evaluate the relevance of information resources to users’ needs.

The semantic retrieval system, in addition to providing keywords to achieve subject retrieval, combines natural language processing and a knowledge representation language to represent various structured, semi-structured, and unstructured information, and to provide multi-channel and multi-functional retrieval [26]. Natural language [27] is the language that people use every day, and natural language processing technology can effectively improve retrieval efficiency. Its task is to establish a computer model that can imitate the human brain to understand, analyze, and answer natural language questions. From a practical point of view, the computer needs the ability to recognize a basic human-computer conversation and other language processing functions. For the Chinese language, there is a need for technology for Chinese word segmentation, phrase segmentation, and synonym processing.

Semantic retrieval is a search technology based on knowledge [28], using machine learning and artificial intelligence to simulate or expand people’s thinking and improve the relevance of information content. It has obvious advantages: break through the limitation of single text matching, have an intelligent understanding of the purpose of user query, and deal with more complex information retrieval needs. Through various analysis, processing, and intelligent technologies, semantic retrieval can actively learn users’ knowledge, provide personalized services, and improve its efficiency.

2.1 Common Algorithms of Information Retrieval Model

2.1.1 Boolean Models

The earliest information retrieval model, the Boolean model [29], is a simple model based on set theory and Boolean algebra. It is a strict matching model based on feature items, whose purpose is to find documents returned as “true” by a query word. The matching rules of a text query follow the rules of Boolean operations. Users can submit a query according to the Boolean logical relationship of search items in a document, and the search engine determines the results according to a pre-established inverted file structure. The standard Boolean logic model uses a binary decision criterion by which searched documents are either query-related or not. The results are usually not sorted by relevance.

In the Boolean model, a document is represented by a collection of key terms, which all come from a dictionary. While matching a query with a document, the model depends on whether its terms meet the query criteria. The model has a simple form and is easy to implement, but its exact matching will return too many or too few documents.

2.1.2 Vector Space Models

Vector space models [30] represent texts in the information base and a user’s query as points (vectors) in a vector space. A vector value is the weight calculated by term frequency-inverse document frequency (TF-IDF). The similarity between documents is measured by that between vectors. The most commonly used similarity measure, the cosine distance formula, calculates the angle between two vectors as a measure of correlation. In the same space, if the angle is smaller, then the cosine is larger and the two vectors are more similar. Hence we can easily obtain the similarity between vectors by using the cosine theorem. The vector space model is the basis of text retrieval systems and web search engines.

In the vector space model, if the information retrieval system involves n keyword terms, then an n-dimensional vector space is established, where each dimension represents a keyword term. We must first establish the vector of texts and the user query. Each coordinate of a document vector is represented by the weight of the corresponding keyword, which indicates its importance to the user. Then the similarity between the query and text vectors is calculated. Based on the matching results, relevant feedback can be obtained to optimize the user’s query.

2.1.3 Probabilistic Models

Probabilistic models [31] are based on the principle of probability ranking, and they consider the internal relationship between keywords and documents. Based on the Bayesian principle, a probabilistic model uses the probability dependence between keywords and between keywords and documents for information retrieval. It calculates the probability that a document is relevant, and sorts the documents based on that. If documents are sorted by decreasing probability, then those most likely to be obtained are ranked highest. This model aims to identify the uncertainty of relevance judgments and the fuzziness of query information representation in information retrieval.

2.2 Computing the Relevance of Semantic Information

The relevance calculation of semantic information mainly includes two categories: semantic similarity calculation based on distance and semantic similarity calculation based on attribute features [32–34].

2.2.1 Semantic Similarity Calculation Based on Distance

The semantic distance is an important factor to calculate the semantic similarity between concepts. Its main idea is: denote the value range of semantic distance as [0,∞), when the semantic distance between concepts is smaller, the semantic similarity between concepts is larger, otherwise the semantic similarity is smaller. The detailed formulas are shown in Eq. (1).


Sim(x,y)=αdis(x,y)+α
(1)

In Eq. (1), Sim(x,y) is used to describe the semantic similarity based on distance, dis(x,y) is used to describe semantic distance, and α is the variable adjustment parameter.

2.2.2 Semantic Similarity Calculation Based on Attribute Features

Its core idea is that the attribute features of an instance object can reflect itself. It can determine whether there is a similar relationship between two instance objects according to the same or similar attribute features. The detailed formulas are shown in Eq. (2).


Sim(x,y)=fcom(x,y)ftotal(x,y)=f(x∩y)f(x∩y)+α(x−y)+βf(y−x)
(2)

In Eq. (2), Sim(x,y) is used to describe the semantic similarity based on attribute features, f(x∩y) is the common attributes of x and y, f(x-y) is the attributes containing x but not y; however, f(y-x) is the opposite. α and β are the variable adjustment parameters which are used to describe the importance of x or y. For example, when the importance of the attribute features of x is higher than y, then a > β, or else a < β; only when the attributes of x and y are almost the same, a = β, can we get Sim(x,y) = 1.

2.3 Establishment of Markov Model for Semantic Information

The hierarchy of semantic information in a Markov model [35–37] can be described by N, N = (T, BT, 
STb
,
QTb
, W), where T is the set of semantic state parameters of the semantic information retrieval system, BT is the mapping from the semantic state parameter dataset to the semantic information dataset, Q is the mapping from the semantic state parameter dataset to T, S is the probability of a retrieval decision, and W is the retrieval time parameter. The probability of a retrieval decision is calculated as Eq. (3).


STb=F{su+1+ηsu+2+η2su+3+…+ηs−1su+p|tu=t,tu+p=ts}
(3)

By the use of unstructured processing with different semantic data, the state parameters of retrieval decisions can be obtained as Eq. (4).


Wi(t)=Fi(∑i=1p⁡η(i)Si|t0=t)
(4)


W+(t)=∑b⁡ω(t,b)∑t⁡qtb(Stb+ηW(tb))
(5)

In Eq. (4), η describes the decision to retrieve the i-th item of semantic information, and η(i) = ηy1+y2+…+yp.

Therefore, the state parameters of the optimal semantic information decision can be obtained. We can use Eq. (5) to calculate the optimal state parameters of different retrieval decisions.

Based on the above formulas, we can design the Markov model for semantic information retrieval,


R+(t,b)=∑t⁡Qtb2(Stb+ηmax(∑t⁡qtb(Stb+ηW(tb))))
(6)

Using the above methods, different semantic information parameters can be initialized that can provide accurate data for decision-making in semantic retrieval.

3  Semantic Information Retrieval Method Based on Decision Tree Algorithm

The decision tree algorithm is one of the most common methods employed in classification, and is also used in semantic information retrieval. By recursively dividing the feature space of data, sample data are divided into clusters, and the classification rules are displayed in the form of a tree (as shown in Fig. 2) to discover and represent the knowledge contained in the data [38].
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Figure 2: Decision tree model

The traditional semantic information retrieval method is used to mine complex semantic data; however, it suffers from slow convergence and reduced efficiency of data processing due to the complexity and the massive volume of data. Aimed at these disadvantages, an improved semantic information retrieval algorithm is proposed based on the decision tree.

3.1 Fusing Semantic Information

According to the multi-level analysis and fusion algorithm of data features, semantic information can be fused to achieve its retrieval [39–41].

There is much semantic information involved in semantic information retrieval, with quite different features. Semantic information types can be obtained. The detailed formulas are shown in Eq. (7).


PN(k,l)=|∂2K(k,l)∂k2|+|∂2K(k,l)∂l2|=|2K(k,l)−K(k−step,l)−K(k+step,l)|+|2K(k,l)−K(k,l−step)−K(k,l+step)|UON(k,l)=∑k⁡∑l⁡NP(k,l)
(7)

Using the window function in information retrieval, different information can be fused, the detailed formulas are shown in Eq. (8).


NP(k,l)=∑r⁡∑s⁡Y(r,s)[PN(k+r,l+s)]2
(8)

We can create a multi-layered structure for the data features of different semantic information. The detailed formulas are shown in Eq. (9).

φC=PNc(k,l)PNc(k,l)+PND(k,l)


φD=PNd(k,l)PNc(k,l)+PND(k,l)
(9)

In the semantic information retrieval system, we can represent sub-detection systems by C and D, and fuse semantic data as Eq. (10).


KH(k,l)=KC(k,l)NPC(k,l)−NPD(k,l)>ΥKH(k,l)=KC(k,l)×ψC+KD(k,l)×ψD|PNC(k,l)−PND(k,l)|≤ΥKH(k,l)=KD(k,l)PNC(k,l)−PND(k,l)<Υ
(10)

Thus we can extract the features of different semantic information and carry out semantic fusion to increase the efficiency of semantic information retrieval.

3.2 Establishing the Decision Tree for Semantic Information Retrieval

We denote the semantic dataset as Z, Z = {(zk, ak)|k = 1,2,|…, total}, zk = (zk1, zk2, …, zkf), where zk is the semantic set of all dynamic information, with attributes {C1, C2,…, Cf}.

We calculate the expected entropy for the semantic information data as Eq. (11).


K(q1,q2,…,qp)=−∑l=1pqltotallog2(qltotal)
(11)

We denote the attributes of the semantic information dataset as C, Ch (h = 1,2, …, f), which includes the attribute values of s. We undertake the boundary treatment for the attributes of all the semantic information data. The detailed formulas are shown in Eq. (12).


G(Ch)=∑u=1sq1u+…+qputotalK(q1u,q2u,…,qpu)
(12)

In Eq. (13), we calculate the information gain and the information gain ratio of the attributes, and get semantic information optimization parameters for the decision tree. The semantic data with the maximum gain ratio are regarded as the node of the decision tree, and are used to construct the semantic information retrieval decision tree.


E(Ch)=K(q1,q2,…,qp)−G(Ch)
(13)

u(Ch)=−∑u=1squtotal×nd(qutotal)

Ck=MIN+MAX−MINQ×k(k=1,2,…,Q)

4  Experimental Results

The experimental environment was Visual C++. The number of semantic information samples in the database was 566, and there were 10 types of semantic information. Tab. 1 shows the semantic information sample data and attributes.
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The traditional and improved algorithms were applied to mine the semantic information, with results as shown in Fig. 3, which show that when the semantic information sample has low complexity, the algorithms take almost the same time for data mining.

[image: images]

Figure 3: Retrieval results on semantic information sample with low complexity

We then took all the semantic information sample data as the experimental object, and performed the same experiment, with results as shown in Fig. 4.
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Figure 4: Retrieval results on semantic information sample with high complexity

We can observe that when the semantic information is complex, the improved algorithm spends about 15 ms on data mining, whereas the traditional algorithm spends about 24 ms. This demonstrates the advantages of the improved algorithm when the sample complexity is high.

Our experimental results show that the improved algorithm improves the speed of data mining for complex semantic information compared to the traditional algorithm.

5  Conclusion

Traditional semantic information retrieval is prone to slow convergence when the quantity of data is large and the data are complex. We conducted a study of a semantic information retrieval method based on a decision tree algorithm and the theory of multi-level analytic fusion. We obtained the state parameters of the optimal semantic information decision through the unstructured processing of semantic data, calculated the window function, and fused its levels of data to obtain information fusion results. We created a multi-layered structure for the data features of diverse kinds of semantic information and extracted the attribute features of semantic information. We calculated the ratio between information gain and the information gain of the dynamic data attributes of the semantic information and set the largest gain ratio of semantic data as the nodes of the decision tree. We thereupon developed a semantic data optimization parameter decision tree, based on which we built a decision tree to achieve semantic information retrieval. Our experimental results showed that the algorithm thus improved can add to the efficiency of semantic information retrieval, and help to avoid the disadvantages commonly associated with traditional algorithms. Due to the influence of experimental conditions, the decision tree based on the semantic information retrieval system selects part of the data as the experimental object. In the future, we need to make further evaluation for the system on large-scale datasets.
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