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Abstract

Reasonable music feature library construction methods are of great significance to the
realization of accurate music retrieval. In view of the limitations of current music
multimedia retrieval, a ranking learning model is introduced in this paper, constructing
corresponding models by fusing local and global indexes, constructing and mapping the
attributes and characteristics of music multimedia using feature matrix to clean the data;
looking on the global search, nodes are used to search, aiming to improve the efficiency
of music multimedia retrieval and measurement quality model construction. The results
show that the ranking learning model can effectively support the construction of music
multimedia retrieval and measurement quality model.

Keywords: Ranking Learning Model; Music Multimedia Retrieval; Global Index; Local
Index

Introduction

With the continuous development of social economy, there are more and more ways to obtain multimedia.
Therefore, in a complex network environment, identifying and searching for the corresponding music
multimedia technology from the massive multimedia data has become a difficult point and hot spot in the
current research within the industry [1-2]. Traditional music multimedia retrieval is usually difficult to guarantee
the efficiency and accuracy, and the retrieval cost is high, therefore, the time cost required is high [3-4]. Based
on this, the content-themed music multimedia search is introduced gradually within the industry, but accurate
grasp of content and feature extraction are difficult to break through the bottleneck. For example, through the
establishment of a music multimedia database, such demand effects become more and more obvious.

The continuous improvement of Internet technology has made it easier to share network resources, and music
multimedia resources can also be shared on the Internet. Therefore, traditional search methods such as
attribution company, subject, keywords, etc. are far from being able to meet the needs of users. Meanwhile, such
retrieval are likely to cause repeated searches, which will lead to excessive search time and relatively simple
feature extraction [7-10]. Therefore, in view of these limitations, through the analysis and integration of the
global and local retrieval, respectively, the construction and analysis of the music multimedia retrieval and
measurement quality model is realized relying on the ranking learning model in this paper,, aiming to improve
the efficiency of music multimedia retrieval and measurement.

Ranking Learning Model Method

Through the investigation of content-based music retrieval schemes by domestic and foreign research
institutions, the music retrieval framework system shown in Figure 1 can be obtained. Although the specific
solutions of each institution are different, they all include the basic functional units described in the framework.
During solving specific problems, most of the attention is focused on pitch extraction, melody contour (music
feature) representation methods, and matching algorithms. In these three aspects, there are a large number of
papers every year for multi-faceted research, but it has not attracted widespread attention how to form music
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melody features database. The music feature library is the basis for music retrieval, and only when the ones with
perfect feature definitions and correct feature values make the user input more accurately, the correct track can
be obtained [11]. If the feature library definition itself cannot fully express the characteristics of the melody
change of the music, or if reliable feature values are not generated for various reasons when the feature library is
created, it will result in that the corresponding song list output cannot be obtained even if the song feature input
is very accurate. It can be seen that a complete and accurate music feature database plays a very important role
in achieving accurate retrieval, pitch extraction algorithm and matching algorithm effect testing.
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Figure 1: Music retrieval framework.

Pitch information reflects the change in the pitch of the song being sung, the pitch information expresses the
length of time a certain pitch lasts, and the beat information reflects the speed of humming/singing of a certain
song. Based on this This kind of analysis, the definition of the music feature library generally includes these
three kinds of information, or only the change information of pitch and duration, the beat information is set as
the default rate, and then the elastic matching algorithm is used to achieve the melody feature within a certain
beat change limit.

In this paper, the diversity ranking learning framework is used to solve the problem of multimedia diversity
retrieval in music and extract a series of features.

The diversity ranking learning framework in music multimedia is shown in Figure 2.

Sort results and

Dataset »  |abel manual Training data \

Ranking learning
Feature algorithm
extraction

Query Query

v
\ Ranking functicn

Figure 2: Diversity ranking learning framework.
Similarity Feature

Based on the foregoing, the core of music multimedia retrieval and measurement is to query the similarity
measurement calculation of relevant music resources. Through music multimedia retrieval, the corresponding
feature library is established, and the corresponding similarity measurement is established, and is described from
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three aspects of text characteristics, tag distribution characteristics, social media features, of which the text
features are used to describe the text similarity of music multimedia, tag distribution is used to describe the
similarity of music multimedia with tags, and social media is used to describe the unique similarity information
of music multimedia.

Text Features

The calculation method for the characteristics of music multimedia is shown in formula (1).

T =1 4 &)
1 |ti|"tj‘

Among them, t; and t; are the vectorized representations of the blog text respectively.

Label Distribution Characteristics

Tag distribution retrieval uses the corresponding keyword phrases to cover all music multimedia resources as
much as possible. The tag distribution model can be used to detect the implicit subtopics of all blog posts on the
same topic and estimate the probability distribution of each blog on it[13-14].

The calculation formula of the topic feature of the tag distribution is shown in formula (2). Figure 3 shows the
detected music multimedia tag distribution.

1T, =\/

Among them, p(zk |ti) refers to the probability of the blog tweet; on the subtopic z, .
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Figure 3: Probability distribution of sub-topics and blog posts on sub-topics.
Social Media Features
Music multimedia has certain characteristics of network social multimedia [15-16].
1) Time characteristics

The calculation of the time feature is based on two time-normalized timestamps (normalized by the maximum
value and the minimum value), and the calculation method is shown in formula (3).
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In the formula, ... (ti) and .. (tj) represent the normalized representation of the music multimedia

release time, respectively.
2) Topic features

The similarity of the subject terms involved in two music multimedia resources are calculated through the
correlation index. The specific calculation is shown in formula (4):

‘Term (t)NTerm(t, )‘
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For the current research on the retrieval and measurement of music multimedia, the following steps are usually
adopted for retrieval and measurement, as follows:

1) The music audio signal is processed,;

2) A query index of resources is constructed by extracting features;
3)A database audio index is built;

4) A query mechanism is built;

5) According to the similarity of corresponding music multimedia search results, retrieval and measurement of
different types of music resources are performed in different categories.

In the actual retrieval process of music multimedia, the music multimedia formats usually involved
are.mp3,.wav,.midi and other formats.

At the same time, at the core of actual music multimedia retrieval, the feature-based matching algorithm is
shown in Figure 4:
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Figure 4: Feature string matching algorithm.
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According to the summary and condensing of the above retrieval methods, there may be some fixed attributes.
Therefore, this requires significant repetitiveness in music multimedia retrieval. Meanwhile, in order to improve
the search efficiency in the music multimedia library in the shared network, a parallel decomposition algorithm
can be used to further improve the resource search efficiency of the music multimedia under the sharing
efficiency. Therefore, a comprehensive model combining local search and global search is proposed in this paper.
The specific process and ideas are shown in Figure 5:

Content-based music retrieval

\ 4
Associated Search Information preprocessing Construct feature
Form /\ matrix

Global search Local index

\/

Query mechanism

A

Music resource search

Figure 5: Design Ideas of Music Retrieval Model.
Construction of Model
Description of Node Relationship in Unstructured Network

Compared with traditional text information retrieval, music files need a more efficient retrieval algorithm.
Therefore, in order to improve the effect of indexing, a special index structure is usually constructed for music
files. However, the construction of the music file index structure requires a larger storage space and a
higher-performance query capability. Traditionally, the construction of music index is done by dividing music
fragments. A method is proposed in this paper that does not need to consider the length of traditional music
fragments, but directly constructs a global index and a local index among each node. A global index and a local
index are constructed in every node, and users at different nodes can search for resources in this range.

Information Pre-processing

Among music files of different formats, there will be a large number of repeated segments in each song, which
greatly increases the complexity of the index structure. To improve the efficiency and accuracy of the index, the
first step is to solve the repeated fragments, music file information must be ed to eliminate redundancy.
Therefore, in order to improve the accuracy, all the topic information is extracted and the redundant information
is removed in this paper. Through such a method, it cannot only reduce the overall complexity, but also
effectively guarantee its accuracy.

In music, pitch is usually more able to influence the theme of a piece of music. Therefore, the theme and
standard deviation are used as the two key theme feature factors in this paper, assuming that it is the pitch
reflected by the i-th note in a musical melody, its average pitch and standard deviation are calculated as shown
in formula (5) and formula (6)
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In formulas (5) and (6), k is expressed as the number of notes in a certain theme.

Through the treatment of the subject, the 6 and d of two different themes are obtained. In this way, all the

themes in the folk music song are extracted, and the | =1,,1,---, 1 of themes can be obtained respectively.

After re-calculation, different | values are obtained, thereby eliminating the repeated fragments, reducing the
fragments of retrieval, and greatly shortening the time of retrieval.

Query Mechanism Construction

In the process of building a music feature library, the pitch detection technology in audio signal analysis can be
used to achieve music melody acquisition and build a library. Specifically, it includes 3 steps: monophonic wave
file acquisition, melody automatic segmentation, and feature storage.

Monophonic wave File Acquisition

The pitch extraction method processes time-domain signals, and the wave format file is required for the sound
signal to be processed, or other compression formats are converted to wave format. Monophony is another
requirement for wave format files, that is, the wave file used to build the library should only contain the
performance of the main melody by one instrument. The song usually includes a vocal singing part and a
background music accompaniment part. The main melody of the song should be defined as the vocal singing
part of the original song. Because the vocal input to achieve retrieval is generally for the part of the melody with
lyrics, so the best A wave file is a recording of a musical instrument's performance of the main melody. But it is
not an easy task to collect this kind of digital music with special requirements. A good solution is to first obtain
the monophonic midi files of the songs to be stored in the library, and then use the "MIDI2WAVE" software or
internal recording to achieve the generation of the target wave file.

Acquisition of Music feature
(1) Pitch Detection Method

After obtaining the appropriate wave file, it is necessary to extract the pitch of it to obtain the characteristics of
the melody change. The autocorrelation function (ACF) method is widely used because of its simple
implementation and good detection effect.

Due to the interference of environment, current and other noises, there are a large number of deviation points in
the obtained pitch sequence. The traditional smoothed filter algorithm will remove the grain deviation points
while affecting the inherent high and low mutations of the original waveform. Therefore, in order to solve this
problem, a " small cabinet " method is proposed, which can well achieve the purpose of filtering out deviation
points and retaining inherent mutations. The specific steps are as follows:

The pitch sequence is denoted as X(m), the filter width is defined as L, and the fluctuation range of the pitch
value is Range, a two-dimensional array A [Range, L] is defined, and Y(m) to save the filtered data. The
implementation steps are as follows :

Step 1. Create a two-dimensional array A[Range, L], take the filter width as its abscissa, and the pitch value
fluctuation range as its ordinate.
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Step 2. Apply for an array space as large as the pitch sequence array as the storage space for the values after
filtering.

Step 3 Intercept the first L pitch values of the pitch sequence and put them into the array A according to the size
of the value. Each column in A represents a small cabinet.

Step 4. Count the number of data stored in each small cabinet in array A, find the column with the largest
number of data, and calculate its average.

Step 5. Write the mean value as the pitch value after filtering into the corresponding position of the new pitch
sequence space.

Step 6. Clear the two-dimensional array A.

Step 7. Move the filter pointer backward one position.

L L
Step 8 Repeat the operation in Step 3~Step 7 for the data whose pitch order is between GE—‘[m ———D,
until the array data is exhausted.

The above method is the situation after completing a filtering. The experimental results show that multiple
filtering can keep the waveform change stable and achieve the best filtering effect. After completing this step,
you can obtain regular information that can truly reflect the pitch change of the query segment.

(2) Automatic segmentation of melody

During the construction of the music multimedia feature library, if the automatic segmentation link is not
considered, it will lead to the matching of the user’s feature query with the song, so that the feature sequence
can be matched with incomplete songs, which reduces the accuracy of the matching algorithm and improves the
corresponding time cost.

Feature Storage

After obtaining the music melody change information and sentence segmentation information, the storage can
be realized in the following three forms:

(1) Direct storage. the pitch sequence with segmentation marks is stored directly in a binary file, a file is built
for each piece of music, and read in order to achieve retrieval when matching is achieved. This method is simple
to implement, but when the number of music pieces is large, all files need to be loaded in sequence for retrieval,
which is time-consuming.

(2) Establish a specific file structure storage. In this research, Shanghai Jiaotong University established a custom
ref file to realize storage in the form of relative pitch difference and duration.

(3) Store in a vector format. That is, store a series of pitch sequences in the form of feature vectors (pitch,
duration, breakpoint or not).

The advantages of the latter two methods are saving storage space and faster loading during retrieval. The
disadvantage is that there are strict requirements for the post-processing of the pitch sequence, and the pitch
value must be strictly equal in the steady sounding segment of each note.

One of the most direct ways to obtain music melody change information is to read the numbered musical
notation or staff of the music. It is also easy to collect the scores of a large number of songs in a short period of
time. There are two ways to build a library with score information:
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(1) Directly manually enter the score information. Enter the note information, beat information, and
segmentation information of the music, and save it directly in the database. This method can achieve
segmentation due to manual participation, but the efficiency is very low, and it can only be used when building a
large-scale database, and it is also prone to omissions due to manual intervention, and it is not easy to detect.

(2) Optical score recognition is used to extract note, duration, beat and segmentation information. The highest
recognition rate can reach more than 90%.. Through the OMR technology, the score information can be
converted into MIDI files, which also provides convenience for building a library through MIDI files.

Experimental Verification

A P2P network is constructed through the PeerSim simulator, which contains 2000 nodes, and the number of
connected nodes around each node is kept at 1-10, and 1000 ethnic songs are prepared simultaneously. Through
the extraction of these 1000 ethnic music, and a random way is used to put them into different nodes. Finally,
the results shown in Figure 6 and Figure 7 are obtained through inspection.
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Figure 6: Response time after partial index establishment.
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Figure 7: Changes in the number of queries under the global index.
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Conclusion

Based on the ranking learning model, the construction and analysis of the music multimedia retrieval and
measurement quality model are realized through the analysis and fusion of the global and local retrievals, the
retrieval efficiency of the music multimedia is improved, and a good reference mode for improving the retrieval
efficiency of the music retrieval system is provided. Simulation experiments prove the effectiveness of this
method.
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