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Abstract. Mondegreen is a common phenomenon during conversation and is more obvious
during listening to songs. To simulate the impression that the audience will have when they hear
a particular piece, the Soramiminet model is introduced in this paper. The model is a combination
of wave2vec, and transformer used for generating misheard lyrics in Chinese with various input
songs. This article will focus more on the establishment of the dataset for wave2vec model. The
criteria and several methods of creating a high-quality dataset are summarized and present in this
paper. Additionally, the negative impact of a defective dataset and how to avoid it is discussed.
The main limitations and biases of this dataset, and how to address them and future work are
explored. The dataset includes a set of audio clips from 21 tracks by 9 different singers in AVI
form and a text file for annotation which can be processed by python dataset module. The dataset
is relatively biased, since all the annotations are done by the author personally. There is no
“correct” labelling, given that the model is generating misheard or “wrong” results.

Key words: Dataset, Transformer, Nature Language Processing, Machine Learning, Artificial
Intelligence.

1. Introduction

Mondegreen is coined by American writer Sylvia Wright in 1954[1], recalling a childhood memory of
her mother reading a Scottish ballad, and mishearing the words "laid him on the green" as "Lady
Mondegreen”. In 2002, Oxford English dictionary explained the term as a misunderstood or
misinterpreted word or phrase resulting from a mishearing. esp. of the lyrics to a song[2].

The current research on mondegreen mainly focuses on pedagogy and linguistics. In addition, some
studies are aimed at solving the negative impact of the mondegreen problem on ASR[3], and the research
on the generation of the mondegreen itself is blank. Moreover, the research of misheard lyrics generation
is insufficient especially in Chinese. Compared to current ASR modules, the soramiminet is aimed at
generating the wrong results that best match the right one. The wave2vec model[4] can be trained to
process audio clips and then generate pinyin of misheard lyrics in the clip. Thus, the collection and
processing of high-quality audio files is one of the major topics of this project. In addition, this article
will also introduce how to obtain suitable mondegreen material in Chinese.

The purpose of this module is not only to achieve mondegreen lyrics generation, but also to establish
an acoustic-linguistic model which present the nature of human acoustic-linguistic signal processing.

© 2023 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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This model can assist in testing human communication skills and mimic the audience’s understanding
of a particular conversation.

2. Literature review

2.1. Shortcoming and negative impacts of some datasets

No matter how complex and complete a model is, it requires high-quality data for training, validation,
and testing. A bad dataset will not only lead to technical problems like overfitting and underfitting that
will destroy the accuracy of the model, but also may cause deeper impacts on the scientific, social, and
ethical aspects. The health systems relying on commercial prediction algorithms which use certain
training set for ground truth exhibit significant racial bias. Black patients are potentially receiving 17.7%
to 46.5% help as the system predict them to be “sicker” than white patients[5]. Furthermore, according
to the study conducted by Stanford University[6], the cutting edge Automated speech recognition
systems designed by Amazon, Apple, Google, IBM, and Microsoft are all exhibiting varying degrees of
racial disparities. The average word error rate (WER) for black speaker is 0.35. On the other hand, the
WER for white speaker is only 0.19. Moreover, the WER for men is typically higher than women. All
these five systems are trained and acknowledged as the-state-of-art model.

Data annotation and labelling are another possible source of bad dataset. The quality of training data
is critical to the success of supervised machine learning, in which models are automatically generated
from labeled training data. Annotators, as humans with different cultural backgrounds and professional
skills, will label the data with certain bias and shortcoming. The recruitment machine learning system
built by Amazon team was determined to have gender bias[7]. This happened even the gender is not one
of the training criteria. The system is trained to be more attracted by candidates who tend to use male
engineering verbs. The main reason for the failure of this system is the system is that trained based on
the HR teams and engineers with gender gaps in their workforce. As clearly indicated in the

Table 1, the training details of labeler is not classified in 84% paper. Furthermore, merely half of the
labeler was informed with specific definitions or examples before they start annotating.

Table 1. Labeler training details.

Count Proportion

Some training details 7 of 45 15.56%
No information 38 of 45 84.44%
Instruction with formal definitions or examples 21 of 45 46.67%
No instruction beyond question test 2 of 45 4.44%

No information 22 of 45 48.89%
Total of applicable papers (involving original human | 45 100%
labeling)

Note. The table was based on “Garbage In, Garbage Out" Revisited: What Do Machine Learning
Application Papers Report About Human-Labeled Training Data?” by Geiger et al.

The dataset problem is not only reflected in small datasets, but also in benchmark datasets used by
major companies. As shown in the research conducted by MIT, several benchmark datasets have
labelling errors[8]. Among the evaluated six image dataset, even the best-case MNIST had the 0.15
percent error rate of the total labels. The three text test sets 20news, IMDB, and Amazon have error rates
of 1.11, 2.9, 3.9 respectively. The only audio dataset AudioSet has an error rate of 1.35. The benchmark
datasets used for training and testing are not as perfect as it supposed to be. A noisy and uncleaned
dataset are one of the mean reasons for overfitting and underfitting issues[9]. Additionally, researchers
tend to use existing dataset. Only 26.7% study across different disciplines are presenting new human-
labeled dataset. Even if some teams mentioned the dataset, 64% of the reports did not specify how many
labelers were on the team. 88% of teams did not provide a link to the dataset they were using[ 10].
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2.2. How to create a high-quality dataset

The first thing one should do before collecting data is setting up objectives. In order to solve the problem
effectively, questions about model architecture, training techniques, data acquiring, data labelling, and
performance analysis must be considered[11]. Artificial neural networks can be trained using different
algorithms. Based on the problem trying to solve, a suitable model can be chosen. The creator should
determine whether to apply parallelism or Non-parallelism training techniques[12], and consider what
type of data needed to be collected. Additionally, dataset builder needs to figure out what type of data
is noisy and should be deleted, and how to measure the success of the model after the training is done.

2.2.1. Data collecting. Data collecting can be achieved by different methods. If the current dataset
cannot meet the requirements for the project, the data generation is necessary. There are two main
methods to generate new data, which are human creating and synthetic data generation. Crowdsourcing
is a potential solution as it involves a large number of participants from different backgrounds. Although
crowdsourcing may improve speed, quality, and diversity of the collecting process[13], it should be
noted that the data collected through crowdsourcing may be unclean and biased. The researcher should
examine all the data before processing it. On the other hand, some neural networks can be used to
generate data. For instance, generative adversarial network[ 14].

Data augmentation is another method to modify data, so it matches to a certain project. An old dataset
can be augmented with required external new sources. This technic helps to increase the efficiency of
the data collection, since it reduces search requirement for new data. Possible approaches include data
wrapping and synthetic over-sampling[15].

2.2.2. Data cleaning. Raw data cannot be directly used to establish a data set, since it may contain noisy
data. The dirty data will reduce the accuracy of the model and increase the cost. The possible tools and
framework include BoostClean and MLClean.

The BoostClean is able to select an ensemble of error detection and repair combinations using
statistical boosting[16]. The system applies conditional repairs, which is a combination of data repairs
and prediction repairs. Data repairs is aimed at modifying the data from the training record. Prediction
repairs, on the other hand, will set the value to default if the input record is too corrupted. The main idea
of boosting is to find the “weak™ predictors in each iteration. These “weak” predictors will then be
combined into one prediction rule which will be more accurate than all the “weak” ones. As
demonstrated by the author, the BoostClean system successfully increased the accuracy of eight
different models from Kaggle. Moreover, it improves the AUC of the downstream model by eight to
nine percent.

The authors of MLClean[17] unify the three data preprocessing techniques, which are traditional data
cleaning, unfairness mitigation, and data sanitization. The traditional data cleaning is based on integrity
constraints denial constraint, and functional dependencies need to be satisfied. However, it has security
and fairness issues. To deal with fairness issues during data cleaning, the machine learning community
programmed unfairness mitigation system. In order to improve model fairness, these techniques
typically trade off some model accuracy. The last technique is data sanitization, which aimed at cleaning
the poisoned data before the training stage. The main problem with this system is that it cannot
distinguish between erroneous data and poisoned data. The MLClean system applies data sanitization
as an extreme cleaning and uses unfairness mitigation system to reduce the bias of the processed data.
The final combined system yields an average accuracy of 0.71.

2.2.3. Data labelling. Data labelling is required for supervised machine learning model. The labelling
process can be differentiated by various data types (e.g., text, image, audio, video). Manual labelling
requires trained annotator to spend a lot of time to complete, which lead to increasing demand for
labelling assistant software.

In case of image annotating, the labelling process can be divided into four categories according to
the different automation degrees[18]. With the lowest automation level, manual labelling requires
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humans to identify the features in the image. The software is aimed at providing clear user interface to
support human accomplish the job more efficiently. There are various methods to achieve manual
labelling. As the name single user labelling reveals, only one human is annotating the image. Although
the labelling process can be proceeded offline, it may contain bias. Collaborative labelling allows a
group to finish the annotation together. The same image can be marked by different members and the
results are combined. Or it can be labelling by one person first, and then reviewed by another member.
This method can improve the accuracy of the data. However, all the possible method requires duplicate
work, which reduces the cost efficiency.

Semi-automated labelling allows algorithm to accomplish annotation first, and the results will be
reviewed and corrected by human. The labelling time can be reduced. Although the accuracy is slightly
inferior to manual labelling, the overall efficiency is relatively high. Automated labelling does not
require any human interaction during the process. After the clustering model is trained, the computer
will analyze the input and finish the annotating procedure. Automated labelling system produces a better
result than manual labeling in some cases, since computer will not be influenced by bias that human
may have. Different form semi-automated labelling, interactive labelling allows human to correct and
update annotations during iterations. The annotating accuracy will increase as the system learn from its
mistake.

3. Dataset creation

3.1. Data collection and preprocessing

Suitable mondegreen materials in Chinese is hard to discover, since the study of this subject is
insufficient. The main source of the data is from different social medias and blogs. In view of the fact
that misheard lyrics is a more subjective judgement, human review is required after the information is
collected. After the manual verification is completed, label the selected clips, record the pinyin
corresponding to the misheard lyrics, record the corresponding Chinese misheard and correct lyrics, and
metadata such as the singer's name, song title and album name to facilitate the later search for the
corresponding audio clips. After obtaining the full-song audio clip, the file format needs to be adjusted
to make sure all the clips are in wav format. For instance, several clips in flac and mp3 file were
transferred to wav file. All the clips are at 44.1kHz sampling rate, clips with sampling rate lower than
24Khz were replaced. In order to achieve preliminary audio and annotation alignment, the collected full-
song clips also need to be edited, and only the clips corresponding to the misheard lyrics are retained.
Clips vary in length from three to ten seconds, with most being four to five seconds.
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3.2. Dataset content

0 ruoguotianheizhigianlaidejiwoyaowaleniyanjing S1TFE 2 /S BT T HANERES TR B2 SERERETT T IRNRE i

1 jiangzhendehuibuhuishiwobeiguimixjiacle HENSASERBEEAN T HENSAZERBRBLET HEN

2 yufenfengiukulicaomushenwotingwennvshizhuyiigeren S kg EEAFRITA S — A RS ERESARENAREE A WicB4

3 shuangwaidemaquezaidianxi hangluoshui SEERIRTETFERLE LR SIMIRRRLEN L8 LB

4 nixialeyanwodeaiyichujiuxiangyushui {78 F RIS SHRERK S EENEaRETK tES

5 zaigeiwolianggencongrangwobajiyijianchengbing BRI RIBE SMI BRERS R BIERK SRS

6 bingxiangdebaleinachaizhonghaizaixuanzhe i8R \EEREFINERE K HITEERISRINERE: SKNBY

7 tiandiyouyouguokechongchongchaogiyouchaoluoenenyuanyuanshengsibaitoujirennengkantou FoitiikismEEtHn U ES BRER IO LASTL s S rEe SRR R prA RO N ARES $it—0&
8 wonengxiangdaozuilangmandeshijiushiheniyigimaimaidiannao ZEBRINRHENER2NF—ELsmn R AINS RENSHEN—Rieets BRENE
9 weiweixiaoxiaoshihouwotamazhidao SiHZFEMIZRATE MEZ I HEIERTE BE

10 yankanzheninanguowoliudehuaqumeiyoushuo REEIREIEIELANRER RESIETEENEIREH HFFE

11 tangguoguanlihaoduoyanseweixiaoquegutianle EREEFSHEMNZNL AR BEREFSEEREITA T BER

12 gonggiaoxieposheitamadesheijide I RISIEEINEDS ik FELERE RETE

13 nisanshenmonanrensanshenmonanren {R=EEEA=HEE A (FEHASABHASA BIHAEA

14 gushidexiaohuangguacongchushengnanianjiupaozhe HEEHNEIM LA BERRITE MBI MEEN LA TEADE B X

15 wogjanzhenideshoujingguozhongmanyadandeshanpo ZEEIFNTFEIFHEENLE 2EEMNTEINEF ENLE 258

1

1

1

6 weishenmezhengyazinilazhewoshuoniyouxieyouyu Jft 4 ZBHRIERRIMGLER At ARFFIRIERHIFELRE T34
7 wogginideaizhizhigiyuangian FASRITERE bk eSS AR EERTA
8 bujiaonishushusuoyijiaoniyengbufushu FUERRAFLAMRKTIRE ASIFATAMRETET RZS0E
19 chonggianchongshizheshijielubaniiuliankanzhetianmeisizaiyanaian /S SX R EH HEB ERTITEA NATIRX KR PR RESBADITRA 2R T
20 xiangzhefengyongbaocaikongyonggandexiangqianzou BERIFSERITENE HENARVAIERNENE (FEE
21 zheshifeiyangyangdegandie XERFHNTE X2 GINET EROL
22 woyongguzhidekudangzuochengingnang EREREELEATE RRERNRBMNATE 58
23 meiyigedanshenderendeikantouxiangajjiubiepashangtou 5— S ASHLEEHAN Lk B HSNASEEEERDINNE 85T

Figure 1. Screen shot of labelling in text file format (made by the author).
Annotation: In text formatting with labelling, pinyin for misheard lyrics, misheard lyrics in Chinese,
correct lyrics in Chinese, and the name of the track.
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Figure 2. Audio files (made by the author).
Audio: High-quality audio clip files in WAV format with sample rate of 44.1KHz from 21 tracks by 9
different singers
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4. Bias and limitations

The labelling bias of this database is relative serious because it applies single user labeling. Given that
misheard lyrics is based on subjective opinions, the accuracy and correctness of the annotations are
ambiguous. In the labeling process, although most of the adopted misheard lyrics were recognized
insights online, some labels are completed by the labeler alone and no one else reviewed it. The language
habit of the annotator also affects the accuracy of the dataset annotation to a certain extent.

Sample bias is another aspect. All music pieces in the dataset are in Chinese, partly because the
labeler is a native Chinese speaker. Out of total twenty-three clips, fifteen tracks are from the same
singer, which may be another source of bias. Additionally, of the nine singers in total, only three of them
are women, this might leads to bias too.

One of the main limitations is audio noisy. Since the selected clips are all popular songs, while the
singer is singing, the musical instruments and synthesized sounds in the background will greatly affect
the model's recognition of the lyrics. Especially in clip 19, the singer sings too fast, and the vocals and
background sounds cannot be clearly separated. Clips 7 and 8 are due to the earliest release time of the
song and limited by the recording technology at that time, the clarity of the song is slightly worse than
other pieces. Due to the limitation of the editing software, the clip clips are accurate to the second at
most, resulting in some clips that are slightly shorter or longer than the expected clips of mondegreen.
Clips 1, 17, 18 and 22 are mostly affected, which may lead to bad synchronization between audio and
annotation during training process. Another limitation is that the sample size of the dataset is too small
to train a complete model. Moreover, the low generality of the dataset makes it difficult to train other
models.

5. Conclusion

Mishearing is a common linguistic phenomenon that occurs during conversation, and more often when
listening to music. Through the method of machine leaning, the mapping of acoustics to linguistics is
achieved by inputting audio clips and outputting the corresponding misheard lyrics. The purpose of this
project is not only limited to entertainment, but also to explore the reasons for mishearing. This paper
reviews the issues associated with building datasets; a flawed dataset will affect the accuracy of the
model, furthermore, it also affects the daily lives of real people, such as the Amazon recruitment
discrimination incidents. Three aspects: data collection, data cleaning, and data labeling are discussed
in relation to how a high-quality dataset is built. Data collection can be done through full collection or
data augmentation based on existing data. Two possible data cleaning method, BoostClean and
MLClean are introduced. In the data labeling section, this paper focuses on the four different automation
levels of image labelling.

The main achievement of this project is the initial establishment of a dataset generated for
Mondegreen. The dataset includes 21 music tracks from 9 different singer. Bias and limitations of the
datasets are also discussed in this paper.
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