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1. Summary 

MIP-Frontiers is a project that focuses on training PhD students (or Early Stage Researchers, ESRs) 
in the field of Music Information Retrieval (MIR), preparing the next generation of MIR researchers. 
In doing so, MIP-Frontiers needs to address the main challenges that face the field of MIR. In a 
recent strategic document (MIReS Roadmap, EU FP7 programme project), these challenges were 
identified as relating to: data-driven aspects, knowledge driven aspects, and user-driven aspects. 
Regarding data-driven aspects – the focus of the present report – the main message is that MIR 
research needs to face the ever-growing amount of data available to be processed and made sense 
of; and address music problems for which new audio signal processing and machine learning 
methodologies will have to be developed. 

The preparation of this report started with an internal discussion, within the consortium, on what 
data-driven methods can mean for MIR in general, and for the PhD students’ projects in particular. 
It was obvious that each of the 15 MIP-Frontiers projects will need to use large datasets and deep-
learning methodologies, but they target different aspects of data-driven methods, and therefore 
each has to present and discuss the state of the art, challenges and potentials in its own specific 
context; and that the report should reflect that.  

Thus, each project has presented, and contributed to this report, its specific view on how the 
quality of datasets, data augmentation strategies, identifying suitable architectures and the 
interpretability of developed systems are important for MIR and for their specific problems. This 
report has already been, and will be, a valuable resource, demonstrating to the ESRs and to the 
MIR community the importance of data-driven approaches to MIR research.  

 

2. State of the project 

MIP-Frontiers is a four-year project. It started in April 2018, is now at month 18, and all ESRs have 
been enrolled for at least 9 months. The fellows have all presented their thesis Stage 1. This stage 
involves learning about the project requirements and mapping out personalized goals and 
challenges; it also offers a framework for thinking about the possible paths of their research. They 
need to understand the state of the art, challenges, and approaches of the MIR field.  

Although the EU FP7 project MIReS defined the principal challenges in its project Roadmap, the 
evolution of the field and the actual implication on the ESR projects needed an interpretation and 
a revision to adapt it to the student context. At the project board meeting held in Barcelona in May 
2019, it was discussed how to write and address this report on “State of the art, challenges and 
potential of data-driven approaches in MIR”, especially with a view to how it would be useful for 
the ESRs and other future MIR researchers.  

The report starts with an introduction that describes how the term “data-driven methods and 
approaches” is understood in the framework of MIP-Frontiers. As the MIP-Frontiers Training 
Network comprises 15 individual ESRs with different topics in the MIR field, we obtain fifteen 
different views on relevant scientific background, challenges, opportunities, and solutions.  

 

https://mip-frontiers.eu/
http://www.mires.cc/about.html
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3. Introduction 

In the project proposal, the MIP-Frontiers consortium identified three big challenges – and thus, 
from a scientific point of view, research opportunities – for the further development of the MIR 
field. The first and most relevant one is the development of data-driven methods and system-level 
solutions of interest to a wide variety of companies working within the audio and music field. For 
this goal we need large and appropriate corpora/datasets, state of the art audio/music feature 
analysis tools, and machine learning and evaluation strategies adequate for the specific problems 
identified. 

The purpose of the present report is to provide a starting point for this work, by documenting the 
state of the art, current challenges, and corresponding potential of data-driven approaches to MIR 
problems. This report will focus on the data-driven research topics as they emerge in the specific 
research projects (PhD theses) tackled in MIP-Frontiers. To this end, the next section (Section 4) 
gives an overview of which of these projects are particularly related to data-driven methods, and 
in what specific ways.  The remainder of the report will then present a discussion of the state of 
the art, challenges, and potential from the viewpoint of these particular projects or tasks. Section 
5 will thus be structured by individual PhD projects. Further details are found in the students' Stage 
1 reports. 

 

4. Data-driven methods in MIP-Frontiers 
 

4.1 The concept of data-driven in MIR 

Music data is in most cases complex, multimodal, and it exists in very large quantities (e.g. in 
the scale of hundreds of thousands of items for music pieces in diverse modalities, or tens of 
millions in the case of audio files or tags). In addition, music is increasingly available in data 
streams rather than data sets, and the characterization of music data can evolve with time (e.g. 
tag annotations are constantly evolving, sometimes even in an adverse way). These Big Data 
characteristics (very large amounts, streaming, non-stationarity) imply a number of challenges 
for MIR, such as data acquisition, dealing with weakly structured data formats, scalability, 
online (and real-time) learning, semi-supervised learning, iterative learning and model updates, 
learning from sparse data, learning with only positive examples and learning with uncertainty.  

The rest of this section lists those projects in MIP-Frontiers where data-related aspects as 
defined above are particularly important, and briefly explains why and in what way. For each of 
these projects, Section 5 will then describe the current state of the art and corresponding 
challenges and opportunities. 
 

https://mip-frontiers.eu/
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4.2 MIP-Frontiers projects with data-driven aspects 

 

QMUL1: “Representation Learning in Singing Voice” 

What this project aims at from a data-driven perspective is to create training datasets from 
weakly or not labelled singing voice data. This project takes advantage of the data that DoReMir 
provides, which consists of over one million recordings of real-world singing. The research 
adapts unsupervised & semi-supervised learning methods to learn new latent representations 
of the singing voice. 

QMUL2: “Improving Polyphonic Transcription through Instrument Recognition and Source 
Separation”   

Project QMUL2 focuses on better understanding the aspects and qualities of music sounds that 
are related to the timbre of musical notes and that force us to represent them differently in the 
staff notation. The specific research goal is to be able to associate each sound to the correct 
instrument, as well as detect and recognise different playing techniques (pizzicato, legato and 
vibrato, for example) used throughout the music by the same instrument, so that proper 
symbols can be applied in the transcription to represent them.  

However, only some indications of characteristics of sounds that affect our perception of timbre 
are known. We still do not fully understand how much each physical characteristic correlates 
with the other and how much they actually contribute to timbre perception. Thus, finding an 
explicit mathematical formula of how we exactly perceive timbre using the physical properties 
of instruments and of sound waves is a highly complex and unsolved task. Therefore, the project 
is going to exploit timbre representations learned directly from data by using machine/deep 
learning techniques. 

QMUL3: “Leveraging user interaction to learn performance tracking” 

The QMUL3 project focuses on music alignment. Music alignment aims at providing a way to 
navigate among multiple representations of music in a unified manner, lending itself applicable 
to a myriad of domains like music education, performance, enhanced listening, automatic 
accompaniment and so on. The project has a heavy data-driven component, since we aim to 
develop deep learning based approaches to music alignment, which require large datasets 
containing labelled alignments. 

QMUL4: “Robust Timbre Analysis for Query by Vocal Imitation” 

The type of data associated with this project is given in pairs of audio files, comprising the 
original target sounds and their vocal imitations, given by different users. Publicly available 
datasets in this field are scarce and often composed by a small number of users. 

QMUL5: “Adversarial attacks to understand deep learning models for music” 

Project QMUL5 generates adversarial attacks on deep learning models for music and tries to 
analyze the features in the deep learning model that are exploited to generate these adversarial 
examples. We want to establish a link between the type of data used to train a model and the 
robustness of the model. 

https://mip-frontiers.eu/
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UPF1: “Facilitating Interactive Music Exploration” 

Project UPF1 aims to utilize audio and tag annotations to facilitate the process of music 
exploration. The data will be used to train a deep-learning autotagging system to learn 
embeddings which will be used as anchors for exploration in the continuous semantic space. 

UPF2: “Methods for Supporting Electronic Music Production with Large-Scale Sound Databases” 

The goal of project UPF2 is to develop novel methods for browsing loops in large collections of 
sounds. In order to better characterise the loops in these collections, data-driven techniques 
will be used to identify the instruments which are present in each loop. 

UPF3: “Identifying and understanding versions of songs with computational approaches” 

This project aims to build version identification systems that would provide both a new notion 
of music similarity from a Music Information Retrieval perspective and a practical tool for music 
monitoring services from an industrial perspective. We aim to incorporate state-of-the-art data-
driven techniques from the machine learning community into this line of research in order to 
develop systems that can be used on an industrial scale. 

TPT1: “Behavioral music data analytics” 

Project TPT1 aims at improving music recommendation systems by integrating the user’s 
contextual information in the recommendation process. The user’s contextual information is 
defined as the external factors that affect their music preferences in any given time. For 
example, user activity, location, or time of the day are considered as contextual information 
that changes users’ preferences. For certain activities the user would prefer to listen to 
energetic music while in some others he/she would prefer to listen to calming music. Hence, 
we need to consider the audio content of music tracks to provide the right recommendation at 
the right time. While most current recommendation systems rely on collaborative filtering 
approaches, using audio content is an alternative approach that is being studied frequently 
nowadays. Hence, our data-driven approach considers integrating the audio content 
information along with context and user information to provide better recommendations.  

TPT2: “Voice models for lead vocal extraction and lyrics alignment” 

Audio source separation is the task of extracting individual sound sources such as lead vocals 
from a mixture. Project TPT2 aims at developing robust audio source separation methods for 
singing voice extraction. Due to the high complexity of musical audio mixtures, where sound 
sources are usually highly correlated in time and frequency and may be modified by (non-linear) 
audio effects, machine learning techniques are required for such a separation task. This means, 
the task is learned on training data. Consequently, methods for singing voice separation can be 
considered as data-driven. 

TPT3: “Multimodal movie music track remastering” 

The specific research goal of project TPT3 is to enhance source separation algorithms taking 
advantage of the data extracted from the user while he/she is listening to polyphonic music. 
Specifically, this data is represented by the brain responses of the user to musical stimuli 
collected using electroencephalographic techniques.  

https://mip-frontiers.eu/
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TPT4: “Context-driven music transformation” 

The aim of project TPT4 is to enable transforming music in terms of artistic style. While simple 
modifications can be designed by hand, complex transformations such as changing the musical 
genre will most likely be best performed by machine learning models trained on large music 
datasets. 

TPT5: “Conditional generation of audio using neural networks and its application to music 
mroduction” 

The general research goal of project TPT5 is to synthesize audio using conditional Deep 
Generative Neural Networks and explore applications to music production. Concretely, we 
consider the use of Generative Adversarial Networks (GANs) to synthesize some musical audio 
content given prior descriptive information (e.g., pitch, instrument), and some audio 
representation of pre-existing music content to which the synthesized audio will be adapted. 

JKU1: “Large-scale Multi-modal Music Search and Retrieval without Symbolic Representations” 

Project JKU1 aims at developing new algorithms for the automatic structuring and crosslinking 
of large multi-modal music collections, with a focus on audio recordings and sheet music images 
(acoustic and visual domains, respectively). In addition to the use of additional higher-level 
knowledge of music which could be used to improve alignment, identification and retrieval, 
solving this will require massive amounts of musical data. These comprise audio recordings and 
score images in various representations. 

JKU2: “Live Tracking and Synchronisation of Complex Musical Works via Multi-modal Analysis” 

Project JKU2 focuses on multi-modality as a source of additional information to guide the hard 
task of tracking complex musical stage works (operas). In particular, we will need to make use 
of data provided by the Vienna State Opera, partner of this project, and coming from different 
modalities (such as audio and video recordings from opera performances) in order to detect 
events which are useful to achieve robustness. 

 

5. State of the art, challenges, and opportunities (by project) 

 

5.1 QMUL1 “Representation Learning in Singing Voice” 

Through unsupervised learning techniques and taking advantage of the size and variety in the 
dataset provided by DoReMir, the specific task is to learn latent representations of the singing 
voice and further create clean and refined subsets from big unlabelled datasets for the purpose 
of training supervised learning algorithms. 

State of the Art. Many modern deep learning studies apply deep unsupervised learning to learn 
features and latent representations from audio data. The advantage of learning representations 
is that the plentiful unlabelled data can be utilized to obtain new representations of the data 
that are potentially better than hand-crafted features [1]. The authors of [2] propose to use 
Sequence-to-sequence Autoencoder (SA) and its extension for unsupervised learning of Audio 
Word2Vec to obtain vector representations for audio segments. They show SA can learn vector 

https://mip-frontiers.eu/
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representations describing the sequential structures of the audio segments. The authors of the 
paper [3] proposes a combination of Semantic Variational Autoencoders with RNNs (SVAE - 
RNN) to obtain global latent representations of audio data. In the construction of the 
unsupervised representation learning system, this concept of autoencoders will be exploited. 

Challenges and Opportunities. The main challenge in unsupervised learning is the size of data 
required. This project will take advantage of the DoReMir dataset for this purpose. The 
recordings in the dataset are collected from users from over 100 countries, using a mobile music 
transcription application which gives itself a great potential to represent real-world singing 
data. The DAMP singing datasets (available for research, released by Smule) [4,5,6,7] also 
provide big potential for the specific task. 

 

5.2 QMUL2 “Improving Polyphonic Transcription through Instrument Recognition and Source 
Separation” 

The project explores the inter-dependencies between instrument recognition and source 
separation tasks with the final goal of improving polyphonic instrument transcription. This can 
be achieved by proposing the creation of a system capable of automatically learning timbre-
related features for identifying the different sounds that are being played and capable of 
separating the music signal into multiple sources based on the learned timbres. 

State of the Art. Even though instrument recognition and source separation are two tightly 
connected tasks, in the specialized literature they are usually addressed separately. The former 
is usually seen as a multi-label classification task, which is performed and evaluated either at a 
frame-level, note-level or clip-level, while the latter is defined as an unmix operation, where 
one tries to separate the audio signal into multiple instrumental sources.  

With the recent release of new mid and large scale datasets such as MusicNET [1], which 
contains 330 freely-licensed classical music recordings written  for  11  instruments,  along  with  
over  1  million  annotated  labels indicating the precise time of each note in every recording 
and the instrument that plays them,  fully data-driven supervised deep-learning techniques for 
instrument recognition started to arise in the literature.  For instance, [2] allies the constant-Q 
transform with pitch information from a multi-pitch estimation algorithm to perform frame-
level instrument recognition using a convolutional network.  Later, the authors improved the 
recognition method by using a multi-task learning approach, trying to jointly predict the 
instrument class and the pitch of the notes. Other important examples are [3] and [4]. Both 
works perform instrument recognition in polyphonic music in clip-level basis. Their main 
difference is that [3] uses the mel-frequency spectrogram of the clip as input to the network 
while [4] uses an end-to-end approach, i.e., the time-domain audio clip is used as input for the 
system to directly pinpoint the multiple instruments in the mixture.  

Regarding source separation, with the increasingly utilisation of data-driven approaches and 
the follow up improvements of the state-of-the-art performance in closely related music 
information retrieval tasks such as multi-pitch estimation and instrument tracking, deep 
learning methods also started to make break-throughs in  the  area  of  audio  source  separation  
[5-8]. However, a limitation of most methods is the fact that they are designed to tackle 
predefined separation sub-tasks, i.e., they rely on extracting only a specific instrument from 
each other or are focused on performing the separation only in particular music genres.  Some 

https://mip-frontiers.eu/
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examples are methods for melody and vocal extraction [9] and for lead and accompaniment 
separation [10]. Moreover, those types of methods do not usually generalise well to different 
types of music or to other instrumental sources. 

More recently, the data-driven state-of-the-art methods started to use deep neural networks 
capable of learning long-term time relationships of the audio recording. Some examples are the 
utilisation of Recurrent Neural Networks (RNN) and Long-Short Term Memory (LSTM) networks, 
which have been shown to improve the separation [11,12].  

Challenges and Opportunities. Despite the constantly increasing availability of instrument 
recognition and source separation datasets, they are usually designed for just one of those 
tasks. So, they lack the necessary annotations for performing the other task. Therefore, we need 
to create our own dataset to tackle these two tasks together and then apply them to improving 
automatic transcription.  

Moreover, novel deep-learning architectures and user-driven methods will also be developed 
as result of the project. One example is a proposal of a novel architecture for performing 
harmonic-percussive source separation [13] that was already accepted for publication. 

 

5.3 QMUL3 “Leveraging user interaction to learn performance tracking” 

The overall goal of the project QMUL3 is to develop robust alignment methods which have 
significant coverage and can adapt to the setting they are being employed in. This involves 
training models on different kinds of audio data, to improve the coverage, and additional fine-
tuning of models based on local context and by leveraging user data. There is a significant 
requirement of alignment data in these terms to build strong alignment models. The data driven 
aspects of this project overlap significantly with the user driven aspects, since we will be 
leveraging a combination of labelled data (pre-annotated) and contextual data (from the users' 
local context). 

State of the Art. While most of the traditional approaches to alignment are based on Dynamic 
Time Warping [1], machine learning approaches have started showing promising results to 
music alignment. [2] is one of the earliest methods to apply deep learning for alignment. They 
employ an end-to-end multi-modal convolutional neural network trained on sheet music 
images and audio spectrograms of the corresponding snippets. [3] approaches the alignment 
task via automatic music transcription using Recurrent Neural Networks. [4] and [5] are recent 
works focusing on end-to-end alignment learning. While they work on snippets of performance 
aligned to an image, we would like to work on direct alignment between the audio and the 
symbolic domain computed in an end-to-end fashion. 

Challenges and Opportunities. Traditional approaches to music alignment typically rely on 
hand-crafted features, which often fail to generalise to different instruments, acoustic 
environments and recording conditions. We aim to address this feature engineering bottleneck 
by employing deep neural networks which can capture both low-level features of relevance to 
the alignment task and higher-level mappings between feature sequences of corresponding 
performances. We plan to explore data augmentation and semi-supervised learning methods 
to aid training, since deep networks are typically data hungry. 

https://mip-frontiers.eu/
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There have been a few approaches which employ deep learning for the task of music 
synchronization. The major ones among these approaches include [2] and [4]. Although these 
works are initial explorations in the direction of using DNN's for alignment, they prove that deep 
learning is a viable method to be chosen for the alignment task. While all of these works focus 
on generating alignments for a snippet of audio to an image of the sheet music using multi-
modal training, we propose to employ these methods in a situation where the scores of the 
different pieces are available. This is since the Tido platform focuses on the use case where 
users already know which piece they are going to play, and they have a score file available 
already for that. This will enable us to employ the information present in the score and override 
the potential drop in accuracy introduced by the (lack of) robustness of Optical Music 
Recognition (in cases where the image is not available directly). A challenge to be faced is the 
availability of training data comprising manually labelled alignments. We will leverage existing 
datasets and potentially augment them with data obtained from the Tido platform. Another 
challenge to be addressed is to optimally deal with the multimodal nature of the datasets and 
the long-term dependencies present in the inputs. We will attempt to tackle these challenges 
using novel architectures which are capable of handling long-term dependencies as well as 
multi-modal input configurations. 

 

5.4 QMUL4 “Robust Timbre Analysis for Query by Vocal Imitation” 

The goal of this project is to study how a high-resolution, careful analysis of sound timbre can 
help sound designers and musicians to effortlessly find a certain desired sound by imitating it 
vocally. We merge traditional timbre analysis and deep learning algorithms to link vocal 
imitations to the sound being emulated. 

State of the Art. We will be querying two types of data through vocal imitation: sound samples 
(recordings) and synthesizer parameter configurations. The first part of the project, comprising 
the two first years of research, focuses on the former, specifically on the retrieval of musical, 
environmental, and synth preset sounds (audio recordings, not parameters). 

We have started analysing drums (drum sample query by vocal imitation) and, while some 
datasets are already available [1-3], they mostly focus on pure sound classification instead of 
practical querying. That brought us to record our own dataset of vocal percussion [4] in order 
to fit the querying paradigm. This was done by first telling the algorithm how we vocally imitate, 
for instance, a kick drum (recording around twenty isolated utterances) and then using that 
data to identify kick drum imitations in vocal percussion improvisations, which include 
imitations of several drums. The utterances in these improvisation files are usually performed 
with different intonations, accentuations and durations, while preserving most of their timbral 
information. 

Regarding other musical and environmental sounds, the VocalSketch dataset [5] comprises 
thousands of crowdsourced imitations of these. This dataset also features vocal imitations of 
several synth sounds and includes their respective parameter configurations. 

Challenges and Opportunities. The dataset we recorded [4] will potentially bring robustness to 
the algorithms for drum sample query by vocal percussion. The VocalSketch dataset [5] seems 
ideal to study when it comes to the rest of the query sounds and synth parameter 
configurations, and therefore there is no need to record a new dataset for those. 

https://mip-frontiers.eu/
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5.5 QMUL5 “Adversarial attacks to understand deep learning models for music” 

We compare the features learned by deep learning models that use standard datasets and use 
data augmentation. In MIR data augmentation is a popular technique to counter the issue of 
limited datasets. However, data augmentation has mixed results. We hope to shed some light 
on how data augmentation changes the features learnt by a deep learning model to provide 
more clarity on what data augmentation does.  

State of the Art. Data augmentation techniques were shown to be effective in singing voice 
detection. We are using the singing voice model created by [4].  

Challenges and Opportunities. The main challenge of our work is to identify the best form of 
data augmentation for a task and provide some explanations as to why that particular data 
augmentation technique is suitable for the task. 

 

5.6 UPF1 “Facilitating Interactive Music Exploration” 

The goal of this project is to improve the music exploration process by replacing typically used 
discrete tags with a continuous semantic space learned by deep-learning autotaggers and 
utilizing reinforcement learning and interactivity to optimize the process individually for each 
user. 

State of the Art. Recommendation systems normally utilize either collaborative filtering [1] or 
a content-based approach [2], or mixture of both. State of the art deep-learning autotagger                                           
systems [3] commonly use mel-spectrograms as input, several layers of convolutional neural 
networks (CNNs) and dense layers (one or more) before the output [4]. There are several open 
datasets for autotagging [5, 6, 7], however, due to quality and standardization issues, we have 
proposed a new MTG-Jamendo dataset [8]. 

Challenges and Opportunities. Nowadays there are multiple autotagging datasets, however, it 
is difficult to share audio that is copyrighted. Thus, we have proposed a new dataset in 
collaboration with Jamendo that contains audio that is licensed by creative commons. With the 
audio openly available and the annotation quality curated by Jamendo, it presents new 
opportunities for researchers in autotagging and deep-learning. 

 

5.7 UPF2 “Methods for Supporting Electronic Music Production with Large-Scale Sound Databases” 

The data-driven goal of this project is to automatically identify the instruments present in an 
audio loop, so as to allow searching by instrument in large-scale sound databases, by 
incorporating data-driven approaches with musically motivated design choices.  

State of the Art. Automatic instrument classification is a classic task in Music Information 
Retrieval. However, research in this field has been mostly performed on clean and unprocessed 
sounds in small datasets [1,2]. On the other hand, the sounds provided by databases with audio 
for music production may also contain “production-ready” sounds, with audio effects applied 
on them, and sounds recorded in very different recording conditions. 

https://mip-frontiers.eu/
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Automatic classification of instruments has been targeted in a knowledge-driven manner, 
where handcrafted features developed by experts were used together with a classification 
algorithm. New approaches employ data-learned features by using Convolutional Neural 
Networks for this classification, which is the case of [3,4,5]. In [3] the author uses musically 
motivated filters in the CNN architecture, reducing the number of trainable parameters by a 
significant amount, while maintaining the classification accuracy comparable to other state-of-
the-art models. 

In order to increase the generalisation of a model further than the data provided to it, one 
possible approach is to use data augmentation. This approach can be described as applying 
deformations to a collection of training samples, in a way that the correct labels can still be 
deduced. These approaches were used for classifying sounds in [6,7]. 

Challenges and Opportunities. Some commercial and community databases of loops for 
electronic music production offer audio loops which are annotated with the predominant 
instrument in the loop. By collecting a large enough dataset from these databases, we can use 
deep learning approaches for automatically identifying the predominant instrument. 
Techniques for data augmentation using digital audio effects will be employed to improve the 
robustness and the classification accuracy of a deep learning model for instrument 
classification. 

 

5.8 UPF3 “Identifying and Understanding Versions of Songs with Computational Approaches” 

The main goal of this project is to develop systems that automatically identify different versions 
of a given song using scalable computational methods. From a data-driven perspective, we plan 
to explore both the advantages of deep learning approaches for this task and the trade-off 
between identification accuracy and retrieval speed in order to develop a highly scalable 
system. 

State of the art. In terms of data-driven methods for the version identification task, it is safe to 
say that the attention data-driven point of view getting is increasing as in many research 
communities due to many successful applications in recent years. We would like to note that 
the data-driven methods do not neglect domain knowledge, and the models they use are 
designed combining both domain knowledge and the successful techniques proposed by the 
machine learning community. 

For data-driven methods, we mainly consider the deep learning approaches for the version 
identification task, and we look at two main aspects, namely types of architectures and types 
of approaches. In terms of architecture types, convolutional architectures [1, 2, 3, 4] consist of 
convolutional, pooling and linear layers while the recurrent architectures [5] consist of 
Recurrent Neural Network (RNN) variants such as Long Short-Term Memory (LSTM) as well as 
pooling and linear layers. Each having their advantages over the other, a best practice in terms 
of model architectures has not been agreed upon. 

Another aspect for looking at the data-driven methods for this task would be the type of training 
approaches, namely classification and similarity. Examples of the classification approaches can 
be binary classification where the network is deciding whether two input songs are versions of 
each other or not [1], or multi-label classification where each version group is considered as a 
separate class [2]. The similarity approaches [3, 4, 5], on the other hand, aim to encode each 
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song into a latent representation using Siamese Networks, and the distance between two latent 
vectors would be the estimation of their similarity in terms of musical characteristics they share. 
Regarding previous works for this task, the similarity approaches appear to be more popular 
than the classification ones.  

Challenges and opportunities. Based on the success of the data-driven methods, we aim to 
explore deep learning approaches for the version identification task in a detailed manner. Our 
goal is to introduce and integrate state-of-the-art techniques from the machine learning 
community into this line of research. By doing so, we aim to develop scalable systems that can 
be used in an industrial scale. During the project, we will investigate the current limitations of 
version identification systems from an industrial point of view, and by taking advantage of 
domain knowledge and the successful deep learning advancements, we expect to have an 
impact on both academia and industry. Moreover, the data we plan to curate during this project 
will have a significant impact for the community. 

 

5.9 TPT1 “Behavioral music data analytics” 

The goal of the project is to improve music recommendation systems by integrating users’ 
contextual information in the recommendation process, hence, leading to providing the right 
recommendations at the right time.  

State of the Art. Several approaches have been proposed to improve the music 
recommendation process, and recommendation systems in general. They are often categorized 
depending on the approach and type of information used in the recommendation process [1,2]. 
One of the most common approaches is collaborative filtering, which relies on using the 
similarities between the users or items to find suitable recommendations. Another method of 
recommendation systems is content based recommendation (data-driven), which relies on 
using the actual content of the items, e.g. the audio content in the case of music, to recommend 
songs to users based on their listening history [3,4,5,6].  

Other data-driven approaches rely on auto-tagging the tracks with relevant tags that could be 
used in searching, recommending, and filtering music according to the user’s preferences. 
Recent approaches of auto-tagging rely on applying deep learning techniques on the raw audio 
data. Specifically, popular approaches apply convolutional neural networks (CNN) on the mel 
spectrograms of tracks [7,8]. However, the previous studies did not specifically study auto-
tagging using contextual tags nor did they study the relationship between these contextual tags 
and audio content.  

Challenges and Opportunities. Previous work has not studied the relationship between audio 
content and contextual information. One challenge is to identify to what degree the context of 
the user affects the choice of music style. Is there a dominant acoustic feature that prevails in 
each of these contexts? Are some of these contexts more influential in choosing specific music 
style than others? All of these questions require a joint study of audio content and user’s 
context. This would be helpful in identifying the importance of certain contexts in the 
recommendation process and help in auto-tag tracks with their suitable context classes.  
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5.10 TPT2 “Voice models for lead vocal extraction and lyrics alignment” 

The data related project goal is to explore training on multimodal data. In addition to the usual 
audio source separation training data consisting of audio mixtures and the corresponding 
individual source stems, this project also makes use of the corresponding lyrics transcripts. The 
latter also contains information about the singing voice but are from another modality (text vs. 
audio). The project researches possibilities to include the text data into the training procedure. 

State of the art. A recent and comprehensive overview of lead and accompaniment separation 
in music [1] organizes the different approaches in two main categories. The first category 
comprises model-based approaches. They exploit specific knowledge about the lead source, 
which often is the singing voice if present, about the accompaniment, or about both. The 
second category comprises data-driven approaches, which make use of machine learning to 
learn the separation task on large databases. Both kinds of methods come with their strengths 
and weaknesses. While model-based methods do not require much training data, they make 
strong assumptions about the source signals to be separated such as harmonicity, stationarity, 
repetitiveness, a certain pitch-curve, etc. Those assumptions lead to increased separation 
quality as long as they are valid. However, in cases where they are violated separation quality 
decreases. Data-driven approaches avoid making assumptions, but they need a considerable 
amount of training data, which is often not easy to obtain. Moreover, those approaches often 
lack explainability and interpretability, which makes them more difficult to handle in a research 
context [1]. It should be mentioned that the two categories are not mutually exclusive. In the 
context of this document, the data-driven approaches are relevant and will be reviewed in this 
section. 

Data-driven separation systems usually learn a non-linear mapping between a mixture signal 
and spectral masks, which are used to filter the mixture in the Short Time Fourier Transform 
(STFT) domain to obtain the target source STFT. They can also learn a mapping to the target 
source directly, either in the STFT domain or the time domain. 

The U-net [2] is a convolutional neural network (CNN) adopted from image segmentation to 
audio source separation. It operates on magnitude spectrograms and is able to recognize and 
use global as well as local characteristics thanks to its encoding-decoding architecture. On the 
encoding side, the spectrogram is processed by several strided 2D-convolution layers making 
the time and frequency scale coarser in deeper layers allowing to compute more global 
features. In the following decoding side, the feature maps go through several deconvolution 
layers, which upsample the feature maps back to the original dimensionality. The outcome is a 
feature map with the same size as the input spectrogram. The feature maps of the encoding 
side are concatenated to the corresponding feature maps of the decoder side with the same 
time-frequency resolution. This ensures that no information is lost in the encoding side and 
results in a nice gradient flow. The output is a soft mask that can be applied to the mixture 
spectrogram. 

The multi-scale multi-band DenseNet [3] is another CNN based network for audio source 
separation using an encoder-decoder architecture. One difference to the U-Net is the use of 
dense blocks comprising several layers in which the output of all preceding layers is 
concatenated to the input of the next layer within one block. Another difference it that they 
apply different networks to different frequency bands to account for their different patterns 
and different importance. Another interesting deep learning approach is multi-task learning, 

https://mip-frontiers.eu/


 

D. 1.1 State of the art, challenges and 

potential of data-driven approaches in MIR 

Page 15 of  30 

MIP-Frontiers1 

https://mip-frontiers.eu 

 
 

1 This project has received funding from the 
European Union’s Horizon 2020 research and 
innovation programme under the Marie 
Skłodowska-Curie grant agreement No 765068. 

 

where a network is trained to perform two related tasks simultaneously. Stoller et al. [4] 
perform singing voice separation and singing voice detection jointly with such an approach. A 
U-Net like network [2] for singing voice separation is extended with a component that predicts 
vocal activity based on a hidden layer of the separation model. Thus, the relationship between 
annotated vocal activity and the voice source to be separated is modelled in an implicit way. 
This allows the network for example to be robust to temporally inaccurate labels. The resulting 
network can perform voice separation and detection at the same time. The loss function is a 
weighted sum of the loss functions of both tasks. The authors show that the performance on 
both tasks is improved compared to a single-task network with the same architecture. 

Two end-to-end approaches for singing voice have been published recently. They take a mixture 
signal in the time domain as input and output the separate source signals in the time domain 
as well. The advantage is that the phase information is contained in the input features as 
opposed to magnitude spectrograms as input. Moreover, the difficult choice of STFT 
parameters is omitted this way. Stoller et al. [5] adapt the U-Net architecture to the one-
dimensional case to operate directly on samples of a waveform input. The encoding-decoding 
structure, which here boils down to downsampling and upsampling layers, allows to derive local 
and global features just as in the 2-dimensional case explained above. This so-called Wave-U-
Net achieves state-of-the-art performance for singing voice separation. The WaveNet [6], a 
generative model for raw audio, has been adapted for audio source separation as well [7]. The 
authors turn the network into a non-causal, discriminative model as has been done before for 
speech denoising [8]. That is, future samples are also used to predict the current sample. As 
opposed to the original WaveNet, which samples from a softmax output layer, the adapted 
version directly regresses the source waveforms. In terms of SDR and in listening tests the 
WaveNet-based approach performs slightly worse than the Wave-U-Net. 

Challenges and Opportunities. The main data-related challenges of singing voice separation lie 
in the size and diversity of training data. There are some data sets that are widely used by the 
musical source separation community such as MUSDB18 [9]. To compare different methods, it 
is important to use the same data for training and testing across the research community. 
However, usually these data sets are rather small and do (of course) not contain examples from 
all possible music styles. In order to train models that generalize well to any style it is required 
to have diverse training data. As opposed to data sets for other MIR tasks, a source separation 
data set cannot easily be created by manual annotations as access to raw recording material 
with each instrument on a separate track is required. Those are not available for commercial 
music as it underlies copyright restrictions. Different researchers have access to different non-
public additional training data, which they use to improve performance as it usually scales with 
the amount of training data. However, this hinders fair comparison of data-driven source 
separation approaches. 

Another challenge regarding deep learning is the interpretability of results and models. It is not 
easy and sometimes impossible to understand how exactly the model makes its predictions or 
what exactly it has learned. Consequently, it is not straightforward to define the right actions 
to tackle shortcomings. 
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5.11 TPT3 “Multimodal movie music track remastering” 

The goal of the project is to perform a multimodal/multiview music source 
separation/enhancement which exploits previously not considered modalities such as the 
user’s attention to the instrument to separate. In particular, we want to characterize the user’s 
attention in terms of their brain response to a musical stimulus. 

State of the Art. Studying the problem at hand requires data of well-synchronized musical 
stimuli and corresponding brain responses which can only be acquired in a controlled sensory 
stimulation. There are only a few publicly available music-related EEG datasets acquired in such 
a way [1, 2, 3], but they were designed for a different purpose and the subjects were not asked 
to attend to any particular instrument. The only one where participants were asked to focus on 
an instrument while listening to polyphonic music, is the music BCI dataset used in [4]. However, 
it was specifically designed for studying ERP-based attention decoding. Our focus is instead on 
single-trial attention decoding techniques, targeting real music compositions. Consequently, we 
acquired our own dataset at Télécom ParisTech. 

Challenges and Opportunities. Music data nowadays is available in very large quantities and 
the number and type of annotations are constantly increasing. However, this is not true when 
considering as annotation, the physiological response of the user who is listening to the music. 
Such annotations are expensive and time-consuming to obtain. This is the main reason why only 
a few and small datasets are available in this field. 

We acquired our own dataset, but the amount of data collected is still not enough to develop 
reliable data-driven techniques to characterize the user’s attention with respect to music. 

 

5.12 TPT4 “Context-driven music transformation” 

The aim of the project is to enable transforming music in terms of artistic style. Specifically, the 
goal is to modify the style of a piece while preserving some of its original content. The target 
style can be pre-defined, taken from an example (a piece in the target style) or based on some 
other variables or constraints (e.g. to adapt the piece to a particular user, a movie scene or a 
gameplay situation). 

State of the art. Style transformation can be approached as a 'domain translation' task, where 
the goal is to translate data between different domains. From a machine learning perspective, 
we can approach the task in a supervised or unsupervised manner, depending on the kind of 
training data. An example of a task where aligned data is readily available, and therefore a 
supervised approach is feasible, is machine translation (MT) between natural languages. On the 
other hand, music style translation is an example of a task where a sufficient amount of aligned 
data is difficult or impossible to collect. 

With the recent advances in deep learning, the task of translation has become widely studied 
for other modalities such as images [1] [2], even enabling unsupervised image-to-image 
translation [3] [4]. Similar techniques were soon applied to text [5] and finally, with remarkable 
results, to music audio [6]. Attempts to employ these and other deep learning techniques to 
perform unsupervised translation of symbolic music [7] [8] [9] have been somewhat less 
successful. 
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It has also been proposed to perform audio style transfer using techniques developed for 
images [10]. Given the nature of the style representation, the work is concerned with the 
transfer of sound textures and timbre rather than more high-level features. 

Challenges and opportunities. The style transformation techniques described above have, for 
the most part, not yet permitted to obtain results as compelling as those on images. Clearly, 
this poses a significant challenge, and more work is required to adapt them to the musical 
domain. It is also quite possible that purely data-driven approaches (relying purely on machine 
learning on existing music data) will not be sufficient, and that some knowledge will be needed 
in order to guide the machine learning systems to a reasonable solution. This is further 
discussed in the appropriate section of report D2.1 (knowledge-driven approaches). 

 

5.13 TPT5 “Conditional generation of audio using neural networks and its application to music 
production” 

From a data-driven perspective, the goal of the project is to perform audio synthesis using 
generative models by exploiting multi-track audio data and musical attribute information (e.g., 
instrument type, tempo), as conditioning information. 

State of the Art. Generative models require an immense amount of training data to model the 
probability distribution of a certain process accurately. Some of the most remarkable works 
attempting audio generation with neural networks have made use of solo piano databases [1, 
2], music extracted from video-games [3] or a synthetically generated single-note audio 
database [4], which has become a de facto standard for these types of tasks. Currently, we are 
using the latter database for preliminary experiments conditioning only on the music attribute 
information. However, for the particular task at sight, a considerable number of databases exist 
with multi-track or stem audios, as well as descriptive metadata, such as those enumerated in 
the Stage 0 report [5, 6, 7]. We will also consider a more extensive range of data obtained from 
Sony CSL’s private collection, although for publishing purposes, we will focus on publicly 
available data. 

Challenges and Opportunities. Exciting times are ahead of us given the constant increase of 
audio databases and the precision with which these are annotated. Many doors are opened for 
data-driven methods requiring large databases, such as the one under consideration. The main 
challenge that we have faced throughout this first stage of the project is computing power. The 
complexity and depth of the models, together with the amount of data needed for such 
complex tasks, requires enormous computing power (or a lot of time and patience). For this 
reason, and as explained in deliverable Stage 1, we may consider in the future, if required, the 
usage of cloud computing for training heavy models. 

 

5.14 JKU1 “Large-scale Multi-modal Music Search and Retrieval without Symbolic 
Representations” 

The goal of project JKU1 is to develop methods for the automatic structuring and cross-linking 
of large multi-modal music collections. Moreover, it is proposed to develop algorithms which 
do not rely on symbolic representations (machine-readable formats), since such collections are 
built directly from sheet music images and audio recordings. 
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State of the Art. The state of the art in multimodal score/audio retrieval consists mainly of three 
methodologies, which are summarized as follows. The first and traditional approach is to 
convert both visual and acoustic domains (sheet music images and audio recordings, 
respectively) into a common representation based on chroma features, known as a 
chromagram. Balke et al. [3,4] use this methodology to propose a fully automated processing 
pipeline that matches sheet music queries to corresponding items within a database of audio 
recordings.  

The second main approach is based on symbolic fingerprinting, where both visual and acoustic 
representations are converted into a symbolic music domain and therefore transformed into 
compact and discriminative features. Arzt et al. [1,2] propose a method to address the score 
identification task, when given an audio snippet query, followed by retrieving the exact position 
in the score (derived from MIDI data) corresponding to the audio query. Moreover, the 
proposed approach is also tempo- and transposition-invariant, in order to address the problem 
of dealing with different versions of the same piece. 

Exploiting the recent advances in artificial intelligence for representation learning, the third and 
last approach learns correspondences between sheet music images and audio recordings 
directly from a multi-modal training set by means of deep neural networks [7,8]. This cross-
modal network learns a joint embedding space from both modalities by minimizing the distance 
between corresponding sheet music snippet and audio excerpt pairs. In these works, the MSMD 
dataset [8] is used for evaluation of results. This multi-modal dataset comprises a large number 
of precisely annotated solo piano pieces, for a total of more than a thousand pages of music 
and about 15 hours of aligned audio. 

Challenges and Opportunities. From the current state of the art as described above, and from 
our goal of extending this to a massive scale, a number of specific challenges and opportunities 
for original research follow. Our motivation is to develop robust, scalable methods for 
supporting several related tasks: retrieval of one modality based on another (e.g. retrieval of 
audio recordings given score image queries); alignment of multiple performances to sheet 
music for purposes of score-based listening and comparison; and piece identification in 
unknown recordings, e.g., for automatic metadata provision. Since our goal is to extend state 
of the art methods to a massive scale, one crucial aspect of our research will be to identify, and 
possibly augment, potential data to be exploited. First, the MSMD dataset mentioned above is 
still a suitable starting point for our purposes. Although completely artificial, it could be re-
rendered for different instrumentation and/or genres. Moreover, various creative and 
musically meaningful forms of data augmentation (which has proven to be an extremely 
effective method in many applications of deep learning) will have to be investigated. Of course, 
also ways of extending the number and diversity of musical pieces (and real interpretations of 
these) will be targeted. With respect to the use of real (real-world) score images, the IMSLP 
Petrucci Music Library (which contains over 400,000 scores and 50,000 recordings) is a 
promising online data source that will be investigated for this project. 
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5.15 JKU2 “Live Tracking and Synchronisation of Complex Musical Works via Multi-modal Analysis” 

The goal of project JKU2 is to develop a live music tracking system which follows in real time an 
opera performance along its respective sheet music. The tracker will be based on a multi-modal 
analysis relying on audio and video recordings in order to ensure robustness and accuracy. 

State of the Art. The state of the art in live tracking of music has improved considerably in 
previous years. At the heart of this is the problem of audio-to-score alignment, which is the task 
of synchronizing an audio recording of a musical piece with the corresponding symbolic score; 
if done in real time, this is known as score following. The first approach presented in the 1980s 
[1] synchronized MIDI representations of a monophonic melody with the corresponding score. 
Since then, synchronization evolved from a relying on symbolic representations of music [2,3] 
to raw audio [4,5]. While at first the focus was on monophonic music [6,7], currently available 
methods can follow highly polyphonic and complex orchestral music [8,9]. Synchronizing two 
different entities requires to have a common space between them. The sheet music represents 
a set of notes, each described by an onset and an offset time. Although a recent approach 
considers score following directly on the graphical sheet music [10] (see also Project JKU1), we 
will rely for this project on symbolic representations. In our case, we will use MIDI files, 
generated from MusicXML or MEI files. 

Two different approaches for score following are commonly used in the current state of the art: 
probabilistic methods and dynamic time warping based approaches. Among probabilistic 
models, Hidden Markov Models (HMM) [6,7] are widely used in the literature. For a real-time 
application, models must have few variables. They are composed by a hidden variable, the 
played chord, and an observable variable, the acoustic feature. In some cases, a tempo variable 
[16] is added to the system and ghosts states [4, 17] can be used to be robust to mismatches. 
The alignment path can be extracted in real time with an efficient forward algorithm. Some 
recent techniques use particle filtering [13, 16] to reduce the complexity. Other approaches use 
conditional random fields [18, 19] which have no hypothesis concerning the observations, but 
only model conditional probabilities of the hidden variables given the observation sequence. 

The second approach is based on the Dynamic Time Warping (DTW) algorithm. DTW is an 
efficient method to find the optimal alignment between two sequences. The path can be found 
inside a cumulative score matrix reflecting local scores between sequences. Because of the 
quadratic time and space complexity, some adaptations have been proposed to make this 
method useable in real-time applications [20-23]. Tempo information can also be added into 
the tracking [24]. 

Challenges and Opportunities. Our task is more difficult than anything attempted in this field 
before, which presents us with a number of new research challenges and opportunities, 
specifically related to the data aspect. We are now faced with a mixture of voice, music, and 
possibly other sounds which is often interrupted by intermissions. Music tracking systems such 
as those discussed above are not designed to be robust to these problems. In this project, we 
will thus have to develop new multi-modal tracking algorithms using both audio and video 
input, and specialized features and detectors for important, recurring events, among others. 
Developing, optimizing, and evaluating these are very data-intensive tasks.  

As our main source of real-world opera recordings, we will rely on the infrastructure that is 
already put in place at the Vienna State Opera (VSO) for the production of their regular live 
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streams. We will be able to use more than twenty microphones and eight cameras which record 
the performances. As a first test piece, we have selected the opera Don Giovanni by Mozart. 
For this piece, we have received, from the VSO, a set of development data, which consists of 
audio recordings with microphones placed at different locations, and video recordings of the 
whole piece with a single point of view of the stage, with multiple points of view with camera 
moves, and with the conductor view. 

The analysis of the sheet music as a PDF is not considered in this project. (This is something that 
project JKU1 will likely work on; we hope to be able to benefit from that work in later phases of 
the project.) Instead, we will build on two digital representations to track the performance. The 
musicXML format includes onset and offset of each note; a piano roll representation can be 
extracted from that. The MEI (Music Encoding Initiative) format is a more complete 
representation, including context information and music annotations. Here, we are trying to 
obtain a complete encoding of the entire opera Don Giovanni from the Mozarteum Foundation 
in Salzburg. However, it may only be possible to obtain parts of the opera from this source. We 
will thus have to find ways of complementing this high-quality encoding with less complete 
representations of other parts of the opera (e.g., MIDI files from the Web, or annotated audio 
recordings). 

The audio recordings are given as a multi-track recording and also as the final mastered version. 
They are in high quality and they are mainly focused on one type of instrument, suggesting an 
instrument recognition analysis. Finally, video recordings are given in a 4k definition. The main 
stage is recorded with a fixed point of view, one camera focuses on the conductor and the 
mastered video using different moving cameras is also given. Due to a high quality, all the data 
represents more than 700 GB, which constitutes a solid but also challenging data basis for our 
research. 

An important concern in our project, however, is that we intend to follow an open data policy. 
Unfortunately (and understandably), the recording data provided by the Vienna State Opera 
cannot be made publicly available, due to rights issues. In order to still be able to make it 
possible for the research community to reproduce and build on our work, we will have to 
identify an alternative source of real-world opera recordings that can be openly shared. To this 
end, we plan to cooperate with the JKU Orchestra and the Anton Bruckner University of Music 
in Linz, around a semi-concertante performance of Mozart’s opera Die Zauberflöte, which we 
will be permitted to record and distribute, along with any metadata and annotations that will 
be collected and produced in the process of our research. This adds an extra layer of effort to 
our work but will be important for scientific reasons.  
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6. Conclusion 

Data driven methods are at the core of all the projects to be carried out by all the ESRs.  

As described in this document, the projects cover a wide variety of MIR problems, such as music 
recommendation, source separation, music transformation, sound synthesis, music transcription, 
music alignment, audio-based query, music exploration and cover song identification. The 
problems are not completely defined yet, but the ESRs have already been able to identify the 
relevant state of the art and challenges to be addressed. 

All projects will require the use of large datasets and some projects will require ESRs to develop 
their own datasets. Issues of the quality of the datasets and data augmentation strategies will be 
required in some of projects. 

Deep learning methodologies will be used in all the projects. Most of them will work on identifying 
architectures that are useful for music and for their specific problems. Issues of interpretability will 
also be an important concern for most projects. 
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