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Abstract

Music enhances moving images and allows to efficiently communicate emotion
or narrative tension, thanks to cultural codes common to the filmmakers and view-
ers. A successful communication requires not only a choice of tracks matching the
video’s mood and content, but also a temporal synchronization of the audio and
visual main events. The art of selecting and synchronizing music tracks to exist-
ing videos is at the heart of an industry called music supervision. Traditionally, the
music supervision task is carried out manually by experts. It therefore requires to
collect, annotate and organize a dedicated music catalog. The larger the catalog,
the more diverse the recommendations can be, but the longer it is to annotate and
browse it. A good knowledge of visual communication through video is also a key
factor for success.

In this dissertation, we study the automation of tasks related to music supervi-
sion. The music supervision problem generally does not have a unique solution, as
it includes external constraints such as the client’s identity or budget. It is thus rel-
evant to proceed by recommendation. As the number of available musical videos is
in constant augmentation, it makes sense to use data-driven tools. More precisely,
we use the metric learning paradigm, which allows to learn relevant projections of
multimodal data, and to efficiently retrieve recommendations for each query.

First, we address the music similarity problem, which is used to broaden the
results of a music search. We implement an efficient content-based imitation of a
tag-based similarity metric. To do so, we present a method to train a convolutional
neural network from ranked lists. Then, we focus on direct, content-based music rec-
ommendation for video. We adapt a simple self-supervised system and we demon-
strate a way to improve its performance, by using pre-trained audio features and
learning their aggregation. We then carry a qualitative and quantitative analysis
of official music videos to better understand their temporal organization. Results
show that official music videos are carefully edited in order to align audio and video
events, and that the level of synchronization depends on the music and video genres.
With this insight, we propose the first recommendation system designed specifically
for music supervision: the Seg-VM-Net, which uses both content and structure to
perform the matching of music and video.
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Résumé substantiel

Al’écran, la musique permet de communiquer, a travers des codes culturels étab-
lis, des émotions ou des éléments narratifs clés. Cette communication repose non
seulement sur un choix judicieux de morceaux pour la bande son, mais aussi sur
leur synchronisation avec les événements saillants de la vidéo. La tache qui consiste
a conseiller et réaliser cette association est au centre de l'industrie de la supervi-
sion musicale. Traditionnellement, elle est effectuée manuellement par des experts.
L’activité de supervision musicale implique donc de rassembler, annoter et organiser
de vastes catalogues musicaux dédiés. Plus le catalogue est étendu, plus les recom-
mandations peuvent étre fines et variées, mais plus il est cotiteux en temps d’annoter
et de parcourir tous les morceaux. Il est également essentiel de maitriser les codes
de la communication visuelle pour faire les meilleures suggestions de titres, étant
donné une vidéo.

Dans cette thése, I'on étudie 'automatisation des taches liées a la supervision
musicale. La quéte de la musique idéale n’a généralement pas de solution unique,
puisqu’en plus de I'analyse des contenus audiovisuels, il faut tenir compte de con-
traintes légales et budgétaires. Nous procédons donc par recommandation.

Alors qu’une quantité toujours croissante de musique et de vidéo est produite chaque
jour, il est raisonnable d’envisager une approche par apprentissage. Plus précisé-
ment, nous utilisons 1’apprentissage métrique, qui produit des représentations com-
munes aux données musicales et visuelles. Ces représentations sont étudiées pour
permettre des recommandations rapides selon un critere pré-déterminé d’appariement
entre deux médias.

Dans un premier temps, nous abordons un probléme de similarité musicale, dont
le but est d’élargir le champ de recherche dans les catalogues musicaux. Nous im-
plémentons une imitation efficace d'une métrique de similarité par criteres, appli-
cable directement aux fichiers audio non annotés. Cette méthode repose sur des
réseaux de neurones convolutionnels, pour lesquels nous proposons une méthode
d’entrainement directement a partir de listes de recommandation. Nous démontrons
l'efficacité de notre démarche comparée a une approche indirecte par estimation des
criteres. A l'aide d’exemples audio, nous explorons I’espace métrique obtenu et nous
mettons en évidence 1’apprentissage de certaines caractéristiques audio, matérial-
isées par les dimensions de cette espace.

Puis, nous nous concentrons sur la recommandation directe de musique a partir
d’une vidéo. Nous adaptons un systeme autodidacte simple et montrons comment
en améliorer les performances, grace a de meilleures représentations audio en en-
trée et un apprentissage de leur agrégation temporelle. Le critére d’appariement
utilisé ici est la co-occurrence des deux médias au sein d"un méme document audio-
visuel (clip musical) d’une base de données. Nous menons ensuite une étude sur
les clips musicaux, afin de mieux comprendre comment y sont articulés les événe-
ments audio et vidéo. Cette étude compred un premier volet qualitatif au cours
duquel nous interrogeons des experts du domaine et formulons des hypothéses sur
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la fagon dont sont couplés musique et image. Un deuxieme volet avec étude quanti-
tative d"un corpus de clips musicaux vient confirmer ces hypotheses. Nos résultats
démontrent avec quel soin la musique et I'image peuvent étre synchronisés, mais
aussi que le niveau de co-occurrence des différents événements dépend de plusieurs
criteres, tels que le genre musical ou vidéo. Partant de ce constat, nous présentons
le premier systéme de recommandation dédié a la supervision musicale : le Seg-
VM-Net. Le Seg-VM-Net reprend la méthode d’appariement de contenu du premier
systéme autodidacte. Mais il tient également compte de la structure des musiques
et des vidéos, en découpant ces derniers en segments sémantiquement cohérents. A
l'inférence, la recommandation est faite en alignant les séquences de segments dont
le contenu correspond au mieux. Avec des métriques simples et des exemples, nous
démontrons la supériorité du Seg-VM-Net comparé a 1’état de I’art pour la recom-
mandation musique-vidéo.
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Chapter 1

Introduction

Music is a specific type of sound that is structured both in time (rthythm, i.e. events
location and duration) and in frequency (melody and harmony). It has been used
since prehistory for spiritual purposes, to convey stories, or to accompany dancing.
Today, as listening to music is a hobby for many of us, a full industry has devel-
oped around producing, performing, and distributing music. Several challenges
have thus emerged around the understanding of music, the organization of music
collections, and music recommendation. As such, it is the topic of a dedicated re-
search field: Music Information Retrieval (MIR).

Video is a visual representation produced by the evolution of images over time.
Each day, an ever-growing quantity of videos is created by professionals (for adver-
tisement, movies, TV series, etc) and individuals (for Instagram, TikTok, YouTube,
etc). Watching video is not only a popular hobby, but also a powerful way to ac-
quire knowledge (through documentaries, news, CCTV). While video media are
used every day to convey information, video analysis has gained a lot of interest
in research, with high stakes in domains such as augmented reality, video coding or
medical imaging. Therefore, video analysis is a wide research area, which is part of
the computer vision domain.

Although sound and image result from two different physical phenomena, they
share many relationships in our everyday life. They often complement each other to
convey information about our environment: when a person is speaking, an orchestra
is playing, or a car is passing by, we use both visual and audio information to best
understand the scene.

When creating a video, it is necessary to take this semantic correlation into ac-
count: video is best comprehended when associated with sound. Spoken voice is
employed to communicate stories (in movies) or concepts (in advertisements). But
when emotions or atmospheres must be conveyed, music is commonly used too (see
Figure 1.1). Conversely, video can be used as an illustration for musical works (in
official music videos). To analyze audiovisual documents, multimodal studies and
systems have grown rapidly in the past years: the SoundNet of Aytar, Vondrick, and
Torralba, 2016 performs acoustic object and scene classification; Afouras et al., 2018
trained a model for lip-reading (multimodal speech recognition); Noulas, Englebi-
enne, and Krose, 2012 used both audio and video for enhanced speaker diarization;
and Parekh, 2019 studied extensively audiovisual scene analysis.

However, when addressing the music-video domain specifically, the associated
research area is still emerging. As music videos have become a non-negligible part
of music consumption with TikTok, YouTube, and other platforms, we expect music-
video analysis to be a more and more widespread research topic.



2 Chapter 1. Introduction

FIGURE 1.1: Different types of video that use a music soundtrack: a
video game [top left], a short movie [top right], an official music video
[bottom left] and a commercial [bottom right].

1.1 Context: Music supervision

Music can influence our perception of video, and this has been used to convey mes-
sages or enhance storytelling. For example, in Hitchcock’s movies, music accentu-
ates the suspense and the narrative tension. In commercials, certain brands like Ap-
ple or Yves Saint Laurent have a distinctive musical signature, which conveys their
identity. Music is also commonly used in video games, TV shows, audiobooks, and
podcasts. To best associate both media, a dedicated profession was created. Music
supervision is the industry that aims specifically at recommending and synchroniz-
ing music to video. The activity of music supervision experts consists in finding the
most suitable music to serve as a soundtrack for a video. Such videos can be com-
mercials, movies, TV series, or even fashion shows (Inskip, Macfarlane, and Rafferty,
2008). To make the best suggestions, music supervision companies generally main-
tain a vast catalog of music tracks with carefully curated metadata. Music supervi-
sion specialists (also called music supervisors) rely on their musicological expertise
and on the knowledge of their catalog. A brief description of a music supervision
company, as well as an overview of a typical music supervision workflow, can be
consulted in Appendix A.

As of today, the field still requires a large amount of manual work, either to anno-
tate each track or to listen to as many tracks as possible to find the best match. While
an increasing quantity of music is produced each day, representation of the full artis-
tic landscape has become a real challenge for music supervisors, who usually work
in very limited time. In this thesis, we are interested in creating and adapting ma-
chine learning tools to alleviate repetitive tasks related to music supervision. Driven
by this industrial use case, we will address two music recommendation tasks: mu-
sic similarity and Video-to-Music (V2M) recommendation (see Figure 1.2).
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FIGURE 1.2: All recommendation systems studied in this thesis ful-

fil the same requirements: from a raw music track or video, retrieve
relevant music tracks from a catalog.

1.2 Objective and motivation

1.2.1 Music similarity

In the first part of this work, we aim at developing an efficient music similarity
system for music supervision. Here, we address the music similarity problem as a
recommendation problem, for which both the query and the recommended items
are music tracks.

In music streaming services, automatic recommendation algorithms are devel-
oped to help users navigate the large music catalogs. These algorithms can be used
to retrieve a ranked list of music tracks based on their similarity with a target track.
Similarity-based music recommendation is equally valuable to music supervision
companies, which also have to manage and organize large catalogs. Indeed, music
supervision projects often require several similar track suggestions in order to best
handle clearance and budget issues.

Common music similarity algorithms employ collaborative filtering data (i.e.,
user listening history, as in Oord, Dieleman, and Schrauwen, 2013), or tags (Clifford,
2007) associated to each music track. However, manually tagging the music tracks
is unfeasible for large datasets, and usage data is not available for private music
supervision catalogs. The more additional information is required to perform the
similarity task, the longer it takes to integrate new tracks into the catalog. Therefore,
the growth of the catalog is limited by the type of algorithm used for searching it.

The last option is to rely directly on the audio content to perform the matching
(Aucouturier and Pachet, 2002). Starting from a tag-based music similarity system,
we want to train an audio-based algorithm to mimic its behavior. We explore various
network architecture and training strategies, in order to achieve satisfying retrieval
performance without tagging any track.

1.2.2 Video/Music recommendation

The second part of this work addresses music recommendation given a video query.
Finding an appropriate soundtrack to emphasize the video content is a time-consuming
exercise. This explains the success of commercial systems such as MatchTune or re-
search papers such as “Look, Listen and Learn” (Arandjelovic and Zisserman, 2017).


https://www.matchtune.com/
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Our motivation is to assist music supervision experts in their activity when they pro-
duce music recommendations for each project’s videos. We therefore study cross-
modal Video/Music (V/M) recommendation, i.e. recommending a music track for
a video or vice versa.

So far, many approaches in V/M recommendation rely on the Self Supervised
Learning (SSL) paradigm, which is inspired by the day-to-day human experience.
In our everyday life, the co-occurrence of events across our senses allows us to ef-
ficiently acquire a large amount of knowledge without the need for ground truth
annotations. For example, we are able to associate engine sounds to cars, musical
sounds to specific instruments, a sour taste to the picture of a lemon, and so on.
From a machine learning perspective, it is possible to learn a matching of audio and
video data, using only their co-occurrence in large non-annotated datasets. This is
how SSL systems can learn effective data representations without any external anno-
tation. SSL systems for V/M recommendation can be trained using a classification
task (Aytar, Vondrick, and Torralba, 2016), a regression task like source separation
(Zhao et al., 2018), or more commonly a metric learning task (Arandjelovic and Zis-
serman, 2017). Thereby, a first step is to reproduce and adapt a SSL system for V/M
matching.

On the other hand, the music supervision industry represents a valuable source
of domain knowledge for the video-music recommendation problem. Our second
objective is to combine SSL and industrial domain knowledge into a proficient V/M
recommendation system.

Although we eventually target an application scenario featuring any type of
video (commercials, movies, TV series), in this dissertation, we focus on music videos.
Indeed, this type of data is easy to collect for training and less noisy, as it generally
does not feature speech or non-musical sounds.

1.3 Challenges

A new scientific domain. To our knowledge, there is very little literature about the
music supervision problem. The main contribution, which helped define the prob-
lem, was made by Inskip, Macfarlane, and Rafferty, 2008, who interviewed experts
in the domain and described their workflow. The authors mention that "the clearest
briefs appear to be moving images", suggesting that other types of data (emotion,
textual description, reference soundtracks) are not always necessary to perform the
task. In this work, we will focus on the uninformed scenario, where only music and
video data is available.

Music similarity learning from ranked lists. Without explicitly tagging the music
tracks, we want to estimate the similarity between two tracks based on their audio
content. Since we have access to similarity data in the form of oracle recommenda-
tions (ranked lists), we propose and evaluate several strategies to learn a similarity
metric from ranked lists.

Efficient and unconstrained content-based recommendation. The specificity of
our study is that the matching criterion for the V/M recommendation is ill-defined:
we are searching for music tracks that "would make a good soundtrack for the video
query". While mood can be used to match music and video, we do not wish our
system to be restricted to a matching based only on a mood criterion. Although
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ill-defined, the matching of music and video can be learned to some extent. How-
ever, current methods require to train heavily parametrized systems from scratch on
huge datasets. We believe a more computationally efficient approach is possible, by
reusing state-of-the-art systems instead of training them again. We put effort into
designing data- and energy-efficient systems and we track their CO, emissions in
Appendix B.2.

Structure-aware recommendation. In addition to the adequacy of content, ade-
quacy of structure is crucial in music supervision to obtain relevant recommenda-
tions. While both music and video have specific temporal organizations, most cur-
rent works in cross-modal recommendation do not consider those and only focus on
globally recommending a media. In our case, we want to integrate temporal struc-
ture constraint, as both media are devoted to being synchronized on-screen (typi-
cally by editing the music). This implies first defining what audiovisual structure is,
by analyzing professionally produced music videos.

1.4 Contributions and Outline

In this work, we explore ways to assist the music supervision task by automating
part of the related recommendation tasks. In each chapter, we propose one way to
assist the music supervision task.

Method to learn a ranking of music tracks for similarity search: In Chapter 4, we
study music ranking by similarity. Inspired by image recognition models, we train
a supervised system with tag-based similarity annotations to rank the tracks based
only on audio. Imitation of a tag-based similarity metric involves performing metric
learning from ranked lists. To achieve this, we train a convolutional neural network
with a triplet loss. We compare different triplet mining methods and neural network
architectures. We demonstrate that the metric learning method leads to superior
results compared to an auto-tagging method. We obtain a high-performing music
similarity system: the MuSimNet. This work led to the following publication:

Laure Prétet, Gaél Richard, and Geoffroy Peeters (2020). “Learning to Rank Mu-
sic Tracks Using Triplet Loss”. In: Proceedings of IEEE ICASSP (International Confer-
ence on Acoustics, Speech and Signal Processing). Barcelona, Spain. DOI: 10 . 1109/
icassp40776.2020.9053135

Improvement of content-based Video/Music recommendation: In Chapter 5, we
study and improve a V/M recommendation system. We build upon a recent V/M
retrieval system (the VM-Net), which originally relies on a music representation ob-
tained by a set of statistics computed over handcrafted features. We show that using
pre-trained audio features significantly improves performance compared to using
handcrafted features. Additionally, we show that learning the temporal aggregation
of the features improves performance compared to using a statistical aggregation of
the features. This work led to the following publication:

Laure Prétet, Gaél Richard, and Geoffroy Peeters (2021a). “Cross-Modal Music-
Video Recommendation: A Study of Design Choices”. In: Special Session on RLASMP,
IJCNN (International Joint Conference on Neural Networks). Virtual Event. DOI: 10.
1109/IJCNN52387.2021.9533662


https://doi.org/10.1109/icassp40776.2020.9053135
https://doi.org/10.1109/icassp40776.2020.9053135
https://doi.org/10.1109/IJCNN52387.2021.9533662
https://doi.org/10.1109/IJCNN52387.2021.9533662
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Study on relevant structure elements for recommendation: In Chapter 6, we study
the relationship between music and video temporal organization. We do this for the
case of official music videos, with a quantitative and a qualitative approach. Our as-
sumption is that the movement in the music (downbeats and functional segments) is
correlated to the one in the video (cuts). To validate this, we first interviewed three
internationally recognized music video experts and asked detailed questions about
V/M matching, structure, and synchronization. We then performed a large-scale
quantitative analysis of a corpus of official music video clips, using MIR description
tools and computer vision tools. To do so, we manually annotated the video genres.
Our study confirms that a "language of music-video clips" exists; i.e., editors favor
the co-occurrence of music and video events. We also highlighted that the amount
of co-occurrence depends on the music and video genres. This work led to the fol-
lowing publication, which won the "Best Video Award" at ISMIR 2021:

Laure Prétet, Gaél Richard, and Geoffroy Peeters (2021b). “Is there a "language of
music-video clips"? A qualitative and quantitative study”. In: Proceedings of ISMIR
(International Conference on Music Information Retrieval). Virtual Event. URL: https:
//archives.ismir.net/ismir2021/paper/000067 .pdf

Structure-aware Video/Music recommendation system: In Chapter 7, we com-
bine the SSL metric learning paradigm of the VM-Net to the previously acquired
domain knowledge on audiovisual structure. Our novel approach, the Seg-VM-Net,
considers not only the full music-video clips, but rather shorter segments for training
and inference. We find that using semantic segments and ranking the tracks accord-
ing to sequence alignment costs significantly improves the system’s performance on
the V/M retrieval task. We investigate the impact of different ranking metrics and
segmentation methods. This work was submitted as a patent and a journal paper:

Laure Prétet et al. (2021). Procédé d’entrainement d'un modéle statistique pour qu’il
soit configuré pour étre utilisé pour recommander, a partir d'un média d'un premier type, un
média d'un deuxieme type, et systeme associé. Patent application filed.

Laure Prétet et al. (2022). “Video-to-Music Recommendation using Temporal
Alignment of Segments”. In: IEEE Transactions on Multimedia. DOI: 10.1109/TMM.
2022.3152598.

Finally, Chapter 8 concludes this dissertation and discusses its perspectives.


https://archives.ismir.net/ismir2021/paper/000067.pdf
https://archives.ismir.net/ismir2021/paper/000067.pdf
https://doi.org/10.1109/TMM.2022.3152598
https://doi.org/10.1109/TMM.2022.3152598

Chapter 2

Fundamentals and Related work

In this chapter, we state the scientific scope of our work, as well as useful definitions
for the rest of this manuscript. We first introduce the general machine learning tools
that we used to develop specialized music recommendation systems. We then give
an overview of the related work for our two main domains: music similarity and
Video/Music matching.

2.1 Tools and useful definitions

In the scope of this study, we will rely on machine learning tools to perform rec-
ommendation tasks. Machine learning designates a category of algorithms where
processing steps are not programmed explicitly, but directly inferred by the model
from example data. Machine learning models are parametric functions fy which
transform a given input x into an output §:

7= fo(x). (2.1)

In this dissertation, we only consider the case where both x and 7§ belong to a
multidimensional space. For example, in a music classification problem, x repre-
sents the audio data, and §J represents the class(es) associated to x by the function,
which is an approximation of the ground truth class(es) y. The set of parameters 6 of
the model is adjusted during an iterative process called training. During training,
batches of example data are provided to the model. The data samples are drawn
from an ensemble called the training dataset. Training datasets are meant to mimic
the true distribution of x and y, such that the model’s performance can be transferred
to real-world data - in practice however, they only are a rough approximation. The
quality of the model’s outputs j are then evaluated using a loss function £. The
choice of £ is made according to the task at hand. The parameters 0 are updated
towards a direction that minimizes the error £(y, ), and the procedure starts over
with new example data and the refined model. Training is interrupted as soon as
the model’s outputs are judged of sufficient quality. The model can then be used to
produce predictions for unseen data: it is the inference step.

Different paradigms can be used for training. In the case of supervised learning,
the loss function £ will compare the model’s output 7 to a ground truth output y
obtained from the training dataset. Ground truth data are typically obtained from
human annotations. £ will apply a high penalty if j and y do not match for a given
input x. Unsupervised learning is used when no ground truth data y is available.
In this case, £ forces the model to discover patterns within the input data and struc-
ture the output space according to said patterns. If no ground truth output is avail-
able, but it is possible to collect prior knowledge about the input data, then a third
paradigm is preferred: Self-supervised learning. Here, £ ensures that the model



8 Chapter 2. Fundamentals and Related work

encapsulates the desired knowledge and creates relevant, yet compressed represen-
tations of the data. General knowledge can be based on common sense (e.g., picture
x was rotated by 180 degrees, video x is played in reverse), or more specific domain
knowledge (audio file x™ constitutes the soundtrack of video file x”). In practice,
this is done by automatically generating target outputs and training the model on
the resulting pretext task, without any external annotation.

We will use supervised learning for music similarity in Chapter 4. Self-supervised
learning will be used to learn Video/Music matching from large non-annotated
datasets of music videos in Chapters 5 and 7.

2.1.1 Neural networks

Input Hidden Output
layer layer layer

FIGURE 2.1: A fully-connected network with one input layer, one pro-
cessing (hidden) layer and one output layer.

Nearly all machine learning algorithms used in this work are artificial neural
networks. Artificial neural networks (or simply neural networks) are algorithms
whose design is inspired by the human brain, hence the name. Neural networks
have become essential in today’s research because they led to state-of-the-art perfor-
mance in the most popular machine learning tasks: image recognition (Horak and
Sablatnig, 2019), audio source separation (Mitsufuji et al., 2021), natural language
processing (Priyadarshini, Bagjadab, and Mishra, 2020), etc.

Neural networks are a family of models which are composed of units (also called
neurons), organized in a succession of layers. Each unit processes n inputs x =
(x1,...,x,) and applies a non-linear activation function g before passing the resulting
output y to the units of the next layer. A widely used activation function is the ReLu
function (Nair and Hinton, 2010): ¢(y) = max(y,0). The output of a unit is called
the activation. The units are connected to each other and each connection is affected
a weight w = (w1, ..., wy,). The total set of weights form the parameters 6 that are
tuned during the training. In this manuscript, we only consider neural networks
whose inputs and weights are real-valued.

The training of a neural network can be decomposed into two phases (Rumel-
hart, Hinton, and Williams, 1986). During the feed-forward step, the input data
goes through the succession of transformations defined by the network layers. The
error of the resulting estimates is computed using a differentiable loss function L.
Then, during the back-propagation step, the gradient of the loss with respect to the
weights is computed and 6 is updated accordingly by gradient descent:
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9%9—)\*%, (2.2)
where A is called the learning rate and defines the "speed" at which the param-
eters will be updated. These two phases are repeated a constant number of times to
form an epoch (usually a full pass over the training dataset), and several epochs are
required to complete the training. Over the years, a large diversity of gradient de-
scent algorithms has been developed to optimize training (Goodfellow, Bengio, and
Courville, 2016). In this manuscript, we focus on minibatch gradient descent meth-
ods, in which 0 is updated after a small number of data samples have gone through
the forward pass. Minibatches offer a compromise between optimizing on the full
dataset (computationally infeasible on large datasets) and optimizing one sample at

a time (often too unstable).

Overfitting. Neural networks are trained until they converge or reach satisfying
estimation performance. One way to identify the final state is by monitoring the loss
value on a held-out set called the validation data, which is not used for parameter
updates. After a certain number of epochs, networks typically continue improving
on training data, while degrading on unseen data, i.e., they tend to overfit. Over-
fitting models are functions whose parameters depend only on the example data
of the training set, and not the intended trend or structure inherent to the task at
hand. Interrupting the training before it reaches this critical point is called early
stopping: this ensures that the system’s performance will be optimal for inference.
Real-life application scenarios are then emulated by computing metrics on a third,
unseen data collection called the test set. Complex models (which have a high num-
ber of parameters) are more powerful and can learn the most complex interactions,
but they also tend to overfit faster. As a result, they are not able to generalize to
unseen data. The smaller the training set, the higher the risk of overfitting. That
is why other regularization techniques, such as L, Ly, dropout (Srivastava et al.,
2014) or batch normalization (Ioffe and Szegedy, 2015) are commonly used to limit
the model’s complexity (in complement to early stopping).

Hyperparameters. Unlike the weights 6, the learning rate A cannot be tuned by
gradient descent, and has to be adjusted manually via a grid search; it is hence con-
sidered a hyperparameter of the model. Neural networks are heavily configurable
models, and thus have a variety of hyperparameters, including the number of lay-
ers, of units per layer, their arrangement, or the choice of the activation functions g.
In this thesis, we favor the reuse of pre-existing, well-tried architectures over explo-
ration of the hyperparameter space.

Input data. Neural networks take input data in the form of numerical arrays. 1D
arrays may represent temporal series; 2D arrays can represent monochrome images;
3D arrays, color images; 4D arrays, videos; etc. Audio and video documents can
be given as input directly or preprocessed to extract specific feature vectors (charac-
teristic values that describe the data). Precomputed features help the network train
faster and use less computational resources. For example, raw audio data (sam-
pled version of the physical sound waves) is stored as waveforms, which are one-
dimensional temporal series. Waveforms can be processed directly for optimal time
precision (Dieleman and Schrauwen, 2014; Ravanelli and Bengio, 2018), but as music
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FIGURE 2.2: Illustration of the decomposition of an audio signal into
a time-frequency representation (spectrogram).

is typically sampled at 44,100 Hz, this is computationally costly. As a result, for rec-
ommendation applications like ours, it is more sensible to convert waveforms into
spectrograms before training. Spectrograms (or time-frequency representations) are
2D arrays that represent the evolution of the frequency decomposition of the sig-
nal across time. A common way to compute a spectrogram is via the Short Time
Fourier Transform (STFT), which consists in a concatenation of the Fourier trans-
form of short overlapping frames, as shown on Figure 2.2. In Chapter 4, we will
build our music similarity system on a Constant-Q transform (CQT) representation.
The CQT (Brown and Puckette, 1992) is an enhanced version of the STFT, where the
frames have variable duration to ensure optimal resolution for each frequency band.
More detailed information about the usual transforms for MIR can be found in the
Fundamentals of Music Processing (Miiller, 2015).

Images are generally represented as 2D or 3D tensors, of which each coefficient
represents a pixel for display. From 2D time-frequency representations or images,
it is again possible to extract more compact, higher-level features. Such characteris-
tics include (but are not restricted to) edges and simple shapes for images; rhythmic
and harmonic patterns for music. Their benefits are common to a variety of MIR
and computer vision tasks. Learning feature extraction operations along with each
recommendation system would be quite inefficient in terms of time and energy. It is
therefore common practice to train a neural network fy specifically to extract high-
level features. The corresponding task is called representation learning and can
be unsupervised, self-supervised or supervised. Representation learning allows to
leverage intermediate representations learned from large, and sometimes private
datasets before moving to more specific training data. We will use representation
learning extensively throughout the thesis to preprocess audio and video data in
Chapters 5 and 7. Pre-trained networks fy with frozen weights 6 are there used
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offline as a sophisticated feature extractor for our specialized, shallow recommenda-
tion networks.

Fully-connected networks (FCNs). Fully-connected networks are adapted for in-
put data presented in the form of n-dimensional vectors x = (x1, ..., x,). The out-
put of each unit consists in a linear combination of the input by the weights w =
(w1, ..., w,) to which a bias b is added and a non-linear function g is applied:

y = g(w'x+b). (2.3)

Units are then grouped into layers, in which each unit takes as input all outputs
of the previous layer (see Figure 2.1). The collection of weights w and biases b of
all layers form the parameters 0 that are learned during training. We use Fully-
connected networks in Chapters 5 and 7 to perform video/music matching from
high-level features.

Convolutional Neural Networks (CNNs). Convolutional networks (Fukushima,
1980; LeCun and Bengio, 1995) are a special case of neural networks which showed
excellent performances in image recognition and in MIR during the recent years
(Cohen-Hadria, 2019; Stoller, 2020). They allow to discover patterns in images using
the natural spatial correlation between the coefficients (adjacent pixels in natural
images).
CNN:ss are suitable for input data shaped as tensors: x = {X;; & } e [1,M],ne[1,N] ke [1,K]-

In a convolutional layer, each unit processes the input tensor by convolving it with

a filter, i.e. a small matrix of weights w = { wu,v}ue[[l,u]],ve[[l,vﬂr adding a scalar bias b
and then applying an activation function:

y=gxxw+b), (2.4)

where:

K U v
Vm,n € [LM] x [LLN]  (x*x@W)mn=Y_ Y ) Xmouttn—ot1,Wuo0- (2.5)

Each filter w convolved with the tensor x produces a feature map y of shape
M x N. In this thesis, we will focus on the case where M = M and N = N, obtained
with adequate padding of the input tensor. If the layer contains F units, then F
feature maps are produced and stacked together (see Figure 2.3). This way, the shape
of the output tensor is M x N x F. The coefficients of the filters w and biases b of all
layers form the parameters 6 that are learned during training.

CNNs used for classification or regression often use dimensionality reduction
operations. To do so, convolution operations are interleaved with pooling opera-
tions. The idea of such architectures is to progressively transform the input data
into a compact representation. In a pooling layer, the number of feature maps is
preserved, while the size of each filter map is reduced (it is a spatial subsampling
operation). The feature maps are partitioned into patches (the "pools") and only one
value is kept for each patch. This way, the values that are too low or not significant
in each patch are removed. Common pooling operations include max-pooling and
average pooling.
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FIGURE 2.3: A convolutional neural network with one convolutional

layer and one pooling layer. In the convolutional layer, each filter

is slid over the input tensor and produces one activation per "pixel"

location. The resulting feature map is stacked along the depth dimen-
sion with the ones produced by the other filters.
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FIGURE 2.4: Using the triplet loss for metric learning. The distance

between the embeddings of the anchor a and the positive samples p

is minimized, while the distance between the embeddings of a2 and
the negative sample 7 is maximized.

Although CNNs were initially designed for image processing, they are popular
in MIR as well, since they can be used on spectrogram data. As opposed to nat-
ural images, the vertical (frequency) and horizontal (time) axes of a spectrogram
have different roles. Nevertheless, CNNs have proved to be efficient on those as
well. One hypothesis is that CNNs are able to create different categories of filters
for processing low frequencies versus high frequencies. Convolution operations are
robust to spatial translations and produce sparse representations, thus making train-
ing faster and reducing the risk of overfitting, even on high-dimensional input data
(Mallat, 2020). These regularity properties allow stacking more layers than in fully-
connected networks without loss of stability. Deep architectures progressively trans-
form the input data into abstract, high-level representations, which are expected to
make downstream tasks (such as recommendation) simple. In this manuscript, we
use deep CNNs to learn music similarity in Chapter 4.

2.1.2 Metric learning

The task of retrieving items in a collection and sorting them by relevance arises in a
variety of domains. The input document is usually called the query, while the rel-
evant documents which are expected to appear at the top of the ranking are called
targets. In the context of music supervision, the collection from which the target doc-
uments must be extracted will be often named catalog, due to the fact that the items
are music tracks. In practice, it is common to first learn a projection such that the
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relevance score of an object with respect to another can be computed as a distance,
or metric, of both projections. This method is called metric learning. We denote by
the term embedding the representation of the data after its non-linear projection in
a high dimensional space. As we study recommendation tasks, the main objective of
our metric learning systems is to learn how to rank music and video data according
to predefined criteria (e.g., similarity, content adequation, structure matching).

A common approach is to learn a matching from classes. In this case, it is as-
sumed that the similarity of items within the same class should be higher than the
similarity of items from two different classes. As a result, the model’s recommenda-
tions are associated with a binary relevance score: the recommended item does or
does not belong to the expected class. Such problems have been studied for example
by Weinberger and Saul, 2009 and Hoffer and Ailon, 2015, who employed CNNs
with innovative loss functions to perform higher-accuracy image classification. An-
other option is to train siamese networks (Bromley et al., 1994) with a contrastive
loss (Hadsell, Chopra, and LeCun, 2006), but this was later pointed out for being
very sensitive to hyperparameter tuning (Manmatha et al., 2017).

Today, a widely used loss for metric learning is the triplet loss, as introduced
by Schroff and Philbin, 2015 for face recognition (see Figure 2.4). In their work,
the authors use the triplet loss to force the CNN to learn a projection such that the
projections of images of the same person will be pulled together, and the ones from
different persons will be pushed apart. More generally, the objective of a triplet loss
system is to organize the projection fy of three samples in the embedding space such
that the distance between an anchor a and a positive sample p is minimized, while
the distance between the anchor a and a negative sample 1 is maximized:

L(a, p,n) = max(||fo(a) = fo(p)|1 = || fo(a) = fo(n)||Z + ,0). (2.6)

In this expression, the triplet (a, p, n) is created such that the positive is more sim-
ilar to the anchor than the negative according to the ground truth criterion. &« € R is
a margin parameter that enforces a minimal distance between the positive and neg-
ative pairs. fy denotes the neural network embedding function. In this manuscript,
we will use the squared Euclidean distance, although other differentiable metrics can
be employed too (Hermans, Beyer, and Leibe, 2017). The advantage of triplet loss
systems is their rapidity at retrieval time: producing recommendation only requires
computing pairwise Euclidean distances and sorting them.

We use the metric learning paradigm and the triplet loss throughout this disserta-
tion. In Chapter 4, we propose a method to learn music similarity from ranked lists.
In Chapters 5 and 7, we propose a Video-Music recommendation system trained
with triplet loss.

2.1.3 Audiovisual structure estimation

To accurately recommend music and video, it is appropriate to take into account
their temporal structure, and thus to estimate this said structure. Music structure es-
timation is a hierarchical problem that goes from beat tracking (regular accentuation
of musical phrases) to boundaries detection (between choruses, verses and bridges).
Similar to music, videos can be divided into segments of various duration, from
shots to scenes to chapters and longer sequences. We will describe here the methods
which we used in this manuscript.
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FIGURE 2.5: Block diagram of the downbeat tracking method imple-

mented in Madmom. In this example, the provided time signature is

4/4, hence the DBN has four states corresponding to each beat of the
bar. For a tempo of 120 bpm, beats occur every 500 ms.

Downbeats are systematically accentuated beats that happen periodically within
musical phrases (every three or four beats in most Western genres). Downbeat track-
ing is a popular MIR task (Jia, Lv, and Liu, 2019). As a result, several ready-to-use
libraries are available to estimate downbeat positions from audio files (Bock et al.,
2016; Bogdanov et al., 2013). Early approaches used heuristics to estimate a down-
beat likelihood function. For example, Peeters and Papadopoulos, 2011 computed
a distance between a beat template and harmonic features, before extracting the
downbeat sequence via a linear discriminant analysis. Machine learning methods
typically rely on Bayesian modeling to recognize rhythm patterns in data Krebs,
Bock, and Widmer, 2013, or on Recurrent Neural Networks which are suited to pro-
cess sequential data Vogl et al., 2017. The state-of-the-art Madmom method of Bock,
Krebs, and Widmer, 2016 combines both ideas in a two-step algorithm (see Figure
2.5). First, a set of supervised recurrent neural networks estimates jointly the beat
and downbeat activation functions. The output of the neural networks represents
the probability of each frame being a beat or downbeat position. These activation
functions are then fed as observations to an unsupervised Dynamic Bayesian Net-
work (DBN). The DBN outputs the beat positions of highest likelihood, along with
their position inside the bar. We will use Madmom in our study on music-video clips
(Chapter 6).

At a larger timescale, the automatic detection of boundaries between functional
segments (choruses, verses and bridges), keeps receiving a lot of attention from the
MIR community (Nieto et al., 2020). In this respect, specialized and open-source li-
braries were developed for this task too. The MSAF library (Nieto and Bello, 2016)
implements most state-of-the-art algorithms. We will present three of them, which
approach the problem from very different angles, and which we will use for our
study. Pioneer work by Foote, 2000 started using self-similarity matrices of low-
level audio features to detect novelty in the signal. Foote’s unsupervised method
detects points of significant change by applying a checkerboard kernel along the di-
agonal of the self-similarity matrix (see Figure 2.6). This convolution results in a
temporal function of audio novelty, on which peak detection is performed to obtain
the boundaries. The segments are thus defined as homogeneous units on either part
of their boundaries. It is worth mentioning that Foote’s method can be enhanced
by being applied to learned features, rather than low-level audio features (McCal-
lum, 2019), although we will stick to the basic version for practical reasons. The
unsupervised Structural Features (SF) algorithm introduced by Serra et al., 2012, on
the other hand, emphasizes repetition as a key characteristic of functional segments.
The time series structure features are computed using a circular time-lag matrix of
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FIGURE 2.6: Detecting music segment boundaries from a self-
similarity matrix (left). Peaks in the associated novelty curve (right)
indicate potential boundaries. Figure taken from Nieto et al., 2020.

homogeneity and recurrence features. Then, similar to Goto, 2006, the novelty curve
is obtained by computing the Euclidean distance between two successive columns
of the lag matrix. Finally, the Ordinal Linear Discriminant Analysis (OLDA) al-
gorithm by McFee and Ellis, 2014 relies on supervised learning. In this method,
an array of handcrafted, beat-synchronous features X is linearly transformed via a
learned matrix W. The frames of the resulting matrix W' X are finally clustered to
obtain the segments. The total number of segments is chosen by AIC cost mini-
mization (Akaike, 1992). "Ordinal" in this case designates a relaxation of the linear
discriminant analysis projection that only attempts to separate adjacent segments.
Then, the obtained features are clustered with a temporal constraint: only similar
successive segments are merged together.

Video structure is a whole research area with its own challenges and tasks, in-
cluding video summary, video chaptering and more (see the TRECVID challenge,
Smeaton, Over, and Kraaij, 2006). In this thesis, we focus on the least ambigu-
ous type of segments: the shots. In music videos, there are several types of tran-
sitions between successive shots, such as cuts, but also camera movements, large
objects passing in front of the camera, scenes observed through reflecting surfaces,
etc (Schindler and Rauber, 2019). Most of these can be estimated by the TransNet
(Soucek, Moravec, and Loko¢, 2019). The TransNet system is a CNN which em-
ploys 3D (3 x 3 x 3) convolutions. Each convolution employs a specific dilatation
rate, which increases its receptive field, and the outputs are concatenated along the
channel axis. The dimensions are progressively reduced by max-pooling, and two
fully-connected layers are added to perform the cut vs no cut classification. It was
trained in a supervised way for a shot boundary detection task on the TRECVID
TACC.3 dataset.

We use Madmom, OLDA and the TransNet in Chapter 6 to analyze official music
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videos. We use the cuts estimated by the TransNet, and the music boundaries de-
tected by Foote, SF and OLDA in Chapter 7 to recommend music tracks for videos
based on segment alignment.

2.2 Systems for music supervision: A state of the art

Music Information Retrieval (MIR) is the interdisciplinary research domain dedi-
cated to processing and analyzing music. Computer vision is a huge research area
related to the processing and analysis of images. Both fields aim at understanding
their respective media using concepts and methods from signal processing, machine
learning, perception, cognition, and humanities. In this section, we will review the
MIR and computer vision literature related to the music supervision task.

2.21 Music auto-tagging

In MIR, we call music auto-tagging the task of predicting tags directly from audio
signals (see Figure 2.7). Tags are keywords that describe a music track in terms of
genre, mood, instrumentation or any other high-level attributes. The set of valid tags
in a given dataset, as well as their potential hierarchy, is referred to as the taxonomy
of this dataset.

Auto-tagging typically uses supervised machine learning to train a system which
predicts the tags given the audio content as input. Therefore, it necessitates anno-
tated data. Traditional approaches for music auto-tagging rely on the extraction of
handcrafted features (such as MFCCs) to feed a classifier (Eck et al., 2008; Costa,
Oliveira, and Silla, 2017; Tingle, Kim, and Turnbull, 2010). Recently, deep learn-
ing approaches have allowed to learn their own feature representation directly from
the data, leading to improved performances. Both waveform (Pons et al., 2018; Kim,
Lee, and Nam, 2018) and spectral representations (Choi, Fazekas, and Sandler, 2016a;
Pons et al., 2017; Ferraro et al., 2021; Kim et al., 2020) were successfully used. Some
of these systems have proven their capacity to learn useful information from audio
(Dieleman and Schrauwen, 2014; Choi, Fazekas, and Sandler, 2016b).

In Chapter 4, we employ an auto-tagging system as a baseline for our music
similarity task.

2.2.2 Music similarity

Music similarity is the task of retrieving music tracks similar to a reference track from
a music catalog. Although music similarity is not a universal notion, it is a popu-
lar task with numerous applications such as music recommendation (Bozzon et al.,
2008), playlist creation (Lin and Jayarathna, 2018) or cover identification (Doras and

FIGURE 2.7: A typical music auto-tagging system. A neural network
is trained in a supervised way to predict tags from time-frequency
audio representations.Tag could illustration: alamy.com.
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FIGURE 2.8: Recommending music tracks by similarity with respect
to a query track.

Peeters, 2019). Music similarity is usually addressed by computing a pairwise simi-
larity score between the reference (query) track and each candidate, before ranking
those by decreasing score. The similarity score can be computed based on tags (an-
notated manually or by an auto-tagger), or directly from the audio content (scenario
illustrated on Figure 2.8).

Fully unsupervised methods include the one of Charbuillet et al., 2011, who em-
ploy GMM supervectors to represent complex statistical models by Euclidean vec-
tors. Using text labels for supervision, Slaney, Weinberger, and White, 2008 propose
a set of linear transforms to embed tracks into a Euclidean metric space and evaluate
them on a nearest neighbor task for album, artist and blog recognition.

On the supervised learning side, McFee, Barrington, and Lanckriet, 2012 use
collaborative filtering data to train the metric learning to rank algorithm (Mcfee and
Lanckriet, 2010). This algorithm consists of a linear projection trained with a list-
wise loss function to learn text document retrieval from ranked lists. Other text
metadata can also be used, such as release date, artist biography, or web-crawled
critics about the album. In this case, text retrieval models can be applied, such as
tf-idf and Word2Vec (Cunha, Caldeira, and Fujii, 2017), or path scoring, if the in-
formation can be represented in a knowledge graph (Gabbolini and Bridge, 2021).
Wolff and Weyde, 2014 insist on modeling relative music similarity (i.e., rankings),
rather than absolute similarity ratings, in order to avoid consistency issues due to
subjective user ratings. Following this idea, Lu et al., 2017 employ a CNN to predict
relative music similarity. Once trained, CNN-based methods are considerably more
efficient than their predecessors.

In Chapter 4, we take inspiration from Lu et al., 2017 but we propose a mining
strategy from ranked lists instead of partial similarity annotations.

2.2.3 Video/Music matching by semantic association

In this part, we review works related to V/M matching, i.e. the matching of video
and music modalities. Music and video are two expressive data modalities, which
are commonly associated using widespread cultural codes. Schindler and Rauber,
2016 analyze the correlation between visual contents (objects present in the scene)
and music genre in official music videos. For example, cowboy hats are almost sys-
tematic in country music videos. Liem, Larson, and Hanjalic, 2013 demonstrated in
their user study that V/M matching could reliably be performed by users via textual
descriptions.
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FIGURE 2.9: A Video/Music matching system: given a query video
and a catalog of music tracks, retrieve matching music tracks.

In this manuscript, we denote by the term Audio/Video (AV) clip a matching
data pair ¢ made of the silent video track ¢” and the audio music track ¢" extracted
from the same media (document), hence synchronized in time: ¢ = (c% ¢™). Pre-
vious works have shown that it is possible to learn a matching between music and
video files, in a supervised or self-supervised way (see Figure 2.9). The idea is to
associate each element of the pair to a single representation in a joint multimodal
embedding space.

In general, music-video embeddings are computed via a pair of projection func-
tions (fi, fv). fm takes as input a music audio excerpt x™ and outputs an embedding
vector " = f,,(x™). f, takes as input a video sample x? and outputs an embed-
ding vector e’ = f,(x”). Both vectors belong to the same high-dimensional em-
bedding space. This allows to perform cross-modal retrieval or recommendation,
for example by computing Euclidean distances between two embedding vectors:
dop = || fm(x1") — fo(x2)||>. V/M recommendation is a wide domain which has ap-
plications in automatic video editing (Shah, Yu, and Zimmermann, 2014), automatic
MTV generation (Liao, Wang, and Zhang, 2009), and general music recommendation
(Zeng, Yu, and Oyama, 2018).

fm and f, can be trained jointly to associate music and video samples according
to some matching criteria. In a broader sense, this also includes systems designed
for any type of sound or images (single frame videos). A popular design choice is
to implement f,, and f, as neural networks. Those can be trained with the help of
another network that performs a fusion between both modalities, or using a specific
loss (e.g., the triplet loss), that directly organizes the embedding vectors produced
by fn and f,. The training of such embeddings can be done using two paradigms:
supervised or self-supervised.

In the case of supervised learning, the matching criterion that associates the au-
dio and video modalities is deduced from additional sources of information. Shah,
Yu, and Zimmermann, 2014 used Support Vector Machines to estimate mood tags
from both modalities and then perform the final matching decision. Another inter-
esting method is to project each sample directly into the valence-arousal plane via
a rule-based model (Sasaki et al., 2015) or a linear regression model (Shin and Lee,
2017). Later, Zeng, Yu, and Oyama, 2018 have developed a Deep Canonical Cor-
relation Analysis model with mood supervision for cross-modal retrieval. While
Hsia et al., 2018 trained a CNN to learn a semantic association of image and music
via keywords extracted from the lyrics, Suris et al., 2018 proposed to train a fully-
connected network for the audiovisual correspondence objective, regularized by a
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video classification task. Tian et al., 2018 trained a dual multimodal residual net-
work with audio-guided visual attention for an audio-visual event localization ap-
plication. More recently, Li and Kumar, 2019 trained a CNN for two emotion clas-
sification tasks, one for each modality, along with the cross-modal distance learning
task. Shang et al. Shang et al., 2021 exploited semantic and emotion labels from lyrics
to learn a connotation-aware association of music and image. The use of mood infor-
mation accelerates the training and allows the systems to reach promising retrieval
performances. The matching criteria can be expressed as a score that is not necessar-
ily binary, allowing nuances. However, this restricts the systems to learning a certain
type of audiovisual correspondence, and requires to collect additional information
to train. Another challenging aspect of this approach is that both modalities must
have previously been associated to a shared mood taxonomy (Won et al., 2021).

In the case of self-supervised learning, a binary matching criterion is used. Several
learning objectives can be used, such as translating two matching modalities into
each other (Vukotic, Raymond, and Gravier, 2018). In V/M matching, the usual
learning objective is to classify pairs of music and video samples between the matches
(i.e. both samples are extracted from the same clip and from the same time position)
and non-matches. Depending on the pretext task, music-video embeddings can be
reused as feature vectors for downstream tasks (e.g., audio/image classification) or
directly to perform V/M matching in the context of cross-modal recommendation.

Early approaches have learned correlations between audio and video modali-
ties (Kuo, Shan, and Lee, 2013) using multiple-type latent semantics analysis (Su et
al., 2013) or dual-wing harmonium models (Liao, Wang, and Zhang, 2009). Later,
methods based on deep neural networks were proposed. With an appropriate loss
function, neural networks can learn directly the matching between music and video.
Aytar, Vondrick, and Torralba, 2016 first experimented with a KL-divergence loss be-
tween the audio and video embedding vectors, in the context of acoustic scene and
object classification. Alternatively, the L3-Net proposed by Arandjelovic and Zis-
serman, 2017 stacks a fully-connected fusion network after the two-branch embed-
ding extraction network. The whole system is trained with a binary cross-entropy
loss, to predict whether both samples were extracted from the same video clip. Ini-
tially introduced for environmental sound classification, the L3-Net became a pop-
ular baseline system for the audiovisual correspondence task and pre-trained au-
dio and video embeddings. Numerous variants were proposed, such as adding a
per-location matching score (Arandjelovié¢ and Zisserman, 2018), a CCA in the loss
function (Yu et al., 2019) or a distribution matching stage (Hu et al., 2021) to perform
sounding object localization. Source separation can also be achieved with a curricu-
lum learning strategy (Hu et al., 2020). In Chapter 5, we show that OpenL3, the
open-source version of the L3-Net (Cramer et al., 2019) performs well when reused
as a feature extractor for learning the Video/Music recommendation task.

The VM-Net (Hong, Im, and Yang, 2018) is a music-video embedding system de-
veloped specifically for cross-modal recommendation and retrieval (music recom-
mendation given video as input or video recommendation given music as input).
Inspired by the L3-Net, it is trained on an audiovisual correspondence task. Its ar-
chitecture is kept simple, which limits the computational cost of training on large
music-video datasets. In Chapters 5 and 7, we use the VM-Net for the V/M recom-
mendation task.
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FIGURE 2.10: Illustration of an AV clip and the different timescales
associated: full clip, segment and frame.

2.2.4 Video/Music matching by synchronization

All previous systems associate each modality (or part thereof) to a single timeless
vector. One embedding vector can represent either the full AV clip, a segment
thereof, or a short frame (typically an image and the associated 40 ms of audio, see
Figure 2.10 for an illustration). To perform the recommendation, it is also possible to
exploit the temporal relationship between music and video.

Video/Music matching by sequence comparison. Several studies suggest to com-
pute alignment metrics between each music-video pair to rank the candidates for
the recommendation. Early work by Gillet, Essid, and Richard, 2007 performed the
cross-modal recommendation task using a correlation metric between sequences of
frame-level acoustic and visual features. This system relies on the synchronization
of music structure (onsets and functional segments) and video structure (motion
intensity and cuts) to perform music-video recommendation, without external data.
Ruiduo Yang and Brown, 2004 and Mulhem et al., 2003 proposed similar approaches.
This work is particularly interesting in the context of music supervision, as it allows
a frame-level temporal alignment between the music and video. However, the rank-
ing of music tracks only relies on the variations of a low-level scalar descriptor across
time. Consequently, the semantic representation of each modality is reduced to this
single descriptor. In the context of source association, Li et al., 2019b proposed to
align frame-level sequences of higher dimensional audio and visual features using
the Hungarian algorithm. In this case too, the considered descriptors are not trained
specifically for the task. Conversely, the pretext task of the self-supervised system
by Owens and Efros, 2018 is to predict whether an audio excerpt and a video excerpt
extracted from the same AV clip were temporally shifted or not. The performances of
the system are illustrated by audio-visual action recognition and on-screen (speaker
visible on the screen) vs off-screen (not visible) audio source separation. Wang, Fang,
and Zhao, 2020 also train an end-to-end, frame-level model with attention and time
warping for dance-music alignment and speech-lip alignment. However, this is only
meant to align two preselected media.

To take into account the temporal evolution of each modality for recommenda-
tion, another option is to model those as a sequence of segments. For example, Lin,
Wei, and Wang, 2015; Wang et al., 2012 and Lin et al., 2017 use correspondence of
emotion sequences to compute an alignment cost between a music track and a video.
In these cases, the matching metric is learned a posteriori, as the Euclidean distance
between the considered representations cannot be directly interpreted as a matching
indicator. In general, segments-based approaches use fixed-length excerpts that do
not represent semantically meaningful units of the AV clips. Cheng and Shen Cheng
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and Shen, 2016 represented songs and venues as sequences of concepts for context-
aware music recommendation. Gabeur et al. Gabeur et al., 2020 tackle the caption-
to-video retrieval problem using a multi-modal Transformer. Second-level similarity
scores are then aggregated via a learned weighted sum. Only Shin and Lee, 2017 use
a semantic segmentation into semantically homogeneous units.

Video/Music matching by leveraging music structure. Compared to general au-
dio signals, music has a specific structure. Music tracks can be divided into introduc-
tions, choruses, verses, and other semantically meaningful units, or segments. Sev-
eral studies (Wang et al., 2007; Wang, Chng, and Xu, 2006; Hua, Lu, and Zhang, 2004)
use music structure estimation, paired with alignment techniques, to perform music
video generation. This means that both the video and the music are preselected, and
the system only performs the editing and synchronization of one of the modalities
with the other. However, there is little work about exploiting this type of variable-
length segmentation for recommendation.

In Chapter 7, we take inspiration from the music video generation techniques of
structure-aware music segmentation and alignment of sequences. But rather than
using them for music video generation, we use them for music recommendation.

2.3 Conclusion

From the technical point of view, we will perform our study using machine learn-
ing tools such as convolutional and fully-connected networks, supervised and self-
supervised learning, and metric learning. We will get inspiration from the existing
literature in music auto-tagging, music similarity and Video/Music matching. Fi-
nally, we will employ existing algorithms for music and video structure estimation.

In the following chapters, we will study several music recommendation systems.
The music similarity task will be addressed in a supervised learning setting. The
Video/Music matching models will employ self-supervised learning. All the pre-
sented systems are trained on a metric learning objective with a triplet loss. In all
experiments, the training and evaluation of the machine learning systems require
data. We develop this aspect in the following chapter.
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Chapter 3

Datasets

In this dissertation, we focus on data-driven methods (supervised and self-supervised)
to learn the similarity of music tracks and the matching of music and video. Since
these systems rely on examples, they require data for both training and evaluating
their performance. This chapter is dedicated to our research of suitable datasets.

The inference capacities of machine learning algorithms are directly impacted
by the choice of the training dataset. For optimal performance, the training dataset
should be as representative as possible of any situation that can be encountered dur-
ing the inference task. Noise in the training dataset can also reduce the model’s
effectiveness. This is especially true in the self-supervised learning scenario, where
the target outputs are generated automatically, but incorrect data can also happen in
supervised training situations. Large datasets tend to mitigate this problem, as well
as reducing the risk of overfitting. The desired properties of training datasets are
therefore their diversity, size, quality and accessibility.

The evaluation of recommendation systems is a wide topic with dedicated con-
ferences such as CLEF or FIRE. Evaluation protocols generally vary depending on
the type of object to be recommended (text documents, music tracks, products). Mu-
sic recommendation is particularly subjective and thus difficult to evaluate. In order
to evaluate the relevance of candidate recommendations, high-quality datasets are
needed. Other desired properties of evaluation datasets are diversity (in terms of
music genres, epochs, artists, language) and accessibility. In this work, we favor
cross-datasets evaluation when possible (training and test samples are taken from
different datasets). This is a common good practice, whose aim is to prevent overfit-
ting on biases inherent to any dataset.

Chapter organization. In Section 3.1, we review existing music similarity datasets
and we detail the creation of the Creaminal dataset. In Section 3.2, we review state-
of-the art datasets for Video/Music matching.

3.1 Datasets for music similarity

In this part, we describe the work we did about the selection of datasets for music
similarity. We then describe the curation process that resulted in the creation of the
Creaminal dataset.

3.1.1 Related work

As we saw in Chapter 2, music similarity can be defined in various ways (from
tags, musicological expertise, subjective user ratings, etc.). As a consequence, several
datasets were proposed, each of them using its own criteria. We provide here a
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FIGURE 3.1: Illustration of how different datasets define the music
similarity concept.

couple of examples (see Figure 3.1 for an overview). A more extensive list of MIR
datasets is regularly maintained on the website Audio Content Analysis.

One way of defining music similarity is via cover identification. When two
songs are covers from each other, they share a compositional similarity. The cover80
dataset (Ellis, 2007) includes 80 songs, each played by two different artists, with no-
ticeable differences in terms of harmony and style. Its main limitations are its small
dimensions and bias toward pop music. Similar datasets include the SHS100K by
Doras and Peeters, 2019 and Da-TACOS by Yesiler, Serra, and Gémez, 2020, for
which the audio is unfortunately not available.

Another interesting example of similarity annotations is using musicological
knowledge of certain music genres. The cante100 from the COFLA corpus (Kroher
et al., 2016) comprises 10 songs for each of 10 families of flamenco music. However,
the audio files are not publicly available and the dataset is de facto constrained to
one specific genre.

Finally, the MagnaTagATune dataset was introduced by Law et al., 2009 for mul-
tilabel tagging. It features tag annotations, similarity annotations and audio !. 25,863
clips of 29 seconds each were extracted from 5,405 different tracks by 230 artists and
encoded in 16 kHz, 32 kbps, mono MP3. Similarity data was collected from the
TagATune video game. Non-expert players produced subjective judgments such as:
"given a triplet of songs (A, B, C), song A/B/C is most different from the others".
The main limitation of the MagnaTagATune dataset for similarity learning is its size:
7,650 judgments resulting in 533 similarity triplets.

We used the MagnaTagATune dataset for preliminary experiments only, and we
did not include the results in this dissertation.

3.1.2 Creaminal music catalog

To train and evaluate our music similarity system, we chose to use an extract from
the catalog of Creaminal, a music supervision company. The two main advantages
of this original dataset are its size and quality.

Each track was professionally annotated with a number of tags comprised be-
tween 5 and 35, the average number of tags per track being 16.8. We selected the
N = 14,246 tracks that were annotated with at least 5 key tags between June 2013
and November 2018, and which duration was comprised between 45s and 5 minutes.
This filtering allows a good homogeneity in the tagging process. The corresponding

IStatistics about the MagnaTagATune annotations can be found at
https:/ /musicmachinery.com/2009/04/01/magnatagatune-a-new-research-data-set-for-mir/  and
https://github.com/keunwoochoi/magnatagatune-list.
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FIGURE 3.2: Screenshot of Creaminal’s backoffice, a software de-
signed specifically to annotate tracks and organize the music supervi-
sion work. For each song, relevant tags are placed on an arrow which
symbolizes their relative importance (left means low, right means

high).

TABLE 3.1: Some statistics describing the Creaminal dataset.

Number of different tracks | 14,246
Number of different artists | 3,565
Number of different tags | 488
Sampling rate | 44100 Hz
Encoding | 32kbps Stereo MP3
Average track duration | 344" (see Figure A.2)
Total number of tags attributed | 250,349
Average number of tags per track | 17.57 (see Figure A.3)

taxonomy is made of m = 488 tags, organized in 5 categories: Genre (e.g. Blues, Reg-
gae, Electro-funk, Japanese Pop), Recording (e.g. Acoustic, Saturated, Guitar bass),
Mood (e.g. Epic, Dancing, Nostalgic), Movement (e.g. Acceleration, Repetitive), and
Lyrics (e.g. Death, Freedom, Nature). Figure 3.2 shows an example of the web in-
terface used for tagging the tracks. The dataset features a majority of Pop tracks,
along with Electro, Rock, Country and Movie soundtracks. More information and
statistics about the tracks are available in Table 3.1. Histograms of tracks duration,
number of tags and genre are available in Appendix A.3.

In addition to the audio files and track-level tag annotations, the dataset includes
a specific tag-based similarity measure S. S will be used as ground truth in Chapter
4 to define the notion of music similarity to be learned. The main limitation of the
Creaminal dataset is that the music tracks and their manual annotations are propri-
etary and cannot be shared.
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TABLE 3.2: Specialized MIR datasets for V/M matching.

Dataset name Type of video Intended task Dimensions
AIST (Shuhei Tsuchida et al., 2019) Street dance Dance analysis 63 hours
DEAP (Koelstra et al., 2012) Face videos Emotion analysis 2 hours
Piano Gestures (Sarastia et al., 2017) Piano performance Performance analysis 210 lieder
URMP (Li et al., 2019a) Chamber music performance | Performance analysis | 1.3 hours
AudioSet (Gemmeke et al., 2017) All Audio event detection | 5,800 hours
MVD (Schindler, 2019) Official music videos Music classification | 2,212 songs

3.2 Datasets for Video/Music matching

In this part, we propose an overview of the Video/Music (V/M) matching datasets
used in this dissertation.

Historically, V/M matching is often performed in the context of specific tasks
such as performance analysis or dance analysis. This results in datasets that are
specialized in one single type of video. Table 3.2 summarizes common MIR datasets
that feature video.

A more diverse dataset is AudioSet, as proposed by Gemmeke et al., 2017. The
dimensions of AudioSet are unique: 2,084,320 clips were manually labeled into 527
categories. However, in the context of V/M matching, the data would first require
filtering, as they do not necessarily contain music. We did not consider the AudioSet
dataset for our study, because the duration of the clips (10 seconds) does not allow a
deep analysis of the temporal organization of the clips.

3.21 HIMV-50K

Recently, Hong, Im, and Yang, 2018 proposed the HIMV-200K dataset, a large col-
lection of musical videos for self-supervised audiovisual correspondence training.
This set corresponds to the part of AV clips of the YouTube-8M dataset (Abu-El-
Haija et al., 2016) annotated as "music video". It consists of 205,000 video-music
pairs without annotations. It should be noted that while the audio of these clips al-
ways contains music, the video can be anything from professional promotional clips
to amateur montages of still images (see Figure 3.3).

The size of the HIMV-200K dataset makes it suitable for training V/M recom-
mendation systems. Its main limitation is the heterogeneous quality of the videos.
From the list provided by the authors?, we fetched all relevant YouTube IDs to re-
create the dataset. However, due to country-specific restrictions, dead links and
storage limitations, we only have access to 51,000 video-music pairs. We denote the
resulting dataset as HIMV-50K. The average duration of each AV clip in HIMV-50K
is 3 minutes 54 seconds with a standard deviation of 1 minute 2 seconds. In total,
the size of the dataset is 988 Gb. Once downloaded, we stored it on an SSD RAID 5
system of capacity 1.8 Tb.

We use HIMV-50K in Chapters 5 and 7 to train our Video/Music recommenda-
tion systems. We partition the dataset by leaving out 1,000 (randomly selected) pairs
for validation, and we use the remaining 50,000 pairs for training.

Zhttps:/ / github.com/csehong/VM-Net/blob/master /data/
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FIGURE 3.3: Randomly selected clips from the HIMV-50K dataset. We
selected one representative frame to illustrate each video/music pair.
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FIGURE 3.4: Taxonomy of the clips proposed in the MVD. For each of

the four main categories, we include three examples of subcategories.

All tracks are sorted into subcategories, which means that each track
is annotated by one single tag corresponding to its subcategory.

3.2.2 Music-Video Dataset

While the HIMV-50K dataset is large and diverse therefore suitable for training a
neural network, the quality of the video part of the AV clips is uneven. Evaluating
Video/Music recommendation systems on this noisy dataset would make results
difficult to interpret. Therefore, to evaluate the performance of our systems, we use
a cleaner dataset, the Music Video Dataset (Schindler and Rauber, 2015; Schindler
and Rauber, 2016).

The Music Video Dataset (MVD) is a valuable resource for V/M matching, as it
is composed exclusively of manually curated official music videos. (Schindler, 2019)
gathered it in order to perform an in-depth analysis of this specific media. As a
result, all music tracks and videos are of professional quality, a unique characteristic.
The MVD also features partial manual annotations into music genres, themes, and
artists (see Figure 3.4). The average duration of each AV clip is 4 minutes with a
standard deviation of 57 seconds. Based on frame rate homogeneity, we selected
C = 1,000 of these clips. We use the filtered MVD in Chapters 5 and 7 to evaluate our
V/M recommendation systems. We do not train any Video/Music recommendation
system on the Music Video Dataset because of its relatively small size (2,212 music
video clips).
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FIGURE 3.5: An overview of annotations of the Harmonix set which
can be used for V/M matching.

3.2.3 Harmonix set

To perform accurate V/M recommendation, it is crucial to consider not only the
content but also the temporal structure of both media. In addition to the music
and video content, annotations into structural elements are valuable data for studies
about V/M matching.

Harmonix (Nieto et al.,, 2019) is a recent dataset for automatic estimation of
beat, downbeat and functional music segments. It features popular Western mu-
sic tracks for which there is a high probability of having an associated music video,
and YouTube URLSs for each track are provided. From the list of 1,000 YouTube video
links, 899 were successfully retrieved, of which 40% contained only still images and
2.4% were duplicates. We manually annotated each of the remaining 548 Official
Music Videos (OMVs) into video genres. We provide the list and URLs of the OMVs
as well as the genre annotations 3. We also used the music genre annotations and
the tempo annotations for our analysis.

We use the Harmonix set in Chapter 6 to analyze official music videos. We exam-
ine the visual and audio structure and their temporal correlation. We summarized
the metadata we used for our study on Figure 3.5.

3.3 Summary

In this chapter, we introduced the four datasets used in the following of the manuscript:
Creaminal dataset, HIMV-50K, MVD and Harmonix. We justified the choice of these
particular datasets in light of the related literature. We sum up here our two main
contributions:

30ur list is accessible at: https://gitlab.com/creaminal / publications/ismir-2021-language-of-
clips/-/blob/master/video_genres.csv.
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1. We proposed a method for creating a music similarity training dataset from
ranked lists (Creaminal dataset).

2. We introduced a taxonomy of video genres and the manual annotations of the
Harmonix set.
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Chapter 4

Music Similarity: Learning to Rank
Music Tracks

Music supervision, like music streaming, makes use of large music catalogs. To or-
ganize these tracks, it is necessary to provide efficient retrieval mechanisms. While
browsing by tags (genre, mood, instrumentation) can be efficient for small-scale cat-
alogs, it does not provide an efficient retrieval mechanism at scale. This is why it is
sensible to proceed by music recommendation. Recommendation systems are able
to retrieve a ranked list of music tracks based, for example, on their similarity with
a query music track. In this chapter, we address the problem of ranking a music
dataset by similarity with a query track.

For a given project, music supervision experts are often required to find a track
similar to a reference track but with other desirable attributes such as a free license
or a specific artist. Provided a similarity metric is defined, the music recommenda-
tion problem reduces to a music similarity problem. This task has been the subject
of many publications (see Urbano, 2013 for an overview) and can be tackled in dif-
ferent ways. In collaborative filtering recommendation, two music tracks are con-
sidered similar if they are listened to by the same audience (Oord, Dieleman, and
Schrauwen, 2013). Of course, if no one has ever listened to a music track (for ex-
ample a new track in the catalog), it cannot be recommended. This is known as the
cold start problem (Schein et al., 2002). However, when applicable, collaborative
filtering has proved to give very good results for recommendation. In tag-based rec-
ommendation, a tag-based similarity measure is designed to compare music tracks
based on their respective tags. Tags can be manually annotated (such as in Pandora
- Clifford, 2007), crowd-sourced (such as in Last.fm), or automatically inferred from
the audio content (auto-tagging case - Choi, Fazekas, and Sandler, 2016a). In direct
recommendation, it is possible to compute directly a distance between two music
tracks based on their audio content. For example, in one of the pioneer works of
Aucouturier and Pachet, 2002, track MFCCs were represented by a Gaussian Mix-
ture Model, and a Kullback-Leibler divergence was used to compare two tracks. But
because this method uses a costly pairwise comparison function, it cannot scale to
large catalogs.

In this thesis, we introduce the MuSimNet, a system for direct recommendation
based on the audio content. For its implementation, we study the case of the Cream-
inal dataset, a large music catalog professionally annotated with tags. An associated
function & was designed to compute a similarity score between two sets of tags. For
a given query track, S allows us to retrieve similar tracks based on their tags. Our
goal is to reproduce the similarity ranking given by S without explicitly tagging the
tracks. We denote our approximation by S. For a given query track, S allows us
to retrieve similar tracks based on audio directly. This allows to skip the long and
expensive manual tagging step. In this manuscript, we formulate the music ranking
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problem as a nearest neighbor search problem in a d-dimensional Euclidean space.
We train the MuSimNet, a CNN with metric learning to define a projection of the
audio signal such that the proximity between two projected music tracks accounts
for their similarity S. We compare our direct recommendation approach to the one
obtained by a CNN trained to estimate automatically the related tags which are then
used in S.

Chapter contributions:

1. We propose several strategies to perform metric learning from ranked lists.
This allows to apply a triplet loss to the related music similarity problem.

2. We compare and validate these different triplet mining strategies on a large-
scale experiment against the auto-tagging based approach.

3. We demonstrate the efficiency of the recently proposed Auto-pooling layer
(McFee, Salamon, and Bello, 2018) for a music task.

The MuSimNet and the associated methods for triplet mining from ranked lists
were presented at the ICASSP conference (Prétet, Richard, and Peeters, 2020).

Chapter organization. In Section 4.1, we review works related to our specific prob-
lem. In Section 4.2, we describe our proposed method to mine triplets from ranked
lists. In Section 4.3, we evaluate the proposed approach, along with an auto-tagger
baseline, on a music retrieval task. In Section 4.4, we draw conclusions of our results.

Reproducibility: Although we cannot distribute the Creaminal dataset and its
oracle similarity function, to allow reproducibility of our work we provide the ar-
chitecture and experimental code !.

4.1 Related work: Metric learning from ranked lists

As we saw in Chapter 2.1.2, most metric learning systems are trained on data al-
ready organized in classes. For the triplet loss, this facilitates the triplet mining
process (design of the training triplets). The corresponding strategy is to mine posi-
tive samples from the same class as the anchor, while negative samples belong to a
different class.

Yet, music description is inherently a multi-criteria problem (each track has its
own genre, instrumentation, mood, and these directions can be independent). Bas-
ing a similarity metric on the adherence to one single criterion (or class) would result
in perceptually poor results. Instead, we want our similarity metric to imitate S, a
multi-criteria tag-based function. Outside the Creaminal dataset, functions like S
have been implemented as tag-based Jaccard similarities by Kaminskas and Ricci,
2011 to rank geographical places of interest from a music query. To mimic S, we
need to learn the projection from the reference ranked lists given by S, rather than
from classes. In this case, the triplet mining strategy is the main challenge.

Such a problem has already been addressed outside the music case, for example
in face recognition. Wang et al., 2014 propose to use the triplet loss to learn a rank-
ing of similar images, and demonstrate improvement compared to a Deep Neural
Network (DNN) trained on a classification task. In MIR, Wolff and Weyde, 2014 and
Lu et al., 2017 designed models for relative music similarity (i.e., rankings), rather

1h’c’cps: / / gitlab.com/creaminal/publications /icassp2020-learning-to-rank-music-tracks
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than absolute similarity ratings. However, no mining strategies from ranked list
were proposed. This is because these two studies train their model using the simi-
larity triplet annotations provided in the MagnaTagATune dataset (Law et al., 2009),
which only has partial similarity information, annotated by non-expert users (see
Chapter 3.1.1).

Our proposal takes inspiration from Lu et al., 2017 but proposes a mining strat-
egy from ranked lists instead of partial similarity annotations. Some triplet mining
strategies are inspired by the work of Wang et al., 2014, adapted from computer vi-
sion to MIR. In terms of architecture, we take inspiration from a simple and popular
music auto-tagger proposed by Choi, Fazekas, and Sandler, 2016a. We reimplement
this Convolutional Neural Network for our baseline auto-tagger system and adapt
it to the metric learning task.

4.2 Proposed method

4.2.1 Problem definition

Let D = {t;,...,tn} be aset of N tracks annotated with a taxonomy of m tags. The
problem addressed in this study is the following: given a query track f, compute
a ranked list of tracks from the dataset D ordered by descending similarity to t.
Let S be an oracle similarity function that, given two sets of tags t; € {0,1}" and
t € {0,1}™, returns a similarity score S(t1,t2) € Ry.

For any t € D, let RS(t) = [ri(t),...,rn_1(t)] be the ordered list of the other
tracks of D ranked by decreasing similarity according to the function §. This is
the ground truth, against which our system will be evaluated. For any t € D, let
RS (t) = [P1(¢t),...,Pn-1(t)] be the estimated list of recommended tracks made by
the system for the query track t, using the estimated similarity function S.

4.2.2 Mining triplets from ranked lists

We denote by fy(t) € R? the embedding of the track t. fy is obtained by training a
CNN with a triplet loss. To train such a system, it is necessary to prepare the data
in the form of triplets (a, p, n). While the triplet loss is commonly used to project the
data such that class separation is maximized (meaning that n represents a different
class than the one of 4 and p), we use it here to reproduce music similarity rankings.
In our scenario, we thus select a, p and n such that a is more similar to p than to n,
according to S. Let t be a query track and RS (t) = [r1(t),...,rn_1(t)] the associated
reference ranking. We define training triplets by using the track ¢ as the anchor and
by mining a positive and a negative element from R®(t). A triplet is considered valid
if the index of the positive element is lower than the one of the negative element:
(a,p,m) = (i), (1) Vi<

In practice, for large datasets, it is infeasible to use all valid triplets for training,
because their number grows cubically with N. Additionally, all triplets may not be
useful for training. Figure 4.1 (top) shows an illustration of the average similarity
scores [S(t,r1(t)),...,S(t,rn-1(t))] for each track t € D. The curve shows that a
few first tracks in the ranking are very similar to their query, while most tracks in
the dataset are actually irrelevant: their similarity score is lower than 50%. Therefore,
after a certain rank in R®(t), mining positive samples does not make sense.

Given these observations, we limit the set of possible positives per anchor to the
N, first elements of the reference ranking: p € [r1(t),...,rn,(f)]. We also limit the
overall number of negatives per anchor-positive pair to N,. Then, to select the N,
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FIGURE 4.1: Illustration of the three proposed triplet mining strate-
gies. Top: Similarity scores in a typical similarity ranking (in per-
centage), as a function of the rank k in the list RS (t). Bottom: Three
strategies to mine negative samples for a given anchor-positive pair
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negative examples for a given anchor-positive pair (¢,7;(t)), three different strategies
are tested (see Figure 4.1, bottom):

 Neighbors: The negatives are the N, elements in RS (¢) that come directly after
the positive: n € [rii1(t), ..., riv14nN, ()]

e Random uniform: The negatives are sampled uniformly among the full RS (¢)
list after the positive: n € {r;(t)};>is.t. P(n) ~U(1/(N —i+1)).

e Distance-based: The negatives are sampled among the full RS (¢) list after the
positive with a probability that is proportional to its similarity with the anchor:

n e {rj(t)}jsist P(n) < S(t,n) 2

This way, in all three variants, the set of triplets can be pre-selected offline and
we do not mine triplets during training. The resulting total number of triplets is
N X Np X Ny.

4.2.3 Auto-pooling

In usual CNNs applied to audio signals, the time dimension of the audio signal is
progressively discarded by a succession of max-pooling layers. This implies a strong
assumption related to how information over time is processed: we only keep the
maximum activation over successive time frames. Other choices have been made in
the past such as the combination of Mean, Max and L2 Pooling (Dieleman, 2014).
A very elegant formulation has been proposed by McFee, Salamon, and Bello, 2018
with the Auto-Pooling layer, which allows to interpolate between several pooling
operators (such as min-, max-, and average-pooling) via a learned parameter «a:

5 v exp(a.p(Y|x)) >
R(1X) = L p(v1) (Ram s &

When « is equal to 0, the operator behaves as an average pooling. When «1, it
behaves as a softmax. When &« — oo, it approaches max pooling, and when a < 0, it
approximates mean pooling.

Auto-pooling has provided very good results for an audio event detection task.
To our knowledge, it has not been used for music-related tasks. We do this here for
the task of music similarity.

4.2.4 System architectures

In this chapter, the input representation used for all our architectures is the Constant-
Q transform (CQT). For each track, we compute a CQT of 96 frequency bins and
a hop size of 1024 (23 ms). We then convert it to power amplitude and log-scale
the magnitudes. The input of our CNN is a patch of 512 time frames of CQT. 512
frames account for 11.88s. This duration was chosen as a good compromise between
GPU memory efficiency and sufficient musical context. Since the annotations of our
dataset are at the track level (see Section 4.3.1), we randomly select several of these

2The Distance-based sampling is inspired from Manmatha et al., 2017, who suggest to sample uni-
formly according to the distances between the embedding vectors. Here, we rather sample uniformly
the ground truth distances given by S. This is what was proposed by Wang et al., 2014 for intra-class
negative mining (where S is computed using "golden features"). Since we have no classes, we extend
the Distance-based sampling to all triplets.
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TABLE 4.1: Details of the three architectures used. MP stands for Max
Pooling, FC for Fully-Connected. In italic are the output sizes of the
max-pooling layers.

AT Baseline \ TL \ TL Autopool
CQT (input: F=96,T=512,C=1)
Conv2D (3,3) x128 Conv2D (3,3) x64
MP (2,4) (F=48,T=128,C=128) | MP (2,2) (F=48,T=256,C=64)
Conv2D (3,3) x256 Conv2D (3,3)x 128
MP (2,4) (F=24,T=32,C=256) | MP (2,2) (F=24,T=128,C=128)
Conv2D (3,3) x512 Conv2D (3,3)x256
MP (2,4) (F=12,T=8,C=512) | MP (2,2) (F=12,T=64,C=256)
Conv2D (3,3)x 1024 Conv2D (3,3)x512
MP (3,3) (F=4,T=2,C=1024) MP (2,2) (F=6,T=32,C=512)
Conv2D (3,3) x2048 Conv2D (3,3) x1024
MP (4,2) (F=1,T=1,C=2048) | MP (6,1) (F=1,T=32,C=1024)
FC (d) (F=1,T=32,C=d)
FC (m) FC (d) Autopool (1,32) (d)

(96 x512) patches to represent a given track and assume that the annotations apply
to each patch.

At test time, each track is represented by 8 randomly selected patches. When the
network is used for auto-tagging, we pass each of them through our trained network
to obtain the tag probability vector. We then simply use the average vector over the
8 tag probability vectors. When the network is used for embedding, we compute the
average embedding vector over the 8 embedding vectors.

All models have been implemented using Keras framework (Chollet and others,
2015). We used an Adam optimizer (Kingma and Ba, 2015), a batch size of 42 patches
and applied early stopping.

Baseline system: Auto-tagger (AT): The similarity function S, used for ranking,
relies on tag annotations. A naive approach is therefore to automatically estimate
these tags from the audio and then apply S to those. Auto-tagging is a multi-label
classification problem (output activations are sigmoids, and the loss is defined as
the sum of binary cross-entropies). In preliminary experiments, we have shown that
VGG-like architectures (Choi, Fazekas, and Sandler, 2016a) were the most suited to
our task (see Appendix C.2 for details on the architecture search). Thus, we repro-
duce the FCN-5 architecture proposed by Choi, Fazekas, and Sandler, 2016a. We
adapt it to the shape of our inputs (96x512) and outputs (m tags). We remove the
batch normalization and apply lower dropout rates. This system is referred to as AT
Baseline in the rest of the chapter. We give its architecture in Table 4.1, column 1 and
provide the details (dropout, activations) in our code. We train it with a learning
rate of 10~%.

Triplet loss system (TL): Our objective here is to estimate directly an embedding
such that applying the Euclidean distance between the embeddings of two tracks
(t1, t2) mimics S(ty, t2). The network we use to compute the embedding is similar to
the AT Baseline one, but it differs in the output layer. The last fully-connected layer
has now d units (the dimension of the embedding space) instead of the m units,
and has linear activations instead of m sigmoid activations (see Table 4.1, column 2).
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After a short grid search in a pilot experiment, we set d to 128. The embeddings are
L2-normalized to the unit sphere. The margin parameter « of the triplet loss is set
to 0.5 and the learning rate to 10~°. Each mini-batch contains 42 triplets of patches.
A given mini-batch represents one anchor track, one positive track and 42 negative
tracks. Patches from these tracks are then randomly selected.

This network is referred to as TL in the rest of the chapter. We test it with the
three sampling strategies presented in Section 4.2.2: Neighbors, Random uniform and
Distance-based. Ny, is set to 15 in order to keep only the most similar tracks. Nj, is set
to 250 to create a large, yet still tractable number of triplets. With these values, we
obtain a total number of triplets of N X Np x N, = 14,246 x 15 x 250 = 53,422,500
in the Creaminal dataset.

Triplet loss system with Auto-pooling (TL Autopool): In the AT Baseline and TL
networks, the time dimension is progressively removed by a succession of max-
pooling layers. We test here the use of the Auto-Pooling layer proposed by McFee,
Salamon, and Bello, 2018. Two main adaptations were necessary to use Auto-pooling
in our setup. First, the max-pooling sizes of the TL network need to be adapted to
carry some temporal information until the last layer. Second, the number of filters
needs to be divided by two due to GPU memory constraints. This network is re-
ferred to as TL Autopool in the rest of the chapter (see Table 4.1, column 3). As for the
TL network, we train it to output embeddings using the triplet loss. In the following,
TL Autopool will only be tested using the Distance-based mining strategy.

4.3 Evaluation of the proposed method

4.3.1 Dataset

To test our proposal, we use the N = 14,246 tracks of the Creaminal dataset, de-
scribed in Section 3.1.2. This dataset features tags annotated at the track level and an
associated ground truth similarity function S. Similar datasets also exist in stream-
ing services such as Pandora.

Although in our case, S is a proprietary function, we shortly describe in this
paragraph how it is computed from the set of manually annotated tags. S first ex-
pands the set of tags to include similar tags (for example, "Waltz" expands to "Clas-
sical" and "Dancing"). This expansion operation features a considerable number of
manually tuned parameters. Weights are attributed to each tag, either manually by
the annotators or during the expansion operation (tags added by S typically have
lower weights than manually annotated tags). The weights of the tags are then com-
bined in a non-linear way to compute the final matching score.

For our experiments, we split the dataset into a training, validation and test sets
(60%, 20% and 20% respectively). The same artist cannot be represented in two
different sets. The distribution of tags is approximately the same for training and
testing. This dataset is private and cannot be shared but the proposals made here
can be applied to other ones.

4.3.2 Evaluation metrics

To evaluate our systems, we used each track of the test set as a query and ask the
systems to rank all the other tracks of the test set by decreasing similarity with the
query. For the AT Baseline system, the similarity score is obtained by applying S to
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the estimated tags. The likelihood of each tag, provided by the corresponding sig-
moid unit, is used as a manually annotated weight. For both TL systems, the ranking
is obtained by ascending order of Euclidean distance between the embedding of the
query and these of the other tracks of the test set.

Let RS (t) = [r1(t), ..., r(t)] be the list RS(t), truncated at rank k. Without loss
of generality, we consider here that the relevant tracks to recommend for a given test
query t are the five first tracks of the reference ranking: RE (t). Thus, for each query
track t, we ask our system to retrieve the 5 relevant ground truth recommendations
R¢ (t) among its k estimated recommendation Rf (t). Since serendipity can be de-
sired in music similarity applications, we want the system to recommend as many
relevant tracks as possible in its top k Rf (t), while not strongly penalizing irrelevant
tracks. We therefore set k to 20. We then use four of the evaluation metrics proposed
by (Urbano, 2013):

* Mean Average Precision (MAP): evaluates if the relevant tracks appear in high
position in R (#). Higher is better.

* Recall@k: indicates which proportion of the relevant tracks appear in Rks (t).
Higher is better.

® Reciprocal rank (RR): is the inverse of the rank of the first relevant track in ng (1).
Since we consider only the top k, the reciprocal rank is set to 0 if the rank is
higher than k. Higher is better.

* Normalized Discounted Cumulative Gain (nDCG): this metric allows to have a
relevance scale instead of binary relevance judgments (e.g., recommending r1(t)
will produce a higher score than recommending r5(t) at the same rank in
Rf (t)). Higher is better. Details of the nDCG that we used can be found in
Appendix C.1.2.

4.3.3 Quantitative results

In Table 4.2, we compare the systems AT Baseline, TL (with the three mining strate-
gies Neighbors, Random uniform and Distance-based) and TL Autopool. We indicate for
each system the average and the confidence interval at 95% of the four metrics (ex-
pressed as percentages). We performed all experiments (training and evaluation) on
a Nvidia GeForce GTX 1080 Ti GPU (see Appendix B.1 for more hardware details).

We first observe that the AT baseline is outperformed by all TL systems on all
metrics. This shows that in our case, directly learning the ranking is clearly more
efficient than learning the tags and applying S to their estimates.

We then see that among the various mining strategies of the TL systems, the
Distance-based negative sampling performs best on all metrics. It should be noted
that the Distance-based negative sampling was initially proposed by Manmatha et
al., 2017 which uses the learned embeddings to compute the distance online. In our
case, the distance can be calculated offline since we use the ground truth S instead of
the embeddings for the distance computation. The Neighbors and Random uniform
sampling strategies have similar performances, but the first has a better reciprocal
rank while the latter has a better recall. This means that the Neighbors mining strat-
egy favors a high ranking of the relevant tracks over retrieving as many of these as
possible The Random uniform strategy, which exposes the network to a larger va-
riety of negative samples, acts the other way around. The Distance-based strategy
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TABLE 4.2: Comparison of the results of the AT Baseline vs TL sys-
tems (with various sampling strategies) vs TL Autopool. All metrics
are percentages. Higher is better.

| Model | MAP@20 | Recall@20 | RR@20 | nDCG@20 |
. 450 1257 15.62 11.30
AT Baseline + 0.34 4066 | £1.07 | +0.69
. 558 12.73 19.18 1341
TL Neighbors | " 41 +067 | £123 | +0.80
TL Random 5.39 15.01 17.86 13,50
uniform +0.38 +070 | £112 | +076
TL Distance- 5.98 15.79 19.89 14.41
based + 0.40 +073 | £119 | +0.78
7.99 17.74 24.68 17.95
TL Autopool | 54 +079 | +134 | =+0.92

gives the best of both worlds. We did not experiment with different values of N, and
N,, however we expect these to play a role in the system’s performance. Although a
too large value of N, could create noise in the triplets, we hypothesize that the larger
the number of negatives N,,, the better the generalization performance will be. We
did not increase N, further than 250 for computational reasons.

The last row of Table 4.2 indicates the results of the TL Autopool system. We
observe a boost in performances due to the added flexibility of Auto-pooling. This
system is able to retrieve one of the top 5 most relevant tracks with almost a prob-
ability of 1/5 (Recall@20 = 17.74). It should be reminded that in our case, neither
the query nor the reference tracks have been seen during training. The first relevant
track is on average at rank 5.6 (inverse of RR@20=24.68), among approximately 2,900
test tracks. This makes our system a promising approach to efficient music retrieval
in large datasets. Additionally, an informal listening test reveals that some of the rec-
ommended tracks, although judged "irrelevant" by our evaluation system, actually
share important characteristics with the query?.

4.3.4 Qualitative results

To further explore our results, we conducted a qualitative analysis of the MuSim-
Net’s embedding space. Our hypothesis is that during training, the output units
specialize in detecting different characteristics in the music. Then, at inference time,
the tracks which embedding vectors take high values along the same dimension
share the corresponding characteristics and are therefore similar. In this part, we
consider only the system with Distance-based negative mining and Autopooling
("TL Autopool”).

To verify our hypothesis, we took inspiration from Dieleman, 2014: we browsed
the 128 units of the output layer. For each output dimension, we looked in the test
set for the top 5 tracks that activated the most the corresponding unit. We listened
to the generated playlists and tried to identify similarities between the tracks. Not
all units did correspond to obvious characteristics, but we were nonetheless able to
find interesting patterns for some of them.

3We provide listening examples for randomly selected queries at:
https:/ /www.creaminal.io /#/access/642198129c5e26e47455897¢84741d03
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TABLE 4.3: Qualitative MuSimNet results: certain output units are
specialized in detecting identifiable musical characteristics. The first
column indicates the number of the considered unit, with a link to lis-
ten to the associated playlist. The second column denotes our man-
ual annotation of the common characteristics of the 5 tracks which
activate the most said unit. The third column denotes the tags of
the Creaminal dataset which were common to all tracks of the unit’s
playlist, along with their number of occurrences. In italic, we high-
lighted tags that were similar to our annotations.

Dimension Common characteristic Creaminal tags
2 [Click to listen] | Calm, ethereal atmosphere, | Acoustic: 5, Instrumental: 4,
movie soundtrack, piano Hypnotic: 3, Violins: 2, Sus-

pense: 2, Linear: 2, Adventure:
2, Dreamy: 2, Grand Specta-
cle: 2, Slow Motion Images: 2,
Nostalgic: 2, Repetitive: 2

4 [Click to listen] | Retro keys Dreamy: 4, Hypnotic: 4, In-
strumental: 3, Electronic: 3,
Acoustic: 3, Reverb: 2, Psy-
che: 2, Laid-back/Cool: 2,
Ethereal: 2, Repetitive: 2,
Mainstream: 2

5 [Click to listen] | Americana Folk English: 5, Electric: 5,
Happy: 4, Quirky: 3, Amer-
icana: 2, Electric Blues: 2,
Alternative Pop: 2, Naive /
Simple: 2, Acoustic: 2, Calm:
2, Male Lead: 2

7 [Click to listen] | Female singers English: 5, Acoustic: 5, Fe-
male Lead: 4, Mainstream: 4,
Verse-Chorus: 3, Guitar: 3,
Reverb: 3, Dreamy: 3, Elec-
tric: 2, Indie Rock: 2, Happy:
2, Naive / Simple: 2, Nos-
talgic: 2, 1-3: 2, Folk Acous-
tic: 2, Female Choir: 2, Calm:
2, Emotional: 2, Intimate: 2,
Slow Motion Images: 2, Fem-
inine: 2, Banjo: 2, Hopeful: 2
8 [Click to listen] | Hand claps Acoustic: 4, Male Lead: 3,
English: 3, Unifying: 3, Ono-
matopoeia: 3, Electronic: 2,
Performance: 2, Instrumen-
tal: 2, Electric: 2, Quirky: 2
13 [Click to listen] | Guitar, soft atmosphere 1-3: 5, Acoustic: 5, English:
5, Guitar: 5, Mainstream: 5,
Intimidate: 5, Female Lead:
4, Folk Acoustic: 4, Calm:
4, Emotional: 4, Dreamy: 4,
Slow Motion Images: 4, Ethe-
real: 4, Reverb: 4, Gracious:
4, Vocal Jazz: 3, Nostalgic: 3,
Jazz Pop/Light Jazz: 2, El-
egant: 2, Verse-Chorus: 2,
Whirling: 2



https://www.creaminal.io/#/access/29985f8a9423b19ce008b54378d91f83
https://www.creaminal.io/#/access/efef89015bb692981583822cade7b239
https://www.creaminal.io/#/access/32f8994b7122efb234798cd64cea5d19
https://www.creaminal.io/#/access/82a72065dd95f4de69e6ec13165302a6
https://www.creaminal.io/#/access/6d8ff19365fc3d58324cb2da2190529b
https://www.creaminal.io/#/access/591f44f1897446ebefb959d859fb611b
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Table 4.3 shows examples of units which significantly detected musical character-
istics. Top tracks activated by unit 2 sounded a lot like movie soundtracks, played by
acoustic instruments such as pianos. This is confirmed by the manual annotations,
which include several movie categories: "Suspense”, "Adventure", "Grand Specta-
cle", "Slow Motion Images". The presence of vintage keyboard sounds, common to
the tracks of playlist 4, was not directly identifiable via the tag annotations, which
only described consequences of this feature: "Electronic", "Reverb". In this case,
the listening test (following the method of Dieleman, 2014) proved to be necessary.
For some units, the distinctive audio features detected by the MuSimNet are not re-
flected by the tag annotations, because they were not judged relevant enough by the
annotators. This is for example the case with the handclaps detected by unit 8.

The main limitation of our approach is that it explains only the audio character-
istics detected by one single unit. We hypothesize that other characteristics can be
detected not by one single unit, but a combination thereof, making them invisible
when exploring the embedding space only axis by axis.

44 Summary

In this chapter, we proposed a method to learn a similarity ranking using a triplet
loss network and a dataset of reference rankings. This system has applications in
music supervision for large music catalog management, and to expand track sug-
gestions. We show that to estimate the pairwise similarity function S, auto-tagging
isn’t an interesting workaround, even though S is originally computed from tag an-
notations. We show that using the triplet loss to directly learn the ranking provided
by S gives better results. This result is consistent across all our metrics. Finally,
we showed that Auto-pooling, proposed in the framework of audio event detec-
tion, also allows improvement in the case of music similarity. A qualitative review
confirms that our music similarity system produces an embedding space in which
certain dimensions correspond to distinctive audio characteristics.

Therefore, in the next chapter, we test reusing the MuSimNet as an audio feature
extractor for V/M matching. We will consider only our best performing system, that
uses the Distance-based triplet mining strategy and the Auto-pooling layer.
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Chapter 5

Video/Music Recommendation: A
Study of Design Choices

In Chapter 4, we saw that trained music embeddings are useful to perform simi-
lar music recommendation given a music query. Moving to our second objective,
from this chapter, we study multimodal embeddings for the Video/Music recom-
mendation task. Our problem is the following: given a query video clip, which
music track from a music catalog is the most suitable to serve as a soundtrack? And
inversely, given a music track, which video from a collection best illustrates its con-
tent? How to design an efficient system for this task, that can be trained without
annotated data? Besides professional music supervision (Inskip, Macfarlane, and
Rafferty, 2008), music recommendation for video has applications in automatic video
editing (Shah, Yu, and Zimmermann, 2014). Video recommendation for music has
applications in automatic MTV generation (Liao, Wang, and Zhang, 2009) and music
recommendation (Zeng, Yu, and Oyama, 2018).

Real-world data is inherently multimodal. When we observe our environment,
we usually gather information using several senses at the same time. Co-occurrence
of events across our senses allows us to efficiently acquire a large amount of knowl-
edge without the need for ground truth annotations. Similarly, it is possible to
leverage multimodal data to learn this type of correspondence. Starting from this
observation, an active research area has developed around multimodal learning
paradigms (Ngiam et al., 2011; Wang et al., 2016; Aytar, Vondrick, and Torralba,
2017; Miiller et al., 2019). One of the most popular approaches uses multimodal
embedding spaces to associate audio data and video data, in order to perform a
variety of tasks (Aytar, Vondrick, and Torralba, 2016; Owens et al., 2016; Arand-
jelovic and Zisserman, 2017; Schindler, 2019; Parekh et al., 2019). By learning to
distinguish between matching and non-matching audio-video pairs, self-supervised
systems can learn effective joint representations (or embeddings) of the audio and
video. Thereupon, it is possible to solve the cross-modal recommendation task using
only the content of the videos and music tracks. Such systems do not exploit mood
tags (Sasaki et al., 2015; Li and Kumar, 2019), usage data or other prior information
(Shah, Yu, and Zimmermann, 2014). They only require a large dataset of video clips
to learn the matching of music and video.

However, common audio-video self-supervised systems are computationally in-
tensive to train (2 days on 16 GPUs in parallel for the L3-Net of Arandjelovic and
Zisserman, 2017). One way to alleviate this issue is to leverage pre-trained input
features. It has been shown that pre-trained features associated with fine-tuning
can match the performance of systems trained from scratch (Oquab et al., 2014).
This allows to reduce the computational cost associated to the development of new
systems, and to improve performances by exploiting a large diversity of datasets.
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Reusing pre-trained features can also be critical in domains where access to train-
ing data is limited (e.g., due to copyright, or high cost of acquisition). In image and
video processing, ImageNet features are commonly used as a starting point for other
tasks (Yue et al., 2015; Balntas, Li, and Prisacariu, 2018; Wang et al., 2014). In music
research, however, there is no widely accepted feature extractor that would be the
equivalent of ImageNet features. Several systems, both unimodal and multimodal,
can play this role (Gemmeke et al., 2017; Hershey et al., 2017; Kumar, Khadkevich,
and Fugen, 2018; Pons and Serra, 2019; Cramer et al., 2019). Grollmisch et al., 2020
evaluated some of these on several audio classification tasks. We study here which
audio embedding is the most appropriate for the cross-modal V/M recommenda-
tion task. Finally, we also study which loss and which feature aggregation method
give the best results on this task.

Chapter contributions:

1. We build upon the VM-Net (Hong, Im, and Yang, 2018), a self-supervised net-
work for V/M content matching, and challenge some of its design choices.
We validate the choice of the cross-modal triplet loss originally proposed in
the VM-Net compared to the binary cross-entropy loss commonly used in self-
supervised learning.

2. We compare the performance of several open-source audio embeddings for
this recommendation task, including MusiCNN, OpenL3 and AudioSet. We
show that audio features already pre-trained on a cross-modal task (Cramer
et al., 2019) perform best. To our knowledge, this is the first time these embed-
dings are used in the context of V/M recommendation.

3. We compare several methods to aggregate frame-level features into clip-level
features for training. We show that an Auto-pooling layer or a simple Atten-
tion mechanism (Raffel and Ellis, 2015) gives better performance compared to
the originally proposed statistical aggregation.

Experiments 1 and 2 were published at the Special Session on Representation
Learning for Audio, Speech, and Music Processing of the [JCNN conference (Prétet,
Richard, and Peeters, 2021a). Experiment 3 presents original results.

Chapter organization. In Section 5.1, we describe the reference system that we use
as baseline (Hong, Im, and Yang, 2018). In Section 5.2, we challenge three design
choices of our baseline system by changing the training loss, the input audio fea-
tures, and the temporal aggregation method. In Section 5.3, the performances of
these variants are evaluated on an independent test set. Some conclusions are sug-
gested in Section 5.4.

5.1 Baseline Video/Music recommendation system

In this part, we briefly describe the Video/Music (V/M) recommendation system
that we will consider as our baseline. This system, named VM-Net, has been pro-
posed by Hong, Im, and Yang, 2018. The VM-Net learns music-video embeddings in
a self-supervised way (without the need for external annotation). It is a two-branch
network where music and video are independently projected into the same embed-
ding space, such that the embeddings of associated music tracks and videos are
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FIGURE 5.1: Generating the timeless input vectors of the VM-Net by
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close to each other. It therefore allows cross-modal recommendation, hence Music-
to-Video (M2V) or Video-to-Music (V2M) recommendation.

5.1.1 VM-Net inputs: Feature vectors

One specificity of the VM-Net is that the input of each branch is timeless, i.e., the
time evolution of the track (either video or music) has been summed up as a timeless
vector (see Figure 5.1). As opposed to other works (Arandjelovic and Zisserman,
2017), those inputs are not the raw data (raw audio waveform or spectrogram, or
images) but audio and image features precomputed by another system. This allows
to be efficient in terms of computational resource and to only learn the multimodal
projection.

Video input: x” is a timeless feature vector of dimension 1,024 which represents
the whole clip duration. To construct this vector, ImageNet features (Abu-
El-Haija et al., 2016) are computed for images of the videos sampled every
second. These features correspond to the output of the penultimate layer of an
Inception model trained on ImageNet, and post-processed for dimensionality
reduction. The ImageNet features are then statistically aggregated using mean
over the whole clip duration.

Music input: x" is a timeless feature vector of dimension 1,140 which represents
the whole clip duration. To construct this vector, handcrafted features (such
as spectral centroid, MFCCs, and Chromas) are extracted at each time frame (1
frame~21ms) and statistically aggregated using mean, variance and max.

5.1.2 VM-Net architecture: Fully-connected network

The architecture of the VM-Net is made of two independent branches: one for the
music e” = f,,(x™) and one for the video ¢’ = f,(x?) (see Figure 5.2). The music
branch f,, consists of 3 fully-connected layers of 2,048, 1,024, and 512 units respec-
tively. The video branch f, consists of 2 fully-connected layers of 2,048 and 512
units respectively. ReLU activations are applied after each layer, except the last one.
Linear activations and batch normalization are applied after the last layer of each
branch. A L, normalization layer is finally applied to ensure all embedding vectors
have unit norm. This architecture accounts for 6,037,504 trainable parameters and
12,084,249 floating-points operations. The outputs of the two branches, ™ and ¢?, are
considered as the music and video embeddings. Preliminary experiments validated
the original architecture.
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FIGURE 5.2: The VM-Net architecture relies on two branches of fully-
connected layers.

5.1.3 VM-Net training: Self-supervised metric learning

The parameters of the VM-Net are trained using metric learning in a self-supervised
way. The goal is to project the music and the video into the same multimodal em-
bedding space, such that the music embedding e!" and video embedding e? extracted
from the same AV clip c are closer together than from any other sample. Closeness
and distance here are defined in terms of Euclidean distance.

To obtain this property, we train the VM-Net with an extended triplet loss (see
Chapter 2.1.2 for the generic triplet loss definition). In the VM-Net, the triplet loss
is used not only to ensure that the music embeddings ¢ and video embeddings e
from the same clip c are close but also that, for all clips, the distances between their
music embeddings ¢! (resp. video embeddings e?) remains similar to the distance
between their music features x!' (resp. video features x?). This leads to the defi-
nition of an extended triplet loss Lyyner with four constraints grouped into two
types: inter-modal ranking constraints (Lyar, £pv) and soft intra-modal structure
constraints (Lpy and Lyy). These constraints are combined via a weighted sum:
Lymner = MLvm + A2 Lyy + A3Lyv + AsLym.

For the inter-modal ranking constraints Ly and Ly, the triplets are defined
as such: a and p represent the same AV clip, while n represents a different AV clip
(see Figure 5.3a). Let us denote by x? the value of x” for the clip c € {1,...,C}. The
triplet loss is then computed in both directions, using either the music or the video
as anchor: Lyy with (a,p,n) = (x7,xI", x;-’;i) and Lyy with (a,p,n) = (xI", x7, x}’#i).
This ensures that each sample in the multimodal embedding space gets closer from
its paired sample than from any other sample.

The soft intra-modal structure constraints are computed separately for the mu-
sic (Lpm) and for the video (Lyv). We only describe it for the music case (see Figure
5.3b). The triplets are mined such that a, p and # are taken from three different clips
but from the same modality (music in this case). For selecting a, p and n we use the
values of the input features x™ (not the values of the embeddings ™). We select them
such that the feature vectors x!' and x? are closer (in terms of Euclidean distance)
than x' and x;'. The triplet loss is then applied to the corresponding embeddings:
(a,p,n) = (ef, ey, ey) for Lym. This ensures that the "modality-specific character-
istics of the input features are preserved even after the embedding process." The
process is the same for defining Lyy (video case) using (a, p,n) = (€7, ¢}, €3).

5.1.4 Datasets: HIMV-50K, MVD

The original VM-Net system is trained on a subset of the YouTube-8M dataset (Abu-
El-Haija et al., 2016). We use the HIMV-50K, described in Section 3.2.1, an adaptation
of the original training dataset. To evaluate the VM-Net, we use a cleaner dataset,
the MVD (see Section 3.2.2).
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FIGURE 5.3: The two types of constraints present in the Ly pnET loss.
Squares represent the video modality, while circles represent the au-
dio modality. Same colors represent the same clip.

5.2 Proposed experiments

5.2.1 Experiment 1: Triplet loss (TL) or Binary Cross-Entropy (BCE)

As shown by Arandjelovic and Zisserman, 2017 with the L3-Net, it is possible to
learn relevant audio-video embeddings with a binary cross-entropy loss. In the first
experiment, we then replace the Ly yner triplet loss by a binary cross-entropy loss.
To do so, we stack three fully-connected layers on top of the VM-Net with 1,024, 128
and 1 unit respectively. The output activation is now a sigmoid. The target of the
network is set to 0 for non-matching audio-video pairs and 1 for matching pairs. We
therefore train the VM-Net for a binary classification task. For the music branch, we
still use the original handcrafted features.

5.2.2 Experiment 2: Input audio features

The VM-Net uses pre-trained ImageNet features for its video branch and hand-
crafted audio features for its music branch. This latter choice may be sub-optimal
considering recent advances in feature learning using deep learning. We therefore
gather four pre-trained music embeddings and use them as audio feature extractors
for our multimodal embedding training (See Figure 5.4). We do not retrain them
with the VM-Net, for more efficient use of computation resources (we refer to the
respective papers for more details on how each of them was trained). We train each
network with the Ly yner triplet loss.

MuSimNet: We use the output of a pre-trained MuSimNet to compute the x™. We
proposed this system in Chapter 4 to estimate music similarity and we trained
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FIGURE 5.4: Experiment 1: Replacing the Triplet Loss by the BCE
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it using a triplet loss paradigm (Prétet, Richard, and Peeters, 2020). For each
track, we randomly select 24 segments of 12s duration and compute their cor-
responding embeddings. We then aggregate those over time using mean, vari-
ance and max, resulting in a single 3 x 128 = 384-dimensional feature vector
for each music track.

MusiCNN: We compute the output of the penultimate layer of the music auto-
tagging model MusiCNN (Pons and Serra, 2019). The open-source library
musicnn was installed according to the instructions!. We compute the frame-
level features at a rate of 1Hz and we aggregate those over time using mean,
variance and max, resulting in one single 600-dimensional feature vector for
each music track.

OpenL3: We compute the music embeddings provided by the OpenL3 model.
OpenL3 has been trained to obtain embeddings usable for an audiovisual cor-
respondence task. This is a task similar to ours. The open-source library
openl3 was installed according to the instructions®’. We compute the frame-
level features at a rate of 1Hz and we aggregate those over time using mean,
max and var, resulting in one single 18,432-dimensional feature vector for each
music track. We use the system trained on the "music" dataset.

AudioSet: We use the official audio features from the YouTube-8M dataset. These
features are obtained from a VGG-inspired acoustic model trained on an auto-
tagging task on the YouTube-8M dataset (Gemmeke et al., 2017). That this is
the same dataset as the one we use for training the VM-Net. We compute the
frame-level features at a rate of 1Hz and average those over time to obtain one
single 128-dimensional feature vector for each music track.

5.2.3 Experiment 3: Learned temporal aggregation

In order to train the VM-Net, it is necessary to first compute frame-level features
and then to aggregate them temporally in order to form a pair of timeless input
vectors (see Figure 5.1). Hong, Im, and Yang, 2018 propose to use statistical metrics
such as mean, variance and max. We expect this choice to be sub-optimal, provided
that neural networks are able to learn temporal aggregations on their own using
dedicated layers. Recurrent neural networks can be used to summarize the sequence
of frames; however, because of vanishing gradient issues, they are not suited for
very long sequences (of 250 frames on average in the HIMV-50K dataset). In our last

Thttps:/ /github.com /jordipons /musicnn
Zhttps:/ / github.com /marl/openl3
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experiment, we therefore test two recently proposed types of layers to perform the
aggregation:

* Auto-pooling: In Chapter 4, we demonstrated the efficiency of the recently
proposed Auto-pooling layer (McFee, Salamon, and Bello, 2018) for a music
similarity task. This layer allows to interpolate between several pooling oper-
ators (such as min-, max-, and average-pooling) via a learned parameter.

¢ Attention: Attention mechanisms (Bahdanau, Cho, and Bengio, 2014) have
been increasingly popular in language modeling, and many formulations were
proposed (Pilehvar and Camacho-Collados, 2020). Attention layers are able
to weight input elements according to a learned importance factor, allowing
to model context and long-term dependencies. We reproduced a very simple
self-attention mechanism, as proposed by Raffel and Ellis, 2015. Here, we as-
sume that a linear combination of the frame-level input vectors x; by learned
attention weights a; will provide more accurate aggregation than the original
statistical features. In our implementation, the attention weights «; for each
time frame ¢ are computed via a fully-connected softmax layer of parameters
w and b and a hyperbolic tangent activation function:

o= exp(tanh(wTx; +b)))
: Y exp(tanh(wTx; + b))’

and the final output of the layer is computed as a linear combination of the
weights with the inputs:

T
Yy = Z KXt

t=1

To validate our hypothesis, we train the VM-Net by adding the Auto-pooling or
Attention layer at the input level, before the fully-connected layers of each branch
(See Figure 5.4). For each clip, we randomly select T = 100 frames at each epoch and
pass them to the considered aggregation layer, which we train jointly with the rest of
the network. We repeat the same frame sampling strategy at inference time. In this
experiment, we train each network with the Ly ynEgT triplet loss and we consider the
AudioSet audio features only (frame rate = 1 Hz).

5.2.4 Training details

We reimplemented the VM-Net in Keras from the provided Tensorflow code®. After
a preliminary validation experiment, we validated our re-implementation and kept
the original hyperparameters of the triplet loss Lyyner. We used the Adam opti-
mizer with a learning rate of 107, a dropout scheme with a probability of 0.5, and a
batch size of 1,000. For all TL systems, we used early stopping to prevent overfitting.
Stopping happened after 500,000 epochs on average. For the BCE system, prelimi-
nary evaluations on the validation data showed that early stopping was detrimental
for the performances. Instead, we trained the VM-Net for 15,000 epochs.

To compute the handcrafted audio features, we used the original VM-Net code,
which makes use of the Librosa library* (McFee et al., 2015). In experiment 1, we

Shttps:/ /github.com /csehong/VM-Net
4https:/ /librosa.org/doc/
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only use these handcrafted audio features. The video ImageNet and audio AudioSet
features are computed using the Mediapipe library”.

All experiments are performed on a Nvidia GeForce GTX 1080 Ti GPU (see Ap-
pendix B.1 for more hardware details). Running the evaluation script takes approx-
imately 30 seconds for the TL systems, and 5 minutes for the BCE system.

5.3 Evaluation and results

5.3.1 Evaluation metrics

Because of its higher quality, we only evaluate the VM-Net on the MVD dataset,
used as a test set. The training is done using the HIMV-50K dataset.

Tasks. We evaluate our systems for two tasks:

* Music-to-Video (M2V): from a music query, retrieve the corresponding video.

* Video-to-Music (V2M): from a video query, retrieve the corresponding music.

In both cases, there is a single correct item to be retrieved among the 1,000 of the
MVD dataset. Since this is a different dataset from HIMV-50K, none of the test clips
(query nor targets) were seen during training.

For the M2V task, given a music query ¢, we first compute a ranked list of recom-
mendations for g. To do so, we compare the pairwise distances {4(eZ, ej') }cequ,...c}
between the query music embedding ¢f’ and all video track embeddings from the
test set {e{ }cc(1,..c}- This ranking distance § depends on the experiment. When us-
ing the triplet loss, ¢ is taken as the Euclidean distance between e¢ and e’ (smaller
distance means more similar). When using the BCE loss, J is taken as the output of
the final sigmoid layer P(y = 0[x¢, x') (larger likelihood means more similar). We
then rank all videos by increasing distance J.

For the V2M task, we swap the audio and video modalities.

Performance measures. For a given query g, if the corresponding item is in the top
k of the ranked list, we set the Recall at k (R@k) to 1, otherwise to 0. For each query,
R@k is hence binary. We repeat this operation using all 1,000 music tracks of the
MVD dataset as the query. The final metric is the average of R@k over the 1,000 test
AV clips, displayed as percentages. Higher is better. We do not display confidence
intervals for R@k, as it is a binary metric, and its distribution cannot be considered
Gaussian. We use k € {1,10,25}.

We also compute the Rank at which the target video appears in the ranked list. If
it is displayed first, we set the Rank to 1, if it is the last recommendation, the Rank is
equal to 1,000. Lower is better. We repeat this operation using all music tracks of the
test set as the query 4°. The final metric is the mean Rank over the 1,000 test clips.
We display the confidence interval at 95% for the Rank.

5.3.2 Results of the Experiment 1

Table 5.1 shows the results of Experiment 1 on the comparison of two training loss
functions. Since the test set consists of 1,000 clips, we denote as "Chance" the recall

Shttps:/ / github.com/google/mediapipe


https://github.com/google/mediapipe/tree/master/mediapipe/examples/desktop/youtube8m
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TABLE 5.1: Results of Experiment 1: comparing different training loss
functions. The Triplet Loss performs better than the BCE loss in terms
of R@k but worse in terms of Rank.

Music to Video Video to Music
R@]1 | R@10 | R@25 Rank R@1 | R@10 | R@25 Rank
Chance | 0.10 1.0 2.50 500 0.10 1.0 2.50 500
TL 3.10 | 11.40 | 19.40 | 205 4+-27 | 2.70 | 11.60 | 19.50 | 209 & 27
BCE 1.60 8.60 1850 | 188 =12 | 2.10 9.80 18.50 | 185 £ 11
evz
em1

€1

FIGURE 5.5: Illustration of why a difference in dispersion within each
media may explain a difference between the M2V and V2M scores (TL
case).

expectancy of a random recommendation system. With the triplet loss, the VM-
Net trained in 18 hours and with the BCE in 20 hours, so the training time of both
systems is similar. On Table 5.2, we observe that replacing the LyynEeT loss by the
BCE seems to degrade the performances in terms of R@k, but improves them in
terms of Rank. We hypothesize that the triplet loss, which allows to perform metric
learning, is more suited to our recommendation problem than the BCE, which trains
a projection for a discriminative task.

In the BCE experiment, the ranking distance J represents the model’s logistic re-
gression: 0(xZ,x') = P(y = 0[x, xj'). Therefore, the BCE system has a priori no
reason to return the same results for M2V (6(xg, x{"))) and V2M (6(x¢, x{')). By con-
trast, the TL system projects each sample on a single point in the embedding space,
and in this case, ¢ is taken as their Euclidean distance. The difference between the
results obtained for M2V and V2M with the TL system may be explained by the
distribution of the data in the embedding space. We computed the average disper-
sion of e’ and ¢” and obtained 0.628 for music and 0.940 for video. Since the e are
more spread, it is easier to distinguish among them given a music query than it is to
distinguish the e™ given a video query (see Figure 5.5).

5.3.3 Results of the Experiment 2

Table 5.2 shows the results of Experiment 2, which is about comparing different
audio input features. The two first rows show that the MuSimNet features perform
comparably to the handcrafted features. The fact that the MuSimNet features, which
have been trained for a music similarity task, do not outperform the handcrafted
ones can be explained by the fact that features that represent music similarity may
not help to represent V/M similarity. The MusiCNN features, which were trained on
a music tagging task, perform a little better than the MuSimNet features. Here, we



52 Chapter 5. Video/Music Recommendation: A Study of Design Choices

TABLE 5.2: Results of Experiment 2: comparing different audio input
features (loss: TL). Conclusion: the handcrafted features are outper-
formed by pre-trained embeddings such as AudioSet or OpenL3.

Music to Video Video to Music
R@1 | R@10 | R@25 Rank R@1 | R@10 | R@25 Rank
Chance 0.10 1.0 2.50 500 0.10 1.0 2.50 500
Handcrafted | 3.10 | 11.40 | 19.40 | 205 +27 | 2.70 | 11.60 | 19.50 | 209 £ 27
MuSimNet | 1.20 | 12.20 | 2460 | 172 £25 | 1.60 | 12.60 | 21.00 | 176 + 25
MusiCNN | 3.30 | 16.20 | 2950 | 149 =23 | 2.70 | 15.10 | 28.60 | 148 + 23
AudioSet 2.70 | 19.30 | 3590 | 108 &=18 | 3.00 | 18.00 | 31.90 | 116 + 18
OpenL3 410 | 23.50 | 39.90 | 101 =18 | 3.20 | 17.40 | 31.60 | 124 + 20

TABLE 5.3: Results of Experiment 3: comparing different input fea-

tures aggregation methods (loss: TL, audio features: AudioSet). Con-

clusion: the statistical aggregation is outperformed by the learned ag-
gregation layers ; Attention performs best.

Music to Video Video to Music

R@l | R@10 | R@25 Rank R@]l | R@10 | R@25, Rank

Chance 010 | 1.0 2.50 500 010 | 1.0 2.50 500

Statistics 2.70 | 19.30 | 35.90 | 108 =18 | 3.00 | 18.00 | 31.90 | 116 =18
Auto-pooling | 3.70 | 21.90 | 36.70 | 109 £19 | 2.90 | 20.30 | 37.10 | 109 £18
Attention 4.10 | 24.10 | 38.70 | 103 =18 | 4.00 | 22.50 | 38.30 | 105 =18

assume that the VM-Net was able to take advantage of the generic music knowledge
encapsulated in the MusiCNN features.

Finally, the two best performing embeddings are Audioset and OpenL3. These
two embeddings were trained on a much larger dataset than the MuSimNet and
MusiCNN. Note that the Audioset features were trained on a classification task on
the YouTube-8M dataset, so the same content as for the video branch. Note also that
the OpenlL3 features were trained on an audiovisual correspondence task, so a task
similar to ours. Additionally, the OpenL3 features were trained on music videos,
which is closer to our application scenario.

The last row of Table 5.2 shows that when using OpenlL3 features, the VM-Net
achieves a R@25 = 39.90 for music-to-video. This means that for more than one third
of the music queries, the VM-Net was able to retrieve the exact corresponding video
in its top 25 recommendations, out of 1,000 videos. Remember that all test samples
(queries and database) are taken from MVD, a different dataset than the HIMV-50K
used for training. Finally, we observe that the dimensionality d of the audio feature
vector does not seem to have any impact on the recommendation performance. In-
deed, the best performing features are the OpenlL3 features (d = 18,432) while the
second best performing features are the Audioset features (d = 128). In compari-
son, the original handcrafted features have a dimension of 1,140. However, d seems
to have an impact on the training time. The VM-Net trained with the audio hand-
crafted features (d = 1,140) in 18 hours, the MuSimNet features (d = 384) in 18
hours as well, the MusiCNN features (d = 600) in 19 hours, the AudioSet features
(d = 128) in 6 hours, and the OpenL3 features (d = 18,432) in 42 hours.
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5.3.4 Results of the Experiment 3

Table 5.3 shows the results of Experiment 3, on the temporal aggregation method.
Adding the automatic aggregation layers resulted in a noticeably increased train-
ing time, from 18 hours to 10 days. However, both of them seem to allow slightly
better results, especially in terms of R@10 and R@25. The Attention system, which
outperforms the Auto-pooling one, achieves a Rank = 105 for video-to-music. This
means that the VM-Net was able to retrieve the exact corresponding music at rank
105 on average, out of 1,000 videos. This experiment confirms our intuition that the
temporal variations of the music and video matter, and that all frames do not have
the same importance for recommendation.

54 Summary

In this work, we studied Video/Music cross-modal recommendation. We built upon
a recent V/M retrieval system named VM-Net, which originally relies on an au-
dio representation obtained by a set of statistics computed over handcrafted fea-
tures. We validated the Triplet Loss design choice from Hong, Im, and Yang, 2018.
We demonstrated that using feature learning, especially the audio embeddings pro-
vided by the pre-trained OpenL3 network, allows to largely improve the obtained
recommendations. This may be explained by the fact that OpenL3 features were
trained on a task similar to ours, on a large dataset of musical videos. The other audio
features we considered (MuSimNet, MusiCNN and AudioSet) do not present these
three characteristics simultaneously. Please note that this is consistent with the re-
sults obtained by Grollmisch et al., 2020 on several audio tasks. Finally, we showed
that switching the statistical aggregation of the features to a learned aggregation
(Auto-pooling or Attention layer) allows improving further the recommendations.
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Chapter 6

Is there a "Language of
Music-Video Clips" ? A Qualitative
and Quantitative Study

In Chapter 5, we showed that it was possible to directly recommend music tracks
for videos based on their respective content. While using OpenL3 features and the
Attention layer enhanced the recommendations, there is still room for improvement.
The main restriction of the VM-Net is that it performs the recommendation at the full
clip level, without considering the sequential evolution of music and video events.
In order to design a relevant music supervision system, we need to go beyond
global content recommendation and consider synchronization-aware recommenda-
tions. To do so, we first need to collect domain knowledge about which temporal
considerations should be integrated into such a system, and how. In this chapter,
we attempt at bridging this knowledge gap by performing a fine-grained analysis
of how the synchronization of music and video is usually performed. We hypoth-
esize that a better understanding of professionally produced music videos and an
analysis of their "language" will help design better models for Video/Music recom-
mendation.

Temporal structure (at the beat, bar or functional segment level) is one of the
distinctive characteristics of music. For this reason, its automatic estimation has re-
ceived a lot of attention in the MIR community (Downie, 2005). Temporal structure
in video (cuts, scenes, chapters) has similarly received a lot of attention in the com-
puter vision community, for example with the goal of creating video summaries or
automatic video chaptering (Aner and Kender, 2002; George Awad et al., 2021). Our
cross-modal analysis will be using these structural elements.

Similar analyses could be performed on any type of video that features a mu-
sical soundtrack - e.g. commercials, movies, performance recordings (Antoniadis
and Bevilacqua, 2016). We focus here on the special case of Official Music Videos
(OMVs). We call OMV an audiovisual document where the audio part consists of
a music track, and which aims at promoting said track and its performing artists.
As a result, the music track is generally the only source of audio in OMVs. This
makes OMVs good prototypes for a study on music-video synchronization. We do
not consider user-generated videos, because we assume that analyzing profession-
ally produced OMVs is more likely to provide reusable insights.

In the specific case of OMVs, the editing team will often arrange the video rushes
based on the structure of the music track (Schindler and Rauber, 2016). In some
cases, the music track can also be adapted from the studio version for narrative pur-
poses. Therefore, music and video structure are de facto associated. However, the
level of synchronicity is not always the same, depending on the considered OMV.
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This is not only due to artistic choices but also depends on the music genre and video
genre, as we will see in our study.

Chapter contributions: In this chapter, we study the relationship between mu-
sic and video temporal organization using a qualitative and quantitative approach.
Case studies on specific music videos have already been conducted from a musico-
logical perspective (Burns and Hawkins, 2019). We propose here to scale this type
of analysis on a larger corpus, and we correlate the V/M structure and V/M genres.
Our results were presented at the ISMIR conference (Prétet, Richard, and Peeters,
2021b).

1. The qualitative study is based on a set of interviews with three renowned spe-
cialists of Official Music Videos. We interview them in order to find out if and
how they consider the relationship between music and video structure in their
work.

2. The quantitative study is based on a detailed analysis of music and video struc-
tural events in OMV using MIR and computer vision tools. The OMV dataset
we use corresponds to a subset of the Harmonix dataset (Nieto et al., 2019). We
study specifically the relationship between the duration of music and video
segments and between the positions of their respective boundaries. We high-
light the dependency of those according to the OMV music and video genre
(for which we annotated the data).

Chapter organization. This chapter is organized as follows. Section 6.1 describes
the qualitative study and summarizes the interviews of three music video experts:
Jack Bartman (composer), Alexandre Courtes (director) and Maxime Pozzi (editor).
Section 6.2 describes the quantitative study: the dataset creation (6.2.2), the analysis
of the music and video segment duration and position (6.2.3). Section 6.3 summa-
rizes this work.

6.1 Qualitative analysis: Interviews

6.1.1 Methodology

In order to gather intuition on the synchronization of music and video, we con-
ducted a series of semi-structured face-to-face interviews. We selected three music
video experts from different professions: composition, direction and editing. Fol-
lowing Inskip, Macfarlane, and Rafferty, 2008, we selected the respondents using a
snowball sampling technique.

Interviews were performed using the Zoom video conferencing software, last-
ing up to one and a half hours. The interviews were transcribed manually by the
researcher, and transcripts were sent back to the respondents for validation. All
interviews were initially performed in French and then translated into English by
the researchers. Areas of discussion included the participant’s day-to-day workflow
and technical tools, their interactions with the other professions of the industry, and
their opinion on example music videos prepared by the researcher. Transcriptions
for each interview can be found in Appendix D.
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6.1.2 Interviews
Jack Bartman, Composer

As a composer (for commercials such as Nike, Apple or UbiSoft), Bartman has to
adopt both a global and a precise local approach: the content of the music has to
match the visual atmosphere, and its temporal structure must be aligned both glob-
ally at clip level and locally at frame level. In some cases, the video editing follows
the structure of the music. But in other cases, typically for advertisement, it is the
opposite, and the composer has to adapt the music to an existing movie. Most of the
time, when music has to be edited, the slicing operation is privileged.

“Slicing can happen at unconventional moments, like the first or last beat
of a bar! I simply add a sound effect to make it work.”

Time stretching and accelerations can be employed too, but are far less usual.
Bartman stresses that synchronizing cuts to audio events is especially important
around the emotional climaxes of the video. Finally, for some projects, an exact
synchronization is not the golden rule:

This year, I worked on a short movie about psychological as-
pects of the Covid-19 lockdown. After getting used to an im-
perfectly synchronized mockup soundtrack, the director did
not want to use the final version, as the mockup would better
suit the intended madness atmosphere.

Alexandre Courtes, Director

As a director (such as for U2, Phoenix, Cassius, Franz Ferdinand or Jamiroquai),
Courtes generally has a lot of freedom when it comes to the temporal organization
of a music video. Directors often come up with their own concept and they have little
constraint about the content of the video. At a larger temporal scale, their mission is
to emphasize the music climaxes by the appropriate video content.

“The music video will often show a performance, so it is similar to a
musical comedy: it has to feature costumes, chapters, sets, acts.”

Directors are not responsible for placing the cuts, but they can introduce diversity
in the video transitions (using for example explosions, large objects passing in front
of the camera, etc.)!.

“Cuts have to follow the music’s rthythm, even though they might not
always co-occur with beats.”
Maxime Pozzi, Editor

As an editor (such as for Rihanna, Taylor Swift, Foals or Woodkid), Pozzi has to com-
bine both a local, frame-level approach to the design of a global emotional trajectory.

“Editors and musicians have a similar job, we all want the same thing;:
rhythm, narration, climaxes.”

ISchindler and Rauber, 2019 explain how shot transitions are used in a complex and artistic way in
music videos. They provide an extensive list of effects and transition types that are rare in cinematic
productions but common in OMVs.
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For chorus and verses, the editing will follow the rhythm and typically accelerate
near climaxes. During bridges, it will often be slower and poetic. This can be illus-
trated for example by Katy Perry’s Firework music video (Figure 6.1). In this clip, we
can see some functional segments where cuts happen very frequently (several times
in each bar) and segments where they happen less frequently, for example on the
downbeats only.

Editing can be used as an element of narration. For example, in Adele’s Rolling in
the deep music video, starting at timestamp 02:20, the cuts are systematically placed
on the backbeat (just before the downbeat) (see Figure 6.2).

“Off-beat cuts are used to create dynamics: to surprise the viewer and
illustrate the music’s emotional climax. It makes the video direction ap-
pear more "indie" as well, this can be required by the performing artists.”

6.1.3 Summary

These three interviews provide us with a series of intuitions and hypotheses about
the way audio and video are synchronized in music videos. First, musical structure
such as choruses and verses are taken into account when directing a music video.
Second, music events such as rhythm, beat and downbeat are taken into account
when editing a music video. Finally, according to the desired atmosphere, the music
and video structural events can be more or less perfectly synchronized.

6.2 Quantitative Analysis

6.2.1 Methodology

In the following, we conduct a set of quantitative experiments on how the Structural
Events (SE) of the music and of the video are synchronized in time. We therefore first
collect a dataset of OMVs, along with music and video genre annotations (Section
6.2.2). For each of them, we use MIR tools to estimate music SE and computer vision
tools to estimate video SE. More specifically, we estimate the downbeat positions,
functional segments and shot boundaries from the OMVs of our dataset. In our
first experiment, we study the correlation between the duration of the shots and the
various musical SEs (beat and bar duration). In our second experiment, we study
the temporal co-occurrence of the shot boundaries and the various musical SEs (bar
and functional segment boundaries). We analyze the results of those for each music
genre and each video genre.

6.2.2 Dataset

For our quantitative study, we consider a subset of 548 OMVs from the Harmonix
dataset (Nieto et al., 2019), described in Section 3.2.3.

Annotations into structural events

By analyzing OMVs, Schindler and Rauber, 2016 observe that the music videos
present characteristic editing styles (number of shots per second, types of transition)
for certain music genres or moods. But they do not quantify this correlation. Here,
we consider two types of Structural Events (SE): those based on the music content
-audio-, and those based on video content -image frames over time (see Figure 6.3).


https://www.youtube.com/watch?v=QGJuMBdaqIw
https://www.youtube.com/watch?v=rYEDA3JcQqw
https://www.youtube.com/watch?v=rYEDA3JcQqw
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TABLE 6.1: Summary of the annotations used for the quantitative

analysis.

Music
genre Harmonix annotations

| funct. segments positions | Ligment | OLDA/MSAF |
bar duration Apar Harmonix annotations
bar/downbeat positions Lpar Madmom
beat duration Apeat Harmonix annotations
Video
genre Manual annotations

| shot boundary probability | fy,er(t) | TransNet |
shot boundary positions Lshot TransNet
most common shot duration | AZe¥

Music SE. We consider three types of music SEs. At the smallest time scale,
we consider the beats and downbeats; at the largest temporal scale, we consider the
functional music segment boundaries (between the intro, verses, bridges, choruses).
Harmonix features a set of manual annotations into functional segments, downbeat
and beat. However, these annotations correspond to studio versions of the tracks
which can, in some cases, be largely different from the version used in the OMV.
For this reason, we only used the annotations into bpm and meter of the Harmonix
dataset to get the beat duration Ay, = b?TOm and bar duration Ay, (which is com-
puted as a multiple of the beat duration Ay, using the provided time signature).
The downbeat positions and functional segment boundaries had to be estimated
from the music tracks. We used two open-source algorithms, which we described
in Section 2.1.3. For the downbeat positions, we used the algorithm of Bock, Krebs,
and Widmer, 2016, implemented in the Madmom library (Bock et al., 2016). We ran
the Madmom algorithm on each music track and we kept only the first beat of each
bar to obtain the downbeat positions. In the following, we denote by [, the list of
downbeat positions for a given track. For the functional music segments, we used
the implementation of OLDA from the MSAF library (Nieto and Bello, 2016). In the
following, we denote by Lsegpment the list of boundary positions between the segments
for a given track. For our dataset, the average duration of functional music segments
is 19.73 s. and the average bar duration is 2.30 s.

Video SE. We consider only the least ambiguous video SE, the shot bound-
aries (or cuts). To estimate the position of boundaries between shots, we used the
TransNet system (Soucek, Moravec, and Loko¢, 2019), which we introduced in Sec-
tion 2.1.3. The associated library is freely available on GitHub?. The TransNet out-
put is a continuous function of time f,(f) € [0, 1] representing the likelihood of a
boundary at time ¢. fy,,; has a sampling rate of 25 Hz.

Also, for each OMV, we compute the histogram of its shot duration. We do so
by first estimating the list of shot boundary positions ly,,; by thresholding fg.:(t)
with T = 0.5. The resulting shots have an average duration Ay, of 4.76s. We then
compute the histogram of these durations. We denote by AJ%¥ the position of the
maximum of this histogram (in seconds).

We sum up the various SE notations in Table 6.1.

Zhttps:/ /github.com /soCzech/TransNet
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Annotations into genre

We consider both the genre associated to the music and the one associated to the
video.

Music genre. While still controversial in its exact definition (Hennequin, Royo-
Letelier, and Moussallam, 2018), music genre is an effective way to describe musical
content. For this reason, it has been and is still a widely studied topic. It has ded-
icated challenges (Defferrard et al., 2018), and large datasets featuring hundreds of
categories (Bertin-Mahieux et al., 2011; Gemmeke et al., 2017; Defferrard et al., 2017).
For our experiments, we use the music genre annotations provided by the Harmonix
dataset metadata.

Video genre. Video genre classification is a much less studied topic. Existing
studies focus on small sets of video genres (You, Liu, and Perkis, 2010; Varghese and
Ramachandran Nair, 2019; Choros, 2018). Only Gillet, Essid, and Richard, 2007 and
Schindler, 2019 studied the case of OMVs and there is no consensus on the taxonomy
of OMV genres. There is also no annotated dataset for this task.

We merge [Gillet, Essid, and Richard, 2007] and [Schindler, 2019] to obtain a
set of 5 video categories and a corresponding single-label dataset. Maxime Pozzi,
a professional music video editor, validated our taxonomy during our preliminary
interview (see the verbatim in Appendix D.3). We then manually annotated all 548
video clips of Harmonix into the five following video genres:

® Performance videos (P): The artist or band are presented performing the
song. 74 videos; example: Iron Maiden, Powerslave.

* Concept/Abstract videos (C): The video illustrates the music metaphori-
cally via a series of abstract shots related to the semantics or atmosphere of
the song. 227 videos; example: Lady Gaga, Poker Face.

® Narrative videos (N): The music video has strong narrative content, with
identifiable characters and an explicit chronology. 160 videos; example: Taylor
Swift, Teardrops on My Guitar.

* Dance videos (D): Artists present a rehearsed dance choreography in sync
with the music. 62 videos; examples: Sean Paul, Get Busy.

¢ Other (0): Other types of music videos, including lyrics videos, animated
music videos, etc. 25 videos; example: Train, Hey, Soul Sister.

Correlation of music and video genres. As can be seen on Figure 6.4, the video
genre is usually correlated to the music genre in our dataset. For example, Reggaeton
music is very likely to be illustrated by Dance videos, while Hip Hop music tends to
be accompanied by Conceptual visuals. Country music favors the Narration format.

6.2.3 Experiments

We hypothesize that the music structural events play an important role in the place-
ment of cuts during video editing. We check this assumption by measuring;

¢ if their segment duration are correlated in Section 6.2.3;
¢ if their position co-occur in Section 6.2.3.

According to Gillet, Essid, and Richard, 2007, the performance of alignment-
based music-video recommendation systems is strongly correlated to the video genre.
We therefore differentiate our results by music and video genre.


https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test)_Tasks
https://www.music-ir.org/mirex/wiki/2020:Audio_Classification_(Train/Test)_Tasks
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FIGURE 6.4: Distribution of video genres per music genre (as the per-
centage of all clips for each music genre).

Comparison between events duration

Our first experiment aims at evaluating to which extent the musical and video seg-
ments have similar durations.

To measure this, we compare AJ%Y (the most common shot duration) with the
beat duration Ay,.,;; and bar duration Ay,, obtained from the Harmonix annotations.
When A3 is close to Ay,,, this indicates that a systematic change of shots occurs
with the same period as the bar changes. This however does not mean that the
changes occur simultaneously (we study this in Section 6.2.3).

This is for example the case of "Heartless" by Kanye West (see Figure 6.5 [top])
where the large peak at AJ°¥=2.72 s can be explained by the tempo at 88 bpm; or
"Firework" by Katy Perry (see Figure 6.5 [bottom]) where the large peak at AT>¥=
1.93 s can be explained by the tempo at 124 bpm.

In our dataset, a synchronization at the bar level (0.5A;,, < A% < 1.5A,)
occurs for one fifth of the clips (95 music videos). Synchronization may also occur
at other levels: at the beat level Ay, or the pattern level Atery (usually an even
multiple of the bar duration). In our dataset, a synchronization at the beat level
(0.5Apear < ATSY < 1.5Apeqt) occurs for two thirds of the clips (329 music videos).
However, synchronization at pattern level Ayustern = 4Ap, almost never occurs (2
music videos).

In Table 6.2, we indicate for each music genre and video genre, the number of
tracks for which the A7 correspond to Ay, or Apey. The Harmonix Set proposes
a taxonomy of 20 genres, but some of these were strongly under-represented in our
subset (e.g. Classic Rock, Word, Prog). We only focus here on the most represented
genres, i.e. which appear at least 10 times. We observe a strong correspondence

between AT and Ay, for the music genres Country, Dance/Electro and Rock (one



Chapter 6. Is there a "Language of Music-Video Clips" ? A Qualitative and

64 o
Quantitative Study
%
@
z
2 4 6 8 10
Shot duration (s)
g
@
z
| |
8 10 12 14 16 18

Shot duration (s)

FIGURE 6.5: [top] Histogram of shot duration in the music video of

Heartless by Kanye West. The tempo is 88 bpm. [bottom] Histogram

of shot duration in the music video of Firework by Katy Perry. The
tempo is 124 bpm.
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TABLE 6.2: Agreement of musical segment duration (bar Ay, and
beat Ay,,;t) and dominant shot duration A7 according to the music
genre [top table] and according to the video genre [bottom table].

Highest values are highlighted in bold, lowest values in italic.
A?;IZ?,? = Abar A;?:,)t( = Abeat
Music Genre | #tracks | % | #tracks | %
Alternative 2 8.3 19 79.2
Country 10 29.4 16 47.1
Dance/Electro 12 24.5 28 57.1
Hip-Hop 12 12.6 69 72.6
Pop 40 14.8 158 58.3
R&B 1 5.3 13 68.4
Reggaeton 1 8.3 9 75.0
Rock 4 23.5 10 58.8
Afﬁﬁ’{ = Ahar AI;;,?; = Abeat
Video Genre | #tracks | % | #tracks | %
Concept 33 14.5 148 65.2
Dance 11 17.7 40 64.5
Narration 28 17.5 93 58.1
Performance 19 25.7 41 55.4
Other 4 16.0 8 32.0
fourth of the tracks). We observe a strong correspondence between A% and A,y

for the music genres Alternative and Reggaeton (three quarters of the tracks). This
may imply, for example, that music video professionals favor more dynamic edit-
ing styles (using shorter shots on average) for Reggaton than for Country music.
We observe a strong correspondence between AJ%X and Ay, for the video genre
Performance (one fourth of the tracks). On the contrary, we observe a low correspon-
dence between AJ% and Ay, for the video genre Other (one third of the tracks). It
is likely that music videos in the Other category favor experimental editing styles,
with shots of more diverse duration.

As we see, there is a strong relationship between the video and musical events
duration. This however does not mean that the changes occur simultaneously. We

study this in the next paragraph.

Comparison between events position

Our second experiment aims at evaluating to which extent the musical events s,
lpsy and video events fy,,;(t) happen simultaneously. To measure this, we compute
for each music boundary i (t; € lsq Or t; € Iyyy) a score S; € [0,1]. S; is defined as
the integral over time of the shot boundary likelihood fy;y; () tampered by a non-
normalized Gaussian window w(t). w(t) is centered on t;, with ¢ = 2 (such that the
effective duration of the window is approximately 0.5s at a frame rate of 25Hz) and
with w(0) = 1.

Si= /tw(t_ti)fshot(t)dtz Vti € {lsegs lyar} (6.1)

A large value of S; indicates that the t; position (the music structural event) cor-
responds to a large probability of shot boundary. We then average S; for all music
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TABLE 6.3: Shot transition intensity S around music boundaries
(functional segments boundaries /s.g and bar boundaries /j,,) accord-
ing to the music genre [top table] and according to the video genre
[bottom table]. Mean values and confidence intervals at 95% are dis-
played. Highest values are highlighted in bold, lowest values in italic.

Music Genre S(lseg) S(lpar) # tracks
Alternative | 0.22 £0.08 | 0.23 £+ 0.02 24
Country 0.20 £0.06 | 0.21 +0.02 34
Dance/Electro | 0.18 £ 0.05 | 0.21 £+ 0.02 49
Hip-Hop 0.19 £0.03 | 0.25 + 0.01 95
Pop 0.36 £ 0.02 | 0.21 + 0.01 271
R&B 0.29 £ 0.10 | 0.31 + 0.03 19
Reggaeton 0.24 +0.11 | 0.28 = 0.04 12
Rock 0.18 £0.07 | 0.19 £ 0.03 17

Video Genre S(lseq) S(lpar) # tracks
Concept 0.20 £0.02 | 0.23 = 0.01 227
Dance 0.18 - 0.04 | 0.24 £+ 0.01 62
Narration 0.18 = 0.03 | 0.23 £ 0.01 160
Performance | 0.15 £ 0.04 | 0.16 &+ 0.01 74
Other 0.11 £0.06 | 0.11 £ 0.02 25

boundaries i to get S. S might be considered as a measure of precision, since it pro-
vides information on how many music boundaries are explained by a video boundary. S
is also close to the measure proposed by Cemgil et al., 2000 to evaluate the perfor-
mances of beat-tracking algorithms. It should be noted that the number of video
boundaries is larger than the number of music boundaries (as seen in Figures 6.1
and 6.2). A large value of S indicates that the shot boundaries are located at the
same positions as the music structural events I, or ;. We compute S separately
using the t; from I, or from Ip,,. To check if the amount of music-video event syn-
chronization depends on the music and video genre, we average S over all tracks of
a given genre (music or video).

Table 6.3 [top part] shows the co-occurrence scores S aggregated over music gen-
res. We observe variations of the values of S according to the music genre. For
Pop, S(lseg) is large (0.36) indicating that many shot transitions occur at the func-
tional segment boundaries positions. For R&B and Reggaeton, S(ly,,) is large (0.31
and 0.28) indicating that many shot transitions occur at the downbeat positions. We
also observe that the values of S(lsq) and S(ly,,) vary according to the music genre
with very small values for Dance/Electronic, Hip-Hop and Rock. This comes as a
surprise especially for Dance/Electronic, because in the previous experiment, we
observed a strong correspondence between the duration of shots and bars for this
music genre. This shows that even though bars and shots have similar duration,
their boundaries might not always co-occur.

Table 6.3 [bottom part] shows the co-occurrence scores S aggregated over video
genres. We observe variations of the values of S according to the video genre.
We see that the Dance video genre has a large value of S(Iy,,) (0.24), which is not
surprising given that video labeled as Dance actually show people dancing on the
beat. We also observe large values of S(ly,,) for the Concept and Narration video
genres with consistent synchronization on the downbeats. For the Performance
video genre (the band is playing in front of the camera), we do not observe such
a large correspondence (S(ly,,) = 0.16). For the Other video genre, the low values
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(S(lpar) = S(lseg) = 0.11) are not surprising, given that some videos are very experi-
mental and may feature complex video transitions, which may be difficult to detect
by the TransNet.

6.3 Summary

In order to design an efficient recommendation system for music supervision, we
aim at going beyond global content recommendation and at considering structure
adequation as well. As a first step toward this improvement, we attempted to better
define the structure of music videos. Experts and experiments support our assump-
tion that structure is crucial for editing music videos.

According to the professionals, official music videos are edited by taking into ac-
count the music structure. Although some experts mentioned that synchronization
was often a matter of taste and intuition, we were able to bring out some trends.

We analyzed the concordance of music and video structural boundaries and cor-
related those to the music and video genres. We showed that the co-occurrence of
music and video structural events would vary according to the music and video
genres. These elements can be reused to design or improve automatic V/M recom-
mendation systems. For example, if the task is to recommend an illustration video
for a Pop or R&B track, the system is expected to favor candidates that allow high
synchronization of the structural events.

In the next chapter, we will see how we can improve our V/M recommendation
system by taking into account the sequence of music and video segments.
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Chapter 7

Music-Video Recommendation
using a Temporal Alignment of
Segments

In Chapter 5, we studied the VM-Net, a self-supervised neural network for Video
/ Music recommendation introduced by Hong, Im, and Yang, 2018. The VM-Net
is able to learn content matching between video and music from a large amount
of non-annotated music video clips. Compared to other similar works, this sys-
tem has interesting specificities such as an extended triplet loss for video and music
consistency and a lightweight architecture thanks to the use of high-level features
as inputs. In Chapter 5, we showed that the performances of the original VM-Net
could be largely improved upon by replacing the original handcrafted audio fea-
tures with pre-trained music embeddings (Gemmeke et al., 2017). However, another
important limitation on the original approach remains; the whole duration of the
video and of the music are summed up as timeless embedding vectors. As a result,
the temporal relationship between the music and video representation vectors is not
exploited. Like other V/M recommendation systems based on a matching by se-
mantic association (Arandjelovic and Zisserman, 2017), the VM-Net does not allow
for representing variations of content over time.

This is in contradiction with the way music video clips and music tracks are
constructed (as a sequence of shots and verse-chorus segments). Our study on mu-
sic video clips in Chapter 6 actually confirmed the intuition that a high-performing
V/M recommendation system should take into consideration the structure of the
music tracks and query videos. As seen in Section 2.2.4, some systems use the mu-
sic structure for music video generation (Wang et al., 2007, Wang, Chng, and Xu,
2006; Hua, Lu, and Zhang, 2004). In our case however, the target music track is not
known a priori, and has to be recommended. This raises several questions: How can
we define "structure" in musical videos? Which temporal scale should we consider
to model the temporal evolution? How can we train the network at shorter time
scales? What is the best way to evaluate it?

In this chapter, we introduce a new way to perform cross-modal recommenda-
tion of music tracks to be used as soundtracks for videos. Inspired by the music
supervision use case and domain knowledge, we propose an improved system that
takes into account the music and video structure. We assume the following con-
straints for an efficient music recommendation system:

¢ querying should be fast enough to scale to large catalogs;

* the video query cannot be edited while the music tracks can (only to some
extent: typically by slicing them into meaningful segments, see Section 6.1.2).
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Our idea relies on the fact that embedding vectors can not only represent the
full AV clip but also a segment thereof, depending on the level of aggregation. We
slice the music and video clips into semantic segments, then train the VM-Net at
segment level, and finally perform the ranking of the music tracks according to a seg-
ment alignment cost. Compared to other V/M matching systems based on sequence
comparison (Lin, Wei, and Wang, 2015; Wang et al., 2012; Lin et al., 2017; Shin and
Lee, 2017), we do not employ emotion annotations. We maintain the Self Supervised
Learning metric learning paradigm to take advantage of the large (but unannotated)
HIMV-50K training dataset, and we do not restrict ourselves to recommending mu-
sic tracks that have similar emotional content as the video. Finally, we take into ac-
count the domain-specific constraints to propose evaluation scenarios that are more
realistic from a music supervision point of view.

Chapter contributions: We introduce the Seg-VM-Net, a self-supervised Video-to-
Music (V2M) retrieval system that makes use of a structure-aware segmentation of
the clips. We divide each music video clip into segments, train a multimodal neural
network to obtain one representation per segment in a joint embedding space, and
compute alignment scores between sequences of segments to perform the ranking
of the music tracks. An overview of the proposed system is given on Figure 7.2. We
show that this approach significantly improves performance and robustness com-
pared to previous clip-level approaches. To our knowledge, this is the first Video-to-
Music recommendation system that combines the three following characteristics:

1. aself-supervised multimodal embedding space dedicated to Video/Music rec-
ommendation;

2. a Video-to-Music recommendation performed via a dynamic time warping
alignment cost between two sequences of segments;

3. a semantic definition of segments, capable of handling units of variable dura-
tion.

The resulting system, the Seg-VM-Net, is the subject of a patent application (Prétet
etal., 2021) and a journal paper (Prétet et al., 2022).

Chapter organization. The extension of the VM-Net from a clip-level to a segment-
level recommendation system (the Seg-VM-Net) is exposed in Section 7.1. In Sec-
tion 7.2, we propose a way to evaluate the segment-level system. In Section 7.3, we
demonstrate with a series of experiments, how we can improve upon the perfor-
mance of the VM-Net and how we make it more suitable for the music supervision
task. Lastly, Section 7.4 concludes our study.

7.1 Proposed Video-to-Music recommendation system

In this study, we consider the VM-Net as our baseline recommendation system. We
introduced the VM-Net in Section 5.1, and the relevant datasets (HIMV-50K for train-
ing and MVD for evaluation) in Chapter 3. One of the drawbacks of the original
VM-Net system is the lack of considerations of the temporal evolution of the mu-
sic and video modalities. For each AV pair ¢ = (c?,c™), the VM-Net sums up both
modalities as timeless vectors e, = (e, e?). This accounts for a massive information

loss, given that the average duration of an AV clip in the training dataset HIMV-50K
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FIGURE 7.1: General overview of the studied Seg-VM-Net recom-

mendation system (training perspective). "FC" stands for Fully-

Connected and "BN" for Batch Normalization. We highlight in red

the differences with respect to the original VM-Net, as described by
Hong, Im, and Yang, 2018.

is 3 min 54s. In this work, we introduce the Seg-VM-Net, an extension of the VM-Net
which takes into account this temporal evolution.

While it is possible to consider the evolution at the frame level (for example 1
frame = 1 second), in this work, for computational reasons, we consider the evolu-
tion at the segment level. We therefore consider a AV clip c as a temporal succession
of non-overlapping segments ¢ = {cy, ...,k }, asillustrated on Figure 7.1. Each seg-
ment ¢ consists in a pair of a music and a video segment: ¢ = {(c[’,c{) ..., (c§,cg ) }-
In this work, segments represent continuous temporal regions where the content is
considered homogeneous either from the video content viewpoint or from the audio
content viewpoint. For example, segments can be defined as the sequence of shots
in the video part ¢’ or the sequence of verse/chorus/bridge parts in the music part
c. This naturally leads to several possible definitions of such a segmentation which
we will detail in the following.

7.1.1 Input music and video features x™, x”

The original VM-Net uses handcrafted audio features, computed with Librosa (McFee
etal., 2015). In Section 5.2.2, we showed that this choice was sub-optimal considering
recent advances in feature learning. Therefore, we replace the original handcrafted
audio features of the VM-Net by the AudioSet pre-trained music embeddings, as il-
lustrated on Figure 7.1. As a reminder, the AudioSet deep feature extractor model is
a VGG-inspired autotagger pre-trained on a preliminary version of the YouTube-8M
dataset. We select the AudioSet features because they perform better in the V2M
scenario, compared to the OpenL3 features (see Table 5.2). For the video, we keep
the originally proposed ImageNet features, described in Section 5.1.1.

Implementation. We compute the music and video features using the Mediapipe
library (Gemmeke et al., 2017). We compute the frame-level features at a rate of 1Hz
and average those over time, resulting in one single timeless vector for each segment.
We do not train the Mediapipe models with the Seg-VM-Net; instead we use them
as frozen feature extractors. Indeed, we do not have access to datasets as large as the
one used to train them, and therefore we doubt we could match their performance.
We do not finetune the feature extractors either, for more efficient use of computation
resources.

7.1.2 Segmenting AV clips

As mentioned above, the original VM-Net considers a AV clip c as a pair of time-

less vectors (x}',x?). In our work, we consider ¢ as a temporal succession of non-

overlapping temporal segments ¢ = {cy,...,ck, }, each segment being a pair of a
3 3 . — m A0 m v

music and a video segment: ¢ = {(c[’,c{) ..., (c§,cg ) }-



Chapter 7. Music-Video Recommendation using a Temporal Alignment of

72 Segments

We define the segments as excerpts of AV clips that are homogeneous according
to one of the two modalities. Such segmentation can therefore be obtained in various
ways: for example using the sequence of shots in the video part c” or the sequence
of verse/chorus/bridge parts in the music part ¢”. Segments can therefore have
variable duration.

We denote by S a specific method to obtain such a segmentation!. Once S is ap-
plied to one modality, we make the hypothesis that we can use the same segment
boundaries for the other modality without severe loss of homogeneity?. Since our
training and test datasets are not annotated in music nor video structure, S is de-
fined by a segmentation algorithm either based on the music or the video content.
We experiment with four different segmentation algorithms S: three music struc-
ture estimation methods and one video shot estimation method. We describe each
method (Sroote, Sse, SoLpa and Styansnet) With more details in Section 2.1.3.

Sroote: We estimate the music segment boundaries using the classic novelty-based
approach introduced by Foote, 2000. Homogeneity is the main criteria to de-
fine segments.

Ssr: We estimate the music segment boundaries using the Structural Features (SF)
algorithm introduced by Serra et al., 2012, in which repetition is taken into
account.

Sorpa: We estimate the music structure using the supervised Ordinal Linear Discrim-
inant Analysis (OLDA) method introduced by McFee and Ellis, 2014. Then, the
obtained features are clustered by merging similar successive segments.

STransNet: We estimate the shot transitions using the supervised TransNet CNN in-
troduced by Soucek, Moravec, and Loko¢, 2019.

Implementation. For the three music structure estimation algorithms (Foote, SF
and OLDA), we use the implementation available in the open-source music segmen-
tation framework MSAF (Nieto and Bello, 2016). The resulting music segments last
on average 20 seconds. For the visual shot segmentation, the open-source Python li-
brary of the TransNet shot detector was installed according to the instructions®. The
average duration of the shots in our dataset is 6.6 seconds.

For each segmentation algorithm S, we segmented the AV clip by considering
only one modality and then applied the obtained segment boundaries to the other
modality. Since the segmentations differ according to the choice of S, we trained
the Seg-VM-Net for each choice of S using the corresponding segmented version
of HIMV-50K. In Experiment 1 (Section 7.3.1) and Experiment 2 (Section 7.3.2), we
compare the performances obtained for recommendation using the different seg-
mentation approaches S.

7.1.3 Training using segments

For a given choice of S, each AV clip c is represented as a sequence of AV segments:

c > {c1,...ck, }. For each segment ¢y we compute the segment-level input feature
vectors x¢! and x¢_ by aggregating the frame-level music and video features over the
duration of the segment ¢ using their mean values.

I This should not be confused with the S function used as ground truth for music similarity in
Chapter 4.

2This is because in the HIMV-50K dataset, the videos are often edited following the music tracks.

Shttps:/ / github.com /soCzech/ TransNet
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FIGURE 7.2: General overview of the studied Seg-VM-Net recom-
mendation system (inference perspective).

For each AV clip c, we obtain a pair of segment-level feature vectors:
xe = {(x0,xq) oo, (2l X0k ) }- We then train the Seg-VM-Net using the Ly vnET
triplet loss (see Section 5.1) but matching segments rather than matching clips. This
is achieved using the following triplet mining strategy that we explain for Ly . For
a given video anchor a chosen as x]; (where i denotes the clip and [ the segment
number):

* the positive sample p can only be the corresponding music segment from the
same AV clip (same timestamp as the anchor): x7}

¢ the negative samples n can only be sampled from other music tracks at any
timestamp: x7; ,

Note that we experimented with other mining strategies (such that allowing nega-
tives 1 to be sampled from the same AV clip but at different time-stamps: n = x7, /)
but none had a positive impact on performance. The same mining strategy is used
for Ly, with (a,p,n) = (x;f,,le,x;’#*). Compared to Hong, Im, and Yang, 2018,
we choose not to use intra-modal structure constraints, as preliminary experiments
showed they were not beneficial in our setup. We also select the hyperparameters
AM=A=1land a =0.1.

Given that each choice of S leads to different segmentations of the HIMV-50K
training set, we train a different projection function fs for each S. Since we represent
each segment as a pair of timeless feature vectors, we can use the exact same training
procedure as described in Section 5.1.

7.1.4 Video/Music recommendation using segments

To perform Video/Music recommendation using our segment-level system, we first
segment the query q using the same segmentation algorithm S as for training. We
then project each segment through the corresponding fs to get the embedding vec-
tors: ¢’ and eg with k € {1,... K;}. Each AV clip is thus represented as a sequence
of pairs of embedding vectors: ec = {(e}';, €71) - - -, (e’q’qu, e;’/Kq)}.

To find the most relevant music tracks for a given video query, we rank the music
tracks based on a distance J between the two sets of embedding vectors: one repre-
senting the video query ¢ ., the other representing the candidate music track of the
catalog e, with ¢ € {1,...,C} where C is the size of the catalog. To do so, we pro-
pose and test two families of methods: one based on cluster aggregation strategies
(as used in hierarchical clustering), and one based on alignment costs. We illustrate
the process on Figure 7.2.

Cluster aggregation. We propose and test three simple ranking distances  con-
sidering two unordered sets of segments. We illustrate these different methods in
Figure 7.3, and discuss their respective performance in Experiment 1 (Section 7.3.1).
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FIGURE 7.3: Experiment 1: Illustration of the proposed segment ag-

gregation methods Jgingre, Ocomplete AN Ocentroia- The darker the color

of the cell, the larger the distance between the two segment embed-
dings.

Centroid aggregation: The distance J..,10ig between a music track ¢ and a video
query g is the Euclidean distance between the centroid of the embedding vec-
tors of all of their respective segments.

1 & m 1 & v o112
(SCEHtTOid(C/ (/I) = Hf ZeC,i — Kf Z Eq’]-H . (7.1)
¢i=1 qj=1

Single linkage: The distance Jg;,,g/c is the single linkage clustering between the two
sets of embedding vectors.

Baingte (¢,4) = min [leg — e, (7.2)

Complete linkage: The distance ¢y piete is the complete linkage clustering between
the two sets of embedding vectors.

5complete(cf CI) = H}?X ||ec”,li - eg,j| |2' (7-3)

Alignment costs. A more sophisticated method is to consider the temporal succes-
sion of segments within each AV clip. By doing so, we leverage the natural temporal
ordering of the segments within each AV clip. The ranking distances J can then be
expressed as alignment scores between two temporally ordered sequences of seg-
ments. In Experiment 2, we investigate several ways of computing this alignment
cost. We illustrate the concept of each alignment cost on Figure 7.4. We discuss their
respective performance in Section 7.3.2.

NW-DTW: The distance éxw_prw is @ Dynamic Time Warping (DTW) cost between
the two sequences of embedding vectors. The DTW algorithm used is inspired
from the Needleman-Wunsch algorithm (Needleman and Wunsch, 1970). The
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FIGURE 7.4: Schematic representations of the pairwise distance ma-

trix between the segment embeddings: D;; = |le]"; — e;’,j||2. Each

subfigure represents an evaluation scenario and an example ranking

distance suitable to find the optimal path (such that ¢ is minimal) in

D. For each evaluation scenario, we display in red an example of

ground truth path. We display in grey examples of paths which can
be found by the represented alignment distance.

NW-DTW we used is detailed in Algorithm 1 for the case of similarity (the
distance is then the opposite) where m|i] = e, and v[j] = e, i- We used an indel
cost of 0.05, determined via a grid search.

SW-DTW: The distance dsyw_prw is a DTW cost between the two optimal subse-
quences of embedding vectors. The DTW algorithm used is inspired from the
Smith-Waterman algorithm (Smith and Waterman, 1981). Contrary to NW-
DTW, the SW-DTW variant allows to compute the alignment cost based on
local sequence alignment rather than on a full path. The SW-DTW we used is
detailed in Algorithm 2 for the case of similarity (the distance is then the oppo-
site) where m[i] = ef’; and v[j] = ¢ ;. We used an indel cost of 0.01, determined
via a grid search.

Trace: Jyac is the sum of the coefficients on the main diagonal of the pairwise dis-

tance matrix:
min(Ke,Ky)

Otrace(c,q) = Z HE’!Z - 3Z,i

i=1

2, (7.4)

Best (B.) Trace: Opc. is the minimal trace over all diagonals of the pairwise distance
matrix:

Sptrace(C,q) = 5r11<1nK Z et — €f ] 2 if Ko < Ky (7.5)
—Kd i3
Optrace(€,q) = min 2 Hech q,in if K. > K. (7.6)

€0 ~K;] 7=
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Algorithm 1: Needleman-Wunsch DTW
Result: NW-DTW(m, v)
indel < 0.05;
fori < 0tolen(m) do
| X[i,0] « —indel xi;
end
for j < 0 to len(v) do
| X[0,]] « —indel % j;
end
fori < 1tolen(m) do
for j < 1tolen(v) do
sim < mli] - v[j];
Xi, j] +
max(X[i —1,j] —indel, X[i,j — 1] — indel, X[i — 1,j — 1] + sim);

end
end
return X([len(m),len(v)];

7.2 Evaluation

We evaluate the Seg-VM-Net on the Music Video Dataset (MVD), as described in
Section 5.1.4. The real use case scenario would consist in finding the most appropri-
ate music track (here denoted as target) t”* from a catalog given a video query 4°; this
independently of the respective duration of t"" and q”. However, the evaluation of
this real use case scenario would imply human evaluation which cannot be done at
scale. To allow performing the evaluation at scale (i.e. using 1,000 different queries),
we create two evaluation scenarios.

In both cases, to obtain a ranked list of recommendations for a given video query,
we compute the pairwise distances {(c™, 7%) }cc{1,..,c} between the query video em-
depends on the experiment. We then rank all music tracks by increasing distance
J. Please note that all distances studied in this chapter are symmetrical, and could
therefore be used to retrieve videos from a music query. For simplification purposes,
and in line with the music supervision use case, we choose here to focus on the V2M
case.

7.2.1 Vanilla evaluation scenario

In the vanilla evaluation scenario, each video part of the 1,000 clips of the MVD
dataset is in turn chosen as a query g, the goal being to retrieve the corresponding
music part: g° = ¢, t" = ¢™. Although convenient (as it allows a direct evaluation
of our systems), this scenario is obviously not realistic, because since q° and " are
coming from the same AV clip ¢, they share the exact same boundaries {cj, ...ck, }.
Their segments are therefore perfectly aligned (See Figure 7.4 (a)). To solve this issue,
we propose a second evaluation scenario, denoted by “realistic".
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Algorithm 2: Smith-Waterman DTW
Result: SW-DTW(m, v)
indel < 0.01;
fori < 0tolen(m) do
| X[i,0] « 0;
end
for j < 0tolen(v) do
‘ X1[0,j] < O;
end
fori < 1tolen(m) do
for j < 1tolen(v) do
sim < mli] - v[j];
X[i, j] <
max(0, X[i — 1,j] —indel, X[i,j — 1] — indel, X[i — 1,j — 1] + sim);
end

end
return max(X);

7.2.2 Realistic evaluation scenario

In the music supervision task, the best soundtrack is not known a priori. It may also
have a different number of segments than the video query, thus requiring some edit-
ing. Therefore, the vanilla evaluation scenario only accounts for very specific cases.
A relevant recommendation system for music supervision should be able to find the
best music track from the catalog, even if some transformations are required in order
to obtain the optimal fit. In other words, we need our recommendation system to
be robust against video queries that are not perfectly aligned to the candidate music
tracks.

In Experiment 3, we test the robustness of the different ranking distances J using
more realistic evaluation scenarios. Since we do not have realistic ground truth data,
we apply three types of perturbations to the queries 4° and targets #" in order to
imitate real-life use cases:

"Stretch Targets" : we repeat each segment of the target music tracks:
{et', ek} = {cl el ek g } (See Figure 7.4 (b)).

"Crop Query" : we remove the first two segments of each video query:
{c¥,¢5,¢5, ..., C%C} — {c, ..., cﬁc} (See Figure 7.4 (¢)).

"Crop+Stretch" : we apply simultaneously the "Crop Query" and "Stretch Targets"
perturbations (See Figure 7.4 (d)).

We use these simple transformations in line with the music supervision needs.
Indeed, usual video queries (e.g., commercials) are often shorter than full-length
music tracks. One common edit on the music tracks is therefore to crop them to
select the most relevant excerpt. Swapping segments or time stretching would be
much less common, according to the professionals we interviewed in Chapter 6.1.

As before, we then compute all pairwise alignment costs with the modified queries
or targets. We discuss the performance of our system against each evaluation sce-
nario in Section 7.3.3.
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TABLE 7.1: Results of Experiment 1 in terms of Mean Rank (lower
is better): comparing segmentation methods S with simple segment
aggregation techniques ¢ in the vanilla evaluation scenario. The mu-
sic segmentation method Foote and the Centroid aggregation method

perform best.
Ocentroid (Ssingle 5complete
SFoote 94+ 17 | 120+ 18 | 324 + 37
Ssr 100 £17 | 125+ 18 | 337 £ 36
Sorpa 94+ 16 | 128 +19 | 347 + 36
STransNet 113+ 1 | 172 £22 | 283 £ 31
Baseline 1 193 + 25
Baseline 2 118 £ 19
Chance 500

7.2.3 Performance measures

We use the same performance measures as in Section 5.3.1: the average Recall at k
(R@k, k € {1,10,25}) and average Rank of the target over the 1,000 video queries. In
both evaluation scenarios (vanilla or realistic), there is a single correct music track
to be retrieved among the 1,000 of the dataset. None of the test clips (queries nor
targets) were seen during training.

7.3 Results

7.3.1 Experiment 1: Basic segment aggregation

In the first experiment, we compare the performances of the original clip-level VM-
Net (represented by the baseline systems of Hong, Im, and Yang, 2018 and Prétet,
Richard, and Peeters, 2021a) to our proposed segment-level Seg-VM-Nets. All evalu-
ations are performed using the vanilla scenario.

We consider two baseline systems trained at clip level. The two only differ by the
choice of the input audio features. The Baseline 1 is the VM-Net trained at clip level
with the original handcrafted audio features obtained from Librosa, as in Hong, Im,
and Yang, 2018. The Baseline 2 uses the pre-trained AudioSet features, as we pro-
posed in Chapter 5. These AudioSet features are the ones we use in all our segment-
level systems.

For the segment-level systems, we compare the use of the various segmentation
algorithms S: based on the music structure (Sroote, Ssr, Sorpa) or based on the video
structure (Stransnet)- S is used to define the segments which are used both for train-
ing the Seg-VM-Net (leading to different embedding projections e = fs(x)), and at
inference time to match the segments of two media. For the inference, we compare
the use of the three cluster aggregation methods: dcentroid, Isingle AN Scompiere- In this
experiment, the matching function é does not take into account the temporal orga-
nization of the segments.

Computation time. The training time of the Seg-VM-Net for this experiment
varies between two and six days. All test scripts took less than one minute to process
the 1,000 queries of the MVD.

Table 7.1 and Figure 7.5 show the results of Experiment 1.

The Centroid segment aggregation method is beneficial on almost all metrics,
however it is not the case for the other ranking distances studied. Among the
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various aggregation methods, dcentroid perform best, while ¢oppiere performs worst.
Ocentroid trained on segments defined by Srore performs better than the clip-level
baselines on all metrics. To understand this, let us be reminded that the clip-level
VM-Nets are trained on input vectors x' /x? which represent the whole AV clip. On
the opposite end, the segment-level Seg-VM-Nets are trained on input vectors which
represent segments xc”fk/ xg; of the AV clips of variable duration. In Scentroia, the result-
ing embeddings are then averaged over the clip to produce the recommendation. As
a result, for d..,1r0i4, short and long sequences have the same weight for the recom-
mendation. We expect this to be an advantage in the case where shorter sequences
are especially meaningful.

We observe a variation of the performance of the Seg-VM-Net according to the
segmentation strategy S of the AV clips. The segmentation Sr,o, Wwhich is based on
homogeneity of consecutive audio frames, seems to perform best for all the cluster
aggregation methods. Styusner results in poor performance in almost every setting.
Compared to the three audio-based methods, Styansnet tends to produce many more
segments per clip (i.e. the average shot duration is shorter than the average music
segment duration). While most music boundaries are reflected by cuts when editing
a music video, we do not expect every cut to have a signification in terms of music.
This may explain why Styansner has poor performance.

Experiment 1 therefore supports the intuition that the segment-level embeddings
carry extra representation power, but a better ranking distance J is required in order
to take full advantage of it.

7.3.2 Experiment 2: Segment alignment

In the second experiment, we focus on the segment-level systems (Seg-VM-Net). We
compare the performance obtained using the five sequence alignment algorithms
01 SNW—DTW, OSW—DTW, Otrace and Opsrace. We also still compare the segmentation
algorithms Srote, Ssr, Sorpa and Stransnet. All evaluations are again performed
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TABLE 7.2: Results of Experiment 2 in terms of Mean Rank (lower is

better): comparing segment alignment methods in the vanilla eval-

uation scenario. The Trace alignment method performs best both in
terms of metrics and inference duration.

Mean Rank Time
Chance 500 00'00”
Baseline1 | 193 + 25 00'10”
Baseline 2 118 =19 0010”
z| Sroote 56 + 13 11’59”
3| Ssr 56 4 13 10°09”
2| Soipa 46+12 | 13417
“QZ STransNet 60 +£13 48'29”
=| SFoote 68 + 14 19°40”
3| Ssr 70 & 15 16720”
=| Sorpa 62+14 | 214"
| STransNet 99 +£17 | 1h13'56”
SFoote 44 + 12 00'55”
5| Ssr 44 + 11 01°00”
S| Sorpa 32+10 00’53”
STransNet 43 +11 01'45”
SFoote 55 + 13 01'45”
8 Ssr 55 + 13 01'32”
3| Sorpa 43+ 12 01'35”
STransNet 73 + 16 03’51”

using the vanilla scenario. Table 7.2 and Figure 7.6 show the results of Experiment
2.

Segment alignment metrics. It seems clear that the segment-level approach
combined with alignment metrics allows for a large improvement compared to the
clip-level systems but also compared to the cluster aggregation methods (Experi-
ment 1). According to Figure 7.6, it seems that this time Sprpa allows for the largest
improvement. The highest R@25 is achieved using é1y4c. and Sorpa: the Seg-VM-Net
then reaches a R@25 = 78.40 (for more than three out of four queries, the Seg-VM-
Net was able to retrieve the matching music track in its top 25). Table 7.2 indicates
that for this configuration, the Seg-VM-Net achieves a Mean Rank of 32 (the match-
ing video is on average at rank 32, out of 1,000 videos). In comparison, the Base-
line 2 clip-level system had a much higher Mean Rank (118). The improvement is
also very noticeable compared to the d.., 11017 Seg-VM-Net (see Experiment 1) which
had a Rank = 96.

The fact that d¢rqce provides the best results in the vanilla evaluation scenario is
not surprising, since in this scenario, the sequences of segments of the target music
and query video perfectly match each other. For the vanilla scenario, there is no
gain to use the more elaborated dyw_prw, dsw—pTw and Spsrac.. Performing a global
alignment (dyw_prw) or allowing an offset to the trace (Jpt4c) both result in de-
graded performance. The subsequence alignment method (ésw_pTw) produces the
worst performance.

Computation time. In this experiment, the time for inference can vary a lot ac-
cording to the choice of §; we provide each inference time in the table of results.
We performed all retrieval operations on an Intel Core i7-6850K CPU with 64G of
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RAM (see Appendix B.1 for more hardware details). Overall, the inference dura-
tion of d¢ace and Sprace SEEM reasonable to us, as it represents the processing of 1,000
queries. In a realistic use case, the user will enter one query at a time, thus expecting
a response in about 0.1s for the system trained on Sporpa segments with the &tqce
alignment cost. Using the Stausner segmentation results systematically in longer
inference time, because of the higher number of segments to align. Both DTW align-
ment methods (éxw—prw and dsw—_prw) result in high computation times. This was
expected, as their complexity is quadratic. Only allowing an offset (Jpsr4c.) results
in a slight increase of computation time compared to 4. (1’35 instead of 53” for
OLDA), with performance similar to the more costly dyw_prw.

7.3.3 Experiment 3: Realistic evaluation

While Experiments 1 and 2 were achieved using the vanilla evaluation scenario,
we now test the realistic evaluation scenario where query and targets do not (nec-
essarily) have the same number of segments. To mimic the real-case scenario, we
artificially modified either the query or the targets (using “Crop Query”, “Stretch
Targets” and “Crop+Stretch”).

We then again compare the various pairwise ranking distances d¢eptroid, SNW—DTW,
OsW—DTW, Otrace and Jpprqace but using only the best segmentation algorithm Sorpa.

Table 7.3 and Figure 7.7 show the results of Experiment 3. As can be seen, the
perturbation of the queries and targets results in a degradation of the performance
of all systems, compared to the vanilla evaluation procedure (see Table 7.2). The
Ocentroid and Jrace Systems are particularly impacted by this degradation. Following
our intuition, dp44c. is the most robust against the “Crop Query” perturbation. Ad-
ditionally, dnyw—prw and dsw_pTw are the most robust against the “Stretch Targets”
and “Crop+Stretch” degradations. This was expected, as the DTW alignment algo-
rithms are the only ones that can handle regression coefficients other than 1 (See
Figure 7.4). The ényw-—pTw, which is constrained to use all segments from the first to
the last one, performs best in terms of R@10, R@25 and Rank. The dsw_prw, which
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can ignore segments at the beginning and end of the media, performs best in terms
of R@1.

7.3.4 Qualitative analysis

Validating our segment assumption. The assumption that motivated our Seg-VM-
Net is that the content of c” or ¢ is not homogeneous over time and therefore can
hardly be represented by the timeless embeddings vectors ¢f or e/'. We therefore
proposed to represent ¢ as a succession of homogeneous segments {cy,...ck, } and
their respective embeddings. Assuming that the content is not homogeneous over
time is equivalent to say that the similarity between ¢, and ¢} is higher than be-
tween ¢7; and ef} ;. We illustrate on Figure 7.8 an example of pairwise similarity
matrix X between the music ¢{”, and video segments e , of a same AV clip c. We did
not perturb the video, nor the music part of the clip (vanilla scenario). The vertical
axis represents the sequence of music segments {e/"}, ..., e/'y_}, while the horizontal
axis represents the sequence of video segments {e{,, ..., e{ . }. Each coefficient X; ;

TABLE 7.3: Results of Experiment 3 in terms of Mean Rank using
the realistic evaluation and Sorpa. Lower is better. Scenario “Crop
Query”: The dpty4ce system is the most robust against the cropping of
the query. Scenarios “Stretch Targets” and “Crop+Stretch”: dyw_prw
is the most robust against the perturbation of the target music tracks.

Crop Query | Stretch Targets | Crop+Stretch
Ocentroid 96 £ 16 94 + 16 96 £ 16
ONW—DTW 75+ 16 55+ 12 65+ 13
dsw—DTW 72 +15 68 + 15 79 + 16
Otrace 92+17 90 £ 16 146 + 22
Optrace 60 + 14 83 +15 89 + 16
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of the pairwise similarity matrix is computed as the scalar product between ¢7’; and
e. ;- We display in red the coefficients of high similarity (close to 1) and in blue the
ones of low similarity (close to -1). An ideal system would produce very high val-
ues on the diagonal and very low values elsewhere, since only the music and video
segments extracted at the same timestamp are associated according to our training
criteria. However, given that the example AV clip was taken from the test set, we
only observe an approximation of this pattern. Certain segments in the middle of
the video seem to be interchangeable, but the very first and last music and video
segments are strongly associated. We assume that the beginning and the end of this
AV clip are very distinctive and play a crucial role in the recommendation. In this
vanilla scenario, we expect the diagonal of X to contain the highest coefficients in
case of a match, and therefore we expect d44ce to be the most appropriate ranking
distance (schematized on Figure 7.4 (a)).

Illustration of the results. To better understand the system’s performance, we pro-
vide in Figure 7.9 some examples of recommendations obtained by our best* system
on the MVD (vanilla evaluation scenario). We give 11 examples of video queries ¢°
and the suggested music tracks. We only display the first 3 recommendations pro-
vided by the system (from left to right). As proposed by Hong, Im, and Yang, 2018,
we select one key frame (picture) of the AV clip to represent both the music track and
the video. Below each picture, we provide the name of the AV clip as provided in the
MVD. With blue boxes, we highlight the hits, i.e. when the Seg-VM-Net retrieved
the correct track in the displayed top 3. For the first query, the correct music track
was retrieved in the first position, hence its R@3 is one. To the right of the figure,
we display the histogram of the distances between the query and all cross-modal
samples. We highlight in red the histogram bin corresponding to the ground truth

4We used Sorpa and Jygce.
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sample g™, along with its rank in the list of recommendations. Note that the exact
matching sample of the query was not retrieved in most examples, hence the R@3
for these queries is zero. As we see, when the Recall is zero, the recommended music
tracks are from a similar music genre to the video query, which still makes sense in
terms of applications. This shows the limitations of our current Recall metric.

7.4 Summary

In this study, we present a simple, yet efficient Video-to-Music recommendation sys-
tem: the Seg-VM-Net. We do so by improving a self-supervised system, the VM-Net.
Inspired by the music supervision use case, we train our model at segment level, us-
ing segments defined by the music and video structure. We then rank the tracks ac-
cording to a segment alignment cost. With these adaptations, we largely outperform
the clip-level baselines and the basic segment aggregation systems. This demon-
strates that while both the aggregation and alignment systems employ the exact
same training weights, the neural networks can have very different retrieval per-
formance, depending on the way embedding vectors are used at inference time. Ad-
ditionally, the resulting method makes use of pre-trained features and a lightweight
network architecture, thus requiring a highly reasonable training time. Depend-
ing on the complexity of the application scenario, we demonstrate many possible
ranking distances, which provide various tradeoffs between retrieval time and ro-
bustness of the performance. For example, the Best Trace alignment cost is fast to
compute and offers robustness to basic transformations of the query (cropping). It
therefore is the best suited for large catalogs. The two DTW alignment costs make
the system robust against other transformations of the queries and targets (stretch-
ing), while requiring additional computation time. They can be used in scenarios
involving medium-size catalogs and little constraints on the allowed media trans-
formations. These different options make the Seg-VM-Net flexible and suitable for
applications in music recommendation, music supervision or automatic video edit-

ing.
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Chapter 8

Conclusion

8.1 Summary of contributions

In this thesis, we studied the topic of music supervision, i.e. recommending music
to be used as a soundtrack for videos. We briefly review here the main contributions
of our work.

8.1.1 Music similarity

In Chapter 4, we designed a system for music recommendation by similarity with
respect to a music query. The MuSimNet requires tags and an oracle similarity met-
ric for training, but only the audio tracks for inference, allowing to bypass the use
of tags (manual or estimated) for new tracks. This system represents similarity as a
Euclidean distance in an embedding space, for fast and scalable retrieval. The main
challenge in the conception of the MuSimNet was to have it learn the embedding
space directly from reference ranked lists. We thus trained it using an innovative
triplet mining algorithm, which we compared and validated on a large-scale ex-
periment against an auto-tagging based approach. The results obtained highlight
the efficiency of our system, especially when associated with the recently proposed
Auto-pooling layer. In music supervision, where a large part of the time is ded-
icated to manually searching music tracks and editing metadata, an audio-based
music similarity recommendation system is an important asset.

8.1.2 Video/Music recommendation

The next step in our study was to prototype automatic Video/Music recommen-
dation systems to assist music industry professionals. While existing systems are
already able to recommend music based on the video content, the temporal syn-
chronization of both modalities is rarely taken into account. Ideally, our recommen-
dation system should not only be effective and fast, but also take into account the
domain-specific constraints of synchronization between the audio and video events.

In Chapter 5, we studied a basic system for music recommendation from video
queries, the VM-Net. We showed that using audio representation learning such
as pre-trained audio embeddings (MuSimNet, OpenL3, MusicCNN or AudioSet)
largely improved recommendations. We validated the use of metric learning against
a classification-based approach. We also demonstrated that learning the feature’s
temporal aggregation (with Attention or Auto-pooling) was a simple way to im-
prove the VM-Net's retrieval performance.

In Chapter 6, we analyzed which aspects of the structure were decisive when
editing music videos. To do so, we first interviewed music video professionals to
obtain their insight, and then assessed these on a corpus study. We showed that
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cuts, downbeats and functional segment boundaries were important for the editing
of OMVs. More interestingly, the level of synchronization would vary according to
the music and video genres. The paper’s presentation video received the Best Video
Award at ISMIR 2021.

These two studies resulted in the introduction of a new V/M recommendation
system in Chapter 7. The Seg-VM-Net relies on a semantic segmentation of the query
and target media, a training at segment level and a ranking based on the alignment
of the segment sequences. It offers better performance and flexibility compared to
the VM-Net, while keeping the training phase straightforward. By using different
alignment costs, it is possible to make the system robust against various application
scenarios. The Seg-VM-Net and the perspectives it offers in terms of cross-modal
synchronization were awarded by a Grand Prix at the i-Lab 2021 innovation chal-
lenge (corresponding to a funding of 600k€ for the start-up Bridge.audio).

8.2 Discussion

8.2.1 Music similarity

Limitations. Several axes are worth exploring when it comes to improve the MuSim-
Net in terms of training methods, architecture, or input representations. During our
preliminary work on triplet mining for music similarity, we experimented with in-
cremental margin parameters, as in Zhang et al., 2019. However, this did not seem
to have any impact on the performance of the system.

The evaluation method remains also an open question. Ideally, we aim at validat-
ing our recommendation system through formal perceptual evaluation, and online
user testing.

Short-term perspectives. In future works, we aim at increasing the network train-
ing efficiency by mining useful triplets on the fly at each iteration with in-batch
triplet mining (Hermans, Beyer, and Leibe, 2017; Mishchuk et al., 2017; Doras and
Peeters, 2019). The performance might also be improved by appending a graph
neural network component, as has been proposed by Korzeniowski, Oramas, and
Gouyon, 2021 for artist similarity.

Other perspectives include the use of more sophisticated audio input represen-
tations (such as Harmonic Constant-Q Transform -Bittner et al., 2017-, dominant
melody, pitch class profiles), or a combination thereof (Doras et al., 2020).

8.2.2 Video/Music recommendation

Limitations. As seen in Chapter 5, there is room for potential improvement in the
VM-Net performance by fine-tuning the audio feature extractors (MuSimNet, Mu-
siCNN, AudioSet and OpenL3) along with the VM-Net.

When conducting experiments for Chapter 7, we tried more exhaustive triplet
mining strategies, such as using segments adjacent to the anchor as negatives. How-
ever, none seemed to have a positive impact on the metrics.

The main limitation of the Seg-VM-Net is its coarse temporal resolution, as the
music structural segments last on average for 18.6 seconds. While we could probably
further improve clip-level retrieval performance by learning the frame-to-segment
feature aggregation, as we did for the clips in Chapter 5, this would still not allow to
perform a fine-grained alignment of the two modalities.


https://youtu.be/hcLgp1VZDgs
https://www.bridge.audio/blog/i-lab-2021-grand-prize/
https://www.bridge.audio/blog/i-lab-2021-grand-prize/
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Short-term perspectives. Future work will thus have to include frame-level tem-
poral alignment scores to our ranking distance, as Gillet, Essid, and Richard, 2007
did (one video frame is usually 40 milliseconds). A fine synchronization precision
was also achieved by Gowing et al., 2011 for multimodal alignment of dance move-
ment. The corresponding challenge would require increasing the temporal precision
while keeping the training and inference costs reasonable, especially for the DTW
systems. In this regard, we may have to preselect a reduced set of tracks to rank
using a faster method such as the Centroid aggregation.

So far, the evaluation protocol of the V/M recommendation systems requires to
retrieve the exact same ground truth video or music from the pair, which is a severe
metric. In a real case scenario, where there is no ground truth to be retrieved, we
assume that some degree of serendipity is allowed. A subjective human evaluation
of the obtained recommendations (by users or a panel of experts) would therefore
help evaluate the quality of the recommendations. Finally, we want our system to
be able to generalize to any type of input videos, e.g. movies or commercials. This
will require to first put up a dataset which includes such videos.

Currently, to use the Seg-VM-Net in a real-life scenario (where music boundaries
are not available a priori), it is still necessary to first segment the video queries. This
can be done either manually (involving scalability issues) or automatically, as we
have shown with the TransNet’s segmentation into shots. However, we would like
to integrate a more diverse and meaningful segmentation of the video. It is already
possible to automatically detect effects such as fades and wipes (Zhang, Kankanhalli,
and Smoliar, 1993; Zabih, Miller, and Mai, 1995), and chapters (Yamauchi et al.,
2006). To refine the video processing part of our system, it will be essential to take
these into account.

8.3 Future directions

Finally, we discuss the long-term perspectives of our study. Music supervision is a
wide topic for both MIR and computer vision research, and we only provided a brief
introduction. We are convinced that several mid-and long-term research directions
will arise from this rich domain.

8.3.1 Beyond Video and Music data

In this dissertation, we only rely on the music and video signals to perform the rec-
ommendation. This has the advantage of adapting to any music database, including
very large and non-annotated catalogs.

However, when facing a real-life music supervision project, many constraints
other than content and structure matching come into consideration: the client’s vi-
sion, budget, the release date and the general popularity of the track, availability of
the rights in the diffusion country, adequacy with the brand’s identity (for advertise-
ment), etc (Inskip, Macfarlane, and Rafferty, 2008).

Including other matching criteria such as release date, artist popularity (Bauer
and Schedl, 2019) or harmonic complexity (Weiss and Muller, 2015) could strengthen
our systems.

Finally, lyrics information can be exploited to match music to music and music
to video. Lyrics convey mood, but also various semantic data which can be relevant
for the recommendation. We can imagine using lyrics data to supervise our cross-
modal embedding training. The main difficulty will be to collect said lyrics data,
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but as lyrics transcription systems become more and more efficient, we expect to be
soon able to extract those from audio (Vaglio et al., 2021).

8.3.2 Video/Music synchronization

In the long term, we want to be able to directly propose an edit of the music tracks to
the video query. Given each recommended music track, and the segmented video,
the system will suggest one or several edits of the track on the video. To do so, the
Seg-VM-Net has to be robust against more diverse transformations of the queries
and targets, and to integrate an automatic synchronization module.

In music supervision, synchronization is articulated around so-called sync points,
which are salient events in the image, carrying specific emotions or energy (see Ap-
pendix A.2). Sync points are expected to be emphasized by the music. The detection
of sync points in video queries is therefore a crucial step. Very often, the type of
mood, energy and movement around the sync point will even condition the choice
of music tracks. Yet, to our knowledge, there is no literature on automatic sync point
detection. More concerning is the absence of labeled datasets for the sync point de-
tection task. Future works will have to tackle this lack of data first, before we are
able to integrate a music and video salient event detection module to our system.
As a first step, it is possible to have the user give an estimation of the number of
sync points to be found in the video. This can be a simple function of the dura-
tion: on average, sync points occur every 15 to 30 seconds. Close topics that will
be worth studying for sync point detection are video summarization (Sargent et al.,
2016; Baraldi, Grana, and Cucchiara, 2017) and captioning (Chen et al., 2018). Fi-
nally, if we are able to reliably detect sync points in the silent video, we can consider
using those to automatically segment the queries.

8.3.3 Application to other tasks

Once trained, V/M embedding spaces such as the one of the Seg-VM-Net can be
reused in many contexts. From a MIR point of view, video data can facilitate singer
and instrument recognition. From a computer vision point of view, music data can
enhance singer and instrument diarization, especially in off-screen scenarios. In both
cases, multimodal embedding vectors can be reused as input features for classifica-
tion tasks.

In the optimistic case where we successfully integrate a sync point detection
module and an automatic edition module to our system, we can tackle other interest-
ing application scenarios such as automatic soundtrack generation for video games.
In this case, the real-time processing is another challenging factor to consider.
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Appendix A

Case study: Creaminal, a music
supervision agency

A.1 Introduction to Creaminal

Creaminal is a French music supervision agency. Their office is located in Paris and
they employ about 25 people. The core of the team is made of musicological experts
called music supervisors. They are dedicated to recommending, synchronizing and
producing music for videos such as advertisements, movies, series or others. To this
aim, they have built over the years a large catalog of annotated music tracks. Cream-
inal’s catalog is comprised of more than 35,000 tracks (as of September 2021) and is
growing every day. Most tracks are annotated as Electro or Pop, and a substantial
number of movie soundtracks are present as well. A backoffice software allows the
employees to annotate the tracks and to retrieve them via several types of searches.
A player allows to listen to the tracks.

A.2 Insight on the music supervision work: Interview

As a preliminary work to this dissertation, we interviewed Stéphanie Sfeir, senior
music supervisor at Creaminal, to know more about her work process. We provide
below a translation of the transcript of the discussion (that was originally conducted
in French).

How do you proceed when searching for a music track to be synchronized on a commercial?

I analyze the content of the video: the story, the narration, or lack thereof.

I check the product that is presented: cars typically require mainstream
music (electro or vintage), perfumes will be very dependent on the tar-
get (men or women), etc. For this part, it's ok to not take the semantics
literally: counter-intuitive choices can be made.

I analyze the target of the commercial: age, genre.

I analyze the structure of the video and the salience points (sync points).
Finding the sync points (when an important event occurs in the video)
is both easy for a human and crucial for synchronization. The music
will typically have to emphasize them via a build-up, an explosion or
another structural audio feature. In general, commercials have 3 parts:
an intro, one or two sync points, and a pack shot (outro). Each time the
product is put forward in the video, the music should react with an audio
event. However, if the track is already well-known, its structure must be
respected and edits should be light and seamless.


https://www.creaminal.com/
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I check my brief: sometimes the client provides examples, sometimes
"no-gos". Sometimes I am given a free rein. The client’s brief provides
filters that I have to accommodate with my own vision of the movie.

The rhythm, style, mood and movement of the video are equally impor-
tant. The style will often be constraint by the brief or the brand’s DNA
(general communication strategy).

What do you prepare for the client after you got the brief and the movie?

It depends if we are paid for the search or not. If we are paid (most of
the time), we directly propose some mockups (edits of our recommended
tracks on the video). Otherwise, we only prepare playlists.

A.3 Description of the Creaminal dataset

In Chapter 4, we use data extracted from Creaminal’s internal catalog to train the
MuSimNet (music similarity model). We introduce the Creaminal dataset intro-
duced 3.1.2. Although we cannot release the audio, nor the annotations of this
dataset, we provide a more detailed description (in terms of genre, number of tags
and duration) in this part.
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FIGURE A.1: Histogram of music genres in the Creaminal dataset.

Only the 50 most represented genres are displayed. Genres are sorted

into 12 main families. The genre 'Alternative Pop’ being largely over-

represented, its bar was cropped for readability. Two bins (Electro-

Pop) and (Pop Rock) were annotated from different main families,
hence their appearing twice.
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Number of tracks

Number of tracks

160

140

120

100

80

60

40

20

1200

1000

800

600

400

200

50 100 150 200 250 300

Duration (s)

FIGURE A.2: Histogram of track durations in the Creaminal dataset
(in seconds). Most tracks last between 3 and 4 minutes.The median
duration is 206 seconds which corresponds to 3 minutes 26 seconds.

Number of tags

FIGURE A.3: Histogram of the number of tags per track in the Cream-

inal dataset. Only tracks that have between 5 and 35 tags are consid-

ered. Most tracks have between 10 and 25 tags. The median number
of tags is 17.
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Appendix B

Computational resources

B.1 Hardware experimental setup

All computations presented in this thesis were executed on a private server hosted
at Creaminal’s main office, Paris. This option was preferred against cloud-based
solutions in order to safely store proprietary data from the Creaminal dataset. The
computer was installed in a dedicated, air conditioned room. A VPN was configured
to access the machine remotely. This equipment has the following configuration:

e 4 GPUs (GeForce GTX 1080 Ti);

64Gb of RAM,;

2Tb of SSD RAID 5 storage;

4Tb of extra hard drive storage;
¢ 12-core Intel Core i7-6850K CPU running at 3.60GHz.

All experiments were conducted using CUDA v9.2.148 and Tensorflow v1.11.0
(as a backend for Keras v2.2.4). Python 3.6.9 was used to run most scripts, except for
certain libraries which required earlier or more recent versions.

B.2 Carbon footprint

As the IPCC (Intergovernmental Panel on Climate Change) releases each year more
and more alarming assessment reports, it is our responsibility as scientists to at least
be aware of our impact on climate. In the machine learning community, neural net-
work training is often pointed to as an energy intensive, and sometimes inefficient
way of developing algorithms (Hsueh, 2020). Since this statement was made, several
Python libraries were proposed to estimate the carbon footprint of machine learning
experiments.

We believe that an important step towards reducing carbon emissions is to sys-
tematically report emissions in scientific publications. We therefore used the Code-
Carbon emissions tracker to estimate the carbon footprint of our research (Lottick
et al., 2019; Lacoste et al., 2019). As reported in Section B.1, all experiments were
conducted on a private server located in Paris, France, which has a carbon efficiency
of 0.42 kgCOzeq/kWh. For the results presented in this manuscript, we estimated
that a total of 2,543 hours of computation was performed (respectively 1,272h for
the MuSimNet of Chapter 4, 983h for the VM-Net of Chapter 5 and 288h for the Seg-
VM-Net of Chapter 7). Total emissions are therefore estimated to be 449.5 kgCO»eq,
which is equivalent to driving just above 10,000 kilometers in an average car, accord-
ing to the U.S. Environmental Protection Agency.


https://www.ipcc.ch/
https://github.com/mlco2/codecarbon
https://github.com/mlco2/codecarbon
https://www.epa.gov/energy/greenhouse-gas-equivalencies-calculator
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It should be noted that this estimation does not include the carbon emissions
of the air conditioning required to cool the server room. Air conditioning can be a
significant source of carbon emissions, sometimes exceeding 40% of the total power
consumption in typical data centers (Zhang et al., 2017). We did not have a way
to measure the energy consumption of the air conditioning system, but we do not
expect this to change the order of magnitude of the total emissions. We did not
include either the (much higher) cost of developing each model and training all the
models which performance was too low to be included in our results. We estimate
this cost at 5 times the ones of training the final models. Finally, we estimate that the
cost of evaluating the models is negligible compared to training them and therefore
should not change the order of magnitude of the total carbon emissions.
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Appendix C

Music Similarity: Supplementary
material

C.1 Details on the evaluation metrics

We describe here the formula used in Chapter 4 to compute the MAP and nDCG
metrics. Let RS (t) = [r1(t),...,rc(t)] be the reference tracklist RS (t), truncated at
rank k. Without loss of generality, we consider here that the relevant tracks to recom-
mend for a given test query t are the five first tracks of the ranking: R‘5S (t). Thus, for
each query track t, we ask our system to retrieve the 5 relevant ground truth recom-
mendations R§ () among its k estimated recommendation R;f (t) = [P1(t),..., 7(8)].

In both MAP and nDCG, the position of the relevant tracks in Rf (t) matters.

C.1.1 MAP formula

In the MAP metric, all relevant tracks [r1(t),...,7¢(t)] have the same importance.
The MAP only evaluates if the relevant tracks appear in high position in R (t).

MAP@k(t) = ﬁ P(i) * C(i), (C.1)
i=1

where:

S (RS
e P(i) = w is the precision at 7;

L, if7i(t) € RE(t
e C(i) = {5’ if7i(t) € R () is the change in recall at i.

0, otherwise

C.1.2 nDCG formula

In the nDGC metric, the relevant tracks [r1(t), ..., rx(t)] have different levels of rel-
evance. We use a linear relevance scale, which means that the relevance score of a
target track r,(t) for the query track ¢ decreases linearly as n increases.

_ X g(i(1))/d(i) (C2)

nDCGEk(t) max_nDCG '’

with:

* A linear gain function g such that g(r1(t)) = 5,8(r2(t)) = 4,...,8(r5(t)) =
L g(rpus5)(t) =0;

* A logarithmic discount function d such that d(i) = log, (i + 1);
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¢ The normalization factor max_nDCG is the best score which is possible to
make in the case where [r(t),...,r5(t)] = [P1(t),...,P5(t)]:

k
8(ri(t))
DCG = 2 C3
max_n LiTog (C.3)

rl
2(i4+1)
C.2 Preliminary results: MuSimNet architecture search

In this part, we present the experiment that led to the choice of a VGG-like archi-
tecture for the MuSimNet. We experiment with various popular CNN architectures
and compare their performance on the music similarity task. All architectures were
trained using the Triplet Loss (TL) paradigm and the Distance-based negative min-
ing strategy.

C.2.1 Presentation of the different architectures

Based on the recent literature on music-related tasks, we selected four architectures
of CNNs, which we present now. We adapt those to the shape of our inputs (96 x512)
and outputs (d units, the dimension of the embedding space). 4 is set to 128 after a
short grid search experiment.

VGG-like: We reproduce the FCN-5 architecture proposed by Choi, Fazekas, and
Sandler, 2016a. This computer vision inspired architecture has been successfully
used on auto-tagging tasks. We adapt it here by removing the batch normalization
and applying lower dropout rates. We give the resulting architecture in Table C.1.
This VGG-like architecture has 25,334,912 trainable parameters.

TABLE C.1: Details of the VGG-like architecture used. ELU means Ex-
ponential Linear Units (Clevert, Unterthiner, and Hochreiter, 2016).

Layer Parameters | Activation, Dropout Output Shape
Conv2D (3,3) x 128 ELU F=96,T=512,C=128
MaxPooling (2,4) F=48,T=128,C=128
Conv2D (3,3) x256 ReLu, d=0.1 F=48,T=128,C=256
MaxPooling (2,4) F=24,T=32,C=256
Conv2D (3,3) x512 RelLu, d=0.2 F=24,T=32,C=512
MaxPooling (2,4) F=12,T=8,C=512
Conv2D (3,3) x1024 ReLu, d=0.25 F=12,T=8,C=1024
MaxPooling (3,3) F=4,T=2,C=1024
Conv2D (3,3) x2048 ReLu, d=0.3 F=4,T=2,C=2048
MaxPooling (4,2) F=1,T=1,C=2048
Fully-Connected (d) Linear F=1,T=1,C=d
L2 Norm F=1,T=1,C=d

MusiCNN: This musically-motivated architecture was introduced by Pons et al.,
2017 for music auto-tagging. It features long filters, in order to best capture rhythmic
(horizontal) patterns and harmonic (vertical) patterns present in the spectrograms.
The point of such an architecture, when dealing with music signals, is to train fewer
filters, but highly specialized, and more interpretable.
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TABLE C.2: Details of the musically-motivated architecture used.

ELU stands for Exponential Linear Units (Clevert, Unterthiner, and
Hochreiter, 2016). The outputs of the initial block are combined by
concatenating all feature maps along the channel axis.

Layer Parameters Activation, Dropout Output Shape
Conv2DBlock (64,1) x15 + (64,3) x12 ELU F=96,T=512,C=128
+ (64,5)x5 + (32,1)x15 + (32,3)x12

+ (32,5)x5 + (1,10)x15 + (3,10)x12

+ (5,10)x5+ (1,20)x 15 + (3,20) x 12 +

(5,20)x5

MaxPooling (2,4) F=48,T=128,C=128
Conv2D (3,3) x 64 ReLu, d=0.1 F=48,T=128,C=64
MaxPooling (2,4) F=24,T=32,C=64
Conv2D (3,3)x 128 ReLu, d=0.2 F=24,T=32,C=128
MaxPooling (2,4) F=12,T=8,C=128
Conv2D (3,3) x256 ReLu, d=0.25 F=12,T=8,C=256
MaxPooling (3,3) F=4,T=2,C=256
Conv2D (3,3) x512 ReLu, d=0.3 F=4,T=2,C=512
MaxPooling (4,2) F=1,T=1,C=512
Fully-Connected (d) Linear F=1,T=1,C=d
L2 Norm F=1,T=1,C=d

To adapt this idea, we replaced the first layer of the VGG-like architecture with
a convolution block composed of vertical and horizontal filters of various sizes and
shapes. The feature maps produced by each filter are then concatenated along the
channel axis. We kept the other layers as it, only reducing the number of filters. We
give the details of this architecture in Table C.2. It represents a total of 1,683,980
trainable parameters.

ResNet: We instantiate the VGG-like architecture and add skip-connections around
each convolutional block to form residual blocks. This type of skip-connection (also
called shortcuts) was first introduced with the ResNet for image recognition (He et
al., 2016). Residual networks have shown to be efficient in terms of number of pa-
rameters and training time. They were notably used in the Triplet MatchNet (Lu
et al., 2017) for learning music similarity on the MagnaTagATune dataset. We used
a similar architecture, shown in Table C.3. In this case, the feature maps are not
downsampled using pooling layers. Instead, the steps made by the filters after be-
ing applied on a coefficient are larger than one, resulting in a strided convolution.
We indicate the vertical and horizontal stride of each layer in the third column. The
final architecture has 6,372,928 trainable parameters.

Inception: Inception networks are popular in computer vision since they were in-
troduced in GoogLeNet Szegedy et al., 2015 for image recognition. Inception mod-
ules concatenate the output of filters of different sizes, including 1x1 convolutions
which aim at reducing the number of feature maps. They allow to design very deep
networks while keeping a reasonable computational cost.

We used the Inception V3 model implemented in the Keras framework!. We sim-
ply removed the activation in the last fully-connected layer to output embeddings

Thttps:/ / github.com /keras-team / keras-applications/blob/master/keras_applications/inception_v3.py


https://github.com/keras-team/keras-applications/blob/master/keras_applications/inception_v3.py
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TABLE C.3: Details of the ResNet architecture used. The output of

each block and of the corresponding shortcut layer are combined via

an element-wise addition operation. All activations are ReLu and no
dropout is used.

Layer Parameters | Shortcut Parameters | Stride | Output Shape
Conv2D (3,3) x 64 (22) | F=47,T=255C=64
Conv2D (3,3) x 64 Conv2D (3,3) x 64 (2,3) F=23,T=85,C=64
Conv2D (3,3) x64 F=23,T=85,C=64
Conv2D (3,3) x128 Conv2D (3,3) x128 (24) | F=11,T=21,C=128
Conv2D (3,3)x 128 F=11,T=21,C=128
Conv2D (3,3) x256 Conv2D (3,3) x256 (2,4) F=5,T=5,C=256
Conv2D (3,3) x256 F=5,T=5,C=256
Conv2D (3,3) x512 Conv2D (3,3) x512 (2,3) F=2,T=1,C=512
Conv2D (3,3)x512 F=2,T=1,C=512
AveragePooling (2,1) F=1,T=1,C=512
Fully-Connected (d) Linear F=1,T=1,C=d

rather than classification scores. We obtained a network with 22,012,832 trainable
parameters.

C.2.2 Evaluation results

We trained each system on the Creaminal dataset as described in Section 4.3.1. The
margin parameter « of the triplet loss is set to 0.5 and the learning rate to 10, for a
batch size of 42. We evaluate each architecture with the method described in Section
4.3.2 for the TL system.

The results displayed in Table C.4 show that the VGG-like architecture seems to
have the best performance on each metric. This is why we selected this architec-
ture for our experiments in Chapter 4. However, it is worth mentioning that the
MusiCNN architecture achieves similar results, despite having 15 times fewer pa-
rameters. Adding residual connections (ResNet) or Inception blocks (Inception V3)
does not seem to help in our case.

TABLE C.4: Comparison of the results of TL system with various ar-
chitectures. The last columns indicates the number of trainable pa-

rameters. All metrics are percentages, with confidence intervals at
95%. Higher is better.

Model MAP@20 Recall@20 Reciprocal rank | nDCG@20 Size
VGG-like | 5.98 +/-0.40 | 15.79 +/-0.73 | 19.89 +/-1.19 14.41 +/-0.78 | 25M
MusiCNN | 5.82 +/-0.39 | 15.62 +/-0.71 | 19.45 +/-1.17 1410 +/-0.77 | 1.6eM
ResNet 516 +/-0.38 | 12.60 +/-0.65 | 18.08 +/-1.19 12.61 +/-0.76 | 6.3M
Inception | 453 +/-0.34 | 13.69 +/-0.67 | 15.43 +/-1.03 11.56 +/-0.68 | 22M
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Appendix D

Language of Clips: Interview
transcripts

In the context of our "Language of Music-Video Clips" study (Chapter 6), we inter-
viewed three experts of the music to image industry. We propose here a complete
transcript of each interview. All interviews were conducted in French, then trans-
lated. We used the Zoom video conferencing software. We asked each participant
questions about Video/Music matching, focusing on three main aspects:

¢ The content (semantic) adequacy;
¢ The structure synchronization and temporal organization;

¢ Their personal relationship to the different technologies available in the music
for the screen industry.

Questions were prepared ahead of each interview, some of them being common to
all participants and some of them specific to certain professions. In addition to the
prepared questions, we reported additional questions found during the interviews,
as well as moments of free expression of the participants.

D.1 Jack Bartman, Composer (January, 27th, 2021)

Jack Bartman is a professional music composer who mostly composes music for
screen. His main projects include commercials (Ducati, Nike, Apple, UbiSoft), short
movies (The Walls between Us, Mab An Tarz), and documentaries (Samaritain, Stony
Paths, Inner Wars).

Hello Jack and thank you for your time. We are currently studying the relationship between
audio and video in musical videos (commercials, official music videos, mouvies, ...). Can you
introduce yourself and how the music and video content interact in your projects?

I often work with professional video editor Maxime Pozzi (see Section
D.3). For him, music is very important for editing; when he’s not satisfied
with the music on a project, he calls me. He is capable of suggesting very
unexpected and strong creations to his clients and they like it. Besides
my work with Maxime, I often compose for commercials, when creative
professionals fall in love with my music. For this case, what drives me is
a general mood, an atmosphere. Trends matter too: sometimes you need
to ride the wave, and sometimes you need to challenge them.

How is it like to work with directors and editors?


https://zoom.us/
https://www.jackbartman.com/
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For commercials, I create custom-made music tracks. The projects are
usually short and intense with a frenetic pace. Sometimes, I don’t even
get to see the images. I only get a briefing from the editor, which can
sound like this: "The duration is 35 seconds, there is a woman walking
down the street, a climax at 25 seconds and here are some tracks to get
inspiration from". I compose using a set of keywords and my knowledge
of the target brand. The mockups then go back and forth several times in
short periods of time.

For movies, the process takes longer, and the production rhythm is more
reasonable. I like to compose while the movie is being edited, and send
tracks to the director and editor along the way. Following their prefer-
ences, some sequences will be edited on the music, while for others, the
music will support the image.

D.1.1 V/M matching by semantic association

How do music and video influence each other in terms of genre, mood and so on?

Music and video content can be associated, but can also be used as con-
trasting elements. For example, in the commercial Crocodile Inside from
Lacoste, there is a strong contrast between the music and the video con-
tent. The effect is surprising.

Avre there any other constraints to take into account when composing music for video?

Yes: trends evolve quickly, and they need to be taken into account. This
is applicable both for global trends and for the brand’s identity.

D.1.2 V/M matching by synchronization

What role do you play when it comes to the dynamics of the video?

There are many ways to highlight change in the image: rhythm, sound
design... For example, I can insert effects like "woosh" on cuts, to em-
phasize the video structure. It's my personal "trick" to support abrupt
cuts. I will typically introduce those at the transition between two musi-
cal phrases, such that the music can still be listened to on its own. Other
than that, I don’t do the sound design (clothes sounds, glass sounds, etc).

Do you sometimes have issues synchronizing rhythmic sequences?

Yes! This year, I worked on a short movie about the psychological as-
pects of the Covid-19 lockdown. The tempo increases progressively and
it took me quite a long time to synchronize everything properly. But after
getting used to an imperfectly synchronized mockup soundtrack, the di-
rector did not want to use the final version, as the mockup would better
suit the intended madness atmosphere.

To what extent does the image follow the structure of your music? Or on the opposite, to
what extent do you have to follow the visual structure? Which situation happens the most?


https://www.youtube.com/watch?v=CHapY4muRRQ
https://www.youtube.com/watch?v=CHapY4muRRQ
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Both scenarios exist. For commercials, I often have to adapt. Cuts matter,
but only at some key moments. In the other case, when working with
Maxime, I know that he likes to place the visual rupture right before or
after the audio event, as it can sometimes work better.

How do you edit your music when you have to adapt to an existing movie?

Most of the time, I will use cuts. Slicing can happen at unconventional
moments, like the first or last beat of a bar! I simply add a sound effect
to make it work. Sometimes I do some time stretching, or I increase the
tempo, it works too, but it’s far less frequent.

When the brief is not precise enough, do you make a "catch-all” track (where the climax can
be perceived at several moments) or do you take the risk with a strong structure from the
beginning?

I will take the risk, even if I have to modify it afterward or make several
submissions.

D.1.3 Technological considerations

What is the impact of technological tools from a composer’s perspective? What were the
major revolutions for you?

I am one of the only composers to use Reason, even though this software
is not adapted at all for music for screen. I know how to use Logic and
Protools as well, but I'm just far less efficient with those. Recently, a Rea-
son plugin for video was released: it was obviously a mini revolution for
me. Another recent option is to use Reason as a Logic plugin. However,
this becomes very CPU intensive.

Have you ever used Al tools? Is there any Al software that you’d like to have?

Difficult question!

I have already used online automatic mastering tools such as Landr. The
results are not fantastic, but it’s convenient when time is short. More
generally, if an Al could manage compression and equalization for me,
that would be nice. Source separation tools can also be useful.

There are also creative Als, like the ones that create chords from a single
key. It's very powerful but a little sad as well. If the assistance is too
efficient, then you can’t learn by yourself, especially if you're self-taught
like me.

My conclusion is that the most useful Als won’t make the most interest-
ing tasks. It’s best used for uninteresting work, if it can save time.

Today in Al there are many embedding representations to compare presets, loops, samples
which have opaque names. DJs enjoy Al systems to navigate presets with some serendipity.
Do you use these as well?

Yes, the Native classification is very ergonomic for this. I don’t use sam-
ples very often, but sometimes when the delay is very short, I navigate
randomly in my samples and take whatever sounds good. It results in


https://www.reasonstudios.com/fr/reason
https://www.landr.com/fr/
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a simple, spontaneous and original piece. I think people tend to always
collect larger and larger libraries, but don’t take the time to explore them
and this results in sub-optimal exploitation of their resources. Searching
and experimenting is crucial because sometimes what matters is simply
using what we already have.

Thank you Jack, it was very informative!

D.2 Alexandre Courtes, Director (December, 9th, 2020)

Alexandre Courtes has been directing movies since the late 90s. His filmography
includes official music videos (Phoenix, Kylie Minogue), feature films (The Incident,
Les Infideles) and commercials (Puma, Lexus, Paco Rabanne). In 2005, he received a
Grammy Award for the clip "Vertigo" by U2.

Hello Alexandre and thank you for your time. We are currently studying the relationship
between audio and video in musical videos (commercials, official music videos, movies, ...).
Can you introduce yourself and how the music and video content interact in your projects?

I have directed a large number of official music videos. In this case, it’s
mostly in terms of rhythm that the music determines the video content.
At editing time, cuts have to sync with the beat.

D.2.1 V/M matching by semantic association

When directing an OMV, what do you choose to show and why? To which extent can this
choice depend on the music content in terms of genre, mood, etc?

It’s left to our personal taste and appreciation: we can show horror pic-
tures on classical music, there are no predefined rules. It’s the director’s
job to decide.

There are different types of music videos (narration, performance, visual
effects ...) and even directors who are specialized in one specific category.
The type of OMV can be a requirement of the artist, or a suggestion from
the director. Personally, I've seen every scenario: sometimes I am given
a free rein, sometimes it’s specific demands. But in most cases, directors
arrive on the project with their ideas.

The song lyrics can provide a theme, and ideas to the director.

The music genre can have an impact too, typically for hardcore music,
the rhythm will be wild, and often the editing will follow.

Music on its own creates an emotion, and so does the video. The mu-
sic/video association creates a third emotion, or makes one emotion dis-
tort the other one.

Are there any similarities between OMV's and commercials from the direction point of view?

In both cases, we get to arrange several layers of material: image, color,
actors, music ... For OMVs, the emotion carried by the visuals has to
highlight the music. For commercials, the emotion has to highlight the
product. It's the same exercise, but the other way around.


https://en.wikipedia.org/wiki/Alex_Court%C3%A8s
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D.2.2 V/M matching by synchronization

To which extent does the video structure follow the music structure in OMVs?

There are no general structure guidelines like we have for short movies.
However, the music video will often show a performance, so it is similar
to a musical comedy: it has to feature costumes, chapters, sets, acts.

How do you create dynamics in the video?

Cuts have to follow the music’s thythm, even though they might not
always co-occur with beats.

In OMVs, there are other types of visual transitions to take into account:
explosions, sudden appearance of large objects (eg, cars) in front of the
camera, etc.

For more precise details, you should ask someone specialized in editing.
Is there a notion of climax/salience like we have in commercials?

Yes, we have this notion for OMVs too, but it’s the music that decides
when the climax happens. For movie soundtrack, it’s the opposite (image
determines the music’s climax).

D.2.3 Technological considerations

What is the impact of available technologies on the directing and editing work? What were
the most important technological revolutions for you?

There were several important revolutions:

e First, digital editing: it changed perspectives. Historically, editing
was a meticulous job and thus placed under women’s responsibility.
When the first OMVs were produced for MTV, we were not on film
anymore, but editing still required huge machines.

¢ Then came computer-generated images, which made visual effects
more accessible (for example with After Effect).

¢ Finally, computers became mainstream. Today, you don’t need to go
to the studio anymore to edit movies, you can do everything from
home. This is of course very convenient.

Have you ever used Al tools? Are there any Al-powered tools you'd like to use?

No, I have never used Al tools but I'd like to. I am currently develop-
ing software to help film Formula One, and there should be some Al
involved, but I can’t say more about it for now.

Thank you for answering our questions!
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D.3 Maxime Pozzi, Editor (January, 23rd, 2021)

Maxime Pozzi is a movie editor and photographer. He worked on big U.S. produc-
tions during what he calls the "golden age" of official music videos (early 2000s).
In particular, he edited official music videos (Woodkid, Labrinth, Rihanna, Taylor
Swift), feature films (Slalom, Savage State), short movies (Ellis, Paris Loves Us, Les
Bosquets), and commercials (Lancome, Nike, Armani).

Hello Maxime and thank you for your time. We are currently studying the relationship
between audio and video in musical videos (commercials, official music videos, mouvies, ...).
Can you introduce yourself and how music can impact video editing in your projects?

Editors and musicians have a similar job, we all want the same thing:
rhythm, narration, climaxes. To go further, we can even say that by edit-
ing music and image, we will manipulate the viewer’s emotions. For
OMVs, the goal is to promote the music. We create a video at the cross-
roads between commercial and fiction. There are many things to show in
a short time (3 to 4 minutes). As an editor, we help create a world, and
often tell a story. Intuition is important, as there are no universal rules. It
helps me to listen to the music several times before starting.

In your opinion, are there different categories of OMV? Does it make sense to classify these
into Dance, Performance/Concert, Concept/Abstract, Narration and so on? What do you
think of the "Concept” category which can be heterogeneous (ie, include both urban music
and Lady Gaga videos)? Does the editing technique vary according to these categories?

Yes, there are indeed different possible approaches for making an OMV.

Playback: The artist is shown performing the song. This requires very precise syn-
chronization of image with sound, and generates a lot of rushes. Playback is almost
always present on OMVs, and it happens that the full video consists of playback.
Otherwise, I have to find a balance between showing the performing artist and the
other shots.

It can be challenging when singers are not perfectly in sync with the audio. They
can easily be one or two seconds late, and up to ten seconds! We do our best to
resynchronize everything, but sometimes it’s just impossible to fix completely.

Narration: In full story OMVs, there are few singing shots. The goal is to tell a story.
Dance: There are often dance shots in OMVs, because music and dance go hand in
hand. Dance can be used in several ways:

¢ in support, to showcase the artist or establish an atmosphere;

¢ in counterpoint, like in Sia’s videos where dance is a full character to the story.

I edited a huge amount of dance videos, for example the short movie Les Bosquets
featuring the NYC Ballet. You need to know how to "listen to the dance" in order to
be able to edit it properly: taking the choreography as it, without adaptation, almost
never works. In OMVs, the shooting is often imperfectly prepared, and dancers may
lag behind. You have to resynchronize everything to outperform reality.


https://www.maximepozzigarcia.com/
http://www.jr-art.net/fr/projects/ballet-les-bosquets-a-clichy-montfermeil
http://www.jr-art.net/fr/projects/ballet-les-bosquets-a-clichy-montfermeil
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Mixtures thereof: There is frequently an alternation between story and playback,
especially in US productions. As spectators, it seems obvious that we want to see
both a nice story and our favorite artist singing.

The delicate case is when individual shots include both playback and story, like
in Safe and Sound by Taylor Swift. This one was shot on a 35mm film. There are
"in" moments that are part of the story while the singer is still performing. It was
a real challenge for me to synchronize the different spaces well. Another example
is the video "In Your Likeness" by Woodkid, where the music is very slow, it’s a
melancholic ballad. There is a story/playback tradeoff to find and the final result
must be very fluid, smooth, seamless.

Concept: Different cultures have different approaches to "Concept" videos.

The French approach is minimalist, it leaves a lot of space for the music to unfold,
but the final result can be boring.

The U.S approach represents the vast majority of OMVs. It consists in representing
several sets alternatively. It’s often a mixture of several genres because American
artists are expected to be all-round: they sing, dance, model ... This style is often
found in rap, hip-hop and urban music in general. Sets depict a mood, cuts are
synchronized with onsets, the illustration is very straightforward. When the music
is mainstream, it can afford a rough illustration.

There are many other approaches, for example Scandinavia has its own style and
aesthetics.

What are the differences and common points between OMV's and commercials or movies?

In the case of music for screen (commercials, full-length movies, short
movies, documentaries), the approach is quite different. According to
Michel Chion, music can be added to the soundtrack in two ways, either
as a part of the scene (a radio playing), or without visual justification, as
a support for the narration.

The editor is central in the soundtrack creation, they make the transition
between the composer and the director, while having their own vision
too. Music and sound edits are the bulk of the work. We propose large
amounts of soundtracks, way too many, and in the end we have to get
rid of the majority of them.

Nevertheless, both universes are linked, as they influence each other.
Lars van Trier directed shots with ambitious slow-motion and this launched
a worldwide slow motion trend in commercials. The OMV of Fever by
Dua Lipa and Angele uses the codes of the cinematographic industry
(music integrated into the scene, embedded camera, dialogues, playback
in and off, B-roll ...). The movie LalL.alL.and re-launched the American mu-
sical trend in OMVs and commercials. The aesthetic of the movie Grand
Budapest Hotel (strong symmetry, pastel colors, feel-good jazz music)
had a visible influence on OMVs and commercials. Conversely, Wood-
kid’s spectacular OMVs had a big influence on commercials.

D.3.1 V/M matching by semantic association

When editing an OMYV, what do you choose to show and why? To which extent can this
choice depend on the music content in terms of genre, mood, etc?


https://www.youtube.com/watch?v=RzhAS_GnJIc
https://www.youtube.com/watch?v=Jw2XwhMxPqU
https://www.youtube.com/watch?v=vs61OHs2g-w
https://www.imdb.com/title/tt3783958/
https://www.imdb.com/title/tt2278388/
https://www.imdb.com/title/tt2278388/
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In OMVs, editing makes the link between the music and the narration.
On the audio side, the OMYV track is rarely the same as on the radio.
There can be additional dialogues, sound design, audio effects. For ex-
ample the "underwater" filter is almost systematic in Justin Bieber’s OMVs.

For movies, we first work with influences: we pick tracks from the chosen
composer’s catalog or from other movie soundtracks to make the first
mockups. Once we have the final tracks, we make several versions, and
we almost always end up swapping tracks that were intended for dif-
ferent sequences. For the western Savage State, the dialogue with the
composer took months. There is a battle scene with women against men,
and I asked for all the stems (more than 40 !) in order to adapt the mix
to the shots (showing the men or women sides). In the movie Slalom, I
combined energetic tracks for sports scenes and a more naturalistic at-
mosphere for the scenes about sexual abuse.

Ave there any other constraints to take into account?

Sometimes, the mix of the track is not finished when the OMV is being
made, so we have to edit several versions. This process can last up to one
year for a Rihanna track!

D.3.2 V/M matching by synchronization

To which extent does the video structure follow the music structure?

Some elements are to all OMVs. Songs are generally composed of verses,
choruses and bridges (or breaks). For verses and choruses, the visual dy-
namics follow the music’s emotional climaxes. For example if the drum
beat accelerates, the editing will follow. For bridges, which are transi-
tions without lyrics, the editing is often slowed down, with a focus on
the poetic aspect, the mood. For me, these are the funniest moments: I
can play with gaze, with the atmosphere, make breaks with longer shots,
use B-roll (e.g., backstage shooting), etc. This technique is particularly
noticeable in Miley Cyrus’ videos.

In a song, there are on average 3 choruses. Each time, we try to introduce
a new element, typically a change of scenery. The edit shouldn’t reveal
everything from the beginning.

For full-length movies, we want to avoid the music to be always present,
as this tends to stifle the atmosphere and duplicate the words of the im-
age. Instead, we try to treat the music as an additional character, which
can give clues from time to time. Famous examples include Inception
and Elevator to the Gallows. There are codes to respect, for instance, it’s
hard to imagine a chase scene without music.

How do you create dynamics in the video? For example, we noticed an anticipation of cuts
with respect to the downbeat in some OMV’s.

In the music, there are often offsets and counterpoints. We emphasize
those by playing on the looks, inserting shots on the musicians or effects
like explosions.


https://www.youtube.com/watch?v=Ys7-6_t7OEQ
https://www.imdb.com/title/tt8770976/
https://www.imdb.com/title/tt9697780
https://www.imdb.com/title/tt1375666
https://www.imdb.com/title/tt0051378
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In the Rolling in the deep video, off-beat cuts are used to create dynam-
ics: to surprise the viewer, and illustrate the music’s emotional climax.
It’s a common trick to draw back the viewer’s attention, especially near
the end of the video. It makes the video direction appear more "indie" as
well, this can be required by the performing artists or the director. The
effect is unsettling and creates suspense: the stalling effect makes the
climax more intense, which is on point since the topic of the song is to
overcome one’s anxiety. The editing here is used as an element of narra-
tion and progression: it gets less and less rigid. On the other hand, there
is little evolution of the sets, and the duration of each shot remains more
or less constant. A similar process is used in the movies of the production
company Canada, for example in Invisible Light by the Scissor Sisters.

Anticipation mechanisms of one modality with respect to the other one
are quite complex, although intuitive. In OMVs, cuts are often observed
before downbeats, maybe because downbeat is more steady and won’t
create surprise on its own, or because we have a long persistence of vi-
sion. In long movies, however, it’s the opposite: music anticipates threats
that appear later on screen.

In commercials, we generally have a 3-minute music track and a 30-
second video. I quickly structure the music, and a specialized studio
makes the rest. The final result does not depend only on me since they
need several declinations (20 seconds, 8 seconds ...). For example, for
Holiday Celebration by Lancome, I created an intro, a first soft climax,
then a rhythmic passage until the pack shot. The challenge is to be very
precise so that people don’t notice the edits on the music.

Are there any other constraints to take into account?

Artists often have special requests, and whatever happens, the final edit
must satisfy them. Sometimes, they want the music to be like the metronome
of the image, and both temporal structures must be in perfect adequacy
(we call this style "mickey-mousing"). On the contrary, some artists don’t
like the cuts to be perfectly synchronized with the beat, they want some-
thing more original, that looks "indie".

D.3.3 Technological considerations

What is the impact of available technologies on editing techniques? What were the most
important technological revolutions for you?

The Avid software, which is now the leader for full-length movies and
TV. There is an online collaborative mode with an amazing AI which
handles file synchronization and versioning. It’s not a simple copy sys-
tem, but a complex algorithm that softly combines the work of several
editors. This is done using .mxf metadata, a unified standard for images,
sound, music stems, etc. Refreshes occur almost every minute, and this
allows to collaboratively edit from several countries. The technological
achievement is impressive given that the considered amount of data is
typically 1 to 2 Terabytes a day! Of course, to manipulate so much data,
you will need a powerful machine. But with a recent Mac Pro, you can
now easily work from home.


https://www.youtube.com/watch?v=rYEDA3JcQqw
https://canadacanada.com/scissor-sisters-invisible-light/
https://www.youtube.com/watch?v=xswIOwlqRQE
https://www.avid.com/
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Have you ever used Al tools? Are there any Al-powered tools you’d like to use?

Editing requires intuition, and therefore it cannot be fully automated.
However, it requires smart tools to quickly process huge volumes of data.
I use the Avid file synchronization Al on a daily basis. There are also
quite convenient Als in Adobe Premiere and Final Cut Pro, to sort rushes
and synchronize the audio from different sources (camera, boom arm).

Als are thereby assistants, they will be used by every expert in the future,
given that they are configurable and customizable. For now, their main
limits are the lack of accuracy, the errors that are painful to fix, and the
lack of subtlety. More importantly, they are not yet able to doubt, nor
admit their errors or their ignorance.

In my everyday life, Als fascinate me, I'm not afraid of those. I've writ-
ten a thesis on sci-fi and fear of the machines, from Charlie Chaplin to
Terminator. Since then, "Al" by Spielberg narrated the opposite scenario,
where the Al is more sensitive than humans.

Thank you for your answers, it was very informative!


https://www.imdb.com/title/tt0212720
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Résumé : A l'écran, la musique permet de com-
muniquer, a travers des codes culturels établis, des
émotions ou des éléments narratifs clés. Cette com-
munication repose non seulement sur un choix judi-
cieux de morceaux pour la bande son, mais aussi sur
leur synchronisation avec les événements saillants de
la vidéo. La tache qui consiste a conseiller et réaliser
cette association est au centre de l'industrie de la su-
pervision musicale, et s’effectue traditionnellement a
la main.

Dans cette these, I'on étudie I'automatisation des
taches liées a la supervision musicale. La quéte de
la musique idéale n’a généralement pas de solution
unique, puisqu’en plus de I'analyse des contenus au-
diovisuels, il faut tenir compte de contraintes légales
et budgétaires. Nous procédons donc par recomman-
dation. Alors qu'une quantité toujours croissante de
musique est produite chaque jour, il est raisonnable
d’envisager une approche par apprentissage. Plus
précisément, nous utilisons I'apprentissage métrique
pour produire des représentations communes aux
données musicales et visuelles.

Dans un premier temps, nous abordons un probleme
de similarité musicale, dont le but est délargir le

Titre : Apprentissage métrique pour la recommandation vidéo-musique

Mots clés : analyse audio, analyse d'image, apprentissage métrique, recommandation

champ de recherche dans les catalogues musi-
caux. Nous implémentons une imitation efficace d’'une
métrique de similarité par criteres, applicable directe-
ment aux fichiers audio non annotés. Cette méthode
repose sur des réseaux de neurones convolutionnels
entrainés a reproduire des listes de recommanda-
tion. Puis, nous nous concentrons sur la recomman-
dation directe de musique a partir d’'une vidéo. Nous
adaptons un systéme autodidacte simple et montrons
comment en améliorer les performances, grace a de
meilleures représentations audio en entrée et un ap-
prentissage de leur agrégation temporelle. Nous me-
nons ensuite une étude quantitative et qualitative sur
les clips musicaux, afin de mieux comprendre com-
ment y sont articulés les événements audio et vidéo.
Nos résultats démontrent avec quel soin la musique et
I'image peuvent étre synchronisés, mais aussi que le
niveau de co-occurrence des différents événements
dépend de plusieurs critéres, tels que le genre musi-
cal ou vidéo. A partir de ce constat, nous présentons
le premier systéme de recommandation dédié a la su-
pervision musicale : le Seg-VM-Net, qui tient compte
a la fois du contenu et de la structure pour apparier
musiques et vidéos.

Abstract : Music enhances moving images and al-
lows to efficiently communicate emotion or narrative
tension, thanks to cultural codes common to the film-
makers and viewers. A successful communication re-
quires not only a choice of tracks matching the video’s
mood and content, but also a temporal synchroniza-
tion of the audio and visual main events. This is the
goal of the music supervision industry, which traditio-
nally carries out the task manually.

In this dissertation, we study the automation of tasks
related to music supervision. The music supervision
problem generally doesn’t have a unique solution, as it
includes external constraints such as the client’s iden-
tity or budget. It is thus relevant to proceed by recom-
mendation. As the number of available musical videos
is in constant augmentation, it makes sense to use
data-driven tools. More precisely, we use the metric
learning paradigm to learn the relevant projections of
multimodal (video and music) data.

First, we address the music similarity problem, which

Title : Metric Learning for Video to Music Recommendation

Keywords : audio analysis, image analysis, metric learning, recommendation

is used to broaden the results of a music search. We
implement an efficient content-based imitation of a
tag-based similarity metric. To do so, we present a
method to train a convolutional neural network from
ranked lists. Then, we focus on direct, content-based
music recommendation for video. We adapt a simple
self-supervised system and we demonstrate a way to
improve its performance, by using pre-trained audio
features and learning their aggregation. We then carry
a qualitative and quantitative analysis of official music
videos to better understand the temporal organization
of musical videos. Results show that official music vi-
deos are carefully edited in order to align audio and
video events, and that the level of synchronization de-
pends on the music and video genres. With this in-
sight, we propose the first recommendation system
designed specifically for music supervision: the Seg-
VM-Net, which uses both content and structure to per-
form the matching of music and video.
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