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Abstract

The automatic recognition and retrieval of faces can be a useful tool for exploiting
and promoting large datasets, such as the archival collection of TV shows stored
by INA. Although face recognition solutions have improved dramatically in the last
decade, they unfortunately remain prone to mistakes, more especially with a large
number of faces and a large number of different identities.

The various TV shows are however quite standardised, meaning that it is most of
the time easy for anyone to tell what a TV show is about in a glimpse, be it a sport
show, an entertainment show or a newscast. Though implicit, this standardisation of
the TV shows applies in numerous ways, from the visual appearance of the show to
the broadcast time. Moreover, we also know that the contextual information plays
a major role in helping the human brain recognizing people, and that, in fact, we
seldom recognize people based on their facial appearance only. This also applies
to TV shows, where the various contextual information can help us identify who is
likely or not to appear in a given show.

The goal of this thesis is to identify and to exploit the contextual modalities avail-
able and potentially useful for the identification of the people appearing in TV shows.
For each one of these modalities, we extract the information as a feature descriptor
which can be combined to the facial feature descriptor to either retrieve other in-
stances of the same person or to identify them.

More especially, we focus on how the social relationships of the people appearing in
the shows make them more likely to appear with some people than with others. We
introduce an unsupervised method for identifying simultaneously the participants of
a TV show, by estimating their probably to appear together based on previous unan-
notated observations.

We also study the visual context of the shows and we highlight how the background
and other visual cues can help to successfully identify difficult faces.

Finally, we explore how useful can be the contextual modalities such as the time of
broadcast or the thematic tags assigned to each show, by evaluating the improve-
ment they bring on the face recognition task and how redundant they can be with
the other modalities.
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Résumé

L’identification automatique et la recherche par similarité des visages peut s’avérer
étre un outil utile pour la fouille de grandes bases de données telles que les archives
télévisuelles de 'INA. Bien que les outils de reconnaissance faciale aient grandement
progressé récemment, ils ne sont pas pour autant exempts d’erreurs, notamment
lorsque la quantité de visages et le nombre de personnalités a reconnaitre devien-
nent trop grands.

En revanche, les programmes télévisés sont généralement tres codifiés, de telle
maniere qu’il est aisé pour chacun de dire en quelques secondes d’'une émission
s’il s’agit d’'une émission sportive, de divertissement ou d’actualité. Cette codifica-
tion des programmes, bien qu'implicite, peut s’étendre de 'apparence visuelle du
plateau au choix du créneau horaire. Par ailleurs, nous savons aussi aujourd’hui que
le contexte, au sens large, joue un role important pour le cerveau afin de reconnaitre
des individus, et que 'on ne reconnait en réalité que tres rarement des visages de
par leur apparence seule. Ceci s’applique aussi bien évidemment aux programmes
télévisés, ou ces informations nous permettent donc de prédire qui est susceptible
ou non de participer a une émission donnée.

L’objectif de cette these est ainsi d’exploiter 'ensemble des informations contextuelles
disponibles et potentiellement utiles pour lidentification des personnalités appa-
raissant dans les programmes télévisés. Pour chacune de ces modalités, nous en
extrayons l'information, qui combinée aux descripteurs faciaux des sujets a recon-
naitre, permettra d’améliorer la recherche de nouvelles instances ou la classification
des visages.

Nous nous intéressons notamment aux relations sociales entre les différents partici-
pants faisant que certains sont plus susceptibles d’apparaitre ensemble a la télévision
que d’autres. Nous proposons ainsi une méthode non-supervisée pour identifier si-
multanément ’ensemble des participants a un programme télévisé, en estimant leur
probabilité d’apparaitre conjointement.

Dans une seconde partie, nous nous intéressons aux informations contenues dans le
contexte visuel des programmes télévisé et montrons que les arriére-plans visibles a
I’écran peuvent aider a d’identifier avec succes les visages ambigus.

Nous explorons aussi les modalités contextuelles telles que les heures de diffusion
ou les catégorisations thématiques des programmes, pour lesquelles nous évaluons
I'apport d’informations utiles a la reconnaissance des participants ainsi que leur re-
dondance avec les autres modalités étudiées.

3

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Acknowledgments

Je tiens tout d’abord a remercier Christophe et Stefan, pour leur encadrement ainsi
que leurs conseils tout au long de ces trois années.

Je souhaite aussi remercier Pierre, bien évidemment, pour son aide et son implica-
tion sans lesquelles ces travaux n’existeraient tout simplement pas !

Merci beaucoup, aussi, a 'ensemble de I’équipe de la recherche de I'INA, que ce soit
pour nos échanges constructifs comme pour leur accueil et tout le reste. Je pense
en particulier a Nicolas, Agnes, Zeynep, Louis, Laurent, Steffen, Abdelkrim, David,
Rémi, et tous les autres.

Un grand merci aussi a Valérie et a Elisabeth, pour leur aide lorsque 'on a besoin
d’elles, ainsi que pour leur bonne humeur !

Merci a mes parents pour m’avoir permis de suivre les études que je souhaitais.
Merci Yousra, pour m’avoir accompagné et soutenu ces trois années et pour tout le
reste.

Merci, enfin, a tous ceux qui prendront la peine de lire cette theése, et notamment
aux rapporteurs !

5

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Contents

Abstract

Résumé
Acknowledgments
Table of Contents
List of Figures
List of Tables

1 Introduction
1.1 Motivation . . . . . . . . e e e e e e e e e e e e e e e
1.2 Problem statementand goals . .. ... ................
1.3 Contributions . . . . . . . . . . . e e e e e
1.4 Publications . . . . . . . . . . ... e e

I Related works

2 Research background on face analysis
2.1 Facerecognitionmethods . .. ... ... ... ............
2.1.1 Historicalmethods . . . . ... ... .. ... ... ... ...
2.1.2 The neural networks revolution for face recognition. . . . . .
2.2 Pre-processing methods . . ... ... ... ... ... ... .....
2.2.1 Face detection algorithms . . . .. ... ... ... ......
2.2.2 Facenormalisation . . . . ... ... ... ... .......
2.3 Face recognition datasets and evaluation . . . . ... ... ......

3 Research Background on contextual information
3.1 The context for person recognition in cognitive science . . . . . . . .
3.2 Context for items recognition . . . ... ... ... ... ... ...,
3.3 Visualcontext . . . . . . ...

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés

11
13

15
15
17
17
18

19

21
21
21
23
25
25
25
25



Table of Contents

3.3.1 Handcraftedfeatures . . . . ... ... ... ... ....... 32
3.3.2 Scenes classification with Deep Neural Networks . . . . . .. 32
3.3.3 Multi-modal and joint feature space learning . ... ... .. 33
3.4 Socialcontext . . . . . . ... e e e 34
3.4.1 Social contextin socialmedia . . . ... ... ... ...... 34
3.4.2 Social context in photo albums and movies . . ... ... .. 36
3.5 Temporalcontext . . . . . . . . . . . i v i i it 37
3.5.1 Timeseriesanalysis . .. .. ... ... ... ......... 38
3.5.2 Time representation . . . . . . . . . .. ... ... 38
3.6 Other contextual modalities . . . . .. ... ... ... ........ 39
3.6.1 Categorical contexts . . . . . . .. ... ... 40
3.6.2 Location Context . . . . . . . v v v v v v v v v e 41
3.6.3 Audiomodality . . .. ... ... ... ... ... ... 41
3.6.4 Optical character recognition . . . ... ... ... ...... 41
3.7 Conclusion . . ... ... .. ... e 41
II Contributions 43
4 Base model training and datasets 45
4.1 Facerecognitionmodel . . . . .. ... ... ... ... ..., 45
4.1.1 Training . . . . . . . o e e e e e e e e e e 45
4.1.2 Inference . . . . . . . . . i i e 46
4.1.3 Trombinos. . . . . ... ... ... 47
4.2 Availabledata . . . . ... .. ... 50
4.2.1 Scrapped face imagedataset. . . . . . ... ... ... .... 50
4.2.2 Co-Occurring Facesin TVdataset . . . ... .......... 51
4.2.3 INA archival collection . . . . . ... ... ... ... ..... 52
4.2.4 Limitations of the available datasets . . .. ... ... .... 54
5 Social context 57
5.1 Introduction . . . . . . . . . . . . e 57
5.2 Dataset . . ... e e e e e e e 58
5.3 Methodology . . .. ... ... . . .. .. e 59
5.3.1 Mainapproach . .. ... ... ... .. ... .. .. ..... 59
5.3.2 Clusteringmethods . . . ... ... ... ... ......... 61
5.3.3 Co-occurrence matrix . . . . . . . . ..o i e e 62
5.3.4 Combining contextual features for each program . . ... .. 65
5.4 Experiments . . . . . . . . . . o i ittt e e e e e e 66
5.4.1 Experimentssetup . . . . . . . . . . ... 66
5.4.2 Baseline . ... ... ... . ... .. 67
5.4.3 Internal queries results and analysis . . .. ... ....... 67

8

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Table of Contents

5.4.4 External queries results and analysis . . . ... ... ..... 71
5.4.5 Supervisedsetting . ... ... ... ... ... e 71
5.4.6 Computationalcost. . . . . ... ... ... ... ..., 73
5.5 Conclusion . .. ... ... .. ... 74
6 Categorical context 77
6.1 Introduction. . . . . . . . . . . . . . e 77
6.2 Dataset . . . . . . .. e e e e 78
6.3 Proposedmethod . . .. ... ... .. ... ... ... ... ... 78
6.3.1 Correspondence Analysis . . ... ... ... ......... 80
6.3.2 Results. . . . .. ... e 81
6.4 Co-occurrences embeddings and CA embeddings fusion. . . . . . .. 82
6.4.1 Embeddings concatenation and ablation study . . . . . . . .. 83
6.4.2 Inter-modality embeddings reconstruction and information re-
dundancy . . .. ... .. ... 84
6.5 Conclusion and perspectives . . . . . . . . . ... .. .. ... 85
7 Visual context 87
7.1 Introduction . . . . . . . . . . . e e e e 87
7.2 Dataset . . . ... e e e e e e e e e 88
7.2.1 Motivation . . . . . . ... e e 88
7.2.2 Datasetstructure . . . . . . . . . . . .o .t 88
7.3 Methodology . ... ... ... . ... 89
7.3.1 Tripletformation . . ... ... ... ... ... ... ... .. 90
7.3.2 Modellearning . . . ... .. ... ... ... . .. .. ..., 91
7.4 Evaluation of the visual descriptor . . . . . ... ... ... ..... 92
7.4.1 Evaluation and comparison on our testset . . . . . . ... .. 92
7.4.2 Qualitativeresults . . . . . .. ... . . .. e 93
7.5 Evaluation for face recognition . . ... ... ... ... ....... 94
7.5.1 Evaluation on a face verification task of doppelgangers . . . . 94
7.5.2 Evaluation on a classificationtask . . . . .. ... ....... 96
7.6 Identifying difficultfaces . . . . . . ... ... ... ... ... . ... 98
7.6.1 Intuition. . . . . . .. .. ... .. 99
7.6.2 Proposedapproach . ... ... ... ... ... ... ... . 100
7.6.3 Results. . . .. ... . ... 103
7.7 Conclusion . .. ... .. ... 104
8 Temporal context 105
8.1 Introduction . . . . . . . . . . . . . . e 105
8.2 Neural networks for time representation . . . . .. .. ... ... .. 106
8.2.1 Methodology . . ... ... ... ... ... ... ... 106
8.2.2 Modelandlearning. . . .. ... ... .. ... ........ 106
9

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Table of Contents

8.2.3 Dataset, limitation and sampling . . .. ... ... ...... 107

8.3 Experimentsandresults . . ... ... .. ... ... ... ...... 111

8.3.1 Doppelgangers verificationtask . . . .. ... ......... 111

8.3.2 C(Classificationtask . . ... ... ... ... ... ..., 112

8.3.3 Interpretation . . . . . . . . . ... ..o 113

8.4 Conclusion . . ... .. ... .. ... e 116

9 Conclusion 119

9.1 Contributions . . . . . . .. ... e 119

9.2 Ethical considerations . . . .. ... ... ... ... 120

9.3 Perspectives and futureworks . . . . .. ..o oL 122

Bibliography 123
10

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



List of Figures

1 Introduction
1.1 Available contextual meta-data . . . . . . . . . . . .. ... .. ...

2 Research background on face analysis
2.1 Kanade descriptors. . . . . . . . . v i it i e e e e e
2.2 FEigenfaces. . . . . . . . . ... ..
2.3 Tripletloss. . . . . . . . . e
2.4 Common face recognition model pipeline. . ... ... ........

3 Research Background on contextual information
3.1 Full, cropped and masked elements from LFW.. . . . . . ... .. ..
3.2 Joint representation learning for text and images. . . . . ... .. ..
3.3 Social context usingaseed. .. ... ... ... ... ... ...,
3.4 Social context withoutaseed. . . . . . ... ... ... ... ...,
3.5 [Iterative process for the social context. . . . ... .. ... ......
3.6 Scalar timestamps classification pipeline. . . . . . ... ... ... ..

4 Base model training and datasets
4.1 Residual learning building block . . . . . ... ... ... ... ...
4.2 Trombinos dashboard. . . ... ... ... ... ... ... .....
4.3 Trombinos image analysis results screen. . . . . . . ... ... ....
4.4 List of detected faces associated to Michael Keaton by Trombinos. . .
4.5 List of TV shows in which Michael Keaton has been identified by Trom-
binos. . . . ..
4.6 Examples of scrapped faceimages . . . . . ... ... ... ......
4.7 Examples from our dataset Co-Occurring Facesin TV. . . . . ... ..
4.8 Examples of frames from the 366K hours of processed TV shows.
4.9 Examples of positive pairs of visual contexts. . . . . .. ... ... ..
4.10 Example of doppelgangers pair used for the face verification task. . .

11

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés

15
16

21
22
22
24
26

29
31
34
35
36
37
40

45
46
48
48
49

49
51
52
53
53
54



List of Figures

5 Social context 57
5.1 Examples of strong social contexts. . . . . ... ... ... ...... 57
5.2 proposed pipeline for social context-aware face recognition. . . . . . 59
5.3 Similarity matrix between identities. . . . . ... ... ... ... .. 64
5.4 Center of mass VS geometricmedian. . . . . .. ... ... ...... 66
5.5 mAP overinternal queries. . . . . . . ... ... L. 68
5.6 AP variation from baseline to best model. . . . . ... ... ... .. 69
5.7 Impact of the number of instances co-occurring with the query. . .. 70
5.8 Impact of the number of instances of the requested identity. . . . . . 71
5.9 Impact of the parameter k for the approximated soft-clustering. . . . 72
5.10 mAP over external queries. . . . . . . . . . ... 74
5.11 mAP in a supervised setting . . . . . ... .. ... ... ... .. .. 75

6 Categorical context 77
6.1 Categorical tagsexamples. . . . . . . ... ... ... ... 77
6.2 Descriptive tags distribution. . . . . . .. ... ... oL oL 79
6.3 T-SNE projection of tags embeddings. . . . . . ... ... ... .... 81
6.4 mAPonthequeryset. . ... .. ... ... ... ... ... ... 82

7 Visual context 87
7.1 Examples of strong visual contexts. . . . . . . . . ... ... ... .. 87
7.2 Sample visual context from our dataset. . . ... ... ... ..... 89
7.3 Variation of performances due to faces blurring. . . . . ... ... .. 92
7.4 Distribution of distances of similar and dissimilar visual contexts. . . 94
7.5 Qualitativeresults. . . . . . . ... .. 95
7.6 Dense clusters in the facial featuresspace. . . . . ... ... ... .. 100
7.7 Samples of high density clusters in the facial features space. . . . . . 101
7.8 Density of correctly and incorrectly classified queries. . . . . . . . .. 101

8 Temporal context 105
8.1 Examples of events occurring periodically. . . ... .. ... .. ... 105
8.2 Distances distribution for positive and negative pairs of timestamps. . 108

8.3 Period-weights pairs learned using the adapted Time2Vec approach. . 109
8.4 Weights associated to fixed time periods learned using the adapted
Time2Vec approach. . . . . . . . . . .. ... ... ... .. ..., 110
8.5 Distribution of timestamps pairs distances from the training set mod-
ulo different time periods . . . . .. ... ... .o 114
8.6 ROC-AUC score over the timestamps test set for various time periods. 116
12

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf

© [T. Petit], [2022], INSA Lyon, tous droits réservés



List of Tables

5 Social context
5.1 mAP over 9,820 internal queries under different configurations, for
300 additional components. . . . . . .. ... ... ...
5.2 Mean Average Precision over 3,770 external queries under different
configurations, for 300 additional components. . . .. ... ... ..

6 Categorical context
6.1 mAP in the retrieval task in both modality and for their concatenation
for various number of components. . . . . ... ... ... ...
6.2 mAP in the retrieval task in both modality and for their concatenation
for various number of components. . . . . ... ... ... ... ...
6.3 mAP precision using different modalities for the gallery set and the
query set. When the modalities do not match, the modality of the
gallery set is reconstructed through CCA. All the results are for 100
contextual COMPONENtS. . . . . . . . v v v v v vt

7 Visual context
7.1 Average accuracy + standard deviation with 5-fold cross-validation
OVEr OUI teSt SEL. . . . . v v v vttt e e e e e e e e e e
7.2 Average face verification score over both splits . . . . . ... ... ..
7.3 [Initial classification score. . . . . . ... ... ...
7.4 Classification with improved merging strategies. . . . . . . . ... ..

8 Temporal context

57

67

73

77

83

84

84

105

8.1 AUC-ROC on the test set of timestamps under different configurations 111

8.2 Average face verification score over both splits . . . . . ... ... ..
8.3 Classification score over 4,826 queries . . . . . . . . ... ... ...

13

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés

112



Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



Chapter 1

Introduction

1.1 Motivation

INA is a french public company whose goal is amongst others to archive french tele-
vision broadcasts. To this day, the archival collection of INA contains over 20 million
hours of TV shows. Because INA captures in real time about 170 TV and radio chan-
nels, this collection increases by almost 1.5 million hours every year.

For this reason, being able to fully or partially automate the archival collection an-
notation, and more specifically to automate the person recognition task, is a major
industrial matter for INA. A face retrieval tool based on facial similarity, or a face ver-
ification model, will find many uses for documentation ends, for example by helping
archivists with name suggestions for labelling unknown faces, but also for promot-
ing the archival collection by allowing users to browse content that has not yet been
labeled manually, and would have remained inaccessible otherwise.

While automatic facial recognition has seen considerable improvements in the last
decade, thanks especially to the advances in machine learning, the performance of
these algorithms is not perfect yet when applied to large scale datasets like INA
archival collection. Also, the fact that the state-of-the-art performance for facial
recognition models have been obtained using enormous private datasets of large
digital media companies such as Facebook or Google suggests that we are unlikely
to outperform them without a similar amount of annotated data [SKP15].

However, we assume that the specificity of the INA archival collection could be lever-
aged to help identify the participants of TV shows and hence improve these generic
face recognition models. Indeed, television programs are often standardised in many
ways that implicitly describe what kind of show they are and what people are likely
to appear in them. These codes describing the TV shows can be observed in various
aspects such as the television schedule, the visual appearance of the TV sets, the
people appearing in them, and many more.

Moreover, we also know that the contextual information, such as the visual back-

15

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



CHAPTER 1. INTRODUCTION

ground or the location at which they are usually seen, plays a major role in the
recognition of people for human agents; we implicitly learn contextual information
alongside pure face appearances to help us recognize people, to the the extent that
we may fail at recognizing known faces, were they to appear in unexpected settings.
In practice, however, this occurs quite rarely and such information thus proves to be
very useful.

For these reasons, we aim at exploring and exploiting the contextual information of
the TV shows in this thesis in order to better identify the participants appearing in
them.

TV stream capture Third-party provider INA archivists

v

Partial names list
Detailed summary

Timestamps Titles
Visual context Tags

Figure 1.1: Available contextual meta-data provided at various steps for the INA archival
collection.

The contextual meta-data available in the archival collection of INA are gathered at
different steps and by different actors. First, some information is directly available
from the capture of the TV stream: it is the case for the date and time of diffusion,
the visual information contained in the video, and so on. Additional information
is later provided by third-party companies which detail roughly the TV shows with
their titles and a few descriptive tags. Finally, the INA archivists will enrich these
information with more details like a non-exhaustive list of the participants occurring
in the shows, a detailed summary, and more (see Fig 1.1). Due to the cost these
annotations, the more detailed the provided information is, the least frequent it is
across the collection; hence, even though the timestamps and visual information are
available for every show, the descriptive tags are not always provided, and the list of
participants and detailed summaries are only available for a few shows among the
most interesting ones (mainly TV news in the main channels).
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1.2. Problem statement and goals

1.2 Problem statement and goals

Our first goal in this thesis is to identify the contextual modalities of interest in the
scope of person identification or retrieval. Our second objective is to find an optimal
fusion scheme for both the facial appearances and the contextual information that
maximize the score on these tasks. Those two goals will often be addressed simul-
taneously. To do this, we will consider the contextual information that is available
to us and try to learn a continuous embedding from it. The advantage of continu-
ous vector representations is that they can easily be merged with pre-existing facial
feature embeddings. By providing complementary information, we aim at reaching
more accurate and more confident person recognition results.

It is to be noted that while our ultimate goal is indeed to identify the faces appear-
ing in TV shows, the facial recognition problem itself does not lie in the scope of
this thesis: instead, we want to devise a solution that takes advantage of the var-
ious contextual modalities but that is independent for the choice of facial feature
embeddings and could be used with different face recognition models.

1.3 Contributions

Our contributions are the following:

Chapter 5 details our works on leveraging the statistical information of the rela-
tionships between the participants within the shows. We introduce an unsupervised
method for taking advantage of the fact that many people tend to occur together
on different TV shows. By identifying the different faces appearing in a query TV
show simultaneously, we have been able to improve the performance on the task of
retrieving other faces of the same individuals in a large gallery set of TV shows. This
is done by identifying the frequent identities appearing in the gallery set and by com-
puting a social embedding for each one of these identities that describe with whom
they are the most likely to appear. When merged with the facial feature descriptors,
these social embeddings describe more precisely the identity of the participants of
the TV shows and hence improve the retrieval of other instances.

In Chapter 6, we investigated how categorical descriptive tags could be used to this
same end, and showed that they could indeed lead to an improvement in retrieving
other instances of people. However, we have also been able to observe that the infor-
mation conveyed in these categorical tags tends to be redundant with, though less
precise than, the information derived from the simultaneous co-occurrences of the
participants in several TV shows, leading us to revise our appreciation of this source.
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CHAPTER 1. INTRODUCTION

Chapter 7 focuses on the visual information surrounding the faces in the image. We
studied how a TV show can be described by its visual context and its visual back-
ground and how they can contain information about the people appearing in this
same show. By building a large dataset of TV frames, we have been able to learn
a model for extracting visual embeddings specific to TV shows. We show that this
visual context embeddings can be beneficial for distinguishing different faces in am-
biguous cases. Several approaches have been experimented in order to identify these
ambiguous or difficult cases.

Finally, Chapter 8 describes how we also tried to take advantage of the temporal
information present in the broadcast schedule. After determining that the temporal
information in the broadcast time of the TV shows can be broken down into linear
and periodical information, we used a recently proposed frequency transform based
on deep learning to identify the relevant periods at which people are likely to appear
again on TV. This allowed us to learn a vector representation of scalar timestamps
to enrich the facial feature descriptors.

All of these experiments have been made possible by the development of several
datasets, build for the purpose of investigating the contribution of the various con-
textual modalities within the scope of person identification or retrieval. These datasets,
which are made public, are to our knowledge the largest ones built specifically with
a focus on the contextual information of TV shows. They are described in detail in
Chapter 4.

1.4 Publications

Parts of the works described in this thesis have been introduced in the following
publications:

* Thomas Petit, Pierre Letessier, Stefan Duffner, and Christophe Garcia. Unsu-
pervised learning of co-occurrences for face images retrieval. In Proceedings of
the 2nd ACM International Conference on Multimedia in Asia, pages 1-7, 2021

* Thomas Petit, Pierre Letessier, Stefan Duffner, and Christophe Garcia. Exploit-
ing Visual Context to Identify People in TV Programs. In International Con-
ference on Computer Analysis of Images and Patterns, pages 220-230. Springer,
2021

These publications correspond in particular to the chapters 5 and 7 of this thesis,
which address the issue of the social context and the relationships between the par-
ticipants of TV shows, and the background and visual context.
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Chapter 2

Research background on face analysis

The facial recognition task, being closely related to the human-machine interaction
problem, arose quickly as a major milestone in the artificial intelligence domain.
Thus, despite being a complex issue, the automatic recognition of faces has been
studied very early compared to other computer vision problems. Because the de-
vise of an optimal facial feature descriptor is not the ultimate purpose of this thesis,
we will not go into much details into the large range of existing methods for face
recognition. We will, however, describe shortly the early methods of automatic face
recognition and explain the current state-of-the-art approaches for identifying faces,
upon which we will develop the contextual information analysis.

An overview of the current state-of-the-art methods for contextual information anal-
ysis for person recognition is available in Chapter 3.

2.1 Face recognition methods

2.1.1 Historical methods

The very first attempts at describing mathematically human faces where quite naive:
they consisted in identifying facial landmarks such as the edges of the eyes or the tip
of the nose, using a simple edge detector [Kan74]. The faces were finally described
as a sequence of handcrafted features like the ratio of distances between some of
these landmarks, or the angles between them. Such features are depicted in Fig. 2.1
Of course, this method was very inefficient and inapplicable as soon as the lighting
was insufficient or the subject was not facing properly the camera.

Later emerged a novel approach, following the increased computational power avail-
able at the time: the Eigenfaces [TP91, BHK97], and shortly later the Fisherfaces
[CLY*92, BHK97]. Both methods consist in decomposing the face images to analyze
into a combination of principal components.

The Eigenfaces are obtained after performing a Principal Component Analysis (PCA)
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on a training set of face images. Each face image to analyze is then decomposed
as the sum of the average face of the training set and a linear combination of these
principal components, called eigenfaces. Examples of such principal components are
illustrated in Fig. 2.2. The more components are retained, the more precise the
reconstruction is supposed to be. The Fisherfaces method is quite similar, except
that the principal components are obtained through a Linear Discriminant Analysis
(LDA), allowing them to better represent the extra-class variance while being more
robust to intra-class variance (i.e. being less sensitive to the variations of appearance
of a single person).

These methods, despite being much more effective than the previous ones, still suf-
fered from the same flaws: the necessity for the face images to be sufficiently lighted,
perfectly frontal and aligned. However, they set the path to automatically learned
features by showing that they could be more efficient than handcrafted ones.

Another popular image feature representation used to describe images is based on
the Scale Invariant Feature Transform (SIFT) [Low04], which have been widely used
after their introduction for various computer vision tasks, like object detection or
recognition with promising results. Many attempts have then followed to apply
them on face recognition problems [BLGT06, GJ09, LMT*07]. SIFT descriptors are
128-dimensional vectors describing the local gradients of the image around some
specific keypoints. Their main advantage compared to the previously used image
descriptors is that they are supposed to be invariant in regard to scale, rotation
or translation of the image, which allows for more robustness w.r.t. to common
face image variations and different acquisition conditions. However, they rely on
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2.1. Face recognition methods

the detection of prominent facial landmarks, which may be difficult under more
challenging acquisition conditions. Moreover, these handcrafted features may not
capture all intra-class variation and at the same time remain discriminative for an
increasing number of faces to recognise.

2.1.2 The neural networks revolution for face recognition

Like many other pattern recognition and computer vision problems, automatic face
recognition solutions benefited greatly from the leap of performance enabled by the
neural networks and more especially the convolutional neural networks [LBB"98,
Sch15] revived by ImageNet [KSH12]. Hence, even if neural networks had already
been used for facial recognition [LGTB97] in the past, it is only much more recently
that they achieved satisfying results on a large scale and that they draw attention
again.

The face recognition challenge encompasses several different issues, like, face veri-
fication, classification, or clustering. Hence, the basic frameworks proposed for sev-
eral image classification problems [KSH12, KH*09, SWT13] need to be expanded.
The goal is to be able to compute a numerical representation of a face, depending
only on the identity of that face, and independent of other factors such as luminos-
ity, facial expressions, poses, etc. Some tried to learn such descriptors using directly
the last features layers from face classifiers [TYRW14, OWJ18, CWW'13], the clas-
sification being an easier problem to solve. But such descriptors are most of the
time unfit to measure distances, as descriptors coming from different faces might
not be sufficiently distinct. Indeed, in comparison to other classification tasks, the
face classification problem deals with a higher intra-class variance and a lower extra-
class variance. To tackle this issue, others proposed to add a margin, i.e. stronger
constraints, on the commonly-used cross-entropy loss [LWY*17, DGXZ18] that will
allow to better differentiate them.

However, the best results have been achieved by using innovative loss functions that
directly implement the goal to gather similar faces and distinguish dissimilar ones.
The contrastive loss [CHL*05], for example, tries to maximize the distances between
negative pairs of faces (belonging to different individuals), while minimizing the dis-
tances of positive pairs (belonging to the same person).

One of the more efficient loss function for that case is the widely-used triplet loss
[SKP15]. It is also worth mentioning that it was first introduced for a face recogni-
tion problem. The triplet loss takes as input triplets, consisting of 3 elements forming
a positive pair and a negative one. The condition described by the triplet loss is re-
spected when the distance of the positive pair is lower than the one of the negative
pair. Mathematically, the loss T'L to be minimized, for a distance of the positive pair
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CHAPTER 2. RESEARCH BACKGROUND ON FACE ANALYSIS

d, and a distance of the negative pair d,, is calculated as:
TL = max(0,d, — d, +m) 2.1)

where m is a margin value. The triplet loss principle is illustrated in Fig 2.3.

Learning

O Negative O Negative
d d
Anchor 2 Anchor 2
Q- O
m

Positive Positive

Figure 2.3: Principle of the triplet loss as explained in [SKP15].

Triplets selection is a critical aspect of the efficiency of the triplet loss. Sampling only
easy triplets will mean that the condition d, +m < d,, will quickly be reached and the
model will stop improving. To prevent this and allow the neural network to reach its
full potential, triplets should be sampled in order to ensure that the condition over
the positive and negative distances d, + m > d,, is respected.

Several triplets selection strategies have been proposed in order to solve this issue.
In [SMN*17, WZL17], similar identity classes are identified and the negative ele-
ment of each triplet is sampled only amongst the most similar classes. This way, the
probability for the negative distances d,, to be inferior to the positive ones d, is in-
creased, leading to a faster optimization of the model. Another solution is to sample
dissimilar positive pairs against similar negative ones [SMO"18]. This allows the
very best triplets to be sampled at each iteration. However, this requires to track
the embedding values of each element of the training set, which can be challenging
depending on the training set size as well as the fact that the embedding values are
constantly updated with the learning model. Moreover, using hard triplets early in
the learning process can lead to converging in bad local minima. Hence, these hard
triplet mining strategies are better used at the last stages of the model optimization
and "semi-hard" triplets are favoured first.
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2.2 Pre-processing methods

2.2.1 Face detection algorithms

Face detection is the very first step in the facial recognition pipeline and a problem on
its own. The first solutions proposed were based on handcrafted features. Among
them, the Viola-Jones face detector [JV0O3] has been considered the state-of-the-
art for a long time. The current state-of-the-art is now unsurprisingly based on
convolutional neural networks, like for most computer-vision related tasks. The
problem of detecting faces in regular settings can now be considered solved [FSL15,
LJL15] and the focus has shifted on detecting faces in challenging conditions in
terms of pose, scale or occlusion [YLLT16].

2.2.2 Face normalisation

Normalisation is an important step in the facial recognition pipelines. The perfor-
mances of neural networks depends greatly on the the quality of the input images.
A good facial recognition model might be unable to recognise a face if it is tilted,
occluded, or without enough light. In order to tackle this, the input images are most
of the time transformed into a standardized form. The most common pre-processing
steps consist simply in aligning the faces using a few facial landmarks [WJ19, BT17],
like the eyes position. Some works tried to go further, by transforming the input im-
ages into new face images in a standardized setting. One method is to project the
initial face image into a 3D face model [MRMN16, ZLY" 15, HHPE15]. Another way
is to use generative models to produce an aligned image to be fed to the facial recog-
nition model itself [TYL17, HZLH17, DGO7].

However, despite how innovative these approaches seem, they do not yield good
results. Any artifact appearing in the output of the generative models or 3D face
models will be conveyed to the face recognition model and amplified, making them
not reliable. For this reason, the state-of-the-art methods for face recognition rely
mostly on training using a large number of inputs selected in various conditions, the
neural networks being good at scaling up and generalizing on diverse data [SKP15].

A generic face recognition pipeline, from the pre-processing steps to the final deci-
sion, is depicted in Fig. 2.4. The decision step can vary, from a classification layer in
a CNN to a k-NN classification method.

2.3 Face recognition datasets and evaluation

With deep-learning methods becoming the leading methods for face recognition
problems in the last decade, the amount and quality of available datasets appeared
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Figure 2.4: Common face recognition model pipeline.

to be critical in reaching optimal results, as the historical datasets led to a plateau
of recognition performance. Many datasets have then been proposed with an ever
increasing size.

Among these new larger-scale datasets, we can note the VGGFace dataset [PVZ15],
containing 2.6M images equally distributed between 2,622 unique subjects. It was
build by scrapping the images from search engines. Another dataset is the UMDFaces
[BNC*17] dataset, that is smaller, with only about 400K images of 8,277 subjects,
but contains both still images and video frames which are often more challenging.
We can also note MS-Celeb-1M [GZH*16], which has impressive statistics with a
total of 10M images of 100,000 subjects. However, it suffers from a lot of noise and
duplicates. The VGGFace2 dataset [CSX'18] is an improved version of VGGFace
with 3.3M images of 9,131 subjects. It is supposed to be more diverse but also
less noisy than the original VGGFace thanks to a semi-automatic curation process.
Though all of these datasets have been made public, it is also worth mentioning that
some state-of-the-art results have been obtained on private sets that have not been
published. Facebook has made use of a private dataset [TYRW14], but more notably
the FaceNet model [SKP15] proposed by Google has been trained on a dataset of
200M images belonging to 8M different subjects. This is by far much more than any
publicly available dataset has been able to offer, and this is also probably one of the
reasons why the FaceNet model reached state-of-the-art performances.
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2.3. Face recognition datasets and evaluation

In parallel to these various datasets, new benchmarks have also been published to
keep up with the increasing performances of the facial recognition models and the
growing size of the training sets. One early evaluation is the Labeled Faces in the
Wild (LFW) benchmark [HMBLMOS8]. It is a face verification task, meaning that it
evaluates the ability of a model to determine whether a pair of face images belong to
same person or not. It is based on 13,233 images of 5,749 different people. Another
benchmark is the YouTube Faces(YTF) benchmark [WHM11], which is similar to the
LFW except that it is based on video sequences from Youtube and not still images.
The MegaFace benchmark [KSSMB16] evaluates models both on a retrieval task
(being able to retrieve images of one person in a large gallery set) and a verification
task. It is much larger than other benchmarks as it uses 1M images of 690,572
subjects. Other benchmarks are the IARPA-Janus benchmarks: IJB-A [KKT*15], IJB-
B [WTB*17] and IJB-C [MAD" 18], which also evaluate the face recognition models
on numerous and various protocols like retrieval, verification or clustering.
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Chapter 3

Research Background on contextual
information for person recognition

The context could be defined more generally as the set of available modalities that
do not represent directly the information we are looking for, but still contain useful
clues about it. In our case, we consider as contextual information any useful infor-
mation that is not the face of a subject but that can help identify them. The context
in general has of course been less studied than the facial recognition problem in it-
self. The main reason behind this is probably because a given type of context can
be very application-specific, without being useful in the general case. Hence, even if
there are in the literature many works considering contextual information, they do
not necessarily refer to the same thing.

Among the useful contextual information for items or face recognition, we can men-
tion the surrounding visual information, the co-occurrences of different items or
people, temporal or location meta-data, and potentially any available information.
This chapter is a review of how these various kind of contexts have been used in the
literature in the objective of improving item or face recognition.

3.1 The context for person recognition in cognitive
science

The fact that some contextual information is useful for human agents to recognize
people, beside the sole facial appearances, is something that has been understood
relatively early. In 1980, George Mandler introduced the butcher on the bus effect
[Man80] after explaining how one could fail to recognize the familiar face of his
butcher simply because he saw him on an unexpected context (namely the bus),
while still being aware that he knew him from somewhere.
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CHAPTER 3. RESEARCH BACKGROUND ON CONTEXTUAL INFORMATION

In reality, the Context-shift decrement, which refers to a decrease of recognition per-
formances when the context differs from the learning to the recognition stages, has
been observed not only for faces [HBTC10] but also for objects in general [HNRO7].
This supports the fact that new faces or objects are systematically associated with
contextual information when memorized, and that this contextual information plays
a non-negligible role in recognizing people.

Similarly, in [KW82] was highlighted the fact that participants are more likely to
later recognize a person if their picture comes with some textual personal informa-
tion about them, than if their picture comes alone. Also, the information does not
necessarily have to be repeated when the faces are shown again to be better recog-
nized, even though it helps.

Other various contextual information such as the perceived wealth of a subject have
been proven to impact how well they can be identified by other people [SYH"08]: on
average, middle-class people will better recognize people they perceive as wealthy
than people perceived as poor, highlighting how such an information can play a role
in person recognition. The positive of negative emotions felt when introduced to a
new face have also been shown to impact how it is memorized [RaiO1, KM11].

Overall, it appears that the context plays a significant role for humans in the action
of recognizing people, which can not be reduced to a simple face recognition task.
We will detail below how such information has already been used to improve items
or face recognition models.

3.2 Context for items recognition

Before being considered to improve face recognition, the contextual information has
first been studied in the more generic scope of object recognition, of which face
recognition can be seen as a specific case. For example, [DMS18] showed that the
visual context itself contains a considerable amount of information about the objects
to identify, and that this should be taken into account when performing data aug-
mentation. In [ZBS*19, LSW20], the authors also showed that the visual context
can be helpful to reach better predictions in the case of zero-shot learning.

A common approach is also to consider that if several objects are to be identified in a
scene, they are likely to have some sort of semantic relationships [GB10, HGZ*18].
Likewise, in many methods proposed for the problem of action recognition in still
images, the actions are not identified directly but are inferred from the context based
on the objects identified on the image [LLX17, ZLSR17]; as we shall see in the fol-
lowing chapters, this can be compared to the way we can exploit the relationships
between people to recognize them in our own problem of face recognition.
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3.3. Visual context

Some studies [GB10, Bie72, KHO5] go further than focusing simply on the co-occurrences
of different object categories to recognize them, but they also focus on their spatial
relationships, meaning their relative positions. For example, the floor is not expected

to be detected on the upper side of an image, but rather on the lower part. [GB10]
also defines another type of contextual information useful in the case of object recog-
nition: the scale context. It consists in taking into account the relative sizes of the
different objects identified to make sure they are consistent. These two latter types

of contextual information, if they are relevant to object recognition, are much more
difficult to extend to the problem of face recognition.

3.3 Visual context

The first of the contextual modalities containing useful information for identifying
a person is probably the visual context. This is something completely natural for
humans: one will not expect seeing the same person when watching a football match
or a political debate on TV. The visual context is so important for humans that we
know that a human agent is able to achieve a score of 94.27% on the LFW protocol
for face verification when all faces are masked, meaning that only the "visual context"
(i.e. part of the hair, the body and the background) is left visible [KBBN11].

For comparison, when given only tight crops of the faces, the human agents reached
a score of 97.53% on the same task according to that same paper, and when given the
full original images containing both the faces and the visual contexts, they reached a
score of 99.20%. Example of each one of these configurations are presented in Fig.
3.1. Given how limited the visual context is on the LFW dataset, where the original
images are fairly centered on the faces, this shows how much information the visual
context can hold about the subject’s identity.

W4

Figure 3.1: Example of a full, tightly cropped and masked pair from the LFW dataset
(images from [KBBN11]).

The visual context recognition is not always studied in the scope of person recogni-
tion, but also and mostly for other purposes, like video genre classification or movie
recommendation.
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CHAPTER 3. RESEARCH BACKGROUND ON CONTEXTUAL INFORMATION

3.3.1 Handcrafted features

Some early studies tried to define the visual context using handcrafted features,
based on lighting, color or motion to classify videos into a small amount of differ-
ent categories [DMB19, Cho19] or to build a movie recommendation system based
on visual similarity [DEC*16a]. In [DMB19], the proposed model aims at classifying
videos as "talkshow" or "other". To do this, it uses heuristics such as the number of dif-
ferent shots, as well histograms of pixel colors to estimate the amount of movement.
Similar heuristics are used in [Cho19, ESS10] to classify videos in a few different
classes. In [DEC*16a], heuristics are based on features describing motion, lighting,
color, and so on.

These handcrafted features can also be combined with automatically learned fea-
tures from pre-trained neural networks [DEQC18, DCEZ*18]. In this case, numerous
handcrafted features, similar to those mentioned above, and automatically learned
features extracted from deep neural-networks are fused, for example with a Canon-
ical Correlation Analysis (CCA) in order to maximize their correlation. The goal
behind this is to reduce the number of dimensions by identifying correlations (i.e.
redundant information) between handcrafted and automatic features. The same
method can also be used to combine handcrafted visual features with categorical
information [DEC*16b].

Handcrafted features require a good knowledge of the medium that is studied in
order to be exploited; a heuristic designed to describe movies will probably not be
suitable to categorize TV shows. Moreover, these features appear to be very limited
compared to those extracted by more recent machine learning models.

3.3.2 Scenes classification with Deep Neural Networks

Later came attempts at describing the visual context of videos using neural networks
trained to classify places or scenes. Several datasets have been released to that end:
the SUN dataset [XHE'10] contains several hundreds of scene categories in vari-
ous settings. Another similar dataset is the Places365 dataset [ZLK*17]. They both
contain a large number of indoor and outdoor scene categories that are very diverse;
Places365, for example, includes categories like "igloo", "synagogue" or even "stables".
In [VN19], each frame of the input videos is classified using a classifier trained on the
SUN dataset [XHE"10], and the predictions are aggregated to classify videos into 3
different video genres: "news", "sports" or "entertainment". To do this, the frequency
of apparition of each SUN class in every one of these video genres is measured be-
forehand. At inference time, the distribution of SUN classes predicted by the model

is compared to the expected distribution for each genre.
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3.3. Visual context

The large number of various categories available in scene classification datasets like
SUN or Places365 [XHE"10, ZLK"17] is very interesting but does not make these
datasets particularly suited to learn a visual descriptor of TV frames, as most cat-
egories are not related to TV programs. These datasets are more appropriate for
identifying real world scenes, but the scenes commonly appearing in TV shows is
very different: for example, there is a large number of TV studio sets, all quite simi-
lar except for some details.

The more specific approaches trying to classify videos into different video genres
[VN19, DMB19, Cho19] are more related to what one can expect to see on TV;
[SWBR16], for example, introduces a dataset of movie trailers for classification into
4 different genres, and shows that CNN-based approaches are more efficient than
handcrafted features. However, classifying videos into only a few classes, that are
not representative of the variety of TV shows, will not be precise enough when our
goal is to identify people.

3.3.3 Multi-modal and joint feature space learning

The main flaw in these classification approaches is that they fail at capturing the
semantics behind each visual context and the similarity and nuances between each
class. A good way to access more subtle annotations, can be to make use of textual
meta-data, as textual descriptions will always be richer than single class annota-
tions. It is possible, for example, to learn a visual feature descriptor through a joint
representation of handcrafted features and "tags" describing the entries [DEC*16b].
Conversely, a multi-modal approach using both text and images can be used to learn
more precise words embeddings [ZPSG18]. In [CCP"18], a joint representation of
input images with their corresponding caption is learned, ensuring that the visual
descriptors convey semantic information. More specifically, two neural networks,
one for each modality, are used and optimized jointly through a single loss function
similar to the triplet loss [SKP15]. Hence, visual and textual representations for a
matching pair are expected to match in the joint feature space.

In [FWL14, WALB15], a joint representation is learned for images and their corre-
sponding tags through an objective function that maximizes the correlation between
the embeddings of both modalities, but also minimizes the reconstruction loss from
one modality to the other through the use of autoencoder-based methods or Canon-
ical Correlation Analysis. This approached is illustrated in Fig. 3.2.

Another option is to use an adversarial loss function, similar to those used in Genera-
tive Adversarial Nets (GAN) [GPAM*14], coupled with another loss function aiming
at minimizing the distances of the embeddings of both modality in the joint space
[XHL"19, HXL"17, ZHWP19]. The adversarial loss function is here to guarantee
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Figure 3.2: Joint representation learning for text and images as proposed in [FWL14,
WALB15].

that the embeddings of both modalities joint feature space is homogeneous and that
they do not lie in distinct regions of the space. These methods appear to be quite
effective. Their only disadvantage is that they rely on a large amount of textual
description that is not always available.

3.4 Social context

What we call the social context could be defined as the relationships between the
different people we are trying to identify. This information has been much less
studied than other more common modalities like the visual context. Hence, it has not
been formalized clearly and this term can sometimes be used to describe different
types of information. Nevertheless, the social context is an interesting source of
information when trying to identify peoples on TV, where most individuals are likely
to appear with their peers: politicians with other politicians, football players with
their team mates, and so on.

3.4.1 Social context in social media

The first use of the social context to identify people in pictures has come quite nat-
urally from the social media [SZD08, SZD10, MKT10]. The main advantages of
social media, like Facebook, is that they can access a large amount of information to
identify faces in pictures: some of them are labeled manually by the users, and can
hence be considered reliable, and the relationships between the different users are
also known. In [MKT10], it is shown that the co-occurrences of peoples in pictures
is highly correlated with the users being "friends" on Facebook. This information is
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3.4. Social context

used to identify faces in pictures where one face is already known (a "seed"). The
prediction of identities for the other faces can then be limited to the first or second
circle of friends of the seed, or be biased accordingly to their distance to the seed in
the social network, as in the example depicted in Fig. 3.3.

ﬂirst-level friends

Figure 3.3: Illustration of the approach proposed in [MKT10].

However, identifying a reliable seed is crucial in this method as an erroneous one
can deteriorate the results: if the results are satisfying when the seed is available be-
forehand, and bring significant improvement over a facial-features only model, this
is no longer the case when the seed has to be estimated through an initial identity
prediction on the unkown faces.

In [SZDO08] the face recognition problem, is treated as a joint labelling problem and
does not require to select a reliable seed. Given a picture uploaded on that social me-
dia containing n different faces {x;}<;<,, an energy function F(y|x) is defined for
all possible joint labellings y = {v;}1<i<». The joint labelling problem for faces can
then be described as an optimisation problem of the energy function E(y|x). This
energy function itself is described as the sum of two energy functions Ey,..s(y|x)
and E,ciqi(y|x). The first term Ey,..s(y|x) describes the compatibility between each
face x; and its associated labeled y;, as in a basic face recognition system. The sec-
ond term F,.q(y|x) describes the compatibility between the different identities y;
and y;. This term represents what we call the social context.

In [SZDO08], this social context term is computed based on the relationships of the
identities on the social network (friends or not friends), and the number of pictures
in which they have both been labeled previously. In the example depicted in Fig.
3.4, the energy of identities C, D and F' is lower than the energy of A, C' and F,
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CHAPTER 3. RESEARCH BACKGROUND ON CONTEXTUAL INFORMATION

making them more likely to appear together.

Esocz'al (Ca D7 F) < Esocial (A7 Ca E)

Figure 3.4: Illustration of the approach introduced in [SZD08].

These approaches achieve interesting results, but it should be noted that they take
advantage from a lot of information available in social media that rarely have an
equivalent in other real-world problems; in particular, pairs of peoples can rarely be
described as "friend" or "not-friends" in the setting of a TV show. Most of the time,
such an information can only be estimated, using for the example the number of
times these people co-occur together.

3.4.2 Social context in photo albums and movies

The social context can also be exploited for identifying people in movies [HXL18] or
in personal photo albums like the People In Photo Albums (PIPA) dataset [ZPT+15].
Several different contextual modalities are studied in [LBL*16] and applied on the
PIPA dataset. Among them, the social context is integrated through an energy func-
tion describing whether two persons already co-occurred in the previous pictures,
but giving no information about the number of times they did appear simultane-
ously. Hence are favored in the joint labelling of faces sets of identities that have
already been seen together.

In [HXL18], the social context is two-fold: it considers both person-to-event relations
and person-to-person relationships. The process here is iterative: first the identity
of each face is estimated. Based on this first inference and the visual appearance
of the images, each of these images are assigned to "events". In the case of movies,
the events can be scenes, while in the case of personal photos, they can match real
life events. Then, the people co-occurrences and the probability of each person to
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3.5. Temporal context

appear in an event are updated using these previous estimations. These steps are
iterated until convergence as shown in Fig. 3.5.

E Visual Events Person-to-event

' context assignment matching
Identities co-
occurrences

E Faces Person

E identification

Figure 3.5: Iterative process for the social context learning derived in [HXL18].

Finally, the overall identity prediction is made similarly to what is done in [SZD08]
by optimizing a unified objective function combining the visual similarities con-
straint, the person-to-event relations and the person-to-person relationships. One
drawback of this approach is that the number of events expected to be discovered in
the dataset has to be set beforehand.

A similar approach is performed in [BVS14]; all the faces appearing in the input
image are analyzed simultaneously to make a first prediction based on the facial ap-
pearances only. Then, the prediction for each face is refined using the other predic-
tions with the highest confidence scores and the co-occurrences previously observed
in a gallery set.

These methods yield very good results. However, they are limited in their ability to
be implemented in many problems. They can only be applied to identify a closed
set of identities, and it is difficult to say how they will react to a new unknown face.
Second, they have only be applied to relatively small datasets in comparison to our
needs, with only a few thousands identities and less than 100K instances.

3.5 Temporal context

Temporal information and temporal pattern recognition is a domain that has at-
tracted some attention for a wide variety of problems. However, the temporal con-
text for face recognition is not one of them. Indeed, while the temporal information
seems relevant to help identify faces appearing on TV, on which the different shows
and programs follow a regular schedule, it is not the case for more common face
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recognition problems. Some time analysis methods developed to solve different is-
sues may nevertheless prove themselves useful in our case.

There are two kinds of temporal patterns that we are interested in. The first one
corresponds to the periodic occurrences of people: most TV programs are broadcast
regularly, on a daily or weekly basis. The second one constitute the one-time events,
e.g. when one individual appears frequently over a short period of time due to some
specific news event.

3.5.1 Time series analysis

Predicting future events based on past information is a common problem to which
many solutions have been proposed. The most common way to deal with temporal
information is through time series. In this case, we consider a series of synchronous
input values. This means that the inputs are sampled at a fixed interval. For such
problems considering synchronous inputs, probabilistic graphical models, like hid-
den Markov models [RJ86] or conditional random fields [LMPO1], have been the
state of the art for a long time. They make use of hidden states to propagate infor-
mation from one timestep to the next.

More recently, recurrent neural networks like Long-Short Term Memory (LSTM)
[HS97] or Gated Recurrent Units (GRU) [CGCB14] have become a common way
to deal with sequences of synchronous inputs and progressively replaced probabilis-
tic graphical models as the current state of the art. However, these methods are not
able to process the time information itself, but only time series; they are of no use
given isolated data points at a given timestamp nor can they deal with asynchronous
series of data.

3.5.2 Time representation

What we are looking for is not predict future elements of time series but rather to
gain information from single time points based on previous knowledge. We need to
learn a time representation, or a function of time based on previous knowledge that
can be interpolated or even extrapolated to new time points.

Gaussian processes [WR96, Ras03] offer an interesting solution to estimate the value
of a time function for asynchronous inputs by estimating the probability density of
the output values at different timestamps using the observed samples as priors. This
approach can be efficient but is less reliable when fewer observations are available
during some periods of time. Also, the behavior of the estimated output function de-
pends on the choice of the kernel used. Hence, if it is possible to learn periodic func-
tions through gaussian processes, the corresponding frequencies should be known
beforehand. Other common regression techniques, like Support Vector Regression
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[DBK*97], can be also be thought of. However, they will not allow to extrapolate
periodic patterns that can be of importance in use cases like ours.

Some automatic methods have been proposed to learn a vector representation of
time using neural networks [GA16, GG17, KGE"19]. These methods, that aims at
learning a frequency decomposition of a temporal signal, are known as Fourier Neu-
ral Networks. In particular, [GG17] proposes a method called Neural Decompostion
to decompose a unidimensional time signal into its periodic components, similarly to
what a Fourier Transform can do, plus an additional non periodic component. One
of its advantage is that contrary to time-series analysis method and classical recur-
rent neural networks like LSTM or GRU, training samples need not be synchronous.
It uses a single hidden-layer neural network where each node corresponds to a si-
nusoid function. The optimization of the network is made by tuning the frequencies
and offset parameters of these nodes.

This approach has been expanded in Time2Vec [KGE™19] for multi-dimensional out-
put values. It is similar to [GG17] except that the output values are then fed to
another neural network, possibly with additional inputs. The model takes as input
a simple scalar value 7 representing the time (a timestamp) and returns a multi-
dimensional feature vector where each component except one is a periodic function
of the input 7. More specifically, the t2v function is defined as follows for each
component i:
_ WiT + @5 ifi=0

t2v(r)li] = { FlwuT+¢;) if1<i<k

The function F is a periodic function (typically, the sine or cosine functions) and the
parameters w; and ¢; are learned automatically. They describe the input signal in the
frequency domain. For this reason, Time2Vec could be seen as a machine learning
equivalent of the Fourier Transform. Time2Vec is initially presented as a method for
predicting events, by classifying timestamps, for example, through a classification
layer on top of the Time2Vec model, or by combining it with a LSTM to classify
sequences, as illustrated in Fig. 3.6. But many other uses can easily be thought of
using the same simple idea.

3.6 Other contextual modalities

The different contextual modalities detailed here are the most frequently studied
and the most relevant to our problem of face recognition in the setting of TV shows.
There are of course many other modalities that can be of interest in our case or
others. Here we present a few other contextual modalities that could also have been
considered.
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Figure 3.6: Scalar timestamps classification pipeline as proposed in [KGE'T19]
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3.6.1 Categorical contexts

Despite being much less frequent, there has also been a few works considering cat-
egorical contexts for face recognition. The natural intuition for such information
is to deal with it using Bayesian methods like a Bayesian network. This is the ap-
proach developed in [dCN18]. The authors consider an unsupervised problem of
face recognition that takes into account contextual information in the form of a fi-
nite set of discrete semantic labels. This categorical labels probabilities are assumed
to be defined by a Dirichlet distribution, meaning that the probability to observe
each of the possible context is proportional to their number of previous occurrences.
Such an approach can be extended to infinite sets of discrete labels with a Dirichlet
process [dCN], which promotes frequent previous observations but also allow for
previously unseen identities to appear.

Another way to include categorical information can by transforming discrete cate-
gorical inputs into multi-dimensional embeddings, that can themselves be more eas-
ily fused with other feature vectors. This can be done in different ways depending
on the kind of categorical data, from pre-trained Natural Language Processing mod-
els [DCLT18, RWC'19], to various matrix dimensionality reduction methods. The
Correspondence Analysis [Ben73, Hil74] is a useful method for identifying the rela-
tionships between different categorical data. More specifically, it is usually applied
to contingency tables and returns for both the rows and columns multi-dimensional
embeddings in a common feature space. This is useful to identify which row inputs
are important in describing a column and vice-versa.
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3.6.2 Location context

In some cases, one of the interesting modalities to take into account when recog-
nizing people can be the location. The location information can help reducing the
search space for possible identities. This information can be used in photo albums
[LKHB10] or in social media [TM, WYP*12], as previous locations of users can be
known and some pictures are coming with meta-data such as the place and date
they have been taken, or for user authentication [HEO8]. The location can also be
useful to identify people from video surveillance systems or for the problem of re-
identification of people [MTC12] or even of vehicles [LDH*19].

Of course, in our problem of recognizing faces in TV shows, the utility of the location
context is not obvious. Even if it could bring useful information in some cases like
news coverage on the field, most TV shows are filmed on set and could not benefit
from it.

3.6.3 Audio modality

The audio is another modality that can be rich in information about the people ap-
pearing on screen. The audio can convey information about the type of program be-
ing broadcast and hence about the people appearing in it. For example, in [DMB19],
an audio classifier detects the presence of music to help classifying videos as "talk-
show" or "other", jointly with other visual features. Features extracted from the audio
signal have also been used for the problem of movie recommendation [DCEZ*18],
here again jointly with other visual features.

We can go further and think also of speech analysis models. First, speaker recog-
nition models [HH15, CNZ18] could be quite useful when combined with facial
recognition models. Also, speech recognition [YD16] could give information about
the subjects mentioned by the participants and hence about their identity.

3.6.4 Optical character recognition

Optical character recognition (OCR) can also be used to extract textual information
from TV frames. Previous works showed that OCR allowed to match faces with po-
tentially corresponding names [SV14, PBL*12]. Similarly, we can imagine a system
extracting keywords (for example from overlaid banners in newscast) correspond-
ing to the topics mentioned and containing information about who is likely or not to
appear on screen.

3.7 Conclusion

While facial recognition models have achieved significant improvements over the
last decade, they are still prone to suffer from some limitations affecting their per-

41

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



CHAPTER 3. RESEARCH BACKGROUND ON CONTEXTUAL INFORMATION

formances. We believe that, as some works already highlighted and similarly to
how humans recognize the people they interact with, facial recognition models can
greatly benefit from additional contextual information to identify people. We then
identify two challenges:

* The first one is to identify which one among the contextual modalities available
to us are likely to convey useful information for person recognition within TV
shows.

* The second challenge is to find the more effective way to incorporate this con-
textual information in the model to improve our face recognition model.

In this thesis, we will study more especially the social relationships between the
participants of TV shows in Chapter 5, the categorical information from the tags
associated to TV shows in Chapter 6, the visual appearance of the shows in Chapter
7 and finally the time and date of broadcast in Chapter 8. Obviously, many more
contexts could have been studied and are potentially useful for identifying people,
such as the audio stream or optical character recognition. The contributions of this
thesis are the result of an arbitrary choice, but other modalities could have been as
useful and as relevant.
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Chapter 4

Base model training and datasets

As was already stated earlier, the works presented in this thesis do not aim at im-
proving the face recognition model itself, but rather at enriching it with additional
information. We need, however, to build upon an existing face recognition model.
To this end, a neural network was trained to extract facial feature embeddings using
state-of-the-art methods. This model, introduced in this chapter, will serve as the
base model for the rest of this thesis; but the contributions introduced here could
nonetheless be applied to any face descriptors extracted with another model. In this
chapter, we also introduce a few datasets that will be used in the following chapter
to exploit the contextual information of the archival collection of INA.

4.1 Face recognition model

4.1.1 Training

The neural network used for the facial feature extraction in Trombinos and in the
following chapters is based on a Resnet18 architecture [HZRS16]. This architecture
was chosen for its ease of training, which is due to both the reduced number of
parameters in comparison to other networks of similar depth: the Resnet18 archi-
tecture has about 11M trainable parameters, while the one of VGG16 for example,
has 138M. The simplicity of training of Resnet models is also due to the shortcut
connections introduced in the residual learning building block, which is illustrated
in Fig. 4.1. This building block helps mitigating the vanishing gradient issue and
thus facilitates the training of deeper architectures.

The last layer of the model has been replaced with a 128-dimensional layer which
is the desired output size of the facial descriptors. It takes as inputs 256 x 256 face
images that have been centered and cropped using the OpenCV face detection net-
work [Bra0O0] and aligned using the facial landmarks detector from the dlib library
[Kin09]. This normalisation step consisting of centering and alignment is common
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Figure 4.1: Residual learning building block (figure from [HZRS16])

and crucial for training and efficient face recognition model.

The dataset used for training is the VGGFace2 dataset [CSX*18]. It has been chosen
due to its large size (3.3M images and more than 9k unique identities), but also
because this is a dataset that offers an excellent trade-off in terms of diversity and
data purity: the diversity in pose and expression is essential in order to be able to
recognize faces in real-world situations (i.e. in the wild), while the data purity is
required to obtain sufficiently consistent results at convergence.

The objective function for training is a triplet loss function [SKP15] with the hard
triplet mining strategy as described in [SMN*17]: each batch is formed from the
face images of one class and the faces images of other similar classes, also called
"doppelgangers". This way, the formation of hard triplets is made easier and allows
for a quicker convergence of the model.

After training and hyper-parameter optimisation, our 128-dimensional facial de-
scriptors are evaluated on the Labeled Faces in the Wild (LFW) face verification pro-
tocol, on which they achieve a score of 98.98%. Though satisfying, this score remains
lower than the state-of-the-art results claiming to reach an accuracy score of 99.63%
[SKP15]. Such a score was however reached using more than 100M face images of
about 8M identities, from a private dataset. The performance we obtained is close to
the best we can achieve using available academical datasets and is satisfying enough
to be used as a base model for our future experiments.

4.1.2 Inference

At inference, the face query is passed through the trained network and its facial fea-
ture descriptor is compared to a database of previously annotated descriptors.
The classification approach is based on a k-NN: first are retrieved the & most similar

46

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés
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face images in the gallery set. Then, each one of these nearest neighbors contributes
with its own identity label through a voting score decreasing with its distance to the
query according to a gaussian function. This way, a higher score is associated to the
identity labels assigned repeatedly to instances similar to the query.

Because our gallery set suffers from a long-tail distribution, with a handful individual
being over represented on the TV and the vast majority appearing only a few times,
this method can lead to an imbalance and a bias in favor of high-profile identities.
To avoid this, the score of each identity is then normalized by the total number of
occurrences of this identity in the gallery set.

The score s;(z) associated to the label [ for a query = is computed as stated in Eq.
7.2, where [(y) is the label associated to element y, ds(z,y) is the euclidean distance
between facial feature descriptors of x and y and delta, ), is the Kronecker delta of
I(y) and I.

_ df (:E,y)
ZyEkNN(;t) Oyy)s *x € 20°

si@) = card(l)

4.1)

4.1.3 Trombinos

The facial recognition model, introduced above, and that has been used throughout
these works, has been integrated into an application named Trombinos. The goal
of Trombinos is to allow for a fast and easy annotation of the faces detected in the
TV archival collection, through an automatic labelling joined to an efficient manual
correction.

A few screenshots of Trombinos are displayed in Fig. 4.2 to 4.5. Images or video files
can be uploaded for the faces to be identified and analyzed (see Fig.4.3). Opening
one identity page allows to retrieve each frame (see Fig. 4.4) or even each TV show
(see Fig. 4.5) in which the person appears.

The automatic annotations can be curated manually, one by one, grouped by show,
or by clusters of similar faces discovered automatically. Because the classification of
new inputs is made through a k-NN based approach, the manual correction of hard
cases will help improve the performances on future queries, as will do the manual
annotation of yet missing data, without the need to retrain the face recognition
model and without recomputing the existing facial descriptors.
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Figure 4.2: Trombinos dashboard.
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Figure 4.3: Trombinos image analysis results screen.
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Figure 4.4: List of detected faces associated to Michael Keaton by Trombinos.
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Figure 4.5: List of TV shows in which Michael Keaton has been identified by Trombinos.
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4.2 Available data

Because we want to develop a model that takes advantage of the specificity of the
archived data at INA (more especially the correlation between the appearing people,
the visual appearance of the frames, the time of broadcast, and so on), we need a
dataset, for both training and evaluating this model, displaying the same features.
The first and most severe limitation is that the faces in the INA television archives
are not annotated directly at the frame level; at most, a few names can be assigned
at the show level without further specification.

It is therefore necessary to build a satisfying dataset that will allow us to evaluate
the impact of the various contextual modalities on the recognition of identities on
actual data. In the context on my thesis, several datasets have been built and shared
to this end.

4.2.1 Scrapped face image dataset

The first dataset that has been built is a dataset of faces of the most common identi-
ties to appear in the TV archives. The goal of this dataset was to be used later as a
reference for annotating faces from the archives.

This dataset contains 2.8M images from 70K unique identities amongst the most
common ones appearing in the archived TV shows. The images have been curated
semi-automatically in order to ensure the purity of the dataset.

It has been collected as follows: The names of all of these identities have been
searched on the search engine Qwant, and the 100 first returned images have been
scrapped. All the faces have been detected in these images, and using the facial fea-
ture descriptors computed by the model described above in Section 4.1, a clustering
is applied on the faces returned by the search engine to remove undesired results.
The predominant clusters are conserved while the other ones are filtered out. In the
case where there is no predominant cluster, or two predominant clusters of similar
sizes, all the images are discarded in order to avoid incorporating noise into the
dataset.

Finally, the faces assigned to different identities have been compared to each other
in order to identify possible errors in the annotations: duplicates are removed and
ambiguous pairs of classes, for which the distances between facial descriptors ob-
tained with a pre-trained model was low, are curated manually. Overall, about 9K of
the total 70K identity classes have been curated manually.

Some examples of instances from this dataset are displayed in Fig. 4.6.
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Figure 4.6: Examples of some instances from the classes Donald Trump (left) and Elise
Lucet (right) from the dataset described in Sec. 4.2.1.

4.2.2 Co-Occurring Faces in TV dataset

In order to study, among other modalities, the co-occurrences of people in TV shows,
we selected a subset of the dataset of scrapped face images described above (Sec-
tion 4.2.1) and assigned these face images to real TV shows and their corresponding
meta-data. This dataset is consisting of 548,686 instances of 42,655 unique persons.
All of those instances are distributed over 138,381 TV programs. These programs
are organised in order to contain images of people who did appear in the same TV
show at least once, particularly to capture the co-occurrence relationships between
them.

The dataset is built from a subset of the first dataset described above (Section 4.2.1)
and from a list of TV programs with their corresponding meta-data. More especially,
this meta-data contains a non-exhaustive list of people appearing in these particular
shows. Typically, a TV program will be assigned with none to 10 identities for the
most detailed ones. We filtered out the TV programs with less than 2 assigned identi-
ties so that we are able to exploit this dataset for studying the people co-occurrences
in common shows.

To each TV program in our list is assigned, when available, a face image of each
identity that appears in it. No instance can be assigned to more than one program.
If all instances of one person have been assigned, that person is no longer considered
in the upcoming programs.

Two examples are displayed in Fig. 4.7: Donald J. Trump, Recep Tayyip Erdogan
and 4 french journalists appeared together on the TV news on channel France 2 the
16/10/2019. We sample one image for each one of them and assigned them to a
common program (six faces on the left). Another program is built with images of
Edwige Antier, Marina Carrere d’Encausse and Michel Cymes who all appeared on a
show on channel France 5, the 25/07/2001 (three faces on the right).
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CHAPTER 4. BASE MODEL TRAINING AND DATASETS

Figure 4.7: Example of two programs with their associated face images from our dataset
of Co-Occurring Faces in TV.

Finally, we obtain 548,686 instances (i.e. face images) of 42,655 unique identities
distributed between 138,381 programs. Between 2 and 55 instances are assigned to
each program, with an average of 3.96 instances per program. Every unique identity
has on average 12.86 instances.

Because the TV programs used to build this dataset are real TV shows broadcast be-
tween January 1990 and January 2020 on French TV, it contains co-occurrences of
persons typical of the French television. With each TV program in our dataset come
not only face images of the person appearing in it, but also real meta-data, such as
the date and time of broadcast, some categorical "tags" describing the program such
as "News", "Sports", or "Entertainment”, and other some other information.

To our knowledge, this is the largest public dataset of faces to contain such a large
amount of information and meta-data. It is particularly suited to learn contextual in-
formation at the TV program level (co-occurrences of participants, descriptive tags,
date and time of broadcast, etc.). It is freely available online®.

This dataset is used for both training and evaluation in the Chapters 5 and 6.

4.2.3 1INA archival collection

Using the facial feature descriptors introduced in Section 4.1, we analyzed about
366K hours of TV shows broadcast on various TV channels between 2010 and 2020.
It is a total of 514,564,713 video frames that have been analyzed and over 600M
faces that have been detected and for which facial features vectors have been com-
puted. These TV shows have a large variability in their channel, thematics, type of

"https://github.com/ina-foss/co-occurring_faces_in_tv
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4.2. Available data

programs, in order to fully encompass the diversity of TV shows in general. Some
example frames are displayed in Fig. 4.8.

S
"=
. P2

OLLUTION : L'ETAT CONDAMN

Figure 4.8: Examples of frames from the 366K hours of processed TV shows.

The numerous faces of this large dataset are not annotated. Nevertheless, this
dataset remains useful and rich in information: because it consists of the real data
our final goal is to analyze, it also includes all of the available contextual modalities
that can prove useful for person identification. Among them, we can mention once
again descriptive tags, date and time of broadcast (at the frame level), but also the
visual context.

Visual Context for TV Programs dataset

While studying the visual context for TV frames for person recognition, we used a
subset of 10,684,217 of the analyzed frames from these 366K hours of TV shows.
These frames are organised in triplets, with positive pairs and random negative el-
ements. Examples of positive pairs, visual context-wise, are visible in Fig. 4.9. The
dataset is also split into a training, a validation and a test set. More details and justi-
fications on how this subset was built are given in the Chapter 7. The main purpose
of this dataset was to allow for a visual context descriptor model to be learned. It is
public and is completely available?.

HONkM&&OTESTS o | AMAZON FIRES
FREHOCHAY IS ACLREGEN Y Sl I GRAZI ACCEPTS OFFER OF HELP FROMISRAEL i

THE BRIEF

Figure 4.9: Examples of two positive pairs from our Visual Context for TV Programs
dataset.

’https://dataset.ina.fr/
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CHAPTER 4. BASE MODEL TRAINING AND DATASETS

Doppelgangers face verification dataset

Another subset of frames from the INA archival collection has been sampled to form
a face verification task: It consists of 2,922 pairs of faces, with an equal amount
of positive and negative pairs. The positive pairs are made of two face images of
the same person, while the negative pairs are made of face images of two distinct,
though similar looking people (an example of a negative pair is given in Fig. 4.10).
To achieve this, similar face images have been retrieved from a selection of queries
and each one of the retrieved faces has been checked manually. This way, we ensure
the sampling of adversarial negative pairs while making sure that no annotation
error will impact the performance score. The set of frames used in this dataset is
completely distinct to the frames used in the Visual Context in TV Programs dataset
mentioned above.

CANAL+

Figure 4.10: Example of doppelgangers pair used for the face verification task.

Annotated faces from TV shows

We have been able to automatically annotate a subset of the INA archival collection
through a comparison with the scrapped face images dataset (Section 4.2.1). It is
a total of 62M (about 10% of the 600M faces detected in the analyzed frames) that
have been annotated with the same 70K labels of the scrapped face images dataset.

4.2.4 Limitations of the available datasets

Because our "real-world" data are not labeled, the evaluation of our various methods
proposed and introduced in the following chapters is made quite difficult.

Since the set of contextual data and meta-data we are trying to exploit is quite spe-
cific to the archival TV collection of INA, they can hardly be evaluated on other
similar, publicly available, dataset.

For this reason, we use the reconstructed dataset of Co-Occurring Faces in TV for
training and evaluation in the Chapters 5 and 6: because this dataset artificially
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reconstructs real data and contains faces images that have been semi-automatically
(meaning partially manually) curated, we assume the number of erroneous labeling
to be low and we consider it to be safe enough to use for both training and evalua-
tion. However, being reconstructed from the existing, non-exhaustive, annotations,
this dataset can be seen as a simplified version of the actual data. More especially,
being reconstructed from incomplete annotations, this dataset is more likely to focus
mostly on the most frequent and famous people and not on the lesser known identi-
ties.

This reconstructed dataset, on the other hand, contains only cropped face images
and for this reason can not be used when studying the impact of the visual context
of TV frames. For this reason, the Visual Context for TV Programs dataset has been
used to train a neural network able to learn a consistent visual context descriptor,
using a process that does not rely on a proper and full annotation of each element.
For evaluating the impact of using the visual context for recognizing identities, on
the other hand, a dataset with both and available visual context and labeled faces is
required. To do this, we used the Doppelgangers face verification dataset introduced
in Section 4.2.3 in both the Chapters 7 and 8. This face verification protocol uses
manually annotated faces, which guarantees a low number of erroneous labelling.
It is however of a limited size, and annotating manually enough faces to raise this
number of an order of magnitude is highly impractical.

In order to evaluate our works on a task similar to our real-world problem and on a
comparable scale, we used a subset of the annotated faces of the INA archival col-
lection. 1,125,704 instances labeled with 13,032 unique labels are used for a £-NN
based classification, in Chapters 7 and 8. This scale is much closer to the one we
ultimately aim for. Nevertheless, despite using the scrapped face images dataset as a
reference, which is itself partly manually annotated, and a conservative labelling to
avoid erroneous annotation of ambiguous instances, we can not guarantee the ab-
sence of erroneous annotations on a dataset of this size. Results of this classification
should hence be considered with a grain of salt and mostly for reference, while the
doppelgangers face verification task is more reliable.
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Chapter 5

Social context

5.1 Introduction

Among the contextual modalities available to us to identify people on TV, a very
powerful one is the social context, meaning the social relationships between the
subjects. These relationships can be described by the frequencies of co-occurrence
of the people appearing together: on TV, for example, it will always be easier to
identify a member of a music band if you see them alongside the other ones and that
you have previous knowledge of their relationships, than if you see them alone. The
same applies to many politicians, football players, actors. .. (see Fig. 5.1).

Figure 5.1: Examples of strong social contexts.

If we have indeed seen some works exploring this idea to improve face recognition
systems (see Section 3.4), to our knowledge, no attempt has been made at inferring
the social relationship of persons occurring in a large database in an unsupervised
manner, and using it to improve the retrieval of persons in that database.

Our goal is as follows: for one face, observed in a TV program alongside other peo-
ple, we want to retrieve all other instances of the same person in a large dataset of
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TV programs.

We introduce an unsupervised method that provides a contextual embedding for
groups of faces appearing together, based on their estimated co-occurrence relation-
ships with other faces in the dataset. It can be divided into three main steps:

* We use a soft clustering on face descriptors to approximate the ground truth
entities with clusters of faces.

* We build a probabilistic co-occurrence matrix to map the clusters to a contex-
tual feature space capturing their co-occurrence relationships.

* We fuse the contextual embeddings of all faces observed together into a com-
mon embedding that best represents them all.

We experimentally show that this method can be used to substantially improve face
retrieval by merging facial feature vectors with their corresponding contextual em-
bedding. We evaluate our approach on a dataset of 548,686 faces, organized under
138,381 TV programs containing the faces of people appearing together, in order to
naturally embed their social relationships. We show that our method can increase
the mean Average Precision obtained when retrieving a set of internal queries in our
dataset from 67.93%, when using only facial features extracted with a pre-trained
model, to 78.16%. We also show that our method reaches similar performance on
a set of external queries. The results presented in this chapter have been partly
discussed in [PLDG21b].

5.2 Dataset

Our motivation in this chapter is to be able to retrieve faces in a large dataset of
TV programs by exploiting both the visual features of the faces observed in them
and their social context. However, evaluating a model on this task requires to build
a ground truth, which would be a really tedious task on a large dataset of videos.
We instead decided to build a new, smaller dataset of face images, annotated semi-
automatically and organized to reflect the co-occurrences of faces observed under
real conditions.

This dataset and its building process have been detailed in the Section 4.2.2. It
contains 548,686 instances of 42,655 unique identities distributed between 138,381
programs. Since each TV programs has been assigned with at least 2 face images,
and about 4 on average, it makes this dataset particularly suited to learn the co-
occurrences of the different identities in the same TV shows.

This is the dataset we use to evaluate our method on.
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5.3 Methodology

5.3.1 Main approach

In order to exploit social relationships between entities to better recognize each
face, we first need to identify those entities. In previous works, the set of entities
is most of the time already known[HXL18, ZPT*15], as the ultimate goal is not to
retrieve other faces, but to classify a query in a set of known and fixed identities, for
which examples of social relationships are known. In this case, the frequencies of
co-occurrences can easily be computed for each pair of identities and used directly.
In our case, however, we do not dispose of this amount of information: the training
set is assumed to be unknown, meaning that the faces are not labeled and that even
the number of labels is unknown.

An overview of our approach is represented in Fig. 5.2. We call X the set of instances
in our dataset, and S the list of programs, which are themselves subsets of X. For
practical reasons and for readability, we will refer interchangeably as X for both the
set of faces observed in all programs, and the set of facial features extracted from
these faces with our model.
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Figure 5.2: Our proposed pipeline for social context-aware face recognition. Similar
faces appearing in the different programs s; are first grouped together into C' clusters
o, €1, etc., using our approximate soft-clustering approach operating on visual feature
vectors x;. Cluster co-occurrences are registered in a specific co-occurrence matrix M
which is used to learn a contextual descriptor matrix M. For each program s € S, the
candidate contextual descriptors of all faces x; € s are then merged into a common de-
scriptor y, that best represent the whole show. Finally, the retrieval of faces is performed
on the concatenation &; of the facial descriptors x; and the contextual descriptors y..
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As the real identities of all of our instances are unknown, we estimate these identi-
ties via a clustering of all of the face images from our dataset, based on their visual
features. Although there may be some outliers or wrongly grouped faces, the list of
identified clusters is then used as a proxy for the list of real identities, and we infer
the social relationships from the co-occurrences of these identified clusters.
Different clustering methods for approximating the real identities are compared in
section 5.3.2. We also show that using a soft-clustering approach can lead to inter-
esting results; instead of assigning each instance with unique cluster labels, they are
assigned with a probability distribution over the identified clusters. This allows to
better handle outliers that are prone to bring noise in the upcoming steps.

Once the set of identities has been approximated with clusters, each one of them is
mapped to a multidimensional feature space, so that clusters containing many co-
occurring instances are associated to vectors close in the new feature space, while
clusters with no co-occurring instances are mapped to distant feature vectors. This
part is detailed in section 5.3.3.

To each program s € S we can now assign a contextual feature y, that combines the
contextual descriptors of all the clusters appearing in that program. The new com-
bined contextual feature y, should be representative of every instances of s while
being robust to outliers. We compare two methods to combine the contextual fea-
tures of the clusters appearing in a program in subsection 5.3.4. The first method is
based on the average value, while the second one is based on the geometric median,
which appears to be particularly efficient when used jointly with the soft-clustering
approach.

Finally, we define & for € s as the concatenation of the facial feature vector of
the instance « and the contextual descriptor y, of program s, after normalization.

Retrieval is now applied on the concatenated feature vectors .

The full pipeline is detailed in Algo. 1.

Algorithm 1 Unsupervised face-recognition with social context

Apply clustering algorithm on training dataset > Sec. 5.3.2
Build co-occurrence matrix M based on the clustering results > Sec. 5.3.3
Reduce the matrix M to M
for query « € program s do
Compute the probability distributions [c(x;)] for all the faces x; € s
Compute y, based on M and le(x;)] for x; € s > Sec. 5.3.4
Define x as the concatenation of x and y,
Make a new £-NN based prediction from &
end for

W RNy s
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5.3.2 Clustering methods

The choice of the clustering algorithm used to identify the possible set of identities
in the gallery set is critical. Being the very first step in our pipeline, every error
of clustering will become noise that will propagate throughout the following steps.
Hence, we need to find the optimal balance between 1) having as many instances
as possible assigned to a cluster, as we require as many information as we can get
for our pipeline to be effective, and 2) reducing to the bare minimum the number of
wrongly clustered instances.

In order to find that balance, we compare three different clustering approaches. The
first one is a clustering method that assigns every instance to a cluster. The sec-
ond one is a clustering method that leaves out outliers. Finally, the third one is a
soft clustering approach that assigns each instance to several clusters with different
probabilities.

These three approaches and the hypothesis we made are detailed below.

HDBSCAN

The first one is the HDBSCAN (for Hierarchical Density-Based Spatial Clustering of
Applications with Noise) clustering method [MH17], which is based on DBSCAN
[CMS13]. Its main advantage is that it does not require the number of expected
clusters to be specified, as it is the case in many other approaches such as k-means.
The only input it requires is the minimum size of the clusters, which we set to 3 in
order to identify even the smaller ones. With HDBSCAN, every point can be assigned
to a cluster, or, if it is too far from any identified cluster, be considered as an outlier.
The vectors c(x) can now be defined as one-hot encoders (c(x), = 1 if  has been
assigned to cluster i, 0 otherwise). If an instance x is considered as an outlier,
then ¢(x) = 0. This means outliers are not accounted for when building the co-
occurrence matrix M (see section 5.3.3).

Hard-clustering without outliers

In the second approach, we assign all points to a cluster. The HDBSCAN cluster-
ing algorithm is applied to the dataset and the data points identified as outliers are
assigned to their nearest clusters identified. The vectors ¢(x) can once again be de-
fined as one-hot encoders. Because there is no outlier, we have more available data
to build the co-occurrence matrix M (see section 5.3.3) and to combine contextual
feature vectors for each program (see section 5.3.4); however, these additional data
points are more likely to be noisy.
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Approximated soft-clustering

The last approach is a trade-off between excluding the outliers like in the first ap-
proach and using all available information like in the second approach, by using soft
clustering.

For practical reasons, the probability distributions of all instances are not computed
across all of the identified clusters. Instead, the clusters are once again identified
with HDBSCAN. The probability distribution is computed over the k-nearest clus-
ters for each instance and a probability of all other clusters is arbitrarily assigned to
zero. Also, all cluster distributions are considered isotropic Gaussians with a com-
mon covariance matrix X = oI, and all clusters are considered to have the same
prior probability P(c;).

With these assumptions, the posterior probabilities are equal to the likelihood: P(¢;|x) o
P(x|c;). For an instance « and a cluster ¢; with mean value p;, the estimated proba-
bility P(c;|«) is computed as follows:

exp | — |z — ]\ if ¢; € k-nearest
P(ci|lx) = c(x), 202 clusters of x (5.1)
0 otherwise

In practice, the probabilities we are dealing with are not normalized, nor do they
sum up to one. Since we consider our problem to be an open problem, the real
cluster to which x belongs may be unknown, so the probability distribution over the
identified clusters does not have to sum up to one.

5.3.3 Co-occurrence matrix

After clustering X (detailed in subsection 5.3.2), C' clusters are identified. For each
instance = € X, we define a vector c¢(x) € R® that denotes the posterior probability
of each identified cluster given «:

c(x), = P(ci|z) for x € X and fori € {1...C'} (5.2)

that is, ¢(x) represents the probability mass function over all clusters for a given
instance.
We then define a probabilistic co-occurrence matrix M € RE*¢ as follows:

> > c(xl)ic(x2)j ifi#£j
= SES x1,L2€EP,T2FT1 (53)
0 otherwise

The value M, ;, for i # j, is thus equal to:

Mi,j = ZSGS Zzhzges,xg;éxl P(Ci‘wl)P(cj’w2> (54)

=2 s Plci cjls)
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5.3. Methodology

In the case of hard clustering approaches, the ¢(x) vectors being one-hot encoders,
the elements M ; for all i, j are simple counts of the number of co-occurrences of
the clusters ¢ and j.

When using a soft-clustering approach, however, the M, ; element is the expected
value of the number of programs in which an instance assigned to cluster i co-occurs
with an instance assigned to cluster j, according to the probabilities returned by the
soft-clustering algorithm.

As C can be quite large, the matrix M is rather sparse, and contains a great number
of zeros as well as some redundancy. Further, each line/column of M represents
a contextual description that is very long compared to the visual feature vectors.
Thus the simple concatenation of both would lead to an imbalance that would de-
grade the final retrieval performance. Therefore, a Principal Component Analysis
(PCA) is performed on M and the D most important components only are kept
(D < (), transforming M € R®*® into a new matrix M € RE*P. Each cluster
¢, for i € {1...C'’} is now associated with a (compressed) contextual feature vector
M, € RP.

Because the matrix M describes the number of co-occurrence of the identified clus-
ters, it can also be seen as a weighted adjacency matrix of the graph describing the
clusters relationships. Therefore, the matrix raised at the power p, M? describes
the co-occurrences relationships between the different clusters at the order p. This
is easily visible for p = 2, where strong first-order relationships with common third
clusters leads to a strong second order relationship:

My =D MM
k

Some experiments have been conducted by replacing the matrix M by M 2 before
reducing it, in order to see if the reduced matrix M? better captures the social rela-
tionships between the clusters. However, in our experiments, this did not give any
sensible results. Thus we retained the approach using only first-order relationships.

In Fig. 5.3 are displayed the cosine distances between descriptors associated to
different clusters obtained after reduction of the co-occurrence matrix. The clusters
themselves are associated to different TV personalities; for convenience, the clusters
are labeled with the name of the personalities they best describe. This does not mean
that the clusters are pure (faces of other people might have been assigned to these
clusters), nor that all faces of these personalities are assigned to them (some of their
faces might have been assigned to other clusters). The clusters selected corresponds
to different identities appearing on TV on similar occasions, in order to easily display
the similarity between their social descriptors. We can hence distinguish amongst
these examples 4 groups of social descriptors:
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Figure 5.3: Cosine distance between clusters associated to TV personalities after reduc-
tion of the co-occurrence matrix.

The first one contains politicians (Macron, Trump, Merkel, and French opposition
members). Even if their descriptors are not extremely close, because they do not
appear often together, their descriptors still appear to be quite similar compared to
other people.

The second cluster of contextual descriptors contains French footballers from the
national team. The fact that they also play separately in their own clubs mitigate
their proximity, but it is still quite clear that they belong to the same context.

The last two clusters are very close because they contain people that appear almost
exclusively together: the first one contains jury members of a cooking TV show, while
the second one contains jury members of the French edition of TV talent show "The
Voice". Because they appear almost always together, their contextual descriptors are
highly similar.
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5.3.4 Combining contextual features for each program

For each program s, the list of clusters occurring in s is the list of clusters to which
the instances of that program are assigned: {c(x) }.cs. These clusters have a contex-
tual feature vector that embeds their co-occurrence relationships, as we defined just
above. In order to define a contextual descriptor for the program itself, we propose
to aggregate the contextual descriptors of its assigned clusters. Different approaches
are possible to that end.

Average value (or center of mass)

The first, straightforward approach consists in simply computing the feature vector
y, of program s as the average feature vector of the clusters appearing in it:

. _
= Z:c in s leéc(w)le (55)
dzins 2uic1 S(T);

This value y, is also the center of mass of the contextual descriptors of the clusters
appearing in s.

Ys

Geometric median

The second approach consists in computing the feature vector y, not as the average
value, but as the geometric median of the feature vectors of the clusters occurring
in s. This allow for y, to be more robust to single feature vectors that differ con-
siderably from the other ones, which might be the case when an instance has been
assigned to the wrong cluster.

c
Y, = argmin, go Z ZC(CB),»HM@' — Y|z (5.6)

xin s i=1

The algorithm used for inferring the geometric median is the one detailed in [VZ00].

The difference between these two options is illustrated below in Fig. 5.4. In this ex-
ample, the weighting is uniform across the data, which is not necessarily the case in
practice. Most of the points seem to form a cluster, while 3 of them are really distant
from the other ones and should probably be considered as outliers. We can see that
the center of mass (in orange) is much more responsive to the outliers in comparison
to the geometric median (in green), which is more robust and more representative
of the actual cluster, once the noise has been filtered out.

Note that for both approaches, the feature vector of each cluster i is weighted by the
probability ¢(x), = P(c;|x) for « € s. This means that in the case of soft clustering,
the k-nearest clusters identified in 5.3.2 are accounted for.
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@ data points
mean value ...

@ geometric median

Figure 5.4: Example of the mean value (in orange) and geometric median (in green)
for a set of data points (in blue) in 2 dimensions.

With the HDBSCAN clustering, it is possible that no instance of a program s has been
assigned to any cluster: 3°_. 3¢ c(x), = 0. In this case, y, is set to the average
value of all clusters contextual feature vectors.

5.4 Experiments

5.4.1 Experiments setup

Our dataset of faces distributed in TV programs is partitioned into two disjoint sets:
a training set of 137,381 TV programs, containing 544,863 faces, and a test set of
1,000 TV programs of 3,823 faces, 3,770 of which belonging to people also appear-
ing in the training set. We apply the pre-processing steps on the training set (i.e.
clustering of its instances, computation and reduction of the co-occurrence matrix.
See above section 5.3).

Since our approach is unsupervised, and requires no labeling of the training data, it
can be used to identify faces from the training set (what we will call in the rest of this
chapter internal queries), as well as new faces foreign to that training set (external
queries). In the case of internal queries, this means that these queries belong to the
set of instances clustered at the beginning of our pipeline and that they participate
in the co-occurrence matrix. Differences of performances are then to be expected
between these two cases.

Our method is hence evaluated on both internal and external queries. The internal
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queries are 9,820 instances from the training set, belonging to people appearing at
least one more time in the training set. The external queries are the 3,770 instances
of the test set belonging to people who also appear in the training set.

We evaluate the performances of our approach on a retrieval task, and the mean
Average Precision (mAP) obtained on each set of queries is used as the performance
metric. We compare the performance of our approach for the different clustering
methods (explained in 5.3.2) applied on the training set, and the different feature
vector combinations explained in 5.3.4.

5.4.2 Baseline

As a baseline, we use the model for facial features extraction described in section 4.1.
With the face descriptors extracted with this model, we obtain a mAP of 67.93% on
the internal query set and a mAP of 67.88% on the external query set.

5.4.3 Internal queries results and analysis

The results obtained with internal queries in the different configurations for clus-
tering and for feature vector combination are detailed in Table 5.1. The mAP is
computed on the retrieval of the vectors x. The dimensionality of the contextual
features y, for s € S is set to D = 300. We observe an increase of the mAP on
the query set from 67.93% using facial features only, to 78.16% by exploiting the
co-occurrences between the identified clusters, in the best configuration.

Table 5.1: mAP over 9,820 internal queries under different configurations, for 300
additional components.

Clustering algorithm Feature vector combination = mAP
Face descriptors only 67.93%
Average (1) 73.13%
ADBSCAN Median (2) 72.97%
. . Average (3) 77.09%

H 1 1

ard clustering w/o outliers Median (4) 77 78%
. _ Average (5) 77.15%
Soft clustering k& = 20 Median (6) 78.16%

Figure 5.5 shows the evolution of the mAP in the different configurations as a func-
tion of the number of additional components from the contextual features concate-
nated to the 128-dimensional face descriptors. We can notice the score keeps in-
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creasing slightly for a contextual features dimension D higher than 300.

9,820 internal queries

MAP score (%)

—&— Approximated soft clustering, k=20, median
70 r- .-+ Hard clustering w/o outliers, median
—& - Approximated soft clustering, k=20, average
Hard clustering w/o outliers, average
68 —%- HDBSCAN with outliers, average

0 100 200 300 400 500 600
Number of components

Figure 5.5: Mean Average Precision over the internal queries as a function of the num-
ber of additional components from the contextual features, for different clustering meth-
ods and configurations.

The results obtained using the HDBSCAN algorithm, where some points are consid-
ered as outliers, are far below those obtained when clustering all points or when
using soft clustering. If some of the points might be wrongly clustered, the gain we
get from this additional data is higher than the loss due to these errors.

Also, in the case of hard clustering without outliers, the clustering errors can be mit-
igated by the geometric median (configuration (4) in Table 5.1) when computing a
program feature vector. The geometric median will be more robust to outliers in the
contextual feature space, hence a small gain compared to the average value (config-
uration (3)). The best results are obtained when combining the geometric median
with the soft clustering (configuration (6)). For a soft clustering approximated over
the & = 20 nearest clusters of each instance, the mAP obtained while retrieving faces
from the query set reaches 78.16%.

With this best model, the average precision increased for 8,325 of the 9,820 internal
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Figure 5.6: Profile of variation of the Average Precision between the baseline and the
best model on the internal query set.

queries. It decreased for 782 other queries and remained unchanged for the 713
remaining ones. The profile of variation of the average precision of all queries can
be seen in Fig. 5.6.

Impact of the number of instances co-occurring with the query.

We show that the variations of the Average Precision for a given query does not
depend on the amount of people occurring in the program in which it is observed.
The improvement is visible for programs with only 2 persons and remains stable for
programs with more people (see Fig. 5.7).

Impact of the number of instances of the queried identity in the dataset.

As can be seen in Fig. 5.8, our model’s performance is slightly lower to the baseline
when retrieving a face with only 1 or 2 other instances in our dataset. This can be
due to the fact that identities with fewer instances are more likely to be assigned to
neighbor clusters with co-occurrence relationships that do not match their owns. In
this case, the contextual information used to improve our results is noisy. The gain
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Figure 5.7: Mean Average Precision as a function of the number of people occurring in
the program of the query, for the baseline and our best configuration.

is clearly noticeable for identities occurring at least 4 times, which are more likely to
form their own cluster and to take advantage of our approach.

Impact of the parameter k for the approximated soft-clustering on the results.

In our soft clustering approach, the probability P(¢;|x) of an instance x to belong to
a cluster ¢; is approximated as described in 5.3.2 and Eq. 5.1. We only assign a non-
zero probability to the k-nearest clusters. Setting & to a small value means we only
focus on very similar clusters (according to the facial recognition model introduced
in 4.1), while choosing a higher value of k£ means the instance could also belong
to clusters that are much more dissimilar, if their contextual embeddings match.
The evolution of the mAP on our query set for different values of k is represented on
Fig. 5.9. Except for that parameter, all results are obtained in the same configuration:
the contextual feature vectors have 300 components, and the geometric median is
used to combine each program contextual features. Even though the mAP seems to
increase quickly for values of k£ ranging between 2 and 20 before reaching a plateau,
the results obtained for all values of k£ remain very close.
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Figure 5.8: Mean Average Precision as a function of the number of instances of the
requested identity in the dataset, for the baseline and our best configuration.

5.4.4 External queries results and analysis

External queries are also coming grouped into programs. Queries from a single pro-
gram are identified simultaneously, so that they can leverage from each other. These
queries need first to be assigned or soft-assigned to the nearest clusters identified
in the gallery (training) set. The contextual features of the external programs are
computed based on these clusters. The results obtained with external queries in
the different configurations for clustering and for feature vector combination are de-
tailed in Table 5.2. The mAP is computed on the retrieval of the combined vectors
. Similarly to what has been done with internal queries, the dimensionality of the
contextual features y, for s € S is set to D = 300.

The evolution of the mAP as a function of the dimensionality D is displayed in Fig.
5.10. While the scores obtained on these external queries is slightly lower to what
was observed with internal queries, they remain substantially higher to our baseline.

5.4.5 Supervised setting

Because the whole pipeline described in Algo. 1 is quite long, we also decided to
evaluate the performances obtained on our retrieval task in the case of a supervised
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Figure 5.9: Mean Average Precision as a function of the number £ of nearest clusters
used for approximating the soft clustering. The number of contextual components is 300
and the features are combined with the geometric median.

setting.

In this case, we consider the identities of the training set to be known. This means
that we can build the co-occurrence matrix M with its real value and not approxi-
mate it through a clustering (or soft-clustering) algorithm applied beforehand. This
could be seen in fact as the particular case of a perfect clustering.

The rest of the pipeline is the same:
* The matrix M is reduced to M

 at inference time, the probability distribution [c(x;)] of each face x; in the
query program s to belong to the real clusters are computed

* the social descriptor y; of s is computed
* the retrieval is computed on & the concatenation of  and y,

The evaluation is performed on the set of external queries also used in Section 5.4.4.
The retrieval performances are measured as above through the mAP score. The re-
sults obtained for various number of components are displayed in Fig. 5.11.
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Table 5.2: Mean Average Precision over 3,770 external queries under different configu-
rations, for 300 additional components.

Clustering algorithm Feature vector combination =~ mAP
Face descriptors only 67.88%
. . Average (3) 76.15%
Hard clustering w/o outliers Median (4) 76.93%
. B Average (5) 76.22%
Soft clustering k& = 20 Median (6) 77 36%

The performance gap between the supervised setting on the unsupervised setting is
large: at about 300 additionnal components, the mAP score in the supervised setting
is 10% higher than in the unsupervised setting. We can deduce from this that even
though the unsupervised approach is useful, as it leads to proper improvement in
comparison to the facial features only case, much information is lost while clustering
the training set. On the other hand, this also means that sensible improvement is
reachable if a more appropriated clustering algorithm, or more precise facial feature
descriptors were to be used.

5.4.6 Computational cost

We here compare the computation times for retrieving external queries with facial
features extracted with the model only, and with our approach for £ = 20 and
D = 300. The gallery set clustering and the computation of contextual features
of all instances from this gallery is done offline. The facial features extracting time
is not accounted for as it is the same for both approaches and as our model could
be replaced with any other. We use the FAISS library for exhaustive similarity search
[JDJ19] on a 2.1 GHz CPU.

When retrieving a new external query with the baseline model, the retrieval of the
3,770 128-dimensions facial features of the external queries in our gallery set (that
is processed offline), takes 26.08s, which is about 145 queries per second (for a
mAP of 67.86%).

With our approach, we first need to identify the k-nearest clusters in the gallery of
the query and of other instances co-occurring with it, which takes 2.80s; we then
combine the contextual embeddings of all selected clusters and their probabilities
with the geometric median, and concatenate them to the facial descriptors, which
takes 7.88s. Finally, the retrieval of the combined feature vectors takes 34.70s. Over-
all, retrieving the 3,770 external queries in our dataset takes 45.38s, which is about
83 queries per second (for a mAP of 77.36%). Note that our method can be sped
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Figure 5.10: Mean Average Precision over the external queries as a function of the
number of additional components from the contextual features, for different clustering
methods and configurations.

up by reducing the values of the parameters & and D. For example, with £ = 5 and
D = 200, we can process about 104 queries per second while maintaining a mAP
of 76.80%.

Depending on the choice of the parameters values, our method is 1.3 to 1.8 times
slower than the basic approach while increasing the mAP by about 10% points.

5.5 Conclusion

In this chapter, we described an unsupervised method aiming at exploiting the ex-
pected social relationships between the participants of TV shows to better recognize
them simultaneously. Using a previously trained model to extract facial feature vec-
tors, we identify for each face detected in a given TV show a set of possible identities
with their corresponding probabilities. The social embeddings of these identities,
learned beforehand from the gallery set, are then combined together into one that
best represents all of the faces. This merged social embedding is then used alongside
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Figure 5.11: Mean Average Precision in the supervised setting as a function of the
number of additional components from the contextual features.

the facial feature descriptors in order to identify the faces consistently with their fa-
cial appearances and the prediction of the other faces. We show that the fusion of
the facial feature vectors and the combined contextual descriptor yields considerably
better results in the retrieval task than the facial feature vectors alone.
We evaluated our method on a new dataset, built in order to capture the diversity
of people on TV and their co-occurrence relationships in the different programs. We
show that using no additional data, the results of our method are clearly superior to
those obtained using only facial features on a retrieval task.
Using additional data in the gallery set (assuming that the identities are known in
this gallery set), we observed another leap of performance. This suggests that a more
suitable clustering algorithm could possibly yield better results in the fully unsuper-
vised case, or that more precise facial feature descriptors could also be beneficial.
The approach as it is proposed in this chapter is not able to deal with new unknown
faces, as previous observations are needed for the social context to exist. We could
however imagine an incremental approach, where a new unknown face contextual
embedding could be approximated by its co-occurring faces. This way we would be
able to recognize it in the future without applying again all the pre-processing steps.

This idea could be investigated in future works.
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Chapter 6

Categorical context

6.1 Introduction

Amongst the contextual information available to us, before trying to identify people
appearing in TV shows, come textual metadata in the form of tags. They describe
roughly the TV shows to which they are attached with topics (such as "Sports", "Pol-
itics", "Music", and so on) and genre (ranging from "TV news" and "Documentary"
to "Talk show" or "Sketch"). Similarly, the different channels on which the shows
are broadcast are also known and may contain useful information about the kind
of people we would expect to observe on screen. Some examples of possible tag
annotations are displayed in Fig. 6.1

In this chapter, we investigate how these categorical data coming in the form of tags
could be used to improve the performance of our model for the task of face recog-
nition or face retrieval. We compare these results with those obtained previously
on the social context in Chapter 5 and try to evaluate how redundant both of these
modalities are to determine if it is worth exploiting them simultaneously.

direcl L'EQUIPE

Figure 6.1: Examples frames from TV shows. The frame on the left comes from a show
labeled with the tags "Magazine" and "Sports". The frame on the right come from a show
labeled with the tag "Music".
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6.2 Dataset

In order to experiment on the usefulness of the categorical metadata for the face
retrieval task, we use the dataset introduced earlier in Section 4.2.2 and used for
evaluation on the social context in Chapter 5. The same partitioning is used, with a
training set of 137,381 unique TV programs among which are distributed 544,863
faces and a disjoint test set of 1,000 TV programs containing 3,770 query faces.
Similarly as the experiments conducted for the social context, we evaluate the per-
formances of our model on the retrieval task for faces, corresponding to the "external
queries" experiment in Chapter 5.

The categorical metadata considered in this chapter are the following:

* "Genre" tags. They describe the format of the corresponding TV show without
conveying any information about the subjects mentioned in it. After filtering
out the least frequent tags appearing only a few times in the shows of the train-
ing test, we are left with 28 unique "genre" tags. Some of them are "Magazine",
"Series", "Debate", "Game", or "Interview".

* "Topics" tags. Unlike the "Genre" tags, they do not describe the format of
the show but its content. After also filtering the least frequent ones, remain
24 unique tags. Some of them are "Sports", "Sciences", "Society", "Fiction", or
"Economy".

¢ The TV channels. The TV shows from our dataset have been broadcast on 19
different channels.

* Temporal information. We also introduce temporal information describing
roughly the date and time of broadcast of the show. The time of broadcast
are described through 24 classes ranging from "00H" to "23H". The year of
broadcast are also similarly described through categorical classes. Temporal
information are investigated in more depth in Chapter 8.

Each entry in the training or test set can be assigned with none, one, or several
"Genre" or "Topics" tags. The distribution of the number of "Genre" and "Topics" tags
across the programs of our dataset is displayed in Fig. 6.2. Most of the programs
have been labeled with only 1 to 3 tags. A very small amount of them have none,
while some have up to 7 tags. Every program is however assigned with exactly one
TV channel, one time, and one year of broadcast.

6.3 Proposed method

Because all of the TV shows are not labeled with tags with an equal precision, we
cannot expect the set of tags associated to each show to be exhaustive. This means
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Figure 6.2: Distribution of the number of "Genre" and "Topics" tags per TV programs in
the dataset.

that two similar shows in which appear potentially common people might not have
been labeled with the same tags, and that the set of tags they have been assigned
might also be completely disjoint.

For this reason, the categorical data cannot be compared directly the way they are
and we need a way to determine which tags are semantically similar and which ones
are not. We hence investigate how to learn embeddings to represent the tags in a
multi-dimensional continuous vector space.

In this chapter, we make the assumption of a supervised setting. This means that
the identity labels of the training set are expected to be known, as well as the tags
describing the shows. We exploit the identity labels jointly with these descriptive
tags to learn embeddings in a joint feature space through a Correspondence Anal-
ysis. This way, we will be able to compute a similarity score not only between the
descriptive tags, but also between the identity labels. We will also be able to measure
similarity scores between tags and identity labels.

At the inference time, only the tags are assumed to be known (besides the facial
features).
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CHAPTER 6. CATEGORICAL CONTEXT

6.3.1 Correspondence Analysis

Given the distribution of the number of tags associated to each show (see Fig. 6.2),
and the low number of shows with more than 2 "Genre" or "Topics" tags, it is difficult
to learn directly from them an embedding that would describe their similarity and
semantics. Using a co-occurrence matrix of these tags like in the previous chapter
would prove to be useless as it would be largely sparse.

We hence consider a supervised problem in which the identities of the training set
are known. Because they are numerous (with 42,655 unique identities appearing on
average 12.86 times each), they are more likely to bring the structure we need to
learn which tags are supposed to be similar and which ones are not.

We use the Correspondence Analysis [Ben73, Hil74] (CA) to do this: a N x T matrix
M is first built, where N = 42,655 is the number of identity in our training set and
T is the total number of tags. This matrix describes the tags associated to the shows
in which each identity has appeared: M, ), for n € {1..N},t € {1..T} is equal
to the number of shows labeled with the tag ¢ in which the identity n» has made an
appearance.

Performing a Correspondence Analysis on the matrix M allows to learn in a common
feature space embeddings of both the rows and the columns of the matrix, meaning
in our case that we obtain embeddings of both the tags and the people identities
in a common space. In Fig. 6.3 is shown a projection of some identity labels and
tags in the common embedding space highlighting the similarities and dissimilarities
between them. For readability purposes, only some "Genre" and "Topics" labels are
displayed. The original space of the projected embeddings is 120-d. It appears that
as we could expect, some tags have been assigned with very similar embeddings:
it is the case of the tags "Cinema" and "Trailer", "Reality show" and "Game show",
"Series" and "Fiction", or also "Politics" and "Debate".

Here are the five most similar genres and topics tag embeddings, in this order, for
some identities according to the Correspondence Analysis:
* Jean Dujardin (actor): "Humour", "Trailer", "Best-of", "Cinema", "Interview".

* Clarisse Agbegnenou (athlete): "Sports", "Report", "Time slot", "Magazine",
"News'".

e Michel Drucker (TV host): "Talk show", "Best-of", "Entertainement”, "Variété
music", "Archives".

* Angela Merkel (politician): "News", "Information", "Atypical program", "On
set", "Debate".
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Figure 6.3: T-SNE projection of some tags embeddings.

* Christine and the Queens (singer): "Entertainment show", "Variété music",
"Dance", "Music", "Talk show".

After learning these embeddings, the labeled facial descriptors of the training set are
enriched with the embeddings of their corresponding identity labels. Because the
similarity between CA embeddings is mainly determined through the angles, they
are first normalized before being concatenated to the facial descriptors.

During the inference, the mean embeddings of the tags used to describe the query
programs are used similarly to enrich the facial descriptors of the queries. The em-
beddings of the tags are compared directly to the embeddings of the identity labels
from the training/gallery set.

6.3.2 Results

The results obtained on the retrieval task are displayed on Fig. 6.4. The perfor-
mances are measured for various dimensions of the tags embeddings. The higher
dimension evaluated is 146, which corresponds to the total number of tags.
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Figure 6.4: Mean Average Precision on the query set as a function of the number of
additional components from the tags embeddings.

The performance observed on the retrieval task increase noticeably with the number
of additional components from the tags embeddings before reaching a plateau at
around 100 components. In the following section, we compare these results with
the results yielded by the exploitation of the social context.

6.4 Co-occurrences embeddings and CA embeddings
fusion

The results introduced above and obtained using the descriptive tags can be com-
pared to those obtained in Section 5.4.5 for the social context in supervised setting.
The only additional information that is used here are the descriptive tags for both the
training/gallery set and the query set. The gain of performance obtained with tags
are however much lower than those obtained with the co-occurrences information.
It is in fact even lower than the gain of performance observed in the unsupervised
setting of the social context, which uses much less information. The question that
arises then is to know whether those modalities are complementary, in which case it

82

Cette thése est accessible a I'adresse : https://theses.insa-lyon.fr/publication/2022LY SEI049/these.pdf
© [T. Petit], [2022], INSA Lyon, tous droits réservés



6.4. Co-occurrences embeddings and CA embeddings fusion

could be useful to exploit them simultaneously, or if they convey in fact redundant
information, in which case we could drop one of them.

6.4.1 Embeddings concatenation and ablation study

To evaluate how complementary both embeddings can be, we first fuse them simply
by concatenating both of them to the facial feature descriptors. The social context
descriptor is computed in the supervised context as described in Section 5.4.5. The
tags embedding is computed as described above in this chapter.

Because all configurations cannot be investigated, we use here as many components
of both modalities before concatenating them. The performance observed is com-
pared to those obtained with each modality separately in Table 6.1.

Table 6.1: mAP in the retrieval task in both modality and for their concatenation for
various number of components.

Nb of comp. for each modality 20 50 100 120

Tags embedding only 72.70% 74.09% 74.90% 74.94%
Social embedding only 75.36% 79.22% 82.46% 83.40%
Concatenation 77.50% 80.89% 83.49% 84.17%

We can conclude that most of the increase in performance is brought by the social
embedding, and that the tags embedding only conveys few additional information.
Exploiting 120 components from the social context lift the mAP score from 67.88%
with facial features only to 83.40%, while adding 100 more components from the
tags embeddings only brings us to 84.17%. Knowing this, it can then be more useful
given a fixed number of contextual component, to exploit solely the social context.
The mAP scores for a fixed amount of contextual components in different configura-
tions are compared in Table 6.2.

Note that there is no value for 200 components of the tags embeddings as the max-
imum dimension of these embeddings is 146, which is the total number of unique
tags. For each total number of components considered, the social context outper-
forms the tags embeddings and the fusion of both.
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Table 6.2: mAP in the retrieval task in both modality and for their concatenation for
various number of components.

Total nb of comp. 40 100 200
Tags embedding only  73.73% 74.90% -
Social embedding only 78.14% 82.46% 85.76%
Concatenation 77.50% 80.89% 83.49%

6.4.2 Inter-modality embeddings reconstruction and information
redundancy

Since we know that both modalities contain redundant information, we can try to
quantify that amount of redundant information. In order to do this, we apply a
Canonical Correlation Analysis (CCA). The CCA allows us to project data points from
two different feature spaces into a common feature space. Applying the reverse pro-
jections, we can also reconstruct one modality given the other one, assuming that
they are indeed correlated.

We learn a CCA model on the training/gallery set for being able to project one em-
bedding in the feature space of the other modality. Using this, we evaluate the
performances obtained when using one modality in the gallery set, and a different
one for the query set. The contextual embedding of the query is projected using the
CCA onto the feature space of the training set. The results obtained for the different
combinations of modalities in the gallery and query set are presented in Table 6.3.

. Gallery modality Tags emb. Social emb.
Query modality

Tags emb. 74.90% 72.46%
Social emb. 76.36% 82.46%

Table 6.3: mAP precision using different modalities for the gallery set and the query
set. When the modalities do not match, the modality of the gallery set is reconstructed
through CCA. All the results are for 100 contextual components.

What we observe is that even when using the tags embeddings in the gallery set, the
best performances are achieved by reconstructing the tags embeddings through the
social embeddings for the queries. The tags embeddings, on the other hand, are not
enough to reconstruct faithfully the social embeddings. We can hence conclude that
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for a given embeddings size, all of the useful information of the tags embeddings is
contained in the social embeddings, while the opposite is not true.

The amount of noise in the tags embeddings can be explained by the fact that we
use no more than 146 unique tags. Since the number of tags per show is often quite
low (see the distribution of "Genre" and "Topics" tags in Fig. 6.2), the fusion of all
the tags embeddings of one show can hardly contain enough information to describe
it. On the other hand, the social embedding of one show is based on the fusion of
identities co-occurrences descriptors. Given the number of identities in our dataset
is much larger (42,655 unique identities), this allows for a lot more nuances in the
social embeddings.

6.5 Conclusion and perspectives

In this chapter, we investigated how the available categorical meta-data, also re-
ferred to as "tags", can be used to improve the retrieval of one person’s faces. We
showed that this information can lead to some increase in terms of performance, in
comparison to the case where the facial appearances only are considered. Also, we
have been able to observe that both the tags and the social embeddings (introduced
in the previous chapter 5) convey partly redundant information. The social em-
beddings remain however more precise than the tags descriptors, to the point that
projecting the social embeddings onto the tags descriptors space still yields higher
retrieval scores than using the tags descriptors directly.

We believe the gap of useful information between the social embeddings and the
tags embeddings is due to both the few amount of unique tags combined with the
low number of tags associated with each show. Also the fact that many shows have
few to no descriptive tags (except for the temporal and channel descriptors) makes
them more difficult to exploit.

The method described in this chapter is supervised. It makes it useful to investigate
to what extent this modality and the social context descriptors are redundant, with-
out having to deal with the noise due to the choice of a clustering algorithm or other
parameters. We could, however, turn this approach into an unsupervised one, either
through a clustering of the training set faces, like in the previous chapter before ap-
plying the CA, or by directly learning embeddings for each tag. As it was the case for
the social context, this would very likely lead to a drop of performance. Moreover,
this would not solve the redundancy problem with the social context (which already
yield better performances in the unsupervised setting than this modality does in the
supervised setting).
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CHAPTER 6. CATEGORICAL CONTEXT

Some other approaches could be experimented to tackle the issues mentionned
above: for example, applying Natural Language Processing (NLP) models on the
shows titles could yield interesting results, as we could expect the information con-
tained in the titles to be more diverse than that from the tags.
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Chapter 7

Visual context

7.1 Introduction

Among the useful information that the human brain uses to identify people, the
visual context, i.e. all the visual information except for the face to identify is par-
ticularly useful. We know, for example, that a human agent is able to achieve an
accuracy score of 94.27% on the LFW protocol [HMBLMO08], which is a face veri-
fication protocol, when all faces have been masked [KBBN11], meaning using only
the visual context. Furthermore, the fact that human brain takes advantage of visual
scenes to recognizes objects has also been studied [Bar04].

We also know that the television is a very standardised media; given only a few static
frames, a human agent is most of the time able to say from which kind of show they
have been sampled, whether it is a sport match, a newscast, a political debate, and
so on. We believe that this knowledge carries much information about the people
possibly appearing in that show and could be used to disambiguate the cases in
which facial recognition is difficult. Some examples illustrating this are presented in
Fig. 7.1. Our goal is to exploit the visual context to improve face retrieval and face

~L B 8 TTTC
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Figure 7.1: Examples of strong visual contexts.
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CHAPTER 7. VISUAL CONTEXT

verification in a dataset of TV shows.

In this chapter, we explain how we built a dataset of over 10M images from TV shows
aired between 2010 and 2020 and how we used it in order to learn a visual context
descriptor specific to TV. We show that it can be used jointly with face descriptors to
improve the performance over a face verification task and a face classification task
when such a visual context is available. We also discuss about the optimal strategy
for fusing the visual context descriptor and the facial features to that end. The works
presented in this chapter have been partially published in [PLDG21a].

7.2 Dataset

7.2.1 Motivation

Our goal is to be able to exploit the visual information in a video frame other than
the facial appearances to help identify the people appearing on TV shows. We want
to be able to extract continuous feature descriptors from video frames that carry in-
formation about the context of the show, and hence about the people appearing in
those frames.

Existing datasets oriented towards context recognition have been designed in order
to classify the images. Some datasets of locations images like SUN [XHE*10] or
Places365 [ZLK"17] are quite exhaustive in terms of labels, however they do not
allow to capture the semantic proximity that can exist between two different classes,
like between an airfield and an airport terminal, or between the ocean and a harbour.
Also their distribution is quite different from what is to be expected in a dataset of
TV frames. Some other datasets which are more TV specific only focus on classifying
TV programs in a few classes like news, sports, music, and so on, but they fail at
capturing the diversity within each of these classes and at recognizing the relations
that can exist between them. However, there are loss functions for similarity metric
learning that allow to learn a continuous descriptor (which is richer in information
than simple classes), like the triplet loss [SKP15] or the contrastive loss [CHL*05],
which require triplets as inputs, or at least pairs of similar elements.

7.2.2 Dataset structure

The dataset built for this task is the Visual Context for TV programs introduced ear-
lier in Section 4.2.3. It contains 10,684,217 frames of TV shows aired between 2010
and 2020, mostly on the French TV, but not only. This dataset covers the diversity
of visual contexts prone to appear on television with frames selected from a large
number of TV shows of all sorts, such as news, sports, entertainment, talk shows,
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7.3. Methodology

and so on. For practical reasons that will be detailed below, all the faces have been
blurred in this dataset, so as to be unrecognizable.

This dataset is unlabeled. However, it comes with a list of 4,362,818 pairs of frames
where at least one individual appears on both frames.

It is divided into three subsets:

* a training set, containing 4,357,969 positive pairs and 4,331,132 more ele-
ments to form the negative pairs of the triplets during training

* avalidation set, with 2,456 triplets

* and a test set containing 2,393 triplets

Figure 7.2 displays a few examples of frames from this dataset.

e S AR Egtend aniis £ 0L IR SR M il
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Figure 7.2: Sample of the frames from our dataset. The visual contexts are various and
reflect the diversity of the shows one can see on TV: news, entertainment, sport, weather
forecast, and so on.

7.3 Methodology

The dataset has been built in order to be able to compute a continuous feature
descriptor from a static image that captures its visual context and that can help
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identify the people depicted in it. We believe that the best way to do so is to organize
the images of our dataset in triplets including one anchor, one positive element and
a third negative element, so that a model can be learned using the triplet loss or
a similar loss function. This approach has been proved to be efficient for visual
descriptor learning [SKP15].

7.3.1 Triplet formation

The difficulty lies in being able to define what makes a positive or a negative pair
of frames. Most previous works could rely on external information, like categorical
[SWBR16] or textual meta-data [DEC*16b, ZHWP19]. However, we do not dispose
of such an information. The purpose of this dataset is to help identify the people
appearing in the frames. Thus, what would be ideal would be to be able to rely on
the identities of these people to build our triplets. Since their identities are unknown,
we rather decided to use their facial appearances to build our positive and negative
pairs of frames, and hence to form the (anchor, positive, negative) triplets.

Positive pairs

We consider one pair of frames as positive context-wise if we are able to identify at
least one person that co-occurs in both frames. Given the impossibility to label man-
ually all of the faces appearing in over 10M frames, we performed this automatically.
We first detected all of the faces in the original frames of our dataset (not blurred)
and computed the corresponding facial feature descriptors. We then formed our
pairs using a selective distance threshold between the faces to assert they do in fact
belong to the same person. Also, to make sure we do not build pairs based on reruns
of a unique show broadcast twice, we also introduce a minimum distance threshold
between the faces. Hence we ensure the pairs are not made of duplicates. The facial
features model we used to do build these pairs is a ResNet18 architecture trained on
the VGGFace2 dataset and presented in Section 4.1. It achieves a 98.98% score on
the LFW protocol [HMBLMO8].

Examples of thus formed pairs, after blurring the faces, are depicted in Fig. 4.9
(Section 4.2.3).

Negative pairs

A common and effective strategy in similarity metric learning setting is to focus on
hard negative examples during training. For example, for facial features learning,
comparing similar identities helps differentiating them [SMO*18, WZL17, SMN*17,
SKP15]. This often implies selecting negative pairs with similar embeddings.

Our problem, however, differs. If we can consider a pair as being positive when a
common person appears in both frames, the absence of such a person is not enough
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to consider a pair as being negative. We might for example, sample two frames from
the same show where no one appears on both frames. We do not want this pair to be
considered as negative, since the context is not expected to be any different within a
unique show from one scene to another. The same can apply to two different shows
with a very similar context but no common participant.

Moreover, we face the difficulty of defining precisely what a negative pair is, context-
wise. But a binary classification in "positive" and "negative" is not enough to describe
the various level of proximity in terms of context.

This makes such an adversarial sampling very difficult to apply in our case as it could
lead to sampling too many false negative pairs. For this reason, we decided to not
use a hard example mining strategy, but to simply sample the negative elements of
our triplets randomly from the whole dataset, and to rely on the large size and on
the diversity of our dataset to make false negative pairs highly unlikely.

7.3.2 Model learning
Architecture

To train our visual context model, we use a Resnet50 architecture [HZRS16] pre-
trained on Places365 [ZLK*17]!. The last classification layer, with 365 output nodes,
is replaced with a 16-dimensional layer. This network is fed with 256 x 256 images.

Loss function

The pretrained model is fine-tuned using a loss function inspired by the Triangular
Similarity Metric Learning (TSML) [ZIG"15]. This loss function is similar to the
widely used triplet loss introduced in [SKP15], except that it exploits the triangular
inequality. For a triplet (Xo, X, X,,) where X, is the anchor, X, the positive element
and X, the negative element, our loss function is defined as:

1 1
Liomi(Xo, Xp, Xn) = [Xoll* + SIIXI1° + S1X]* = [1Xo + Xl = [[Xo = Xl (7.1)

We also made a few experiments with the triplet loss. However, we observed that
the performances using this TSML-inspired loss are slightly better. Hence will be
reported here the results obtained with it.

About the blurring of faces

We mentioned earlier that all faces in our dataset have been blurred, in particular for
legal reasons. It appears that this is also a practical choice. A model has first been

'https://github.com/CSAILVision/places365
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Figure 7.3: When using a variant of our dataset where faces are not blurred, the trained
model focused mainly on the actual faces and not on the surrounding context (left). This
is no longer the case when trained on a dataset with faces blurred (right).

trained similarly, using the same architecture, loss function and dataset, with the
only difference being that the faces have not been blurred. Its performances were
satisfying; however, they decreased when the model was applied on frames where
faces were blurred, which proves that it learned to recognize the faces more than
it learned to recognize the visual context. This is easily explainable as our positive
pairs have been build in order to contain faces of the same person, as described
above in subsection 7.3.1.

Moreover, we could confirm using some visualization techniques like the Smooth-
grad algorithm [STK'17] that this model focused primarily on the faces appearing
on the images, and not on the background as was desired (see Fig. 7.3). Blurring the
dataset helped to largely avoid this issue: the model trained with blurred faces no
longer focuses on the faces, but on the visual context and background as expected.

7.4 Evaluation and comparison of the visual context
descriptor alone

After training our model on our training set, and using the validation set for early
stopping, we evaluated it on our test set and compared it to other existing models.

7.4.1 Evaluation and comparison on our test set

This first evaluation is a verification task on the visual context only (meaning the
faces are not taken into account here). Given pairs of frames, we want to predict
whether these pairs are to be considered similar or dissimilar.
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7.4. Evaluation of the visual descriptor

To evaluate our model, we split our test set into 5 and use it to perform a 5-fold
cross-validation. This way is determined the optimal distance threshold to classify a
pair as being positive or negative. The overall accuracy displayed in Table 7.1 is the
average accuracy obtained over the 5 folds + the standard deviation.

Model Accuracy

Places365 Resnet50 75.34 £ 0.68%
Places365 Resnet50 penultimate layer 76.72 + 0.65%
Places365 Densenet161 74.70 £ 0.68%
Ours 85.17 + 1.46%

Table 7.1: Average accuracy + standard deviation with 5-fold cross-validation over our
test set.

We compare our model with the pre-trained Places365 models. For these pre-trained
models, we use either the 365-dimensional outputs of the classification layer or the
2048-dimensional output of the previous layer (which is the input of the classifica-
tion layer itself).

Unsurprisingly, we observe that our model is more suited to the verification task on
a dataset of TV frames, whereas Places365 models are trained on more vari