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UNSUPERVISED ACTIVE LEARNING FOR VIDEO ANNOTATION

SUMMARY

When annotating complex multimedia data like videos, a human expert usually
annotates them manually. Even tough manual annotation achieves accurate results,
it is a labor-intensive and time-consuming process. On the other hand, computational
methods can annotate mass video data for indexing and searching with any or almost no
help from human experts effortlessly and faster but they are probably more error prone
solutions. The tradeoff between the costs in terms of labor, time and accuracy reveals
Active Learning as a natural outcome. Active learning is one of the semi-supervised
machine learning methods that benefits from the strongest properties of both manual
and computational methods. In an active learning cycle, a learner algorithm discovers
the underlying patterns in data and queries the human experts interactively for some
informative decision points. It is used when labeled instances are insufficient and
acquiring new labels is expensive or especially when unlabeled instances are abundant.
In this study, we introduce an unsupervised active learning cycle structure in a
flow, which includes clustering, stable matching between the created clusters, various
unsupervised selection strategies for selecting the most uncertain and the most certain
instances and querying the human annotators. We propose two new cluster selection
methods, namely Most Disagreement Selection (MDS) and Hybrid Set Selection (HS),
which is a hybrid of MDS and Big Cluster First [2] methods. For MDS and HS, we
adopt the "Stable Marriage Problem" solution, in which a stable marriage problem
is transformed into a cluster matching problem. We work on REPERE [1] video
dataset, which is created for the problem of person identification in videos. Our study
aims to identify who is speaking and who is on screen by using multi-modal data.
We have evaluated the performance of selection strategies over active learning cycles
using multimodality on 28 videos from 7 different TV programs. Each video has three
different similarity matrices namely face-to-face, speech-to-speech and face-to-speech.
We have run four experiments with regard to matrices in this order: face score for face
track annotation, face score for speaker track annotation, speaker score for speaker
track annotation and speaker score for speaker annotation.
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VIDEO ETIKETLEME iCIN AKTiF OGRENME

OZET

Giiniimiizde dijital video ve fotograf iceriklerinin kolay iiretilebilmesi ve bu iiretilen
videolarin internet iistinden medya, sosyal medya ve video paylasim siteleri
gibi kanallar iistiinden internet sitelerine son kullanicilarin da ¢ok kolay yiikleme
yapabilmesi nedeniyle her gecen giin internet ortaminda muazzam derecede igerik
olusmasina neden olmaktadir. Video verilerinin siirekli artmasi ve bu verilere
kullanicilarin ¢ok kolay erismesi, bilgiye ulagsmayi olduk¢a arttirmaktadir ancak video
verisinin artmasi ve videolarin igeriklerinin etiketlenmesinin zor olmasindan dolayi
ayni1 zamanda dogru videolara erisim, istenilen videoyu arama, istenilen videolarin
arsivlenmesi vb. islemleri zor kilmaktadir. Bunun nedenlerinden basinda video verisini
ireten ve/veya video verisini kayit eden kullanicilarin video igeriklerini etiketlememesi
veya eksik etiketlemesidir. Bu durum etiketlenmemis videolarin aranip bulunmasini
oldukca zorlastirmaktadir. Ayrica etiketlenmemis, eksik etiketlenlemis veya yanlis
etiketlenmis video verileri ayn1 zamanda arama veya arsivleme gibi islemlerde hatali
ve giiriiltiilii sonuglara neden olmaktadir.

Kullanicilarin videolar: etiketlememesi veya diizgiin etiketlememesinin nedenlerinden
birisi videolarin iceriklerinin etiketlenmesi igsleminin zor olmasidir. Tiim videolar
bastan sona izlenip igeriklerinin ayrintili olarak etiketlenmesi gerekmektedir. Bu
etiketler video igeriginde hangi insanlarin oldugu gibi etiketler olabilirken, videoda
kayit edilen genel bir olay(basketbol, yangin videosu) veya spesifik bir olay da
olabilir, diinya kupasi finali gibi. Kullanicilarin etiketlemedikleri veya eksik etiketleme
yaptilar1 durumlarda video verisini etiketlenebilmesi i¢in otomatik video etiketleme
konusunda aragtirma ve gelistirme yapilmaktadir.

Bu calismada otomatik video etiketleme yapacak makine dgrenmesi algoritmalarinin
egitimi sirasinda gereksinim duydugu etiketlenmis video verisinin azaltilmasina
odaklanilmigtir. Denetimli makine 6grenmesi temelli otomatik video etiketleme
sistemleri, 6grenme safast Oncesinde insan uzmanlar tarafindan etiketlenmis belli
sayida ornek kullanir. Denetimli makine 6grenme algoritmalarinin egitim siirecince
kullanacag1 ornekler genellikle rastgele secilir ve insan uzman tarafindan etiketleme
islemi yapilir. Otomatik etiketleme sistemlerinin 6grenme safasi icin gereksinim
duyduklart bu etiketlenmis Orneklerin bir insan tarafindan etiketlenmesi siireci
cok uzun siirmektedir. ¢ogu zaman etiketlenecek video kare kare incelenip her
kare etiketlenir. Etiketleme isleminin uzun siirmesi nedeniyle makine Orenmesi
algoritmalarinin 68renim siirecinde daha az etiketlenmis 6rnege gereksinim duyan
yontemler arastirllmakta ve gelistirilmektedir. Bu yontemlerden bir tanesi yari
denetimli bir yontem olan aktif 6grenmedir.
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Denetimli 6grenme yontemlerinde, hipotezin gereksinim duydugu kadar ornek bir
uzman tarafindan etiketlenir ve bu ornekler tiim 6rnek havuzundan rastgele secilir.
Buna karsilik yar1 denetimli yontem olan aktif 6grenme algoritmalar1 ¢ok az sayida
rastgele etiketlenmis veri ile 6grenim siirecine baslar ve denetimli 6grenmeye gore
daha az sayida etiketlenmis Ornek ile denetimli makine 6grenmesi yontemiyle ayni
basar1 seviyesine gelmeyi amaclar. Bunun bagarilabilmesi 6rnekleri rasgele se¢mek
yerine, siniflandirict i¢in en ¢ok bilgi tasiyan orneklerin bulunmasina baglidir. En
cok bilgi tastyan ornekler teorik olarak karar sinirlariin gevresinde bulunur. Ikili bir
siniflandirma problemi icin anlatacak olursak, karar sinirlarinin iistiinde yer alan bir
ornegin her iki sinifa da ait olma olasilig1 0.5 dir. Olasilik 0.5 oldugu durumda entropi
en yiiksek degerini alir ve bu noktalarin bulunmasi etiketlenecek 6rnek sayisinda
diisiise neden olmasi beklenir.Bu noktada aktif 6grenme c¢oziilmeye calisilan problem
icin en ¢ok bilgi tasiyan ornekleri bulmaya calisir, teoride karar sinirlarinin etrafinda
yer alan drnekler en ¢ok bilgiye sahip olmasi beklensede 6nceki ¢alismalar gdstermistir
ki baz1 hipotezler de karar sinirinin en uzaginda yer alan ornekler daha ¢ok bilgi
tasiyabilmektedir.

Biz bu calismada video etiketleme i¢in aktif 6grenme yontemini denetimsiz 6grenme
problemi {istiinde uyguladik. Boylece otomatik video etiketleme sisteminin rastgele
etiketleme ile ayn1 seviyede basariy1 daha az sayida etiketlenmis video ile elde edilmesi
amaclandi.

Aktif 6grenme fikiri 1980'li yillarda ¢ikmis olup, uygulamari giiniimiize kadar
yayginlagmamugtir.  Giiniimiizde aktif 6grenme ile ilgili ¢alismalar hizlanmistir ve
bu hizlanmanin ana nedeni biiyiik veriler iistiinde 6grenme algoritmalarinin 6grenme
safasim1 hizlandirmaktir. Bu g¢alismada Onerdigimiz yontem denetimsiz bir makine
ogrenmesi olan kiimeleme iistiinde ¢aligmaktadir. ¢alismanin detaylarinda anlatildig:
gibi aktif 6grenme algoritmalar1 genellikle denetimli yontemler i¢in gelistirilmis ve
denetimli yontemler iistiinde uygulamalar1 daha yaygindir. Bu calisma sirasinda
denetimsiz 6grenme i¢in aktif 6grenme teknigi gelistirilik problemleri ¢oziilmiistiir.

Onerilen yontem denetimli aktif 6grenme yontemi olan “anlasmazlifa gore
sorgulama” (query by disagreement) ve “belirsizi sorgulama” (uncertainty sampling)
yontemlerinin denetimsiz 0grenme i¢in gelistirilmigidir.

Anlagmazliga gore sorgulama denetimli yontemlerde uygulamas: su sekilde tanim-
lanir; aymi veri kiimesi kullanilarak iki farkli smmiflandiric1 egitilir, bu iki farkh
siniflandirici ayni tip siniflandiricinin fazla egtilmis bir hipotezi ve az egitilmis bagka
bir hipotezi olabilecegi gibi iki farkli tip siniflandiric da olabilir. Iki farkli smiflandirici
egiltildikten sonra bu iki siniflandirici etiketlenmemis ornekleri ayr1 ayr etiketler ve
yani her bir ornegin farkli simiflandiricilardan gelen iki adet etiketi olur. Bir 6rnege
atanan iki farkl etiket birbirinden farkli ise yani siniflandiricilar anlagsmazliga diismiis
durumdaysa, bu 6rnek etiketlenmek iizere insan uzamana sorulur. Boylece 6rneklerin
dagliminda siniflar arasindaki karar sinirina en yakin 6rneklerin bulunmasi amaglanir
clinkii iki siniflandiricinin en ¢ok anlagmazliga diistii§ii noktalar karar sinirina yakin
olanlarin olmas1 beklenir.

Bir bagka aktif 6grenme yontemi en basit ve en ¢ok kullanilan denetimli yontem
olan ’belirsizligi sorgulama’. Bu yontemde Kkarar sinirina en yakin érnekler segilir
ve etiketlenmesi i¢in insan uzmana sorulur. Biz caligmamizda anlatilan bu iki aktif
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o0grenme yontemini de denetimsiz 6grenme icin gelistirip REPERE verisi iistiinde
uyguladik.

Anlagmazliga gore sorgulama yonteminin denetimsiz 6grenme probleminde gelistir-
ilmesinin ve problemlerinin ¢oziimiiniin ilk adimi olarak iki adet denetimsiz kiimeleme
yontemi egitilmigtir. Kiimeleme yontemi olarak yi8isal kiimeleme(agglomerative
clustering) ve K-medoid kiimeleme yontemleri kullanilmigtir.

Denetimli yontemde anlagmazliga gore sorgulamada simiflandirilar test agamasinda
etiket atadigindan anlagmazlik direk anlasilip insan uzamana sorulurken, denetimsiz
yontemde etiketler bulunmamakta, etiketsiz kiimeler bulunmakta. Bu durumda iki
kiimeleme yonteminin kiimelerini karsilagtirabilmek icin aym etiketi temsil eden
kiimelerin birbiriyle islesmesi gerektigi diisiiniilmiis ve eslesme problem c¢oziilmiigtiir.
Kiimelerin eslestirme islemi ic¢in yiginsal kiimeleme yonteminden gelen her bir
kiime i¢in K-medoid yonteminin ¢iktist olan her bir kiime ile ortak eleman sayisi
bulunup toplam eleman sayisina boliinmiis ve kiimeler arasinda bir anlagmazlik
degeri matrisi olusturulmustur. Kiimeler birlerine gore degerlendirildikten sonra
olusturulan benzerlik matrisi kullanilarak birbirine en uygun kiimeler kararl evlilik
probleminin(stable marriage problem) ¢oziim algoritmasi uygulanmig ve en uygun
kiime ciftlerinin birbirine atanmasi garanti altina alinmustir. 1ki kiimeleme y&nteminin
tirettigi kiimeler birbirlerine atanma isleminden sonra aralarinda en fazla anlagmazlik
olan kiime cifti iclerinden sorgu yapilmasi amacl secilmistir. Biz bu yontemi “en
cok anlagmazlig1 sorgulama” (MDS) olarak adlandirdik. Bu asamada hangi kiime ¢ifti
icinden Ornek secilecegi belirlendi ancak kiimeler i¢inde hangi ornegin sorulacagini
secmedik.

Secilen kiime cifti i¢cinden Ornek sorgulanmasi icin Ornegin se¢iminde belirsizlige
-uncertainty sampling- gore sorgulama yontemini kiime i¢in uyguladik. Bu adimda
secilen kiime cifti i¢inde ki ornekler tek tek taranarak diger 6rneklere toplam uzakligi
en fazla olan ornegi sectik. Diger 6rneklere toplam uzakli§in en fazla oldugu 6rnek
bize kiime i¢inde kiimenin sinirina en yakin olan yani belirsizligi en fazla olan 6rnegi
verir. Deneyler sirasinda goriildii ki kiime icinde en belirsiz noktalari, yani olasilig
en diisiik noktalar1 segmenin yani sira olasilig1 en yiiksek olan noktalar1 yani kiimenin
merkezine yakin olan, olasilif1 en yiiksek olan noktalar: se¢ip sorgulamak da basariy1
arttirmakta. Bu nedenle belirsizligi en diisiik olan noktalar secilip sorgulama yapildigi
deneylerde bu calismada yapildi.

Bu calismada onerilen yontem [2] calismasinda onerilen ”Big Cluster First” (BCS)
yontemiyle karistirildi ve iki yontemin de gii¢lii oldugu boliimlerin oldugu goriildii.
Bu nedenle BCS ve MDS yontemleri birlestirilerek melez yontemde Onerilmistir.

Deneylerde aktif 6grenme algoritmalari REPERE video verisi iistiinde 4 farkl
siniflandirma problem iistiinde yapilmistir. Burda amag¢ videoda o anda kimin
konustugunun diizgiin etiketlenmesidir. Siniflandirma problemlerinden ilki konusmaci
yani ses verisinden gelen 0z nitelikler kullanilarak, videoda ki konusmacinin
etiketlenmesi. Ikincisi problemde ses verisinden gelen 6z nitelikler kullanilarak
videoda goziiken kisinin etiketlenmesi. iigiincii problemde goriintii verilerinden gelen
0z nitelikler kullanilarak videoda goziiken kisinin etiketlenmesi ve son siniflandirma
probleminde goriintii verisinden gelen 6z nitelikler kullanilarak o anda ki ses verisinin
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etiketlenmesi. Anlagilacagi lizere Onerilen aktif 6grenme yontemleri ¢ok kipli problem
iistiinde uygulanmustir.

Deney sonuglart 28 video i¢in mikro F-measure, makro F-measure hesaplanarak
degerlendirilmigtir. Ayrica yontemlerin basarilar kendi aralarinda derecelendirilmistir
ve en 1yi yontem belirlenmeye calisilmistir. Deney sonucunda goriilmiistiir ki en
bagarili yontem ufak farkla da olsa kesinligi en yiiksek 6rneklerin sorgulandigi melez
yontem oldugudur.
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1. INTRODUCTION

In the last decade, video recording technologies have moved from analog to digital
and video recording devices have proliferated among wide range of users. Another
evolution is proliferation of high speed internet. Many regular internet users started
to create videos after digital video evolution and they can share these videos over the
internet. In addition, video streaming service providers, such as Youtube, personal
blogs, news web sites, also contribute new data every day. According to the Youtube
statistics, 100 hours of video are uploaded to Youtube every minute and over 6 billion
hours of video are watched on Youtube every month [3]. The enormous amount of
video data causes challenges in search and retrieval operations. In order to index and
search videos with the required contents effectively, annotation process is applied on
them. There are two main video annotation techniques; manual annotation, in which
a human expert annotate a video manually and automated video annotation, in which
various computational methods annotate a video. In manual annotation approach, an
expert watches whole videos frame by frame and annotates topics, occurred events,
persons, types (e.g music, news etc) and other informative data. On the other hand,
computational methods may annotate many videos automatically without any or less
help from human. Automated video annotation methods are faster but more error prone
than the manual method. Even though manual approach is the most accurate one
in terms of video annotation in many cases, annotating immense quantity of videos

manually is a labor-intensive and time-consuming process.

Automatic annotation techniques such as Active Learning offers various solutions
to overcome the excessive cost of manual annotation. Active learning is a
semi-supervised machine learning technique that aims to reduce annotation/labelling
costs. Conventional supervised or unsupervised machine learning methods use random
annotation for learning phase. In active learning, an algorithm annotates videos

automatically but asks for the labels of the most informative instances to human expert



in order to learn data distribution more accurate. By this way, experts may train

learning model with less annotation effort.

Various active learning methods have been proposed to video annotation problem. One
of the studies [4] applies active learning for video annotation by comparing uncertainty
sampling, the most probable sampling and random sampling to video indexing.
A study [5] proposes video retrieval and annotation system called LIGVID which
uses two active learning methods: ’relevance sampling’ and ’uncertainty sampling’.
Another study integrates SVM based active learning for feature selection to solve the
text classification problem [6]. However, active learning for feature selection fails in
that study, because of the use of a wrong feature reduction technique called GainRatio

Feature Selection [6].

In a study [7], active learning is applied on networked data, of which nodes are
“papers’ and links are ‘references to other papers’. It uses a method based on query
by disagreement and reduces paper annotation costs for classifying research papers. A
study [8] extends the traditional active learning framework by including feedback on
features alongside labeling the instances. It focuses on the effects of feature selection
and human feedback for features in the setting of text categorization and applies

uncertainty sampling based methods.

This study is a sub-project of the project CAMOMILE [9], which targets to produce
an annotation framework for 3M data where the letter "M’ stands for multimodal,
multimedia and multilingual. In this study, we propose a cluster based unsupervised
active learning approach as a selection strategy on REPERE [1] video dataset, which
is created for the person identification problem in videos. Our study aims to identify

who is speaking and who is on screen.

1.1 Thesis Organization

The rest of the thesis is organized as follows: Section 2 includes the notation for the
study and a background of used dataset. Whereas,Section 3 includes related works
on active learning and cluster matching, Section 4 introduces the methods. Section 5

includes the experiments and concludes the study.



2. NOTATION AND DATASET

2.1 Notation

Literally, the finite data set is X = xj,x,...,x, where the cardinality is |X| = n.

The cluster set C = {C,Cy,...,Ci} represents the cluster sets of the set X with the

asumption |C;| > O for all i = 1,2,...,k. The set of all clustering of X is denoted

as B(X). C' is the second clustering for X where C' = {C*|,C’,,...,C’y} € S(X).

M = (mij is the confusion matrix of each clustering pair C,C’. The intersection
ith

between C; and C’; is a kx{ matrix where the i element gives the number of the

elements in the intersection of C; and C’;.

mij:|CiﬂC’j|,1§i§k,1§j§£ (2.1)

The product of the clustering C; and the clustering C’; is denoted as C; x C’; and

defines the coarsest common refinement of those two clusterings.

CXCIZ{CiﬂC’j|CiEC,C’jGC/,CiﬂC,j#m} (2.2)

2.2 Dataset

We use video dataset from the REPERE challenge, which aims to provide a benefit to
research on person identification in videos for multimodal conditions. The REPERE
challenge tries to find answers to questions “Who is speaking?” “Who is present in
the video?” and etc. by use of various information on speech and image modals. The
REPERE Corpus occurs from 28 videos, which include 7 different types of shows such
as news, talk show etc. and various numbers of participants from 3 persons to dozens

in a video. In addition, the length of the videos has a range from 3 to 30 minutes,
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Figure 2.1: Example frames for face segmentation and OCR [1].

which naturally causes various numbers of annotations for each video approximately

20 to 100 frames.

As distinct from other learning approaches, active learning interactively asks for
annotation from an expert depending upon a selected strategy. So, an initial set of
annotated data is needed for these queries. In general, embedded texts in videos can
point the name of a represented speaker. However, it is expensive and time-consuming
to obtain text annotations manually. Therefore, we use the extracted overlaid texts in

videos by an Optical Character Recognition (OCR) system [10].

The used text detection method is adopted from the study [11]. It includes a Sobel
filter and erosion/dilation operations that are employed for coarse detection following
by filtering out false positive text boxes. Moreover, Google OCR system called
Tesseract is used for text recognition. After the OCR system detects and extract texts

automatically, human annotators verify and improve the results.

Speech and face segmentations processes are applied on videos to gather feature set
for both training and testing. For Speech segmentation, speech tracks are gathered
by splitting signals into acoustically homogeneous segments. For each video, the
similarity matrix between speech tracks is calculated by using BIC criterion [12] with

single full covariance Gaussians. The similarities are normalised into the interval [0,1].

For face segmentation, the first and the fifth frames of each shot is scanned to find a face
of which initial pose can be frontal, half-profile or profile. Moreover, the segmentation

approach uses online tracking, which determines the current position and the location



of a face in a frame by using the information of previous frame. After gathering a face
image, 9-point mesh (an eye: 2 points, a nose: 3 points and lips: 2 points) is imposed
on it. Then, a 490 dimensional feature is calculated with HOG descriptor. An average
descriptor is calculated by using found features of a face on the same shot. For each
face track, the number of feature dimension is decreased from 490 to 200 with the help
of LDML approach [13]. At last, the similarity matrix between face tracks is calculated

with Euclidean distance. The similarities are normalized into the interval [0,1].

The third similarity matrix occurs from correlation scores between the faces and the
speakers in the interval [0,1] to build a multimodal clustering. Too small faces are
eliminated for this distance matrix. The change in the color histograms of the region
of a speaker’s lips indicates person talking. Moreover, the size of a face and proximity
to the center of the screen give us the clue that the current speech track is associated to

the current face track.

The test set of REPERE challenge includes 1229 annotated frames from three hours
videos. Instead of annotating all videos frame by frame, every 10 seconds a frame is

selected and annotated by human annotators.

Literally, each instance of the dataset X = xy,x3,...,x, represents a face track and

Y = y1,y2,...,yarepresents a speech track. An instance x; has 200 dimensional

1,2 200
i)

feature vector x; = (x;,X7,...,X T Likewise an instance y ; has feature vector y; =

1,2
(yi 7yi7"'7y;n)T'

respectively, between face-to-face, speech-to-speech and face-to-speech tracks in a

The distance matrices Dy, Dy and Dy, represents the distances,

video. The size of the distance matrices and speaker track number ST, face track

number S7" and overlaid name numbers ON are given in the Table 2.1.



Table 2.1: The video list and the size of distance matrices which are inputs for our

algorithms.

Video Name Dy Dy D¢ | FT | ST ON
BFMTV BFMStory 2012-01-10 | 483 x 483 | 348 x 348 | 1020 | 759 | 372 36
BFMTV BFMStory 2012-01-23 507 x 507 | 329 x 329 | 1037 | 782 | 338 34
BFMTV BFMStory 2012-02-14 | 498 x 498 | 342 x 342 | 1024 | 753 | 348 33
BFEMTYV BFMStory 2012-02-20 | 566 x 566 | 330 x 330 | 1104 | 871 | 341 30
BFMTYV CultureEtVous 2012-01-13 | 40 x 40 36 x 36 94 | 69 | 38 3
BFMTYV CultureEtVous 2012-01-16 | 92 x 92 39 x 39 178 | 163 | 42 5
BFMTYV CultureEtVous 2012-01-17 | 30 x 30 44 x 44 70 | 48 | 49 5
BFMTYV CultureEtVous 2012-01-18 | 50 x 50 45 x 45 128 | 102 | 47 6
BFMTYV CultureEtVous 2012-01-19 | 49 x 49 38 x 38 101 4 | 78 41
BFMTYV CultureEtVous 2012-02-14 | 59 x 59 48 x 48 136 | 9 | 104 48
BFMTYV CultureEtVous 2012-02-15 | 94 x 94 34 x34 183 | 4 | 180 34
LCP CaVousRegarde 2011-12-20 | 352 x 352 | 327 x 327 | 681 | 397 | 332 30
LCP CaVousRegarde 2012-01-19 | 306 x 306 | 289 x 289 | 638 | 371 | 290 22
LCP CaVousRegarde 2012-01-25 | 356 x 356 | 350 x 350 | 747 | 428 | 352 25
LCP EntreLesLignes 2011-12-16 | 428 x 428 | 251 x 251 | 788 | 560 | 253 15
LCP EntreLesLignes 2012-01-27 | 417 x 417 | 264 x 264 | 840 | 599 | 267 14
LCP EntreLesLignes 2012-05-11 | 405 x 405 | 300 x 300 | 949 | 960 | 305 13
LCP LCPInfo13h30 2012-01-24 159 x 159 | 158 x 158 | 337 | 212 | 163 13
LCP LCPInfo13h30 2012-01-25 | 262 x 262 | 168 x 168 | 460 | 331 | 172 10
LCP LCPInfo13h30 2012-01-27 | 225 x 225 | 170 x 170 | 456 | 306 | 177 11
LCP PileEtFace 2011-11-19 207 x207 | 210 x 210 | 441 | 243 | 211 40
LCP PileEtFace 2011-12-01 293 %293 | 254 x 254 | 587 | 389 | 255 51
LCP PileEtFace 2012-01-12 277 x 277 | 268 x 268 | 580 | 330 | 269 52
LCP PileEtFace 2012-01-19 281 x 281 | 244 x 244 | 518 | 302 | 246 43
LCP PileEtFace 2012-01-26 283 x 283 | 270 x 270 | 624 | 380 | 273 50
LCP TopQuestions 2012-01-25 258 x 258 | 130 x 130 | 480 | 364 | 134 11
LCP TopQuestions 2012-02-14 172 x 172 | 153 x 153 | 395 | 249 | 155 13
LCP TopQuestions 2012-02-22 214 %214 | 155 x 155 | 439 | 308 | 158 15




3. RELATED WORK

In this chapter, we review some fundamental concepts for this study. We give a
brief overview of active learning, followed by a general discussion on active learning

scenarios and basic active learning strategies.

3.1 Active Learning

Active learning mainly discovers the most informative instances in terms of data
distribution in data, while training a model in an iterative manner to deal with the
cost of labeling. Determining the most informative instances and querying human
annotators iteratively decreases the needed number of labeled data. Moreover, it helps
the learner algorithm for learning the underneath distribution relatively faster than
supervised methods. A nice example [14] about the human colonial, which arrives
a solar planet, explains the semantic behind the active learning. In this scenario,
the planet is habitable and includes a large amount of eatable vegetation. Important
amount of the food comes from a plant of which fruits are smooth, round and irregular.
The smooth and round fruits are delicious and good for humans. On the other hand,
irregular fruits cause sickness. It is very indispensable to classify fruits as safe and

noxious for the favor of the colony.

According to the PAC learning framework [15], if data distribution can be perfectly
classified by some hypothesis function % in the hypothesis function set H then it is
enough to test &(1/€) randomly selected instances, where € is the maximum desired
error rate. In other words, hundreds of fruits might be tested to be able to achieve 99%
accuracy for “fruit safety’ classifier. Unfortunately, this experiment can cause lots of
poisoned people. Conversely, instead of choosing the fruits randomly for specifying

fruit irregularity threshold 6, we can find and use the most informative fruits.

All things considered, we are able to formulate the classification problem of ’safe’ and

‘noxious’ food by using simple binary classifier. Literally, each instance of the dataset
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Figure 3.1: Detecting safe shaped food threshold 6 with binary search.

X =x1,x3,...,X, represents a harvested fruit. Each data instance x,, has a hidden label
y € {1(safe),0(noxious)}. Thus, the binary classification problem is defined as the
set of x,,, v, pairs with the function mapping 4 : X — Y, parameterized by a threshold
0, which represents the best threshold to be able to decide ’safe’ and 'noxious’ fruits.
Supervised learning based methods need more human subjects to specify the threshold.
Fortunately, binary search reduces the threshold search cost in this problem as seen in

Figure 3.1.

The study [14] indicates that binary search speeds up the finding errorless classifier for
a number of &'(log, é) training instances where € indicates the error rate. By this way,
there is no need to use all of the training instances. For example, previous supervised
methods use 100 human subjects to taste 100 fruits for obtaining 99% accuracy. On
the other hand, the same accuracy can be achieved with 6 or 7 human subjects by using
active learning based classifiers. In the end, using the most informative fruits enables

a substantial reduction in the number of sick people.

3.1.1 Active Learning Scenarios

Active Learning scenarios defines how to ask a selected instance to a human expert.
Mainly, there are 3 different Active Learning scenarios namely query synthesis, stream
based selective sampling and pool based sampling which explained in the following

sub sections in detail. In this study, we use stream based selective sampling.



3.1.1.1 Query Synthesis

D. Angluin’s *Query and concept learning’ [16] article describes the query synthesis.
This scenario investigates learning with membership queries. In query synthesis
learning scenario, learner may request label membership for any labeled data instance

in the input space including queries that the learner starts from the beginning [17].

Query synthesis is good if learner has an exact definition of the input space. I realise in
my literature search that query synthesis is often used. Especially recent works rarely
use query synthesis. [14] gives a good example about query synthesis. [14] applies
membership query learning with human oracles to train a neural network classifier
of handwritten characters. The problem is many of query images generated by the
learner can not recognised by oracle. They encountered an unexpected problem: many
of the query images generated by the learner contains no recognisable symbols; these
are artificial hybrid characters with little or no natural semantic meaning for oracle.
For example; hand writing tools can express 5, 8, or 9 instead of the real image
of a number. It stands to reason that undetermined images could help the learner
discriminate among the different characters, if people were able to discriminate among
them as well. Similarly, text or speech recognition tasks are not suitable for query

synthesis because of same sample generation problem.

3.1.1.2 Stream Based Selective Sampling

Other query scenario is stream based selective sampling. Stream based selective
algorithm is easy to understand. Learning starts with random labeled data, when the
learning process, learner decides to ask one sample to oracle. The key assumption is
that obtaining an unlabeled instance cost is none (or inexpensive), so it can be sampled
from the actual distribution, and then the learner can decide whether or not to request
its label. If the input distribution is uniform, selective sampling cannot offer any
advantage over query synthesis. But if the input distribution is non-uniform, selective

sampling gives better result than query synthesis [14].



3.1.1.3 Pool-Based Sampling

Stream based selective sampling is needs more computation and time. Real world
problems are not suitable stream based selective sampling. In real world problems,
starting with small unlabeled data to training then learner ask oracle to large collections

of unlabeled data. Learner creates a query pool when training [14].

The study [14] explains difference between stream based selective sampling and pool
based sampling difference in his book. Main difference between stream based and
pool based active learning is selection of query sample. Stream based query ask one
sample at a time. But pool based method asks set of sample to expert after each learning
iteration. Stream based query method looks more precise then pool-based because they
ask one sample after each iteration this is why asked sample quality is guaranteed. But
pool based sample can ask some noise or meaningless samples. On the other hand,
stream based querying need more training time, because each annotation followed by
training phase. This is why pool based querying is more popular if annotation cost is

not too high unlike video annotation.

3.1.2 Sampling Strategies

We explain how to ask scenarios in section two. Most important part of active
learning is how to choose or decide which samples are best for the asking to oracle.
I will explain three strategies, uncertainty sampling, query by disagreement, query by

committee.

3.1.2.1 Uncertainty Sampling

Uncertainty sampling is proposed by [18]. This algorithm queried most confident
samples for learner. Main idea is finding most informative instances from unlabeled
input. So we can find most informative instances near the decision boundaries. If
learner chooses instances near of decision boundary, probability near 0.5 for two class
problem near decision boundary, learner can ask these confused points to oracle for

labeling, so learner can train better in next iteration in theory.

The book [14] refers three measures of uncertainty in his active learning book.
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e Least Confident

Least confident method is a basic uncertainty sampling strategy to query the

instance whose predicted output is the least confident:
x*cL =argmin,Pgy(P|x)
= argmaxy1-Pg (J|x) (1).

With the highest posterior probability under the model j. In other words, this
strategy prefers the instance whose most likely labeling is actually the least likely

among the unlabeled instances available for querying [14].
e Margin
A different active learning strategy is based on the output margin:
Xy =argming[Pg (Y1 |x) — Pg (¥2|x)] (2)

where y| and y, are the first and second most likely predictions under the model,
respectively Margin sampling addresses a shortcoming of the least confident

strategy by incorporating the second best labeling in its assessment [14].

e Entropy

Perhaps the most general (and most common) uncertainty sampling strategy uses

entropy [19], usually denoted by H, as the utility measure:
xp; =argmaxH g (Y |x)
Xp; = argmax; - Y.,Pg(y|x) logPg (y|x) (3)

Where “y” ranges over all possible labels of “x”. Entropy is a measure of a
variable’s average information content. As such, it is often thought of as an

uncertainty or impurity measure in machine learning.
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3.1.2.2 Query by Disagreement

Query by disagreement (QBD) proposed by [20]. Disagreement assumes the
stream-based selective sampling scenarios so unlabeled data streams to oracle for
labeling. Main idea is setting up two hypotheses; one hypothesis is most general
hypothesis on the other hand other hypothesis sets up most specific hypothesis. Two
classifiers work together but if one of classifier is disagree with other classifier instance

is asked to oracle for labeling.

The study [14] indicates, QBD needs perfect approximate to boundaries for measure
disagreement among all hypotheses in the version space, even if we imperfectly
approximate it with two extreme hypotesis, most general and most specific QBD fall

in trouble. Query by committee relaxes this assumption using multi classifiers.

3.1.2.3 Query by Committee

More theoretically-motivated query selection framework is the query by committee
(QBC) algorithm [21]. Query by committee approach foundation is set of different
classifiers. In this approach, set of different classifiers train for the same data set.
In labelling section all classifiers propose own label to same sample. Same sample
label agreed by all or most of classifiers but some sample cause conflict between
classifiers. This disagreed samples are most informative data. Because those samples
are near decision boundary in theory and we know that decision boundary is the most
informative section of hypothesis space [14]. Bagging like method works well in query

by committee [22].

Disagreement of classifiers need a measure method. Two dominant methods used
for the measuring disagreement in classification task. First one is based on entropy,
which called vote entropy. This measurement is most used measurement in literature.

Formulation is given [14]:

. ) vote.(y,x) vote(y,x)
Xy g =argmaxy-y., iCl log IC|

vote. (y,x) = Lo (0= (4
(v,%) ggchg()y()

In this formulation, y is all possible labels, ICl size of the committee.
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Another disagreement measure is Kullback-Leiber (KL) [23] . This method tests
measurement of the difference between two probability distributions. In this case ,
KL quantify disagreement as the average divergence of each committee member 0

prediction from that of the consensus C. Also formulation is given as the following;

x}‘(L:argmaxﬁ Y KL(Py (Y|x)||Pc(Y]x))
X 0eC

KL(Py (¥ 1) [P (Y 2)) = TP (v1x)log R (5)

[14] mentions about KL that some cases probability distributions is not uniform even
if not consensus output may be uniform. This is difference between vote entropy and

KL divergence.

3.2 Cluster Matching Metrics

[24] proposes theoretic "Variation Of Information"(VI) criterion for comparison of
two clustering on the same data set. Proposed VI criterion measures and compares the
qualities of two different C and C’ clusters to determine the better clustering method
in terms of information gain and loss. In addition, the study gives a nice literature
review about the comparison methods of previous studies and groups them. The
first group of comparison methods uses Counting Pairs of compared cluster methods.
However, Counting Pair methods do not give better results than other comparison

metrics because of the asymmetry. Pair of points from X described below for all cases:

e §11 demonstrates the number of the data point pairs that are in the same cluster

under both C and C’

e Soo demonstrates the number of the data point pairs that are in the different clusters

under both C and C’

e §10 demonstrates the number of the data point pairs in the same cluster under C, but

in different clusters under C’

e So1 demonstrates the number of the data point pairs in the same cluster under C’,

but in different clusters under C

13



The sum of all the cases always must be;

511—|-SO()—|—510—|—S()1:I’1(71—1)/2 3.1

By considering the Eq.3.1, [25] proposes two asymmetric comparison criteria Eq.3.2
and Eq.3.3 which gives the probability of point pairs in the same cluster under both C
and C'.

"N S11
W[(C,C ) - Zini(ni _ 1)/2 (3'2)

/ S
Wil(C,C) = 3.3)

Yni(n';—1)/2

[26] proposes a comparison metric called Rand Index which compares the result of a
classification scheme with a correct classification (See Eq.3.4 ). Rand Index depends
the number of clusters and the number of data points. In the equation, the function R
gets values between [0,1] where R = 0 indicates that the two clustering algorithms are
identical.

2(7111 +n00

R(C.C) = nn—1)

3.4)

[24] mentions another criteria called Jaccard Index as in Eq.3.5. Jaccard Index gets
values between [0,1] where J = 0 indicates that the two clustering algorithms are

identical.

St

J(C,Ch = 3.5
( ) S11+So1 + 510 (3:5)
[27] improves the Jaccard Index as in Eq.3.6
2
M(C,Cl) :Zniz—i-zn/j —ZZZm,‘jz 3.6)
i j i

[24] mentions Set Matching Criterion family as the second group of comparison
methods which compare clusters using cluster sets not data points. The first

Set Matching Criterion called Larsen and Aones criterion which is asymmetric
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(SeeEq.3.7). The criterion function L gets values between [0,1] where L = 1 indicates

that the two clustering algorithms are identical.

2mij

3.7
n,—l—n] .7)

L(C, C’ Zmaxj

[28] proposes criterion in the Eq.3.8 which finds the best matches of each cluster C
in C* and is symmetric. It scans element of m;; of the contingency table in decreasing
order. Largest elements of m;; called as nab. All row and column matches are listed
until to reach min(k, ). match(i) function is index of C’; in C’ that matches cluster C;.
The criterion function H gets values between [0,1] where H = 1 indicates that the two

clustering algorithms are identical.

1
H(C,C) = E ) mij (3.8)
Jj=match(i)
Another symmetric criterion introduced by [29] is given in Eq.3.9. D = 0O indicates

that the two clustering algorithms are identical, otherwise D value is smaller than 2n.

D(C,C) = 2n—imaxjm,~j —fmaximij (3.9

i J
All the three matching symmetric method functions L in Eq.3.7 , H in Eq.3.8 and D in
Eq.3.9 finds the best matching sets first for each cluster and compares the clusters using
best matching values. The study [24] mentions the problem of these three criterion do
not compute "unmatched" part of each cluster. So these metrics do not know what
happens clusters unmatched points. It introduces VI criterion for solving asymmetric

and unmatching problem.

Variation of information is aimed to compare clusters C and C’ using disagreement. It
uses entropy based method for measuring disagreement. First step of finding entropy

of cluster is calculate probability of cluster sets:

P(i)=" (3.10)



Thus, we can calculate the entropy of each cluster as;

k

H(C) =Y P(i)logP(i) (3.11)
1

The formula in Eq.3.11 shows the entropy measured in bits and entropy does not
depend of number of points. this calculation is basement to calculation of mutual

information between two clustering.

Calculating of mutual information need P(i, j) this is joint distribution of the random

variables.

cnNc;

P(i,j) = [Gnel (3.12)
n
Mutual information of associated random variables described in below;
P(i, j)
i,] log+ 3.13)
; ; P(i)P'(j)

[24] introduces variation of information using mutual information and entropy

associated with cluster C.

VI(C,C') = [H(C) —I(C,C"]+ [H(C") - I(C,C")] (3.14)

We can see that I(C,C’) is intersection of H(C) and H(C’) this is why [24] proposed
criterion find disagreement of two cluster subtracting mutual information from each
entropy associated cluster. It examined VI under 12 property like non-negativity,
symmetry, triangle inequality, n-invariance, upper bound of VI, splitting a cluster,

collinearity of join, linearity of composition.

Another study about evaluation metrics to compare clustering algorithms done by [30].
Amigo et al. defines four new formal measures for clustering comparison, writers also
examines some comparison metrics using newly defined constraints. Amigo et al. also
explain why those metrics can not satisfy all constraints in first part of study. Second
part of study Authors analyze BCube algorithm because BCube satisfies all of four

constraints also BCube can compare clustering that has overlapping problem.
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[30] tested some comparison metrics - explained before- using 12 mathematical
constraints. It defines higher level formal constraints than [24] constrains because

authors expect some rules for constraints:

A Constraint should be intuitive and tests clearly limitation of each metric. So system
developer can be sure which constraints are important for the specified task. Constraint
should be prove formally. Metric families must be discriminated by constraints. This
property is useful for system developer because system developer can choose right

metric if previous tested family does not work properly for the problem.

Using this point of view, authors define those formal constraints on evaluation metrics

for clusterings.

Constraint one is cluster homogeneity: This constraint is purpose of clustering
algorithms, clusters must be homogeneous. In a word, all clusters have same item.
Second constraint is cluster completeness: First constraint measure homogeneity but
same class items can be clustered in two or more cluster. In many case, big one
cluster is better than two or more clusters for same class items. Third constraint is
rag bag . Rag bag is clustering noise points to same cluster that means rag bag is set
of ’others’, ’unclassified’, 'miscellaneous’ categories. Constraint four is cluster size
versus quantity. Big cluster and small error should be preferable to large number of
small error in small clusters. For example if two clustering algorithms has same error
number for same data, clustering algorithm that has bigger cluster is better than other

algorithm.
Authors examine families of metrics under those constraints, results:

Set matching metric families can not satisfy constraints 2 and 3. Constraint 1 is
satisfied by purity measure. Counting pair based metrics family-like Rand, Jaccard
Coefficient, Folkes and Mallows can satisfy constraints 1 and 2 but they do not satisfy
3 and 4. Entropy based metric family like Meila’s Variation of information fail to
satisfy constraints 2 and 4. Evaluation metrics family based on edit distance can not
satisfy constraints 1 and 3. [30] introduce BCubed metrics - metric that is mixed family

of metrics- can satisfy all of four constraints.
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4. METHODOLOGY

Supervised query by disagreement method (QBD) [14] is one of the active learning
methods in the literature. QBD uses two different classifiers and asks the label of
a disagreed point to an expert. We introduce unsupervised query by disagreement
method to accelerate the learning phase of the automatic video annotation by
using unsupervised learners. When it is used with supervised learners, Query by
Disagreement (QBD) lets the learners label each instance and compares the learners’
outputs for the same instance to detect disagreement instances. However, since
unsupervised methods do not generate labels for each data instance as output of a
learner, using QDB on unsupervised learners is a new and a challenging problem. We
propose a novel approach for QBD on unsupervised learners and apply the solution on

multimodal video data.

In our study, we use the following steps during an Active Learning Cycle: clustering,
cluster matching, disagreement measurement between clusters, selection of the most
disagreed clusters, selection of an instance to be queried from the selected cluster. The

arhitecture of our system is depicted in Figure 4.1

4.1 Clustering Algorithms

Active learning cycle begins with the clustering of the data. We use two clustering
algorithms: Agglomerative Clustering and K-Medoid Clustering. Agglomerative
clustering is a hierarchical clustering algorithm and works with bottom-up approach.
Therefore, it does not need to take a fixed number of clusters as input. For a given
distance threshold, Agglomerative Clustering estimates the number of clusters, which

we use as the value of the K-Medoid Clustering’s number of clusters parameter k.
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Figure 4.1: The architecture of the system.
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Figure 4.2: The illustration of Agglomerative Clustering.

4.1.1 Agglomerative Clustering

Agglomerative Clustering method clusters instances up until reaching a given distance
threshold and returns the number of clusters. In our dataset, each video data
has variable size of classes. However, the other clustering algorithm that we use,
K-Medoid, needs number of clusters as input. Thus, we let the Agglomerative
Clustering finds the number of the clusters and use it as input in K-Medoid Clustering.

The generic Agglomerative Clustering algorithm is given in the Figure 4.3

Initialize
Assign each data point as a cluster
while until reaching a given distance threshold do
Find the most similar pair of clusters
Merge them into a single cluster
Compute new similarities of the new clusters
end while

Figure 4.3: Pseudo-code of Agglomerative Clustering.

4.1.2 K-Medoid Clustering

K-Medoid Clustering algorithm needs an initial k& parameter which corresponds to
the number of clusters. However, our proposed unsupervised query by disagreement
needs at least one clustering method that does not need to know the number of clusters
initially. Therefore, we use agglomerative clustering to gather the number clusters and

use it as K-Medoid’s parameter k.
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Initialize
k points are randomly selected in n instances as medoids
while Is medoids shifted do
Each data point is associated to the closest medoids
for each medoid m do
for each datapoint *0’ is not a medoid do
swap m and o and calculate the total costs of the configuration
end for
end for
end while

Figure 4.4: Pseudo-code of K-Medoid algorithm.

In order to find the clustering disagreements between the algorithms, we first solve its
complementarity problem by finding the agreed instances on correspondent clusters
the of algorithms. We apply a cluster matching algorithm to measure the similarities
between the clusterings produced by the Agglomerative and K-Medoid algorithms.
We find the intersection of clusters by calculating the cluster similarity metric given
in Equation 3.8. For our dataset, the cluster pairs’ similarity matrix using best match

measurement is given in Table 4.1.

Table 4.1: A sample cluster pair similarity matrix for agglomerative and K-Medoid

algorithms.
K-Medoid
Cluster 1 | Cluster 2 | Cluster 3
. Cluster 1 0.437 0.094 0.321
Agglomerative

Cluster 2 0.318 0.432 0.176
Cluster 3 0.134 0.126 0.173
Cluster 4 0.320 0.284 0.421

After finding the cluster pairs’ matching similarities, we need to couple the pairs using
cluster pair similarity matrix that we constructed using *Best Match’. We calculate the
similarity matrix between the sets of two clustering algorithms but we do not assign
Agglomerative Clustering’s sets to K-Medoid Clustering’s sets one by one yet. The
"assigning a set to another set” problem perfectly fits into ’Stable Marriage Problem’.

In real life, finding the most coherent man and woman pair is the key of a stable
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marriage. However, n men and n women stable marriage is an optimization problem
because all candidates are assigned to the most coherent candidates. Each man and
woman ranks all of the opposite members from 1 to n and a stable marriage occurs
when a man and a woman could not find any other better partners in opposite sex

within n — 1 candidate in terms of rankings.

Literally, we need to find j = match(i) which denotes the cluster C} to which the
C; should be matched. Then, in order to assign clusters between Agglomerative and
K-Medoid clusterings, we adopt and apply the Gale-Shapley algorithm ( [31] , [32])
which solves the ’Stable Marriage Problem’. Gale-Shapley algorithm guarantees that
the solution obtained is perfect (i.e. everyone gets married) and stable.

Let the clustering produced by the Agglomerative Clustering be C = C1,Cs,...,C;
and the Clustering produced by the K-Medoid Clustering be C' = C},C),...,C;.
Gale-Shapley algorithm requires that each cluster C; ranks the clusters C;. and vice
versa. We use the cluster confusion matrix entries (Equation 2.2) in order to
produce these rankings and then apply the Gale-Shapley algorithm to produce a
cluster matching. The preferences of each Agglomerative cluster over K-Medoid
clusters are denoted as P. The preference of the cluster C; may be shown as
P(Cy) =C,,C},Cy,... where each cluster in the list P(C;) comes from the opposite
cluster set C' and in descending order in terms of the candidates’ scores. In the same
manner, the preferences of each K-Medoid cluster over agglomerative cluster set C are
listed. The preference list of the whole agglomerative cluster set is denoted as P, =
P(Cy),P(Cy),...,P(C;). Likewise, the preference list of the whole K-Medoid cluster
set is denoted as Py. The output of the Gale-Shapley is a matching M = [m,ma, ..., my]
where, m; € 1,...,k, m; = j' if C; is matched with C’] in the stable matching. Stable

matching algorithm for two clusters C and C’ is given in Figure 4.5.

4.2 Query Instance Selection Strategies

In order be able to select which instance to query, we first select the most informative
cluster of the cluster pair, and then we select the most informative instance in the

selected cluster.
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for each cluster C; € C do
P(C) < BestMatch(C;,C")
Add P(C) into P,
end for
for each cluster C’; € C' do
P(C’) <= BestMatch(C/,C)
Add P(C') into P
end for
while unstable do
unstable < false
for each cluster C; € C do
if C; has a pair cluster in M or P(C;) = 0 then
continue
end if
unstable < true
C’; < the first element of P(C;)
if C; has not a pair cluster in M then
my =< Cl',C} >
Add my into M
my << C;-,Ci >
Add my into M
else
m <= current match for C;
if Rank of < C’;,C; > > Rank of m then
my =< Cl',C/]- >
Add my into M
my =< C},C,' >
Add my into M
Delete current match m from M
end if
end if
end for
end while

Figure 4.5: The stable matching algorithm.
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4.2.1 Cluster Selection

We score clusters using different methods and select an instance from the cluster with

the highest score.

4.2.1.1 Big Cluster First

The study [2] proposes ’Big Cluster First’ (BCS) selection strategy which calculates
a score using the size of a set and the number of annotated instances in that set. The
method selects an instance from a minimum scored set by asking human expert. The

BCS strategy score for a cluster C; is calculated as shown in Equation 4.1.

BCS(C)) = NumberO fAnnotation(C;) @1
(€)= Size(C;) )

4.2.1.2 The Most Disagree Selection

In theory, the most disagreed cluster pair gives us the most uncertain points because
two stable matched clusters have lots of disagreed instances. MDS method chooses the
cluster C; which has the highest DS score. For measuring the disagreement between
a pair of matched clusters C;,C} where j = m;, we calculate the disagreement score

(DS), disagreement score list (DSL) and most disagree pair (MDS) as the following;

my =<C;,C; >,YmeM 4.2)

DPS(< C,.C >y = GG 4.3
(< inCj >) = Cqu 4.3)
DSL{DS(< C;,C;>)|Vme M :m, = < C;,C} >} (4.4)
MDS = (< C;,C} >),whereDS,(< C;,C}; >) = min(DSL) 4.5)
where
DSy(< C;,C} >) = min(DSL) (4.6)
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4.2.1.3 Hybrid Cluster Selection

BCS method performs better during the initial stages of active learning where the
number of labeled instances are very few and labeling instances on big clusters help
label a lot of instances. On the other hand, MDS performs better when clusters
contain more known instances, because cluster disagreement has a correlation with
the label assignment. Therefore, we introduce two hybrid cluster selection methods:

Soft Hybrid Selection (SH) and Hard Hybrid Selection (HH).

In order to combine or compare the different BCS and MDS clustering scores, we

apply the z-score normalization on them.

We know BCS performs better than random selection for early iterations in active
learning cycle. On the other hand, M DS is not good at early stages but MDS performs
good after few iterations later. Because of this manner, we develop the Soft Hybrid
Selection method. Contracting SH method needs BCS like method for cluster pairs.
This is why we propose big cluster pair first selection method for use in early iterations.
The Big Cluster Pair First method is the derivative of BCS for paired clusters. The

BCPS method calculates a score for each pair and selects lowest scored pair.

A cluster pair score is depicted as S, = A,/N, where A, is the total number of
annotation in a cluster pair and N, is the total number of instances in a paired cluster.
Soft hybrid method combines BCPS and M DS scores using weight. However, MDS
and BCPS scores’ mean and standard deviations are not comparable since they use
different scales.Therefore, z-score normalization is applied over both BCPS and MDS
scores for solving the scale problem. After that we calculate SH score (SHS) for each
matched pair score using the given formula 4.7. Normalized BCP and M DS scores are

denoted as S,, and DS,,, respectively. The soft hybrid score SHS is calculated as;

SHS = (1 —0t) x S,) + (& x DS,),0 < & < 1 @.7)

This formula clearly shows that if the value of « is close to 1, selection shifts to MDS
while lower o value shifts SH selection to BCPS. « value must be close to zero at
early stage of active learning for selecting cluster pair from BCPS. Calculation of «

value is dependent to number of the iterations.
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The Hard Hybrid Selection method uses BCS method for the given number of
iteration. Important part is BCS uses only agglomerative clustering clusters. When
active learning strategy cycle reaches to switching point, algorithm starts to use MDS
for selection. In other words, hard hybrid uses BCS for early stages and switches to

MDS later.

4.2.2 Instance Selecting Strategy

Selecting the most informative clusters with the defined cluster selection methods is the
first step of the selection strategy. The next step is determining the most informative
instances in the most informative clusters. The instances from the center of a cluster
are more ’certain’ than the instances close to the cluster boundary in terms of class
knowledge. However, since the entropies of uncertain instances are relatively higher
than the entropies of certain instances [14], the most informative instances are actually
on the region around the boundary of a cluster. Therefore, for each instance in a cluster,
we add the distance to other instances in the same cluster and choose the instance with
the highest sum, which gives us the most "uncertain’ instance, the instance which is
the farthest away from all the other instances. Instance selection strategy can select the

most ‘uncertain’ or the most ’certain’ instance from a cluster or a cluster pair.

27



28



5. EXPERIMENTS AND RESULTS

We evaluate the performance of selection strategies over active learning steps on

REPERE Corpus data.

5.1 Evaluation Metrics

The confusion matrix also known as contingency matrix is basic metric of
measurement of classifiers performance. The confusion matrix is an error for
visualisation of classifier performance. The confusion matrix has class size of rows
and columns. Each row contains total number of actual class value. Each column
gives number of classifiers prediction. The confusion matrix reports four different data,
truepositives, falsepositives, truenegatives, truenegatives. True positive indicates
both actual class and the predicted class are positive. On the contrary, true negative
indicates both actual class and predicted class are negative. On the other hand,
false positive occurs when the actual class is negative but predicted class is positive.
Likewise, false negative indicates the actual class is positive but predicted class is

negative.

In this study, we use F-measure, which is an indicator of test set accuracy and harmonic
mean of precision p and recall r values, to evaluate the algorithms. Precision shows
how much relevant instances are retrieved among all retrieved instances. Regardless,
Recall shows how much retrieved instances are relevant among all relevant instances.

F-measure is calculated as in the Equation 5.1

Precision x Recall
F —Measure =2 x — (5.1
Precision + Recall

where
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TP

Precision = —— (5.2)
TP+FP
and
TP
Precision = ——— (8.3)
TP+FN
5.2 Results

We have evaluated the performance of selection strategies over active learning cycles
using multimodality on 28 videos from 7 different TV programs. Each video has three
different similarity matrices namely face-to-face, speech-to-speech and face-to-speech.
We have run four experiments with regard to matrices in this order: (1) face score for
face track annotation (FF), (2) face score for speaker track annotation (FS), (3) speaker
score for speaker track annotation (SF), and (4) speaker score for speaker annotation
(SS). An active learning cycle, which is depicted as step, asks one annotation for each
video. As the performance measure, we use the F-measure, instead of accuracy, since

the number of instances of each class (person) in the datasets is very different.

We have designed two different evaluation techniques to measure the performance of
the algorithms. The first evaluation technique calculates overall performance for all
videos by admitting 28 videos as one big video combining speaker and head tracks
from all videos. We have then calculated FF, FS, SF, and SS scores (Figure 5.1, 5.2,
5.3 and 5.4).

The multimodal classifying problems FS and SF as seen in Figure 5.2 and 5.3 have
more deviations than the others because the correlation between face tracks to speaker
tracks is weaker than head to head tracks or speaker to speaker tracks. Therefore, in

FS, MDS-Certainty performs better than all others, and more robust than BCS.

In the FS experiment, BCS selects good annotations at the earlier steps, and achieves
high F-measure value faster than MDS-Certainty since there is no sufficient data
early on to be disagreed on the MDS-Certainty method. However, at the later steps,

F-measure value decreases, but MDS-Certainty keeps increasing. To take advantage of
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Figure 5.2: Speaker score with face
annotation.
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Figure 5.4: Speaker score with with
speaker annotation.

the strongest sides of both methods, Hard Hybrid Certainty (HHC) uses BCS at the first
five steps. After the fifth step, it uses MDS and its F-measure score keeps increasing.

As a result, HHC achieves better scores than random.
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In the SF experiment, BCS achieves high F-measure scores rapidly and higher than
random method like in FS. Nevertheless, it decreases at the later steps, and finally
performs worse than random method. On the other hand, MDS-Certainty F-measure
increases stably like that of FS, but it performs similar to random. However, the most
interesting result comes from HHC that combines BCS and MDS-Certainty. Like BCS,
HHC gives higher F-measures rapidly at the earlier steps; however, it continues to
increase at the later stages like MDS-Certainty. Furthermore, it performs significantly
better than random until the 10th step. Fortunately, for active learning, reaching to a

high F-measure score rapidly is more important.

The second evaluation calculates F-measure scores for each video individually and
returns one F-measure value that is the average of all F-measures. By doing so, we
observe the performance of the algorithms video by video that have different size of
similarity matrices. The video based F-measure results are given in ??for the four

types of experiments.

We have noticed that some MDS based methods perform well when we use speaker
annotation; especially HHC performs better for speaker identification with speaker
annotation. We have calculated average values of video based performances. The

results are given in Figure 5.5, 5.6, 5.7 and 5.8.

FF result in Figure 5.5 shows us HHC is barely better than other methods, and worse
than BCS for SF experiment in Figure 5.6. On the other hand, HHC scores are better
than speaker annotated experiments with FS and SS shown in Figure 5.7 and Figure
5.8. Another finding is that the deviations are high between video performances. For
example, F-measure scores for some videos are between 0.7-0.9 while they are zero for
some other videos. Such deviations indicate that we lose some information about the
performance analysis of the methods using average video results. We have also ranked
between active learning methods performance step by step for each videos, and created
heat maps for all videos and all experiment types (Appendix A.1 ). We have calculated
the average ranks using video based F-measure score averages, and average rankings

of the methods for discussion since we apply active learning methods to different video

types.
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Our first finding is that HHC and HHU have the best performance rank average
with BCS, but random selection beats BCS at late steps in FF experiment. On the

other hand, both MDS-Certainty and MDS-Uncertainty performances are worse than
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others. By examining the similarity matrices, we have found out that face-to-face
average similarities are approximately ten times lower than speaker-to-speaker average
similarities. Both MDS methods do not perform well because of lack of information
about the data distribution for disagreement. Hard Hybrid (HH) method performs
better due to BCS and MDS since at first 5 steps HH uses BCS, which collects sufficient

information on early steps, and MDS which works better after the fifth step.

BCS has better average F-measure score, and ties with HHC in average ranking but
all active learning methods beat random selection in SF experiment (Figure 5.10 and
5.10). On the contrary, HHC and MDS-Certainty outperform BCS and random in
terms of both average F-measure score and average rankings (Figure 5.11 and 5.11).
When we use cross modal annotation, total performance increments are less than single

modality.

We know that speaker-to-speaker similarities higher than face-to-face similarities.
HHC gives best performance in SS experiment (Figure 5.12) because of higher speaker
similarities. We conclude that HHC is better than other sampling methods when
similarities between annotated instances are high. High track similarity provides better
clustering, and better clustering provides sharp disagreement or agreement. This is

why MDS based hybrid method works well.
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6. CONCLUSIONS AND RECOMMENDATIONS

Active learning mainly aims to reduce annotation/labeling cost. Active learning is
a research area in machine learning and active learning is semi-supervised method.
Main idea of the active learning is finding most informative instances for annotating
or labeling train data. The most informative instance means that instance gives more
information about data distribution so learner can learn data distribution quickly than
supervised learning in theory. Annotation cost is important for some cases like video
annotation because annotator spends long time and attention to labeling the video
so this process is very costly and researchers research active learning algorithms to
solving annotation cost problem. In addition, We have big data today especially
Internet content like social networks, blogs, video sharing sites etc. annotation cost
is high for many cases for big data because this is big, noisy, sparse this is why big

data needs more annotation and active learning can reduce cost of big data annotation.

We proposed the MDS active learning method and its hybrid variations and we applied
them on multimodal video annotation data. According to our experiments, for different
types of annotation tasks, different active learning strategies could be more suitable.
Hybrid strategies could be more successful than using a single strategy alone. Decision
of the cluster selection and instance selection method adaptively during each active
learning step, using a synthetic dataset to investigate the merits of these strategies,
examination of each method for each video, rather than the whole REPERE corpus are

the future research directions we aim to follow.
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APPENDICES

APPENDIX A.1 : Video Based Results and Methods Ranking Heat Maps
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APPENDIX A.1
F-measure values and algorithm heat maps of videos.

Face score using face annotation is given in red heat maps.
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ar Tid - Certain [ 0.636 0.654| 0.667] 0.68. 0. 711 0.7 718 0.727] 0.727 7391 0.739 0.741 0.747
ar rid - Uncertainty X 663 | 0.684 [ 0.687] 0.692[ 0.702 0.70i 714 0.718 A 726 0.729 0.73] 0.734
BCS 637 0.674] 0.684] 0.689 | 0.702] 0.712] 0.7T 719 0.719] 0.719 733 0.738] 0.737
BFMTV_BFMStory_2012-02-14_175800, Head Track: 753, Speaker Track: 348, OCR Name: 33 HvH 405X405 SvS 272X272 SvH 643
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty X 501 0509 ] U053,
ndom 51T 0.502 495 3] 538
EE -%eﬁamﬁ 487 0.49410.497 4170.524
- uncertaint 526 526 523 3 527

ar Tid - Certain 507 05261 0.535 57
).508 3 5] 573

3 7 77

ard Hybrid - Uncertainty | 0. 531 0.
05T 533 5
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BFMTV_BFMStory_2012-02-20_175800, Head Track: 871, Speaker Track: 342, OCR Name: 30 HvH 450X450 SvS 267X267 SvH 710

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

Oft Hybrid - Certainty . U3B8] 0.396] 0.404] 0415] 0.423] 0. 436 | 0.446] U.456] 0.466 [ U474 0483]  U49[ U495
ndom 3770399 0.47% 439 53 X 466 | 0.473 478 483 488 [ 0.493 [ 0.499 ] 0.504
MDS - Certaint .377] 0.385] 0.387] 0.399 aTT 0.433] 0.439[ 0. A58 | 0.469] 0.477] 0.484]
WD Orcertamy 389 0.394] 0.406] 0.416] U.418 3] 0.439] 0.444] 0.447] 0.45. 457 0.46. 467
[art rid - Certaini 433 045 Ua7 487 95 5 505 517 519 526 529 533
arc rid - Uncertainty 391 40471 0.432 04821 0.487] 0. 502 [0.508
e —— 392 04111 0.4 438 0.45 7 78] 0.485] 0.494] 0.501] 0.505] 0.51] 0.516] 0.521

BFMTV_CultureEtVous_2012-01-13_065040, Head Track: 69, Speaker Track: 38, OCR Name: 3 HvH 29X29 SvS 28X28 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ertainty U717 0726 U.734] U741 0.748 [ U.753] U.758
ndom 0.725 0733 0741 0.742 75| 0.755] 0.759
MDS - Certainty 0.7T 0.77 .7 0.736 743 . 749 755
~Uncertain 0.71510.724170.73. 0.74] 0.747] 0.753] 0.759]

ar Tid - Certam 0.729 [ 0.737 0725 0.751] 0.757 | 0.762] 0.7
[ard Hybrid - Uncertainty 0.727] 0.734 .74 0.747 752 . 756 0.76
0.729] 0.737] O. 0.75T T 762 0.767
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BFMTV_CultureEtVous_2012-01-16_075000, Head Track: 163, Speaker Track: 42, OCR Name: 5 HvH 78X78 SvS 32X32 SvH 117

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Oft Hybrid - Certainty A 3 3 3 3 X X 3 A - X X X X
ndom [C

ﬁgg - geﬂamﬂ
- Uncertain

ar Tid - Certainty
‘Hard Hybrid - Uncertainty

).694 |
).695 |
).684 |

677

BFMTV_CultureEtVous_2012-01-17_065040, Head Track: 48, Speaker Track: 49, OCR Name: 5 HvH 23X23 SvS 35X35 SvH 30

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

-~ Uncertain
ar Tid - Certainty
‘Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-18_065040, Head Track: 102, Speaker Track: 47, OCR Name: 6 HvH 41X41 SvS 37X37 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
Soft Aybrid - Certainty | 0.289] 0.31 356] 0.388 529 U.551] U572 0589 0.604] U.617] 0628 0638 U.647] U655 0.662] U.668
ndom 0.273 327 351 0.382 50 526 546 | 0.563 [ 0577 U.59 601 061 0.618 626 .63 U638
MDS - Certaint 0.237 306 34417 0.378 .57, 567 0.585 X 614 .625 0.l 0.645 652 .65 0.666 |
WD Orcertamy 0.268 | 0.306] 0.338] 0.3 5T 54T 5. 058 | U595] 0.609 0.621] U.631] 0.64| 0.649| 0.656] 0.663 ]
arc Tid - Certaini 0.28] 0.325] 0. [ 0.40T .53 556 75| 0.593 | 621 0632 0. 65 | 0.658 | 0.664] 0.67
arc rid - Uncertainty | 0.249 | 0.288 | 0.336] 0.375 .52 544170.564 1 0.582] 0.596] 0.609 ] 0.62| 0.63| 0.639] 0.646] 0.653] 0.659
e —— 0.281] 0.321] 0.361] 0.393 .53 555 0.5/6] 0.594] 0.608] 0.621] U.632] 0.641] 0.65| 0.658] U.664] 0.67

BFMTV_CultureEtVous_2012-01-19_065040, Head Track: 78, Speaker Track: 41, OCR Name: 4 HvH 43X43 SvS 31X31 SvH 52

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

01 Tid - Certainty . 123 3 .35 X 5T, 057 621 [ U069 O./L . . . . . . [ 08I 0.
o s — 0] 0.125 1 0.339] 0. 2871 0.5 /5871 0.6: 06481 06/] 0.689] 0.704] 0.718] 0.7291 0.738] 0.7461 0.754] 0.759] 0.766]
MDS - Certaint 0] 0.178 51 0.336] 0. 4891 0.5: 601 | 6741 0.6981 0.721] 0.741] 0.75 0771 0.782] 0.793] 08 X 818 |
VD3 Uncertainy .0 0.094 0.205] 0.308] 0. 487 601 0.64 6771 0,704 0.726] 0.745] 0.76] 0.773| 0./86] 0.797] 0.807] U. .87
ar Tid - Certain 0] 0149 0.277] 0.333] 0. 497051 7" 6791 0.705] 0.7771 0.746] 0.761] 0.775] 0.783] 0.793] 0.803] 0. BT
ar rid - Uncertainty .0 0.122] 0.235] 0.334] 0.47 503 0.5 65, 6791 0.705] 0.727] 0.746] 0.762] 0.776] 0.787] 0.798| 0.808[ 0. .87
e —— 0] 0.141] 0.254] 0.357] 0.4 15131 0.56 612 68 7271 0.745] 0.76] 0.774] 0.786] 0.7/96] 0.803| 0.812] 0.8T
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BFMTV_CultureEtVous_2012-02-14_065040, Head Track: 104, Speaker Track: 48, OCR Name: 9 HvH 48X48 SvS 39X39 SvH 61

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty U106 [ 0.16 206 293 0334 U371] U408 ] 0.444] 0473 U502 U528] U55] U57] 0.588 [ U.604 649
ndom U.U85 | U.T6. 275 315 357 396 479 46T T. U517 537 555 T57 585 | 0.596 6306
ﬁgg - geﬂamﬁ 0.IT 0.17 .249 35T 388 C 459 488 5) 0.57 557 575 | 0.592 608 0.62 657
- Uncertain U116 0. .243 361 0.401] U437 0A71] 0.497] U.524] U.54 .5 587 0.604 | 0.617] 0.631] 668 |
[ar Tid - Certainty. U.095 | 0.27 . 287 375 42T 458 | 0.488 519 S 0.564 | 0.585 | 0.606| 0.622 .53 U651 T .688 |
Hard Hybrid - Uncertainty 0.072] 0.22 297 .389 424 461 0.494 0.5 545 0.567] 0.586 | 0.603 0.62 X X .685
BCS_ 0.134[ 0.3 0.29 383 0426 0.459]  0.49] U.5. 545 0.56 588 0.607] 0.6 633 0.644 683
BFMTV_CultureEtVous_2012-02-15_065040, Head Track: 180, Speaker Track: 34, OCR Name: 4 HVH 67X67 SvS 27X27 SvH 113
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
0 Tid - Certainty . . . 259 U.281[ 0.309] 0.3, 375 U406 U.427] U447 0464 [ U477 . U529 0.535] 054
o — 023 0.282] 0.33] 0365 0.386] 0.408] 0. 5 268 | 0286 T 5I9] 0.536] 055 57 1 059 0.597] 0.603]
E ;g - % ertainty 0.218 .245 | 0.298 .333] 0.356 | 0.389 4T 1443 .66 | 0.483 ).501 515 528 0.537 46 554 . 0.569 [ 0.57. 578
- uncertaint U0.23T 274 0.316] 0.359 0.39 ).418 KL Xy 491 507 527 535 .54 U.556 57T o7 0.575 T.5 .58
ar Tid - Certain 0.2211 0.2/1| 0.33] 0.38Z[ 0.423] 0453 0.476] 0.496 | 0.508 310536 0.544 0.55 0,56 65 | 0.569] U.5/4| 0.577] U.58 .58
ard Hybrid - Uncertainty | 0.234 | 0.086] 0.336] 0.377] 0.413| 0.448] 0.47. 291 0.503 81 0.531] 0.543| 0.551] 0.558] 0.5 0.57] 0.57 0.58] 0.58 .589 |
0.2 0.259 328 0.38] 0.42T AT 497 05T 524 535 0.585 55T 0.556 B T 0.578] 0.582] 0.586
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LCP_CaVousRegarde_2011-12-20_204600, Head Track: 397, Speaker Track: 332, OCR Name: 30 HvH 282X282 SvS 268X268 SvH 406

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ar rid - Certal

lil
[ard Hybrid - Uncertainty

LCP_CaVousRegarde_2012-01-19_204700, Head Track: 371, Speaker Track: 290, OCR Name: 22 HvH 244X244 SvS 229X229 SvH 384

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

Soft Hybrid - Certainty 0.75. 73 . 7471 0.761] 0. U.776] 0.776 7T73] 0.767 756 U.749[ 0747 0.744[ 0.739[ 0.738] 0.733[ 0.727[ 0.723[ .
ndom 075 0.726 0.735] 0.737] 0.735| 0.779] 0.72L[ 0.717T 77 0.719 O.7IT] 0.7 0.70 07| 0.701] 0.697] 0.70L| 0.699] 0.697] 0.694 |
MDS - Certainty .663 | 0701 0.746] 0.739] 0.744 0.747| 0.745[ 0.74T 736[ 0.7 TI9[ 0.7 0.7 706 [ 0.699 | 0.692| 0.686 | 0.l 0.675] 0.673
- Uncertain 683 0.725 0.731] 0.738] 0.744| 0.75| 0.743[ 0.733 7241 0.7T 7021 0.7 0.69Z] 0.689[ 0.6811 0.679] 0. [0.675] 0.678] 0.676
ar rid - Certain 0709 0.7440.756] 0.761] 77| U.773[ O77] 0.761] 0.755] 0.7 LS 0. 0739 0.7311 0731 0.725 0721 0.721" 0.7Z] 0.719
[ard Hybrid - Uncertainty | 0.739| 0.742| 0.74| 0.746| 0.746| 0.741] 0.7441 0.739] 0.731[ 0.72: VAVA RN 0.70 702 0.697] 0.697] 0.694 | 0.689 | 0.686| 0.687
[0.748] 0.743] 0.7Z 75T 0.753[ 0.748] 0.75 756 0.75] 0.75 747 0.7441 0.7 731 0.728[ 0.727] 0.723[ 0. [0.719] 0.716
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LCP_CaVousRegarde_2012-01-25_204700, Head Track: 428, Speaker Track: 352, OCR Name: 25 HvH 281X281 SvS 282X282 SvH 429

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty X U725] 0.7 746] 0.7
ndom A A U.73 0. U. NLYA .7
ﬁggrgeﬂamﬁ .67 0.721 0.7T. 0.7 0.725 . 726 A
- Uncertain 719 0.724] 0.716] 0.736 7] 0.751] 0.7

ar Tid - Certainty 721 0.736 [ 0.7 0.75] 0.756 | 0.755 .7
Hard Hybrid - Uncertainty 712 0.715 " 0.712170.699 | 0: A A
BCS 724 0.755] 0.745] 0.755] 0./58 0.762] 0.7

LCP_EntreLesLignes_2011-12-16_192700, Head Track: 560, Speaker Track: 253, OCR Name: 15 HvH 345X345 SvS 203X203 SvH 493

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty X X A . . . . . . . . . . . .
o — 765 [ 0.75 .768] 07761 0.784 0./86 0.793] 0.799 | 0.801] U.805 0.807 12[ 0813 16| 0. U827 0.831] 0.834
E ;g -%eﬁam& 719 .72 . 764 772 782 0.788 . 792 N .80 0.807 T 15 0.8 27 A X .832 | 0.835
- uncertaint 766 7T 776 77T 786 | 0.792 797 803 808 0.813 817 211 0.875 78 A 0.835 838 0.84

ar Tid - Certain 0.764 [ 0.77 757 0.757 1 0.751] 0.7591 0. 7731 07781 0.78[ 0.7841 0.7 0.79. 796 [ 0. 7| 0.805 ] U.809 | U.8L.
ard Hybrid - Uncertainty | 0.687] 0.731 0.742] 0.762 762 0.77] 0.777 785 0.789] 0.793 0.8] 0.805]| 0. [ 0813 ¢ 0.826 | 0.829 | 0.832
[ 0.768] 0.763 ] ).768 77T 0771 77T 779 775] 0.776] 0.776 778 0.78] 0.784] 0. 0.794 797 0.8
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LCP_EntreLesLignes_2012-01-27_192700, Head Track: 599, Speaker Track: 267, OCR Name: 14 HvH 329X329 SvS 210X210 SvH 460

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

oft Hybrid - Certainty
Random
MDS - Certainty
—Uncertain

ar rid - Certain

[ard Hybrid - Uncertainty

LCP_EntrelLesLignes_2012-05-11_192200, Head Track: 690, Speaker Track: 305, OCR Name: 13 HvH 310X310 SvS 240X240 SvH 596

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty K 3] 0676 . . [ 0. . . 718 721 . . . . . . . A
o s — 0. T 0.676 71 0.70. 071 0715 0.716] 0.7 0.7281 0.733] 0.736[ 0.7 ] 0.744| 0748 0.749[ 0.75[ 0.75Z
MDS - Certaint 0.6 X 619 0.621 06511 0.66] 0.668] 0.67. .675] 0.678| 0.682] 0.686| 0.688 | 0.692| 0.695] 0.701[ 0.705] 071
MDS - Uncertaint 0. X 627 0.644 ] T 69 0701 ] 0.708] 0.1 719 0.721] 0.725] 0.727] 0.731[ 0.735] 0.739] 0.74Z] 0.742| 0.748
are Tid - Certain X 685 | 0.677] _0.68] ( | 0.687] U.691] 0.697 70, 704 0.706 ] 0.707] 0.708] 0.708] U.7I1| 0.715] 0.721] 0.727] 0.73L
ar rid - Uncertaint X .683 .67 0.67] 0.704 | 0.713 0.718 . 729 0.737] 0.739] 074 074 0.741] 0.742| 0.746] 0./51| 0.752
BCS X X 0.675] 0.679 0698 0.708 0.713[ 0.7T 722 0.724 [ 0.724] 0.723| 0.724] 0.725] 0.727] 0./28] 0.732
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LCP_LCPInfo13h30_2012-01-24_132700, Head Track: 212, Speaker Track: 163, OCR Name: 13 HvH 128X128 SvS 130X130 SvH 179

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Oft Hybrid - Certainty . A . 7511 0.745] 0.752 761 U.763] U.768] U.769] 0.7 773] 0.778] U.783[ U.785] U.787
ndom 813 187 0.807 971 0.79410.796 X 0.806 | 0.801] 0.801] 0. [ 0805|038 814 0.817 819
ﬁBé'Eeﬂa”@ 7940772 0.777 772 0.765 0. 777 0775 0.774 0.779] 0.786| 0.788 .79, . 797 0.80T]
- Uncertain 755 79| 0.767 7591 0.777] 0.781 . 775|078 0.781[ 0.778] 0.781] 0.779] 0. 7T .7 . 785 |
ar Tid - Certainty 7341076 0.75 758 0.757 0.768 797 0.802 0.804 ] 0.809 ] O8I UBIT| U.8L BT 816 0.818
Hard Hybrid - Uncertainty 815 79[ 0.802 .803 [ 0.809 . 794 0.801 | 0.804 | 0.808 | 0.808 | 0.812] 0. .81 812 0.815

BCS 0.76Z] 0.756] 0.764 7741 0.78] 0.784 803 | 0.803 | 0.806] 0.809| U.817| 0.814] 0.816 BT 821 0.8

LCP_LCPInfo13h30_2012-01-25_132700, Head Track: 331, Speaker Track: 172, OCR Name: 10 HvH 208X208 SvS 145X145 SvH 285
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

o .I.-II

Hard Hybrid - Uncertainty

ard Hybrid - Uncertainty
[0
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LCP_LCPInfo13h30_2012-01-27_132700, Head Track: 306, Speaker Track: 177, OCR Name: 11 HvH 182X182 SvS 135X135 SvH 270

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty 671 U 698 U.70Z[ U.709] 0.712 7I5] 0719 U.72] U.7. 0.T. 7 07281 0.726[ 0.729] 0.73L
ndom 668 | 0. [ 0.687] 0.692] 0.695] 0.698 7021 0.707 O.7111 0.7 0. L7251 0.727 U.731 0.7341 0.736
MDS - Certainty. .649 0. ).699 [ 0.703 | 0.706] 0.709 TI2[ 0716 0721 0.7 .7 727 07281 0.729 | 0.731] 0.733
-~ Uncertain .653 | U | 0.691] 0.692] 0.69/] 0.704 707 0.707] 0.707] 0.7 .7 718 0.721] 0.724 0.727] 0.729
ar rid - Certain [ 06981 0. [ 06911 0.69 U.7] 0.701] 0.703 ] 0.705 708 0.7 .7 NAE) 7191 0.7211 0.7221 0.723
[ard Hybrid - Uncertainty | 0.683 | 0. 693 0.695 [ 0.696 0.7 .71 0.7047] .7 .7 0.72] 0.725] 0.728 1 0.732] 0.734
[ 06871 0. [ O.7IT[ 0.717] 0.72Z] 0727 0.728] 0.73 7351 0.7 0.737 738 0.74] 0.74Z] 0.732
LCP_PileEtFace_2011-11-19_085700, Head Track: 243, Speaker Track: 211, OCR Name: 40 HvH 173X173 SvS 162X162 SvH 289
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Ot Hybrid - Certaint

- Certain

[ard Hybrid - Uncertainty
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LCP_PileEtFace_2011-12-01_192700, Head Track: 389, Speaker Track: 255, OCR Name: 51 HvH 250X250 SvS 197X197 SvH 349

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS|

‘Soft Hybrid - Certainty U.762] 0.76Z .

ndom 0.755 | 0.768 ).808 [ 0.808 |
ﬁgg - geﬂamﬂ 0.76 | 0.773 .8IT| 0.8T

- Uncertain U.744 | 0.767 818

ar Tid - Certainty 0.707] 0.746 . 799 0.801
Hard Hybrid - Uncertainty | 0.785]| 0.783 823 0.82410.824 1 0.825| 0.825
BCS 0.782Z[ 0.77Z 808 0.8

LCP_PileEtFace_2012-01-12_192700, Head Track: 330, Speaker Track: 269, OCR Name: 52 HvH 228X228 SvS 218X218 SvH 373
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
ndom

Egé -Seﬁam&
- Uncertain 0.847]

ar Tid - Certain

ard Hybrid - Uncertainty
[0.843
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LCP_PileEtFace_2012-01-19_192700, Head Track: 302, Speaker Track: 246, OCR Name: 43 HvH 222X222 SvS 191X191 SvH 290

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

o Tid - Certaim . 768 ] U.739] 0.7Z1] 0.709] U.705] 0.701] U.701] 0.696] U.696] U.689] U.686] 0.678] 0.0l X X 515 0.608

ndom 0.863 873 U8T . 789 71T 695 [ 0.688 0. [0.668 U.65 536 A ).596 587 579
MDS - Cerfaint 0.887] 0.869 .847 ] 0.839 TTT . 763 0. [ 0. 0.723 705 .686 | 0. 61T 59T 582
WD Orcertamy 0.88] 0.835] 0./94] 0.759 634 0.619] 0.599] 0.589 ] 058 0.573] 0.559] 0. 5281 0.519] 0.5

[art rid - Certaini 0.897] 0.884 | 0.883 876 816 792 767 T 0.738 72T 706 0. X 535 625

ar rid - Uncertainty | 0.873] 0.827] 0.818] 0.809 ] 0.71] 0.689] 0.663] 0.643| 0.621] 0.598] 0.584] 0. 5447 0.539| 0.532
e —— 088 0.86] 0.856] 0.856 U.775] 0.755] _ 0.74] U.72&] 0.707] 0.688] 0.6 X 609 | 0599 0.593]

LCP_PileEtFace_2012-01-26_192700, Head Track: 380, Speaker Track: 273, OCR Name: 50 HvH 223X223 SvS 207X207 SvH 349
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

Soft Hybrid - Certainty
ndom

MDS - Certaint
MDS - Uncertaint X
ar rid - Certain 85

[ard Hybrid - Uncertainty | C
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LCP_TopQuestions_2012-01-25_232700, Head Track: 364, Speaker Track: 134, OCR Name: 11 HvH 204X204 SvS 102X102 SvH 310

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

14

. . 06 0.596] 0.597] U593 U.591] U.588] U586 U.586] U.585] U.584] U.582] U.58
619 24| 0624 0.627] 0.632] 0.636] U.638] 0.638| 064 U.643| 0.645] 0.646] 0.647] 0.648
611 08 0.604 | 0.604] 0. A 0.597]0.595]0.595 | 0.593 [ 0.591[ 0.59T 0.59T

[ 0.593] 0.597] 0.595] 0.598] T X 0.6 0.6 0.601] U.603| 0.605] O.
).586 [ 0.585 58T 0.575 05711 0569 U.57] U57] U571 0.569 [ 0.56 057 0.5
).613 [ 0.617] 0.615[ 0.617 0.617] 0.612] 0. X [0.603[ 0602 0.6] 0.597] 0.595| 0.594
605 604 609 ] 0.611] U.6I11| 0.614] 0.613| 0.612] 0.611] 0.61] 0.612] 0.614| 0.615] 0.615

LCP_TopQuestions_2012-02-14_232200, Head Track:

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

249, Speaker Track: 155, OCR Name: 13 HvH 133X133 SvS 127X127 SvH 272

Hard Hybrid - Uncertainty

Soft Hybrid - Certainty 787 791 79T 787 .787] 0.788] U. U.79 U.79 .789 786 | 0.786 .785
o — 0.779 [0.778] 0.7781 0.7771 0.776] 0.776] 0. 774107761 07771 0.7771 0.776] 0.777
878 796 0.795] 0.792] 0.792] 0.791] 0. 7871 0.787] 0.787] 0.789] 0.7 79T
769 ).786 | 0.784 ] 0.786 0./85] 0.788] 0. 7891 0.79] 0.791] 0.792] 0.794] 0.795
771 8141 0815 08141 0.8 0BT T 807 0.805] 0.801] 0.807] 0.801] 0.801]
8241 0. -BT1] 0.507] 0.805] 0.807 | 0.806] :803 [ 0.803| 0.799] 0.8 0.802] 03]
79670 809 U.808 ] 0.808 | 0.805 U.803] U- -0 0.799] 0.796 0797 0.797] 0.798]
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LCP_TopQuestions_2012-02-22_232700, Head Track: 308, Speaker Track: 158, OCR Name: 15 HvH 170X170 SvS 129X129 SvH 272

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Oft Hybrid - Certainty
Random
MDS - Certaint
WD Orcertamy
ar Tid - Certain X X X X 628 U.63
arc rid - Uncertainty X X X X X ).647 0. 0.649]
X X 624 0. X X T.6.

Speaker score using face annotation is given green in heat maps.

BFMTV_BFMStory_2012-01-10_175800, Head Track: 759, Speaker Track: 372, OCR Name: 36 HvH 401X401 SvS 291X291 SvH 737

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

01 Tid - Certainty 48 465 A73 .48 U.483] 0.484 488 [ 0.489] 0.494

Randoty o 051 515 0509 5171 0513 0513 0514 U.517] 0519
MDS - Certainty 485 .503 [ 0.497 .50 0511 05 516 05141 0518

-~ Uncertain ).447 | ).468 | 0.474 479 0.484 0. . 0.49 X

arc Tid - Certaini .29 484 0.476 .48 0.487 0.2 481 U.486 | 0.487

ar rid - Uncertaini 447 456 046 71 0472 0474 0474 0475 0.476

.499 .507] 0,506 | 503 [ 0.497] 0.499] 0.503 [ 0.501] 0.50L
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BFMTV_BFMStory_2012-01-23_175800, Head Track: 782, Speaker Track: 338, OCR Name: 34 HvH 406X406 SvS 247X247 SvH 556

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
‘Soft Hybrid - Certainty | 0. U478 049 U4B3] 0.486] U495] 0.497] U501 0505] U.509] 05T
ndom 1508 [ U503 | U.49] 0.8 0488 U.498 | 0.499] U.498 | U501 0.505] _ U5
ﬁgg - geﬂalnﬂ .456 | 0.501 [ 0.501 0.488] 0.476| 0.4841 0.482 0.486| 0.487] 0.489| 0.492
-Uncel a|n¥ .536 .5 0.489] 0.5 49! 493 0.495 | 0.494 495 0.493] T
ar Tid - Certain [ 0561 0.543 | 0.517] 0.516] 0.5L 51T 051 0.509] 0.518] 0519 0.519
lard Hybrid - Uncertainty ).467 ] 0.495 501 0.502 .51 5141 0.517 517 .518 0.5 .516
BCS 495 0529 0.522] 0521 051 .516] 0.515] U.51Z] 05141 0.515] 0512
BFMTV_BFMStory_2012-02-14_175800, Head Track: 753, Speaker Track: 348, OCR Name: 33 HvH 405X405 SvS 272X272 SvH 643
[ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty X A 5311 U524 0. 5241 U.525] U.525] U.528] U534 0. . . 525 [ 0.
o — 487 0.576 5191 0526 0.53 38| 0.537] 0.538 0.539] 0.544 0.546] U.547] U548 0.547] 0.546] U.545
ﬁ;g-;eﬁamﬁ 513 A .53 0.536 .53 537 0.54 544 0.546| 0.542 0.543 .546 [ 0.545 544 A 547
- uncertaint 569 | U518 527 0.53 .52, 525 | 0.525 528 528 533 0.533 533 U.53 532 536 535
ar Tid - Certain [0.557 0,55 573 05741 057 57Z[ 0.5 568 | U.571] 0.572] U.57] U574 057 575 0.576] 0.575
ar rid - Uncertainty | 0.503 ] 0.535] 1 568 0.567] 0.566] 0.554 | 0.551| 0.549] 0.544 | 0.541] 0.546] 0.546]  0.55] 0.548| 0.543] 0.544
S ———— - 0547 Sa51 0551 0.55] 0553 05471 0553 U-553[ 0:547] U586 0:545] U.585 ] 0:545] 0-5471 0:-547]
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BFMTV_BFMStory_2012-02-20_175800, Head Track: 871, Speaker Track: 342, OCR Name: 30 HvH 450X450 SvS 267X267 SvH 710

1 2 4 6 7 8 9 10 1 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Aybrid - Certainty 3 566 U5l . . 599 0. 3 . . . . A . A .
ndom 626 | 0.609 | U6 816 816 619 0.619] 0.617] U617 51 06141 0.613] A 06T 017 061 0.607] T
MDS - Certainty .599 | 0.597 0.5 594 595 0.599 0.6 0.599 0.6 0.603 .605 [ 0.607 0.61T .608 | 0.606 | 0.608 | 0.611
- Uncertaint 643 0.60L 0.6 606 | 0.603 | 0.597 A .608 | U.606 607 0.609] U.614[ 0.617 618 0.616 | 0.619 0.6,
Earg Ejgrlg - Eeéalnﬂ 621 0.602 0. 615 0.614 ] 0.613 .609 | 0.606 | 0.608 | 0.606| 0.608 | 0.608 | 0.606| 0.605] 0.603 | 0.603
ar rid - Uncertain .653 | 0.629 X [ 0.611]  0.61] 0.599] 5931 0.593| 0.591] 0.589| 0.59] 0.586| 0.588] 0.591] 0.592] 0.59] ¢
5] 0.621 U611 0.605] U.599] 0.601] .01 | 0.598 0.598] 0.597] 0.597 0.6 0.60Z] 0.601] 0.602] 0.607]
BFMTV_CultureEtVous_2012-01-13_065040, Head Track: 69, Speaker Track: 38, OCR Name: 3 HvH 29X29 SvS 28X28 SvH 42
0 1 2 4 6 7 8 9 10 1 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
Soft Hybrid - Certainty 0.235] 0.246 [ 0.254] 0.261] 0.263[ U.274] 0.281] 0.29. B 6] 0329 03311 0.333] 0335
ndom 0.25] 0.269 ] 0. ).7990.305 | 0.315 1170379 0. 41 0.32470.346 | 0.346] 0.347
MDS - Certaint 227 0.238[ 0.247] 0.259] 0.27 0.28[ 0.287] 0.293] [0. 7] 0.317 0.319[ 0.321] 0.322
- Uncertain 215 0.226[ 0.233 0.245] 0.255] 0.266 76| 0.287] 0. 5| 0317 0318 0319 037
al rid - Certain 249 0.278 | O3] U328 0.33] 0.33L 391 0.3 0 1350351 0.357] 0.357] 0.353
ar rid - Uncertainty | 0.238| 0.257] 0.283| 0.299] 0.31] 0.319 26| 0.333] [0 2| 0.343170.34310.345] 0.345
[[0.239] 0.276] 0.29] 0.304] 0.313[ 0.319 71 0.337] [0 0.345] 0.347] 0.347] 0.348] 0.35]
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BFMTV_CultureEtVous_2012-01-16_075000, Head Track: 163, Speaker Track: 42, OCR Name: 5 HvH 78X78 SvS 32X32 SvH 117

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty
Random

- Certain
- Uncertain

[ard Hybrid - Certainty
Hard Hybrid - Uncertainty

U586
516 |

T
).597 | 0.601
).597

.59

BFMTV_CultureEtVous_2012-01-17_065040, Head Track: 48, Speaker Track: 49, OCR Name: 5 HvH 23X23 SvS 35X35 SvH 30

14 15 16
Soft Hybrid - Certainty

19

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
ndom

- Certain
-~ Uncertain

[ard Hybrid - Certaini
BC?Hara Hybrid - Uncerfainty
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BFMTV_CultureEtVous_2012-01-18_065040, Head Track: 102, Speaker Track: 47, OCR Name: 6 HvH 41X41 SvS 37X37 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Aybrid - Certainty 48] 0. 17] 0142 145 U148 U.149 149 0.149 T OI5I] U151 0T 5 B[ 0.149]_U.I5
indom 137 . 350133 13T 13T 0.137 3T 137 3 0.135] 0.13 0.13 A 5] 135 135
MDS - Certaint . 115 B 26| 0.173 . 127 . 125 .13 33 . 133 3101341 0.13 0.13 A A
WD Orcertamy 1221 0. 6] 0.127 X 1371 0.138] 37 0.137 7 141 0.1 0.1 X
Earg Eygrlg - EeéEalnEi . 126 B .15 A 15210 531 0.I53 41 01531 0.15. U.I5. A
ar rid - Uncertainty L1417 0.13 0.152 .15 0.1490.148 46 0.146 6] 0.149 0.I5]0.I5 A
e —— 0.151] 0.128 55] 0.162 0.16: 51 0.158 61 0.163 T] 0.159] 0.159] 0.159] 0.16
BFMTV_CultureEtVous_2012-01-19_065040, Head Track: 78, Speaker Track: 41, OCR Name: 4 HvH 43X43 SvS 31X31 SvH 52
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ertainty A 5
ndom X X
MDS - Certaint . .
~Uncertaint .1 .12
Fl rid - Certaini A A A A A A [ 0. A A 123 0.13. A A B A U015 151
ar rid - Uncertainty X X X X X X X . X X . . 1241 0.17 31013 37 37
A A .008 | A A A T, A 3 0.135 14 0.1Z [0.148 15 ST
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BFMTV_CultureEtVous_2012-02-14_065040, Head Track: 104, Speaker Track: 48, OCR Name: 9 HvH 48X48 SvS 39X39 SvH 61

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty | 0. . X 0.0 0 : 9 g 0.
ndom A ).083 | 0.087] J.089 | 0.097] 0.092| 0.094] 0.097 ).096 |

- Certain X [T [ < A ).105 [ 0.I1T 122 121 0.122 [ 0.I21] 0.I2T ).121 |

- Uncertain 0.079 . X ).103 | 0.104 A JITT| 0.117] 0.114 . 118
075] 0.082] 0.088 | 0.086| 0.084 | 0.084 | 0.087 0.091] 0.095 ).099

1121 0. B ). 118 0.IT9[ 0. 0.12 ).123

108
083

A 118 0.12 A
. 102 0.105] 0.107] 0. A A 01T

[ard Hybrid - Certainty
Hard Hybrid - Uncertainty

BFMTV_CultureEtVous_2012-02-15_065040, Head Track: 180, Speaker Track: 34, OCR Name: 4 HVH 67X67 SvS 27X27 SvH 113

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
ndom
- Certain
-~ Uncertain

fard Hybrid - Certainty
Hard Hybrid - Uncertainty

64



LCP_CaVousRegarde_2011-12-20_204600, Head Track: 397, Speaker Track: 332, OCR Name: 30 HvH 282X282 SvS 268X268 SvH 406

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
Soft Hybrid - Certainty 0.04 062 _0.059] U.054] U.047 ;056 U.053] U.054 | 0.054[ 0.058] U.05/] 0.056 0.059 0.06 7058 | [0.056 |
i 1 —— U.131[ U.1T5] U.114] 0.109] U.106 U.108] U.I105] 0.096 | 0.093 | 0.094 | U.10Z] 0.098 [ 0.096] [0.085] [0.086
MDS - Certaint 0.035[ 0.032] 0.039[ 0.037] X .046 | 0.047 0.044[ 0.042 | 0.047] 0.045] 0.044] 0.0 . .045 | 0.047] 0.052
WD Orcertamy [ 0.03] 0.036] 0.046] 0.05Z| 0.047] U.053] _0.05] 0.051| 0.054] U.055] U.053 | 0.056 0.056] 0.058 | 0.U55 [0.061]
Earg Ejgrlg - Ee%alnﬂ 0.054 ] 0.053] 0.07 .06 | 0.073] 0.069] U.07L] 0.069] 0.065 | 0.068] 0.063 | 0.063 | U.061] 0. [0.069]
ar rid - Uncertain X X 0.04T] 0.04] 0.039 0.035] 0.041] 0.037] 0.034] 0.032 0.037] 0.036| 0.039] 0.039] 0. .0470.044]
0.109] 0.101] 0.109] 0.126] O0.ITT| O.ITT| 0.I01] 0.093| 0.091] 0.089] 0.091] 0.089| 0.091] 0.09] 0.091] 0.09] 0.089
LCP_CaVousRegarde_2012-01-19_204700, Head Track: 371, Speaker Track: 290, OCR Name: 22 HvH 244X244 SvS 229X229 SvH 384
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Soft Hybrid - Certainty

ndom

MDS - Certaint
-~ Uncertain

El rid - Certain

ar rid - Uncertain
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LCP_CaVousRegarde_2012-01-25_204700, Head Track: 428, Speaker Track: 352, OCR Name: 25 HvH 281X281 SvS 282X282 SvH 429

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS|

‘Soft Hybrid - Certainty 594 0. A A 503 U501 0.509] U505 T503] U.501] 0.496 2931 0.4
ndom 575 057 5035 493 4971 0.498 | 0.499 ] 0.503 J.509 50T 499 | .496 | 0.4"

- Certain 587 0.565 54T ST91 T 503 0.5 0.503 .505 514 .5TT 518 519 0.5

L 7 389 | U.469 | U445 0.463 7503 | U506 | U.508] U-505 5031 0.504 ] 0.506 | 5071 0.5
ar Tid - Certain 495 [ 0.492 | 0.496] 0.513 513 0519 0.527] 0.527 514 0.516] 0.517 519 0.
[ar rid - Uncertainty | 0.558 | 0.558 0.567] 0.554 .533 [ 0.523 1 0.51410.507 516 0.514 7 0.51T 515 0.5
e 718 02 A3 £ BROAI0 526 0.526] 0.533] 0.533 531 0.528] 0.527 .523] 0.5,

LCP_EntreLesLignes_2011-12-16_192700, Head Track: 560, Speaker Track: 253, OCR Name: 15 HvH 345X345 SvS 203X203 SvH 493

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty 1535 04 X X X 425 U448 U445 0446 U.448] 0.429] U.447] 042 U441 0439 U.47. 1238
ndom 048] 0457 0.464] 0.459 | 0.438 ] 0. [0.435] 0475 0.475] 0437 0.445] U441 0.447] 0.433[ 0.435] 0.434| 0.A37] 0.439]
ﬁ ;é - ; ertainty 1459 [ 0.426 | 0.423| 04171 0.393] ¢ X 398 0.397] 0.391 0.392] 0. 0.2 0.399 [ 0.407 | 0.40T] 0.404
- uncertaint 427 228 436 0.438 0.434 4T3 405 | 0.409 | 0.402 | 0.406 | 0.407] U0.40 .39 07 .02 .02 .02

rard Hybrid - Certain 03361 0.417] 0.335| 0.403] 0.339] T .401 | U.407 0.406 | U.408 | U.A0L| 0.40Z] U.403 | 0.404] UAL| 0.406] U.408| 0.4
[ard Hybrid - Uncertainty | 0.451] 0.494 | 0.455] 0.418[ 0.4I1] 0. ).404 | 0.417| 0.415] 04272 0.415]| 0.416] 0.4L 404 0.408 | 0.406 | _0.41[ 0.413
457 497 0.45 42T 1428 X 436 435 0.438 ELELY 478 .429 0.7 437 439 0.437] 0.435 435
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LCP_EntreLesLignes_2012-01-27_192700, Head Track: 599, Speaker Track: 267, OCR Name: 14 HvH 329X329 SvS 210X210 SvH 460

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

LCP_EntreLesLignes_2012-05-11_192200, Head Track: 690, Speaker Track: 305, OCR Name: 13 HvH 310X310 SvS 240X240 SvH 596

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty
o lI-IIII

Hard Hybrid - Uncertainty

El - Certain
ar rid - Uncertain
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LCP_LCPInfo13h30_2012-01-24_132700, Head Track: 212, Speaker Track: 163, OCR Name: 13 HvH 128X128 SvS 130X130 SvH 179

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
‘Soft Hybrid - Certainty | 0. . . . A 3 3 U571 057 0.564] U.51 569 U571
ndom 572 0614 0.678] 0.615] U.617] U6 0.604 | U.602 [ 0.596 [ U599 | 0.596] 0.597 U.599 U.602]
ﬁgg - geﬂalnﬂ .597] 0.601 0.608] 0.613| 0.602 ).599 | 0.594 [ 0.596 0.603 | 0.606 [ 0.607 607] 0.608] 0.61
- Uncertain 61T 598 | 0.596 | 0.594 597 ).602 | 0.604 | 0.604 0.6 0.599 0.596[ 0.597] 0.598 | 0.599
‘Fard Fiybrid - Cervaimty | U569 1037510357 [ U36T| 0359 058 0. U578 0579 U.587] U.583] 0582 U.583]
[ard Hybrid - Uncertainty ).652 | _0.646 | 0.632] 0.633] C 613 0.604 0.6 0.595] 0.592] 0.592] 0.592] 0.595] 0.592
BCS 525 0.565 | 0.59] 0.58Z 0.585 591] 0.598] 0595 [ 0.601] 0.603 | 0.601 0.6 0.599] 0.601
LCP_LCPInfo13h30_2012-01-25_132700, Head Track: 331, Speaker Track: 172, OCR Name: 10 HvH 208X208 SvS 145X145 SvH 285
[ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
Soft Hybrid - Certainty . .. .. .. .. .. .. .. . . . 0.39 1] 398 [ 0.404 405 0.4, 07 0.7, 0.427
ndom 351 036] 036] 0.368| 0.379 UAIT 310414 0.7, U. 1279 0.4
m- ertain .339 | 0.346] 0.356] 0.365] 0.367 | 0407 310418 0. 4371 0.
- Uncertain ¥ 3391 0.354 0.368 0.361] 0.368 [ 0.396 7] 0.404] 5 O. 478 0.4
ar Tid - Certain [ 0.367] 0.358] 0.366| 0.37L 379 U.2T8 475 5 0.2 426 [ 0.2
[ard Hybrid - Uncertainty ).374] 0.379 0.382] 0.388 | [0.408 3| 0414 0.7, 427 0.
BCS 337 037 353 0.36 ).366 | 04T 5 419 0.42T 0.2 438 X
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LCP_LCPInfo13h30_2012-01-27_132700, Head Track: 306, Speaker Track: 177, OCR Name: 11 HvH 182X182 SvS 135X135 SvH 270

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Aybrid - Certainty U454 048] U483 U475] 0.469] 0475 474 U474 UA67] U468 [ U47L[ U4
ndom 0.358 | 0.468 | 0.462 485 4TS 97T 485 48T 487 488 [ 0.485 | 0.480 |
DS - Certainty 0.46] 0.436]_ 0.43] 0.457] 0.455] 0. 456 [ 0.465 | 0.462]_0.465] 0.469] 0.476]
- Uncertaint 0.459 | 0473 0. | 0.299] 0.505 [ 0.504 X 4 ) 497 0.49 0.489
Earg Ejgrlg - Eeéalnﬂ 0.434| 0.455 | 0. 438 0.436 | 1 [ ¢ 447 0.448 | 0.451] 0.454 | 0.458 | 0.459
ar¢ rid - Uncertaini 0.515| 0534 0.485| 0.464 | 0.484 [ 0.474 465 | 0.465 | 04741 047 0.463] 0.459]
oS A A7E T UAB3 0A7S 04830455 0.5 0.495] 0.491] 0.49Z| 0.489] _0.49

LCP_PileEtFace_2011-11-19_085700, Head Track: 243, Speaker Track: 211, OCR Name: 40 HvH 173X173 SvS 162X162 SvH 289

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Oft Hybrid - Certainty . 5171 U531 0.525] 0.5 37 0551 [T . 54T L3 054 0.547 ] 0.544] 0.547 547
ndom 547 0.54T 5241 U.547] 0.5 61 0.58. 595 B 588 0.583 ] 0.586] 0.57 575 05781 U571 0.568 T
MDS - Certaint .667 | 0.582] 0.58 7 0.58 581 7l . 0.57 .573 [ 0.56. 561 57| 0.563| 0.568
- Uncertain .50470.543 558 0.56[ 0.57 76 0577 576 7 563 0.57 .578 7 573 71 0.57] 0.576 575
al rid - Certain 1557 0.5, 554 U.537] 0.5 T6] 0517 > 535 0541 0541 0.535] 0.544] 0.546] 0.55] 0.548 544
ar rid - Uncertaini 0.55] 0.506 | 0.518[ 0.552] 0.57 64 0.556 45 555 0.562] 0.56 .56 5 471 0.557]0.554 553
0.483] 0.548] 0.579[ 0.57 .57 7Z] 0.576] 057 566 0.565] 0.568] 0.574 75 572 76 0572 0.577 73
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LCP_PileEtFace_2011-12-01_192700, Head Track:

389, Speaker Track: 255, OCR Name: 51 HvH 250X250 SvS 197X197 SvH 349

[ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS|
‘Soft Hybrid - Certainty U797 571 0.765] U.76 766 0. 7 7A6] 0.739] 0.724] 0.7 X X X X 752] 0.755 |
ndom U.737 LTTT 729 0.77 72117 0.77 7. 732717 0.738 . 733 .7 U.7% 735 725 NLS NE 75T
- Certain 0.77 . 776 .788 | 0.78" . 7631 0.76 .7 .755 0.76 .764 .7 0.76. 76T . 76 . 766 765 .766 |
- Uncertain U.804 741 0.756] 0.7 756 0.7 7 764 | 0.76 767 0.7 .77 TTZ[ 077 773 0.774] 0.775]
lard Hybrid - Certainty . 757 759 . 7821 0.7T: [0.759 0.76. .7 761 0.757 NEYA .7 .7 . 759 N4 . 762 . 758 0.
Hard Hybrid - Uncertainty 0.77T 778 . 7531 0.73: 758 0.75 .75 .756 | 0.756 .752 .7 0.74. . 745 NLS .75 747 |
BCS 0.796 [ 0.792] 0.785] 0.779 7651 0.755] 0.7 7591 0.759] 0.763] 0.71 0.75 7571 0.75 7571 0.759]_ 0.76
LCP_PileEtFace_2012-01-12_192700, Head Track: 330, Speaker Track: 269, OCR Name: 52 HvH 228X228 SvS 218X218 SvH 373
[ 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty 37 263 [ 0523 U5, 053] 05231 U5I8] UST 5131 U.512] U.509]
o — .67 591 [ 0,593 0.53 527 0.533] 0.523] 051 505 0,51 0.507
- Certain .40 523 .5 05T 516 | 0.517 515 .50 .509 .51 0.513
- Uncertain .57, 547 0537 0.505 507 .5 0.50 51 504 0.502] 0.503
[ard Hybrid - Certainty K3 496 [ 0.548 0.5 .549 [ 0.545 54T 54T 0.539] U0.54 U574
Hard Hybrid - Uncertainty .555 | 0.589 | 0.621 0.59. 572 0.556 | 0.556] 0.549] 0.552] 0.553| 0.563
BCS_ 0.67 058 0.573 U5T 545] 0.547] 0.552] 0.544 0.541] 0.532 3
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LCP_PileEtFace_2012-01-19_192700, Head Track: 302, Speaker Track: 246, OCR Name: 43 HvH 222X222 SvS 191X191 SvH 290

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ertainty

. A 323 0.3 0.334 A 366 |

387 X X X X 0.259] 0. X 263 |
).439 U. X 423 0.4 X . X . 0.4 KELY|

395] 0.399 0.4 405 0.405] 0. 398 |

0408 ] 229

ndom 3 0.3 3221
MDS - Certainty 3711 0.

-~ Uncertain X . 463 |

E gg}gng»ge%amﬂ X 396 | 0.367

[ard Hybrid - Uncertainty 348 0.39] 3U8327

LCP_PileEtFace_2012-01-26_192700, Head Track: 380, Speaker Track: 273, OCR Name: 50 HvH 223X223 SvS 207X207 SvH 349

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
Oft Hybrid - Certainty 3 709 0713 71Z[ 07161 0.715[ 0.714] 0.714[ 0.719 X
ndom 543 T 689 0.697 | 689 U.693 | 0.697] 0.70L| 07| 0.705] 0.707[ 0.712
MDS - Certaint 633 685 | 0.684 | .685 | 0.688 | 0.689 | 0. 683 | 0.686 | 0.688| 0.687
-~ Uncertain 581 7081 0.705 7131 0.706 [ 0.702] 0.699] 0.695] 0.694 | 0.692[ 0.693
al Tid - Certain [ 0.72 693 0.694 | 696 0.69] 0.688 | 0.693| 0.692| 0.691] 0.693| 0.687
ar rid - Uncertainty 71 ).696 | 0.698 | . 705 0711 0.713[ 0.707] 0.707] 0.708| 0.712[ 0.715
67 717] 0.718 0711 0.707 0.713] 0.707] 0.703] 0.707] 0.707] 0.708]
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LCP_TopQuestions_2012-01-25_232700, Head Track: 364, Speaker Track: 134, OCR Name: 11 HvH 204X204 SvS 102X102 SvH 310

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty
ndom
- Certain
- Uncertain

[ard Hybrid - Certainty
Hard Hybrid - Uncertainty

LCP_TopQuestions_2012-02-14_232200, Head Track: 249, Speaker Track: 155, OCR Name: 13 HvH 133X133 SvS 127X127 SvH 272

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certaint UYTZ]_UB8] 0. ; UB78] U879 U876 7856 | U861 UB61] 0.856 ] U851 U844 UB4[ . 8351 083
Randotr 05970896 T [ 0.892] U875 T [ 0.842] U834 U.836] 1 [ 0.847[ U.B41] U.B41] U833 UB34] 083] 0829 U827 U.826] U.B.
W- ertain! [ 0881 0.881] ).905] 0.893 ] [0.8741 0.875] 0.877] [0.869] 0.87] 0.862] 0.856] 0.854] 0.852] 0. 0.852] 0.849 ] T
—Uncertain [ U859 0.855] 0864 0. 0.871 0.871] 0. 853 | 0.847 | 0.848] U.84 84 0.841] 0.839] 0.834] 0.834] 0.83.
ard Hybrid - Certain 0858 U848 T 0871 U8/ 08631 U861 0.854 0851 U.B4T] U.843] 084 U838 U.B35] U.83 B3] 0.829] U8
[ard Hybrid - Uncertainty | 0.962] 0.905 | 916 | 0.908] < [ 0,889 0.878] 0.872 [0.873] 0.87] 0.873] 0.8681 0.861] 0.855] 0.847] 0.844] 0.837] 0.834]
S ———— 7 T BIT 0895 08931 0.89 | U:894 U894 0891 0863 U877 U873 08671 08631 T FB57] U857 0851 0.847]
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LCP_TopQuestions_2012-02-22_232700, Head Track: 308, Speaker Track: 158, OCR Name: 15 HvH 170X170 SvS 129X129 SvH 272

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

—Uncertain
Earg Ejgrlg - Eeéalnl_:'x
[ard Hybrid - Uncertainty

Speaker score using face annotation is given blue heat maps.

BFMTV_BFMStory_2012-01-10_175800, Head Track: 759, Speaker Track: 372, OCR Name: 36 HvH 401X401 SvS 291X291 SvH 737

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ertain
rid - Uncertain
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BFMTV_BFMStory_2012-01-23_175800, Head Track: 782, Speaker Track: 338, OCR Name: 34 HvH 406X406 SvS 247X247 SvH 556

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

55T

‘Soft Hybrid - Certainty | X X . X . X .
ndom 0.58 61 X X 0.6441 0.647] 0.640 [ 0. A 0.65] 0.651

ﬁgg - geﬂamﬂ [ 0. X .647 | 0.641 . X X X X X X 0.65 [ 0.651 0.65| 0.649

-Uncel a|n¥ 0.63 0.63] 0.647 . X X X . . K 0.66 | 0. . . . 658

ar Tid - Certain X X 3510 X X X K 632 0633 0. . 0.637] 0.639 X 641

; 662 | 0.667 ] 0.655] 0.65] 0. . X X 555 0. 658 | 0.657] 0,654 0.658] 0. 6611

636 636 X X A A A 643

fard Hybrid - Uncertainty

BFMTV_BFMStory_2012-02-14_175800, Head Track: 753, Speaker Track: 348, OCR Name: 33 HvH 405X405 SvS 272X272 SvH 643

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty [0.509 05T 0.495 | 0494 0497 0.49 499 U498 U498 | 0.499 ] 0.5 50 507 U508 U508 [ 0.508 [ 0.51] U.5IT
ndom 048] OS5I T [ 05 0.5, 508 | 0.517] 0514 T 0.5, 5T 5181 U.516] 0. [ 0515 B[ 0517
ﬂgg - Seﬁamﬁ 0.499 [ 0.495 A .50, 505 0.509 [ 0.51 131705 .51, 513 0.515[ 0.515] 0.51 7] 0.517
- Uncertain 0.508 | 0.504 .47 4T .47 4751 0.479 77 0. .483 [ 0.488 | V. .489 [ 0.249 L] El

ar Tid - Certain 04741 0.289 509 50" 5T 509 U.5T. T6[ U5 5T 516 U518 U518 05 T 3
lard Hybrid - Uncertainty | 0.484 1 0.49 [0.518 5T 0.5 .508 | 0.511 13105 .51, .515 [ 0.511 0.5IT] 0.51 9] 0.519
0.54] 0526 ).509 518 051 517 0.516 19] 0.5 .52 524 0.526] 0.526] 0.5 7170.526
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BFMTV_BFMStory_2012-02-20_175800, Head Track: 871, Speaker Track: 342, OCR Name: 30 HvH 450X450 SvS 267X267 SvH 710

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Aybrid - Certainty 349 0.356]__U.36] 0.36Z {1 36803 376 0.377] U378 U.38[ U379] 0379
ndom 39T 385 [ 0.393 U.39 ) 393 0.39. 4020201 404 [ 0.207 207 406 |
DS - Certainty 373 1 365 0.362] 0.364] 0.362 5 362 0.361] 3601 0.37] 0.372] 0.374] 0.376] 0.376]
- Uncertaint .369 | 372 376 | C 0.377 7 379 0.377] 385 0.385] 0.388| 0.388| 0.387] 0.388 |
Earg Ejgrlg - Eeéalnﬂ B 371 037 376 0.38 7 376 0.371 383 0.385] 0.387] 0.387] 0.386] 0.387
[ard Hybrid - Uncertainty | 0. 385 0.386] 0.38 0.38 7 3771 0.382 .385 | 0.392] 0.393]_ 0.39| 0.39] 0.389

3 3771 0.387] 0.385] U. £ 3941 0.395] 04 0.4 0.401] 0.399] 0.399] 0.398]

BFMTV_CultureEtVous_2012-01-13_065040, Head Track: 69, Speaker Track: 38, OCR Name: 3 HvH 29X29 SvS 28X28 SvH 42

0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty 132 . . X . . X
o s — .32 0. 0471 0474 0477 0.4 0.43
MDS - Cerfaint . .392 | 0.401] 0.407] 0.4T 417
~Uncertain 0. ).39. 40210407 0.7 214
al Tid - Certain A 379 _0.388 | 0.395 0. 406 |
ar rid - Uncertainty . .396 | 0.406 | 0.415 27] 0475
2 [ O. 366 0.374] 0. 39 0.396
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BFMTV_CultureEtVous_2012-01-16_075000, Head Track: 163, Speaker Track: 42, OCR Name: 5 HvH 78X78 SvS 32X32 SvH 117

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Soft Hybrid - Certainty
ndom
ﬁggrgeﬂamﬂ
- Uncel a|n¥
are Tid - Certaimn
lard Hybrid - Uncertainty
BCS_

37
.35
4T
.37
0.1
.399]
487

BFMTV_CultureEtVous_2012-01-17_065040, Head Track: 48, Speaker Track: 49, OCR Name: 5 HvH 23X23 SvS 35X35 SvH 30

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
ndom
- Certain
-~ Uncertain

fard Hybrid - Certainty
Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-18_065040, Head Track: 102, Speaker Track: 47, OCR Name: 6 HvH 41X41 SvS 37X37 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS
‘Soft Aybrid - Certainty U8 0.284 ] U.285] 0.285] U.281] 0.286] U.287] 0.29] 0.294] 0.297 T, T, T 30, 304 [ 0.304] 0.306] 0.307] U.308] 0.309 |
ndom 785 279 277" 0.275 Z78 1 0.275 2T 279 28T 787 287 U297 U.79 2971 0.29510.295 1296 [ 0.297 1296 0.297
MDS - Certainty .258 .268 27T 0.26 .264 0.27 .268 ALY 274 ALY 277 0.28 0.283] 0.283 284 0.287] 0.289 0.29 291 0.292
- Uncertaint .253 267 0.268| 0.261 .266 | 0.267 2671 0.263 .267 .266 267 0.269 | 0.273[ 0.278| 0.278 0.28 | 0.287 0.284| 0.286] 0.288
Earg Ejgrlg - Eeéalnﬂ 288 0.275] 0.279] 0. [0.283 0.282 0.279] 0.284| 0.288] 0.292] 0.295] 0.297 03] 0.303] 0.304] 0.306] 0.308 [ 0.309[ 03T 031
ar rid - Uncertainty | 0.284 ] 0.295 0.286] 0.273 0.274] 0.276 | 0.275] 0.2/5] 0.277] 0.282] 0.285] 0.280]_ 0.29] 0.291] 0.289] 0.292] 0.294| 0.295] 0.295
e —— .296 ] 0.305] 0.301] 0.296 88| 0.288] 0.2864] 0.286] U.285] 0.289] 0.292] 0.293] 0.294] 0.296] 0.298] 0.301] 0.301] 0.303| 0.304] 0.305]
BFMTV_CultureEtVous_2012-01-19_065040, Head Track: 78, Speaker Track: 41, OCR Name: 4 HvH 43X43 SvS 31X31 SvH 52
0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty lI

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Oft Hybrid - Certainty
o s —
Bl ertain
arc rid - Uncertainty
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BFMTV_CultureEtVous_2012-02-14_065040, Head Track: 104, Speaker Track: 48, OCR Name: 9 HvH 48X48 SvS 39X39 SvH 61

Soft Hybrid - Certainty

o lII“I.I.IIII IIII
o II II II

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

Soft Hybrid - Certainty
ndom
ﬁggrgeﬂamﬂ
- Uncel a|n¥
are Tid - Certaimn
lard Hybrid - Uncertainty
BCS_

BFMTV_CultureEtVous_2012-02-15_065040, Head Track: 180, Speaker Track: 34, OCR Name: 4 HVH 67X67 SvS 27X27 SvH 113

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

Soft Hybrid - Certainty B .. .. 0.28. .295 .298 | 0.299 0.3 301 305
e — -235 0.739] 0.2 727 077 1291 0.296] 0.299 [ 0.298 | 0.303] ¢ 303
- Certain 21T . 0.254 2 271 T 0. .307 ).309| 0.313 0.313 313 314

- Uncertain .208 [ 0. 0.248 .259 | 0.27 294 0.296] 0.298 0.3 0.301 ¢ ).306 |

[ard Hybrid - Certainty 0.249 3 0.26 A 0.303 313 317 321 U321 0.324] T 325 |
Hard Hybrid - Uncertainty 2071 0.226 | 0.235 0.24 0.282 ).288 | 0.293| 0.295[ 0.296| 0.298 .303
BCS 249 1234 0.23T 0.237 0.293 ).305 312 316 | 0.327] 0.323] 0. 328 |
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LCP_CaVousRegarde_2011-12-20_204600, Head Track: 397, Speaker Track: 332, OCR Name: 30 HvH 282X282 SvS 268X268 SvH 406

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

10

16

17

18

‘Soft Aybrid - Certainty U525] U527 0.524] U518 5I5] U5I3] USL STA] 0515 U519 0523 [ U529 0.531
ndom U.57 0.568 | 0.566] 0.565 L3 U.55 () 549 549 0.546 .54 5471 0.545
MDS - Certaint 0.4 0.464 | 0.486 493 497 499 0.501 0.504 504 503 5071 0.505 | 0.505] T
WD Orcertamy 0.483] 0.489 | 0.465] 0.467 479 0475 0.481] 0.487] 0. 494 | 0.49Z[ 0.491] U.497]

Earg Ejgrlg »ge%amﬂ 0.57 053] 0.53| 0.533 .525] 0.52] 0.5 528 0.535] 0.533] 0.539] 0.539 B
ar rid - Uncertaini 0.497 04841 0514 051 . . .497 ] 0.494 0.498 | 0.497] 0.498 | 0.496 | 0.497
s B 1118 11 MRV MRS 1547 0.549] 0.54 524 0.544] 0.546]  0.54] 0.537] 0.535

LCP_CaVousRegarde_2012-01-19_204700, Head Track: 371, Speaker Track: 290, OCR Name: 22 HvH 244X244 SvS 229X229 SvH 384

0 1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty A 3 . . . . . X . X X . . X . . . .
o s — 709 [ 0.704 [ 0.70Z[ 0.714] 0.723| 0.726] 0.737| 0.735] 0.7&| 0.743] 0.724| 0.743] 0.746| 0744 0.724| 0.745[ 0.746 726 0.745
MDS - Certaint 694 0.726 0.733| 0.739] 0.732 735 73T 739 0. .739] 0.736 0.74 . 738 737 . 739 737 .739 . 739 737
- Uncertain 651 0.686 [ 0.687] 0.681 0. [ 0.699] 0.699[ 0.704 A 7141 0.714 0.715 [ 0.719] 0.717] 0.717] 0.719] 0.717 . 716 0.718
ar Tid - Certam [ 0.743] 0.746] 0.748]_0.75 .72 0741 U.7Z 738 0.733] 0736 0.738 [ U.7A1[ 0.742] 0.7AT| 0.742] 0.743[ 0.72% L7241 0.74%
[ard Hybrid - Uncertainty 0.78 .753 0.75 0.75]0.743 745 . 746 0.741"0.737 . 738 . 747 0.738 . 747 . 744 743 . 747 743 . 747 744
0.75T 731 0.726] 0.734] 0.736] 0./35] 0.736] 0.736] 0./36 737 0.74] 0.74T 0.7 0.7% 733 73T 743 NLYS NLYS
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LCP_CaVousRegarde_2012-01-25_204700, Head Track: 428, Speaker Track: 352, OCR Name: 25 HvH 281X281 SvS 282X282 SvH 429

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty
Random

ﬁggrgeﬂamﬂ
- Uncertain
Hard i Enﬁ-Ceryfalnt
ar rid - Uncertain
pedeybnd - Uncertainty L1

LCP_EntreLesLignes_2011-12-16_192700, Head Track: 560, Speaker Track: 253, OCR Name: 15 HvH 345X345 SvS 203X203 SvH 493

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘Soft Hybrid - Certainty . . . . 0. T . A . . . . . .
ndom 0.708 1 0.717] O.71T] 0.719 0.7 T 7331 0733 0.733] 0.735] 0.738] 0.739] 0.738] 0.739] 0.739] 0.738] 0.739]

- Certain 074 0.738] 0.737] 0.737 0.7 7 . 737 0.741( 0.744| 0.74: .743170.745| 0.748] 0.75[ 0.75 A A
- Uncertain 0.7 7421 0.74T] 0.745] 0.7 7 743 0.743 0.7411 0.7 747 0.747[ 0.7411 0.74T| 0.7411 0.743| 0.743
[ard Hybrid - Certainty. U.7T] 738 075 U.746[ U, 7 711 0.739 [ 0.738 | 0.7, 72T 0741 0.739] 0741 0.739 741 0.74T
Hard Hybrid - Uncertainty | 0.79. 785 0.77] 0.765]| 0.7 7 .7 A ).746 | 0.74 . 745 | 0.746 [ 0.746[ 0. 0.746 0.747] 0.746
BCS_ 0.7 741 0.735] 0.741] 0.7: 7 .74Z| 0741 0.738] 0.7 391 739 0.739] 0.739] 0.739] 0.74T]
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LCP_EntreLesLignes_2012-01-27_192700, Head Track: 599, Speaker Track: 267, OCR Name: 14 HvH 329X329 SvS 210X210 SvH 460

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty 518 0. 469] 0.463 [ U.46 X . X . . X X . . . X X 487 | 0.489] 0491
Randotn o /266 | U.474 | U468 U.471] 0.463 X 476 0.48| 0.482] U.481| 0.484] U.488 | 0.489
MDS - Certaint 496 | 0.507 479 .48 .A79 .49 .495 .496 | 0.496 | .502
WD Orcertamy 455 0.461] 0.452] 0.457] 0.454 47 477 U478 0478 0479 0.487]
Earg Ejgrlg - ge%alnl_:'x [0.456 | 0.465| 0.464 [ 0.464 | 0.463 AT 485 | 0.486 | 0.489 | T 49T

arc rid - Uncertainty 4770454 0.243 1 0451 0.455 .49 49471 0.495 [ 0.497 1 0.499 0.5
e —— 467 0.465] 0.475]  0.47] 0.469 X3 479|048 0.487] 049 0492

LCP_EntreLesLignes_2012-05-11_192200, Head Track: 690, Speaker Track: 305, OCR Name: 13 HvH 310X310 SvS 240X240 SvH 596

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

ar rid - Certain

-
[ard Hybrid - Uncertainty | G

|dddddd
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LCP_LCPInfo13h30_2012-01-24_132700, Head Track: 212, Speaker Track: 163, OCR Name: 13 HvH 128X128 SvS 130X130 SvH 179

[ 1 2 3 4 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty | U.801[ U/ . X X 766 . . . . . .
ndom 807 0.785 . 783 . 799 798 R:{08 795 797 .799 | 0.802 ).792 792 U797
ﬁgg rgeﬂalnﬁ 77T .79 . 792 . 7871 0.796 . 797 A 94 85| 0.786 A .785 . 788 0.78
- Uncertain 803 U./81 | 0.764] 0.763| 0.779] 0.774 769 0.775] 0.775] 0.772 0.776] 0.777] 0.776 0.7,
ar Tid - Certainty 7731 0. [0.777]"0.778] 0.762 58 782 0.788] T [ 0.793] 0.793 797 0.794] T 0.796 |
Hard Hybrid - Uncertainty 747 0.774170.766 | 0.755 | 0.772 7T 7811 0.786[ 0. . 789 0.793 7921 0.796 0.795]
BCS .78Z] 0.788 0.769] 0.776 0.779 73 771[ 0.774] 0.779] 0.781] 0.779] 0.773] 0.77T 0.779
LCP_LCPInfo13h30_2012-01-25_132700, Head Track: 331, Speaker Track: 172, OCR Name: 10 HvH 208X208 SvS 145X145 SvH 285
[ 1 2 3 4 9 10 11 12 13 14 15 16 17 18 19
Soft Hybrid - Certainty
Random
MDS - Certainty
MDS - Uncertainty
Hard Hybrid - Certainty
Hard Hybrid - Uncertainty
BCS
‘Soft Hybrid - Certainty 318 U3, 033 03341 U341 U341 U.346] U.349] U. 35 36 360
3531 0.36] 0.362] 036 0.359] 0.365| 0.377] 0.381] 0.387] 0.385] 0.389] 0.395]
3541 0.354 | 0.358 | 0.358] 0.362] 0.362] 0- 2373 383103871 0-391]
.35 357 0.363 | 0.371 376 .38 0. | 0.388] ( [ 0.396] 0.401| 0.407
37 .38 1395 ] 0,396 0.399 0.405] 0.413 | U.419] T 0429 0431 0431
305 0.312] 0.313 | 0.37] 0.324] 0.325] 0.332] 0.343] 1 3441 0.349]_ 0.35
356 0.365 0.38 392 041 0.408 .AT9 478 0. [ 0.4347] 0.45 0.455
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LCP_LCPInfo13h30_2012-01-27_132700, Head Track: 306, Speaker Track: 177, OCR Name: 11 HvH 182X182 SvS 135X135 SvH 270

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Soft Hybrid - Certainty
Random

MDS - Certainty
—Uncertain
Earg Ejgrlg - ge%alnl_:'x
[ard Hybrid - Uncertainty

LCP_PileEtFace_2011-11-19_085700, Head Track: 243, Speaker Track: 211, OCR Name: 40 HvH 173X173 SvS 162X162 SvH 289

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

ar rid - Certain
ar rid - Uncertainty
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LCP_PileEtFace_2011-12-01_192700, Head Track: 389, Speaker Track: 255, OCR Name: 51 HvH 250X250 SvS 197X197 SvH 349

Soft Hybrid - Certainty
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LCP_PileEtFace_2012-01-12_192700, Head Track: 330, Speaker Track: 269, OCR Name: 52 HvH 228X228 SvS 218X218 SvH 373

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_PileEtFace_2012-01-19_192700, Head Track: 302, Speaker Track: 246, OCR Name: 43 HvH 222X222 SvS 191X191 SvH 290

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

LCP_PileEtFace_2012-01-26_192700, Head Track: 380, Speaker Track: 273, OCR Name: 50 HvH 223X223 SvS 207X207 SvH 349

Soft Hybrid - Certainty
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MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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ar rid - Certain
ar rid - Uncertain
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LCP_TopQuestions_2012-01-25_232700, Head Track: 364, Speaker Track: 134, OCR Name: 11 HvH 204X204 SvS 102X102 SvH 310

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

BCS

‘Soft Hybrid - Certainty
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Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

LCP_TopQuestions_2012-02-14_232200, Head Track: 249, Speaker Track: 155, OCR Name: 13 HvH 133X133 SvS 127X127 SvH 272

‘SOTt Hybrid - Certainty
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LCP_TopQuestions_2012-02-22_232700, Head Track: 308, Speaker Track: 158, OCR Name: 15 HvH 170X170 SvS 129X129 SvH 272

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

oft Hybrid - Certainty
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Speaker score using Speaker annotation is given in orange heat maps

BFMTV_BFMStory_2012-01-10_175800, Head Track: 759, Speaker Track: 372, OCR Name: 36 HvH 401X401 SvS 291X291 SvH 737

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

ertain
rid - Uncertain
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BFMTV_BFMStory_2012-01-23_175800, Head Track: 782, Speaker Track: 338, OCR Name: 34 HvH 406X406 SvS 247X247 SvH 556

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_BFMStory_2012-02-14_175800, Head Track: 753, Speaker Track: 348, OCR Name: 33 HvH 405X405 SvS 272X272 SvH 643

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_BFMStory_2012-02-20_175800, Head Track: 871, Speaker Track: 342, OCR Name: 30 HvH 450X450 SvS 267X267 SvH 710

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-13_065040, Head Track: 69, Speaker Track: 38, OCR Name: 3 HvH 29X29 SvS 28X28 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-16_075000, Head Track: 163, Speaker Track: 42, OCR Name: 5 HvH 78X78 SvS 32X32 SvH 117

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-17_065040, Head Track: 48, Speaker Track: 49, OCR Name: 5 HvH 23X23 SvS 35X35 SvH 30

Soft Hybrid - Certainty
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MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-18_065040, Head Track: 102, Speaker Track: 47, OCR Name: 6 HvH 41X41 SvS 37X37 SvH 42

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-01-19_065040, Head Track: 78, Speaker Track: 41, OCR Name: 4 HvH 43X43 SvS 31X31 SvH 52
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Soft Hybrid - Certainty
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BFMTV_CultureEtVous_2012-02-14_065040, Head Track: 104, Speaker Track: 48, OCR Name: 9 HvH 48X48 SvS 39X39 SvH 61

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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BFMTV_CultureEtVous_2012-02-15_065040, Head Track: 180, Speaker Track: 34, OCR Name: 4 HVH 67X67 SvS 27X27 SvH 113
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LCP_CaVousRegarde_2011-12-20_204600, Head Track: 397, Speaker Track: 332, OCR Name: 30 HvH 282X282 SvS 268X268 SvH 406

Soft Hybrid - Certainty

Random

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

Soft Hybrid - Certainty
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LCP_CaVousRegarde_2012-01-19_204700, Head Track: 371, Speaker Track: 290, OCR Name: 22 HvH 244X244 SvS 229X229 SvH 384

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_CaVousRegarde_2012-01-25_204700, Head Track: 428, Speaker Track: 352, OCR Name: 25 HvH 281X281 SvS 282X282 SvH 429

Soft Hybrid - Certainty
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MDS - Uncertainty
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LCP_EntreLesLignes_2011-12-16_192700, Head Track: 560, Speaker Track: 253, OCR Name: 15 HvH 345X345 SvS 203X203 SvH 493

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
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LCP_EntreLesLignes_2012-01-27_192700, Head Track: 599, Speaker Track: 267, OCR Name: 14 HvH 329X329 SvS 210X210 SvH 460

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_EntreLesLignes_2012-05-11_192200, Head Track: 690, Speaker Track: 305, OCR Name: 13 HvH 310X310 SvS 240X240 SvH 596

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty
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LCP_LCPInfo13h30_2012-01-24_132700, Head Track: 212, Speaker Track: 163, OCR Name: 13 HvH 128X128 SvS 130X130 SvH 179

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty
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LCP_LCPInfo13h30_2012-01-25_132700, Head Track: 331, Speaker Track: 172, OCR Name: 10 HvH 208X208 SvS 145X145 SvH 285

Soft Hybrid - Certainty

MDS - Certainty

MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty

‘SOTt Hybrid - Certainty
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LCP_LCPInfo13h30_2012-01-27_132700, Head Track: 306, Speaker Track: 177, OCR Name: 11 HvH 182X182 SvS 135X135 SvH 270

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_PileEtFace_2011-11-19_085700, Head Track: 243, Speaker Track: 211, OCR Name: 40 HvH 173X173 SvS 162X162 SvH 289
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Soft Hybrid - Certainty
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LCP_PileEtFace_2011-12-01_192700, Head Track: 389, Speaker Track: 255, OCR Name: 51 HvH 250X250 SvS 197X197 SvH 349

Soft Hybrid - Certainty
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MDS - Uncertainty

Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_PileEtFace_2012-01-12_192700, Head Track: 330, Speaker Track: 269, OCR Name: 52 HvH 228X228 SvS 218X218 SvH 373

Soft Hybrid - Certainty
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Hard Hybrid - Certainty

Hard Hybrid - Uncertainty
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LCP_PileEtFace_2012-01-19_192700, Head Track: 302, Speaker Track: 246, OCR Name: 43 HvH 222X222 SvS 191X191 SvH 290
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LCP_PileEtFace_2012-01-26_192700, Head Track: 380, Speaker Track: 273, OCR Name: 50 HvH 223X223 SvS 207X207 SvH 349
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LCP_TopQuestions_2012-01-25_232700, Head Track: 364, Speaker Track: 134, OCR Name: 11 HvH 204X204 SvS 102X102 SvH 310
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LCP_TopQuestions_2012-02-14_232200, Head Track: 249, Speaker Track: 155, OCR Name: 13 HvH 133X133 SvS 127X127 SvH 272
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LCP_TopQuestions_2012-02-22_232700, Head Track: 308, Speaker Track: 158, OCR Name: 15 HvH 170X170 SvS 129X129 SvH 272
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