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Journaal zaterdag 23 oktober 2010 (00:00:16)
+ Score: 4.4

Een uit Italié is ie wel dagenlang beelden van lange rijen gelden zowden onder rware politishepeleiding langs dende buumthewoners op
‘weg naar de stortplaats niet hé vanavond wel onze helden in Perzié afgelopen nacht grotere inwoners vinrwerk af op de paolitie

Journaal maandag 25 oktober 2010 (00:00:15)

+ Score: 4.3

...En wie de deur naar Europa op een kier staat stellatje servieren vostbal hooligans hun land juist in een kwaad daglicht. Met grof geweld
verstoonde extremistische supporters de EK kwalificatiewedstrijd tegen Italié en was niet het enige incident. ... >

Journaal maandag 25 oktober 2010 (00:00:23)

+ Score: 3.9

.. Monopoly straat extra strenge controles van de poort is maar een beperkt aantal kaarten voor de wedstrijd beschikbaar gesteld en dat
allemaal om te voorkomen dat de suppontersgeweld weer in de wind van dat van Bo twee weken geleden gingen de hele missie Genua
‘waar de hasj maar die was gericht tegen Italié speslt de wedstrijd wend na zes minuten gestaskt vanwege geweld van de Servische
SUDPOTIENS. ... 3y

Journaal maandag 25 oktober 2010 (00:00:30)

+ Score: 3.8

...Ge "t gat van Eunopa bij de stukken van twaalf een halve kilometer landsgrenzen zijn tussen Griekenland en Turkije is tutig en vlakhbij
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Multimedia retrieval

What was said?
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Speaker retrieval

Who said it?
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Speaker retrieval task definition

Be able to find all speech fragments of all
speakers in an archive, solely given the
name of the speaker.
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Why speaker retrieval?
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Why speaker retrieval?

In combination with other techniques...

*Yes, we can'”
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Why speaker retrieval?

In combination with other techniques...

Can we build it?
*Yes, we can'”
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Why speaker retrieval?

= Useful for other speech processing techniques:

= Automatic speech recognition
= Summarization
= Dialog act tagging

= Useful for structuring information

= visualization
= user interfaces

= Interesting information on its own

= When and how often was this politician on TV?
= Find quotes of a specific person.
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Towards speaker retrieval

Speaker retrieval:

Be able to find all speech fragments of all
speakers in an archive, solely given the
name of the speaker.
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Towards speaker retrieval

Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, solely given the
-rame-oHthe-speakerin a short recording
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Towards speaker retrieval

Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, solely given the
-rame-oHthe-speakerin a short recording
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Towards speaker retrieval

Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, solely given the
-rame-oHthe-speakerin a short recording
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Towards speaker retrieval

Large Scale Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, solely given the
-rame-ofHthe-speakerin a long recording
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Towards speaker retrieval

Large Scale Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, solely given the
-rame-ofHthe-speakerin a long recording

» Upscale to long recordings (3 hours)
» Upscale to small collections (15 hours)
» Upscale to large archives (1500 hours and up)
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Towards speaker retrieval

Large Scale Speaker diarization:

Be able to find all speech fragments of all

speakers in an archive, selehrgiventhe-
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Towards speaker retrieval

Query-by-example speaker retrieval:

Be able to find all speech fragments of all

speakers in an archive, selehrgiventhe-
name of the speaker
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Towards speaker retrieval

Query-by-example speaker retrieval:

Be able to find all speech fragments of all

speakers in an archive, selehrgiventhe-
name of the speaker
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Towards speaker retrieval

Query-by-example speaker retrieval:

Be able to find all speech fragments of all

speakers in an archive, selehrgiventhe-
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Towards speaker retrieval

Query-by-example speaker retrieval:

Be able to find all speech fragments of all

speakers in an archive, selehrgiventhe-
name of the speaker
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Towards speaker retrieval

Full speaker retrieval:

Be able to find all speech fragments of all
speakers in an archive, solely given the
name of the speaker
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Towards speaker retrieval

= Speaker diarization
(20 minutes)

= Large scale speaker diarization
(3-15 hours)

= Query-by-example speaker retrieval
(>1500 hours)

= Speaker retrieval
(identities are known)
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Towards speaker retrieval

Scaling challenges:

= Step 1: from 20 minutes to 15 hours
= Step 2: from 15 hours to 1500+ hours
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Large scale speaker diarization

= Speaker recognition

= Train speech segment:
create a model (enroliment)

= Test speech segment:
Is this the same speaker?

= Speaker diarization

= Segment and cluster
= Short recordings

marijn.huijbregts@let.ru.nl Radboud Universiteit Nijmegen iﬁ%}



Large scale speaker diarization
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Large scale speaker diarization
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Large scale speaker diarization
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Large scale speaker diarization
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Large scale speaker diarization
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Large scale speaker diarization
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Large scale speaker diarization

15 ICSI meetings (44-88 minutes each):

= Exp. 1: diarization perspective

= Evaluate using diarization error rate (DER) on
individual recordings and on the entire collection.

= Exp. 2: information retrieval perspective

= Randomly pick queries (timestamps) and define
documents of 2minutes or 12seconds.

= Evaluate the query-by-example system using Mean
Average Precision (MAP) and
Precision-at-ten (P@10)
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Large scale speaker diarization

15 ICSI meetings (44-88 minutes each):

= Diarization Error Rate per meeting:

= All-at-once: 14.56%DER - 1936 CPU minutes
= Chunking: 16.14%DER - 355 CPU minutes

= Diarization Error Rate for entire collection:

= Collection-wide-chunking, score per meeting:
17.79%DER

= Collection-wide-chunking, score collection-wide:
25.16%DER
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Large scale speaker diarization

15 ICSI meetings (44-88 minutes each):

= Retrieval experiment:

Experiment MAP P@10
2min, no normalization 0.57 0.74
2min, normalization 0.37 0.49
12s, no normalization 0.49 0.70
12s, normalization 0.31 0.49
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Towards large archives

We have recorded 90 days of Dutch television:

= 3 public-service channels
= From 17:30 hour until midnight
= 1755 hours of broadcast recordings in total
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Towards large archives

Three challenges

= Scaling: Increase in data.
= Speaker distribution: not a coherent collection.
= Evaluation: all that data is not annotated!
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Towards large archives
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Towards large archives

Increase In data:

= First four steps performed in 0.62 times real-time

= Fifth step (scoring enrolled models) takes 0.35
times real-time, but the complexity is quadratic.
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Speaker distribution:

= Makes the actual linking step very risky.
= Fortunately not needed for most applications.
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Towards large archives

Increase In data:

= First four steps performed in 0.62 times real-time

= Fifth step (scoring enrolled models) takes 0.35
times real-time, but the complexity is quadratic.

Speaker distribution:

= Makes the actual linking step very risky.

= Fortunately not needed for most applications.
Evaluation:

= A lot of effort needed (benchmarks)
= Evaluated on P@10 only
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Our retrieval system
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Our retrieval system
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Our retrieval system

i

Select speaker
cluster
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Recording Chunk Cluster Score
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Our retrieval system

i

Select speaker
cluster

'

Retrieve model
and score-list

Y

Select
documents
and generate
result list
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12-04-2010.NL3

*‘W 20-05-2010.NL1 232 8 4.0

Recording Chunk Cluster Score

14 12 4,2

19-03-2010.NL2 100 23 -3.8
Recording Doc#  Start End |
12-04-2010.NL3 20 17:42:00 17:42:12
20-05-2010.NL1 341 22.01:30 22:01:42|™
19-03:5010.NL2 15-3“ 19:1“5.:00 19:15:12
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Evaluation

= Hand-picked 30 queries

= 17 often occuring people
= 13 less occuring people

= 12 second documents are defined
= P@10 Manually judged
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Results:
Description #queries | PQ10
Total evaluation set 30 0.520
Frequently occurring people 17 0.800
Less frequently occurring people 13 0.154
Query represents clean cluster 18 0.756
Query represents polluted cluster 12 0.167
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Conclusions

= We were able to scale our query-by-example
speaker retrieval system.

= Further scaling is possible, but would take more
than one CPU for the last step.

= Purity of the query cluster is very important.
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= Automatically finding the identity of each
speaker cluster using meta-data or ASR.

= Data mining: discovering (part of) ones identity

by looking at the occurence with other
speakers.

= Always on TV at the same time-slot”?— program host
= Often on TV with other politicians? — politician
= Lot's of politicians on TV? — election time

= Know the background of a speaker? — topic detection
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Thank you.
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