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Related Tasks

happy? Door
sad? Opening?

Emotion Recognition Sound Event Detection
: Keyword
?
%Ww autism: %Ww Exist?
Autism Recognition Keyword Spotting

We only focus on speaker verification today.
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Speaker Verification
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Equal Error Rate (EER)
threshold threshold threshold
1.0 0.8 0.6
TP | FP TP | FP TP | FP
0 0 30 23 50 34
FN | TN FN | TN FN | TN
100 | 100 70 77 50 67
threshold threshold threshold
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diarize: to write down your future arrangements, meetings,
etc. in a diary
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Speaker Diarization

Record of meeting, record of telephone conversion, etc.

no. 1 no. 2 no. 1 no. 3

Step 1: Segmentation
Step 2: Clustering

The number of speakers can be known
or unknown.
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Framework A e Bl
The speakers in stages 2 B MW MM

and 3 are not seen in stage 1.
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Metric-based meta learning

* https://youtu.be/yyKaACh j3M

Same approach for Yes
Speaker Verification
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Framework A aliaee Slior
The speakers in stages 2 B A\M W

and 3 are not seen in stage 1.

Stage 1: Development

f\’ﬁ -~ Vel aY V\IF;\ f A} Y
'_G'e'e'g esDbataset (pl |vc|tc) [Wan, et al., ICASSP’18]

* VoxCeleb [Nagrani, et al., INTERSPEECH’17]
* 0.15M utterances, 1251 speakers

e \VoxCeleb?2 I[Chung, et al., INTERSPEECH’18]
* 1.12M utterances, 6112 speakers



i—Ve cCtor “i” means “identity”
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Speech Feature Vectors MAP adapted GMM | L3V
(33) (512)
Supervector i-Vector
(33x512) (400)

Source of image: https://www.slideshare.net/xavigiro/speaker-id-d313-
deep-learning-for-speech-and-language-upc-2017
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d-vector and i-vector are only comparable

d-vector
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Attention
Mechanism

[Chowdhury, et al., ICASSP’18]

NetVLAD

[Xie, et al., ICASSP’19]

VLAD = Vector of Locally
Aggregated Descriptors
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End-to-end

Can we jointly learn speaker embedding

and similarity computation?
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End-to-end Can we jointly learn speaker embedding
and similarity computation?

*

» > threshold?
é—» |‘ M || —_— /v Same
\ Model > scalar\
Different
< threshold?
Negative Examples:
A Sl BMpde J :
o b o | D b e
C K Enroliment K utterances 1 utterances

Utterances from spk i from spk j

Also refer to generalized end-to-end (GE2E) [Wan, et al., ICASSP’18]



End-to-end

[Heigold, et al., ICASSP’16]
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Table 1: Data set statistics.

#utterances | #speakers | #utts /spk

(#augmented)
train_2M 2ZM (9M) 4k =500
train_22M 22M (73M) 80k =150
enrollment 18k 3k 1-9
evaluation 20k 3k 3-5
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E N d -10-en d Text-dependent v.s. Text-independent

[Heigold, et al., ICASSP’16]
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Text-independent Discriminator — text

[Yun, et al., INTERSEECH’19]
Fool discriminator
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