The state of the art (2 of 2)
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Orientation

* Large speech language models
« VALL-

- slides from last week (recap)

» Tasks beyond lext- lo-Speech
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(seneration tasks
« Controllable TTS

Orientation
» "zero shot”
» Large speech language models * natural language description
« VALL-E  Speech editing
» Voice Conversion (VC)
» Tasks beyond Text-To-Speech » Voice privacy

Classification tasks
« Automatic Speaker Verification (ASV)

« Current & future trends
» "Anti-spoofing’’ / deepfake detection

 Source speaker tracing



Generation tasks

o Controllable TTS

e "zero shot”
* natural language description

« Speech editing

» Voice Conversion (VCO)

* Voice privacy



Voice Conversion

Encoder

Decoder

Vocoder




Voice Conversion - easy to train with parallel data, if you have some...

Decoder —»

Encoder




Voice Conversion without parallel data

Decoder —»

Encoder

carly systems:
|. create pseudo-parallel data,
2. train the system In the same way as for parallel data.




Voice Conversion without parallel data: cycle-based approach

Encoder Decoder

Cycle approach:
| convert source-to-target; cannot measure 10ss
2. convert target back to source; now measure the loss.



Cycle-based approach: source-target-source &  source-source
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Voice Conversion without parallel data: ASR+TTS approach

Encoder
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Voice privacy

Speaker Embedding Anonymized Speaker Embedding
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Classification tasks

« Automatic Speaker Verification (ASV)

* “anti-spoofing”

» deepfake detection

 Source speaker tracing



Automatic Speaker Verification (ASV)

ves: identity verified

P

ASV system \

>

user claims their identity
_|_
provides a speech sample
as evidence

no: claim rejected



Automatic Speaker Verification (ASV)

ASV system

speaker

classifier




RECAP'What are all those layers for! Learning representations!
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Speaker embedding

| -hot
speaker
class

>

* speaker
classifier




Speaker verification using speaker embeddings




Automatic Speaker Verification: error behaviour

false negative rate
(accidentally reject the

true speaker) Equal Error Rate: EER

(lower is better)

0%
false positive rate (accidentally accept an imposter)



"spoofing” attacks on Automatic Speaker Verification

» ASV system
bad actor creates a

synthetic speech sample
_|_
presents it to the ASV
system



Countermeasures against "spoofing” attacks on ASV

ASV system

bad actor creates a
synthetic speech sample
T attack
presents it to the ASV detected!
system



State-of-the-Art countermeasures: trained from data

Countermeasure
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Self-Supervised Learning (SSL)

“the cat sat on the mat”

4

4

“the ? sat on the mat”



Self-Supervised Learning (SSL)

4

extract internal
representation

4
— 7 il —



Source speaker tracing (here, just verification)

source speech 1  target speaker 1 source speech 2  target speaker 2

A

O

| Al | .
Voice Conversion Voice Conversion

converted‘speech 1 converted \speech 2

Source Speaker
Verification

!

same source speaker or not sstc-challenge.github.io



http://sstc-challenge.github.io
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Orientation

 Large speech language models

« VALL-E » Larger models, larger data
* Pre-training
» [asks beyond lext-lo-Speech » open models used as starting point by other
researchers

* fine-tuning and/or prompting

- Current & future trends * Multi-task models

* speech
* MuUSIC

» "general audio”



VWhat next!

 loday's “state-of-the-art” will not last
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