My 5 minute talk

about 2 of my ongoing projects

Desh Raj



Noise-aware lraining of
Acoustic Models
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Noise-aware Training of Acoustic Models
The Problem

 Speaker effects
 Background noise

e Reverberation



Noise-aware Training of Acoustic Models
The Problem

Just add more layers and more
» Speaker effects training data, bro!

 Background noise

e Reverberation

3

TENSOR
BRO



Noise-aware Training of Acoustic Models
Well, actually...

VERY DEEP CONVOLUTIONAL NEURAL NETWORKS
FOR ROBUST SPEECH RECOGNITION
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Well, actually...
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“But we don’t have enough data
or GPUs.”

- Every DL practitioner not working at Froogle
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An idea from speaker adaptation
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Saon, George, et al. "Speaker adaptation of neural network acoustic models using i-vectors." 2013 IEEE Workshop on Automatic Speech Recognition and Understanding.
IEEE, 2013.
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An idea from speaker adaptation
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Saon, George, et al. "Speaker adaptation of neural network acoustic models using i-vectors." 2013 IEEE Workshop on Automatic Speech Recognition and Understanding.
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Noise-aware Training of Acoustic Models

An idea from speaker adaptation
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Noise-aware Training of Acoustic Models

Where to get noise embeddings?
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Where to get noise embeddings?
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Where to get noise embeddings?

e ey
P -

PROBING THE INFORMATION ENCODED IN X-VECTORS |

O

S>

N

Desh Raj, David Snyder, Daniel Povey, Sanjeev ,f"‘

Center for Language and Speech Processing & Human Language Tg ’hnology Center of Excellence
The Johns Hopkins University, Baltimore, MD;21218, USA.

draj@cs.jhu.edu, {david.ryan.snyder, dpovey}@gmail.fgm, khudanpur@jhu.edu




Noise-aware Training of Acoustic Models

Where to get noise embeddings?

PROBING THE INFORMATION ENCODED IN X-VECTORS
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Noise-aware Training of Acoustic Models

Using x-vectors
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Noise-aware Training of Acoustic Models

Using x-vectors
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Noise-aware Training of Acoustic Models

Speech/silence classification

Input sequence
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Speech/silence classification

Input sequence

Speech Activity Detection
system
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Noise-aware Training of Acoustic Models

Speech/silence classification

Input sequence

New input
sequence
Speech Activity Detection
system




Noise-aware Training of Acoustic Models

Speech/silence classifi

|nput sequence But arent you training an extra
neural network SAD, bro?

Speech Activity Detection
system

TENSOR



Noise-aware Training of Acoustic Models

Speech/silence classification

No extra training needed!

Speech Activity Detection
system

Already have a trained

GMM-HMM system




Noise-aware Training of Acoustic Models

Extension to online ASR

How to estimate noise embedding in streaming ASR?
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Extension to online ASR

How to estimate noise embedding in streaming ASR?
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The CHIME-6 Challenge

What is it?

https://chimechallenge.github.io/chime6/overview.html
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The CHIME-6 Challenge

How to solve it?



The CHIME-6 Challenge

How to solve it?

END-TO-END NEURAL
NETWORK

Num. Params = Number of
atoms in the universe
+ National debt
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The CHIME-6 Challenge

How to solve it?
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to me about...

from Suzanna’s talk)
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