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Environment Model

|H[k]|2X[k] +

W[k]

Y[k]

2/15Distortion function
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Noise Compensation
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Noise Compensation
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Assumptions ...
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Noise Compensation
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Non-linearity Problem
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Non-linear 



Taylor Series
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Non-linear 



Vector Taylor Series
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Requirements:
   

– Point(s) 
– Jacobians (    )



VTS for ASR -- Points
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Requirements:
   

– Point(s) → Means of the Gaussians 
– Jacobians (    )



VTS for ASR -- Jacobians
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VTS for ASR ...
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Generalised VTS



Generalised Non-linearity (GN)
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Generalised Non-linearity (GN)

● Statistics 
– Box-Cox Transformation (1964)

● Speech Processing 
– Generalised Logarithmic Function (1984)
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Advantages of GenLog
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Advantages of GenLog

* Can potentially improve the ... 
  

– Linearity
– Homoscedasticity  

– Normality
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GenLog can improve the SNR!
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Environment Model
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|H[k]|2X[k] +

W[k]

Y[k]

Distortion function



Generalised VTS (gVTS)
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gVTS → Equations



Channel Noise Estimation



Channel Noise Estimation
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|H[k]|2X[k] Y[k]



Channel Noise Estimation
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Channel Noise Estimation
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Channel Noise Estimation
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Channel Noise Estimation
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Channel Estimation
Aurora-4
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Y = XH ← Test Set C
X          ← Test Set A



Additive Noise Effect
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Additive Noise Effect
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Additive Noise Effect
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Additive Noise Effect

gVTS1

13/15

GMM
{Z}

GMM
{X}



Channel Estimation Pseudocode
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gVTS1

Estimate
Additive Noise

Model
Adaptation 

Clean
Model

0. Initialise H

1. Adapt Clean Model with H

2. gVTS for Additive Noise

3. Update H

4. If not converged GO TO 1 

RETURN H



Experimental Results 
Aurora4  --  WER
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A: Clean
B: Additive
C: Channel
D: Additive+Channel



Experimental Results 
Aurora4  --  WER

Abs: 4.7%
Rel: 24.6%

15/15

A: Clean
B: Additive
C: Channel
D: Additive+Channel

Abs: 0.6%
Rel:  3.1%

WER 
Reduction



Wrap-up

– This Talk was about ...
  Vector Taylor Series for Robust ASR

  Generalised VTS

  Channel Noise Estimation

– Future Works: 
   Extension to the Phase/Group Delay domains

  Further optimisation of the channel estimation 



That's it!
● Thanks for your attention
● Q&A



Appendices

1. (g)VTS Pseudocode
   

2. Effect of GenLog on WER
     2.1. Aurora-2 → Clean (0-20 dB)
     2.2. Aurora-4 → Clean, Multi1, Multi2
 

3. Why Non-linear Transform?
 

4. Channel Estimation 
     4.1. Initialisation and iteration effect
     4.2. ALL 
  

5. Phase Factor 
  

6. MMSE vs MAP  



(g)VTS Pseudocode
0. GMM of CLEAN
---------------------------------------
– For each utterance ...

1. Apply the compression function (Log of GenLog) 

2. Factor out the CLEAN and compute the distortion function

3. Estimate the Noise
3.1. Additive
3.2. Channel

4. Linearise using VTS
4.1. Points       → means of Gaussians
4.2. Jacobians → partial derivatives

5. Estimate CLEAN using MMSE ← 3 assumptions App. 1



Aurora-2 (Accuracy, Average 0-20 dB)

App. 2

Effect of GenLog on WER
Aurora-2 



Effect of GenLog on WER
Aurora-4 

App. 2
A: Clean         C: Channel
B: Additive      D: Additive+Channel



Taking Log after applying GenLog ?

App. 3



Why Non-linear Transform?

Non-linear
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Statistical
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Why Non-linear Transform?

Non-linear
Transform

Statistical
Modelling

Linear
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Why Non-linear Transform?

Non-linear
Transform

Statistical
Modelling

Linear

Non-Linear

Linear transform does not change 
the family a RV belongs to ! App. 3
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Channel Estimation
Initialisation and Iteration effect 

App. 4

Iterations

H
0

Target



Channel Estimation -- ALL 
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App. 4
Y = XH ← Test Set C
X          ← Test Set A



Phase Factor

App. 5

Periodogram

FBE, lth filter



MMSE vs MAP

App. 6
MAP requires 
GLOBAL maximum!

MAP

MMSE
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