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Motivation …
 

Perfect Information Processing ... 



  

(1) Perfect Info Filtering ... 

 * Signal: task-correlated info
 * Noise: task-irrelevant info

● Pass signal, Discard noise
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 * Signal: task-correlated info
 * Noise: task-irrelevant info

● Pass signal, Discard noise
– Discriminability, Robustness/Generalisation

Input

Spk IDEmotion

Background

Lingual content

Accent/Dialect

...

Speech Signal

Task: ASR
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perfect info filtering



  

(2) Perfect Match with Classifier ... 

● SoftMax↔Linear classifier←Linear separability

Assumptions

Linear
Classifier
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(3) Perfect Input ... 
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(3) Perfect Input ... 

sig
nal

signal

sig
nal

● Garbage in, Garbage out …
– “… output can only be as accurate as the info entered … ”
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(3) Perfect Input ... 

● Data Processing Inequality (DPI) 
– “… Processing cannot increase information …”
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(3) Perfect Input ... 

● Data Processing Inequality (DPI) 
– “… Processing cannot increase information …”

– Markov Chain: X → T1 → T2 → …  ==>> I(X;T1)  ≥  I(X;T2) ≥ ...

X Y

T2

* I(X,T): Mutual Info between X and T

T1
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Building A Perfect System Requires ...

● Perfect Filtering

● Perfect Match

● Perfect Input
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● Perfect Filtering ↔ Architecture+Data+Training

● Perfect Match ↔ Architecture+Data+Training

● Perfect Input ←include task-useful info

Building A Perfect System Requires ...
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● Perfect Filtering ↔ Architecture+Data+Training

● Perfect Match ↔ Architecture+Data+Training

● Perfect Input←includes task-useful info; possible?
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● Perfect Filtering ↔ Architecture+Data+Training

● Perfect Match ↔ Architecture+Data+Training

● Perfect Input ←Raw signal representation ...
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Building A Perfect System Requires ...



  

Feature Extraction Pipeline ... 

Waveform

FBank

MFCC

|STFT|

FilterBank

Log

DCT
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Feature Extraction Pipeline ... 

More Information

Raw   >   Mag   >   FBank   >   MFCC
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Mag-Only Signal Reconstruction*

* Griffin-Lim

● … proxy for magnitude info content

Mag-only 
reconstructed

Original
signal

Distance Proxy for ...?
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Mag-Only Signal Reconstruction*

PESQ ↔ Quality STOI ↔ Intelligibility

Perfect Quality Perfect Intelligibility
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* Griffin-Lim
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Signal Information Distribution

Time Domain Frequency Domain
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Signal Information Distribution

Single-stream Multi-stream
Loweimi et al   10/33   

 



  

Single- & Multi-stream Processing

→ (a) → single-stream (fusion @ input_level)
 

→ (b), (c) & (d) → multi-stream (fusion@different_levels)
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Single- & Multi-stream Processing

→ (a) & (b) → single-stream
 

→ (c) & (d) → multi-stream (fusion@different_levels)
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● Stream-specific pre-processing … multi-modal inputs ...

Pre-
Processing

Post-
Processing

Pre-
Processing
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Stream N

.

.

.
Fusion
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e.g., CogMHear AVSEC

Multi-stream Proc. Advantages (1)
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Multi-stream Proc. Advantages (2)
● Fusion @ optimal level … Trade-off …

– Higher levels → #param ↑, pre-proc. ↑, post-proc. ↓
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Raw Waveform Modelling by SincNet
● SincNet ↔ Parametric CNNs

Ravanelli and Bengio,ICASSP 2019 

f1 f2
f1 f2
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Raw Waveform Modelling by SincNet
● SincNet ↔ Parametric CNNs

Kernel Carrier
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Raw Waveform Modelling by XNet
● Parametric CNNs→Impose prior w/ perceptual flavour
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Raw Waveform Modelling by XNet
● Parametric CNNs → Sinc2Net, GammNet, GaussNet
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Model Interpretation (1)

Loweimi et al, INTERSPEECH 2019

Frequency (kHz) Frequency (kHz)

Filters are more discriminative & selective at lower frequencies.

Histogram of fc Histogram of fc
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Model Interpretation (2)
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Model Interpretation (2)
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Model attends more important parts of data ...



  

Model Interpretation (3)
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For more detail please refer to ...

Loweimi et al



  

Task: TIMIT, Training data

Loweimi et al, INTERSPEECH 2020

Average Frequency Response (AFR)

BSF: (ideal) Band Stop Filter 

BSF1
(1.2, 1.6 kHz)

BSF2
(1.8, 2.1 kHz)

White 
Noise

Noisy Signal
+
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Raw Waveform Acoustic Modelling (2)



  

Raw Waveform Acoustic Modelling (2)

Task: TIMIT, Training data

Loweimi et al, INTERSPEECH 2020

Average Frequency Response (AFR)
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Task: TIMIT, Training data

1) Enhancement ↔ ASR
 

2) Gradient vanishing ...

Loweimi et al, INTERSPEECH 2020

Average Frequency Response (AFR)
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Raw Waveform Acoustic Modelling (2)
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Mixing Learning & Signal Processing
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Mixing Learning & Signal Processing
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* Studied tasks: TIMIT/NTIMIT, Aurora-4, WSJ, AMI, TORGO
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ITASLP

A: Clean
B: Additive noise
C: Channel noise
D: Additive & channel noise
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* Studied tasks: TIMIT/NTIMIT, Aurora-4, WSJ, AMI, TORGO
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ITASLP

Although CNNs are non-parametric, 
some filters resemble parametric ones ...
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Accepted

UASpeech

[52] → QuartzNet, CTC, meta-learning and SAT

TORGO
ITASLP
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α = π/2

+1-1
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mag

sign
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Research Question
● Contribution of each broad phonetic class on PER?

PER@TestSet = 14.1%

???
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Error Analysis
Wav2Vec 2.0 (pre-trained)

[PER@test: 8.6]

Loweimi et al
* Most confused
* Second most confused

Confusion Matrix
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Goal: time-domain data 
augmentation helps ...
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Conclusion
● Raw signal modelling avoid suboptimal info loss
● Amenable to model interpretation/analysis
● Imposing prior … parametric CNN … useful
● Still Spectral rep. are more robust than raw waveform
● Future work: data augmentation, self-supervised 

learning (leverage pre-trained models, e.g. wav2vec), ...
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That’s it!
● Thank you for your attention!
● Q & A
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