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???
Input Output
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DNNs are GREAT 
BUT are a black box



  

ICASSP2019

Submitted to
INTERSPEECH 2019

  1/22Loweimi et al



  

Outline

● Interpreting DNN’s Weights
– CNNs with interpretable parametric kernel-based filters
– Submitted to INTERSPEECH 2019

● Interpreting DNN’s Activations
– Statistical properties of (pre-)activations
– ICASSP 2019
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Outline -- Part (1)
● Acoustic Modelling from Raw Waveform via SincNet
● CNNs with Parametric Kernel-based Filters

– Sinc2Net
– GammaNet
– GaussNet

● Perceptual/Statistical Studies on Learned Filters
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Acoustic Modelling from 
Raw Waveform via SincNet
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SincNet – Definition

● Convolutional acoustic modelling

  2/22Loweimi et al
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SincNet – Definition

● Convolutional layer with ideal bandpass filters 
– Impulse response ← Sinc
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SincNet – Filters Shape
● Impulse and Frequency Responses
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Impulse response
(time domain)

Frequency response
(frequency domain)

Ideal bandpass filters



  

SincNet – Filters Shape
● Parameter Set (Θ) → cut-off frequencies: f1 & f2
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SincNet
Practical Considerations

Loweimi et al



  

SincNet – Practical Considerations
● Sinc length is finite

  4/22Loweimi et al



  

SincNet – Practical Considerations
● Sinc length is finite

– Rectangular windowing
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SincNet – Practical Considerations
● Sinc length is finite

– Rectangular windowing
● Ripples

  4/22Loweimi et al



  

SincNet – Practical Considerations
● Sinc length is finite

– Rectangular windowing

– Solution: 
● Apply a tapered window
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SincNet – Practical Considerations
● Sinc length is finite

– Solution: Apply a tapered window

● Monitor the cut-off frequencies value
– f1 & f2  → should be positive 

– f2 < Nyquist Rate
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SincNet – Practical Considerations
● Sinc length is finite

– Apply a tapered window

● Monitor the cut-off frequencies value
● Amplitude learning is not necessary

– Higher layer’s weights → almost play the gain role
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SincNet – Practical Considerations
● Sinc length is finite

– Apply a tapered window

● Monitor the cut-off frequencies value
● Amplitude learning is not necessary
● Initialisation of Parameters (cut-off frequencies)

– Any perceptual scale may be used, e.g. mel
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CNN vs SincNet
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SincNet vs CNN -- Advantages
● Parametric vs Non-parametric
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SincNet vs CNN -- Advantages
● Parametric vs Non-parametric
● Parametric model 

– More Interpretable
– Strong constraint on hypothesis space
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SincNet vs CNN -- Advantages
● Parametric vs Non-parametric
● Parametric model

– More interpretable
– Strong constraint on hypothesis space

● Regularisation/Generalisation/Robustness
● Fewer parameters

– Less training data required
– Faster learning/convergence

Faster learning/convergence
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SincNet vs CNN -- Advantages
● Parametric vs Non-parametric

● Better Performance on TIMIT:
– Lower Loss, Classification Error and PER
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General Formulation for
Interpretable Kernel-based CNNs

Loweimi et al



  

Interpretable Kernel-based CNNs
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Interpretable Kernel-based CNNs
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Interpretable Kernel-based CNNs
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General Formulation of Interpretable 
Kernel-based Filters

Modulated CarrierKernel
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General Formulation of Interpretable 
Kernel-based Filters

Modulated CarrierKernel
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Learning Kernel-based Filterbanks

MFCC

PNCCPLP

Loweimi et al



  

– Sinc2Net

– GammaNet

– GaussNet

Loweimi et al

Learning Kernel-based Filterbanks



  

Sinc2Net: Triangular Filters  
● Widely used in Speech processing → MFCC

– Perceptually more plausible than rectangular filters
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Sinc2Net: Triangular Filters  
● Widely used in Speech processing → MFCC

– Perceptually more plausible than rectangular filters
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Learned



  

GammaNet: Gammatone Filters  
● Even more biologically plausible 

– Describes impulse response of auditory filters in Cochlea
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Typical value: 4



  

GaussNet: Gaussian Filters  

● Bell-shaped Filters
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GaussNet: Gaussian Filters  

● Bell-shaped Filters

3 dB bandwidth 
(Hz) of the ith filter
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Perceptual and Statistical Studies

Loweimi et al



  

Filters’ Centre Frequency Distribution
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Filters’ Centre Frequency Distribution

Higher filter concentration at low frequencies ( < 2kHz).
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Quality Factor (Q) of the Filters
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Quality Factor (Q) of the Filters

Similar trend to the perceptual measures.
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Quality Factor (Q) of the Filters

It is not a random effect ...
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Gammatone Filters Order
Perceptual vs Learned

 – No constraint was imposed on filters order during training
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Gammatone Filters Order
Perceptual vs Learned

 – Matches with perceptual studies on human auditory system.
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Gammatone Filters Order
Perceptual vs Learned
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Statistical Properties of the Data and 
the Learned Filters
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Statistical Properties of the Data and 
the Learned Filters
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Statistical Properties of the Data and 
the Learned Filters

Argmax Entropy  ≈  Argmax Std  ≈  Argmax Ave Filter Mag.
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Experimental Results

Loweimi et al



  

Experimental Results – Setup
● Task: TIMIT phone recognition
● Tools: Kaldi + PyTorch-Kaldi
● Frame length: 200 ms, frame shift: 10 ms
● Optimisation: 

– 24 Epochs, RMSprop 

● Architecture:
– Convolutional layer + MLP + output layer

● MLP → 5 hidden layers, 1024nodel, ReLU
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Experimental Results – PER
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Experimental Results – PER
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Experimental Results – PER

(1) Raw waveform models outperform log-Filterbank features
 

(2) Parametric X-Nets outperform non-parametric CNN
 

(3) X-Nets outperform SincNet (also more biologically plausible)
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Optimal Frame Length: 200 ms
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Optimal Frame Length: 200 ms

(1) Pros/Cons

(2) Why?
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Optimal Frame Length: 200 ms 
Pros/Cons

 20/22Loweimi et al

      Suppressing harmful mid-term properties (speaker-ind. ASR)
  

      Preserving useful mid-term properties (speaker ID)
  

      More memory is required



  

Optimal Frame Length: 200 ms
WHY?
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Optimal Frame Length: 200 ms
WHY?

 1. Learning Temporal Masking
    – Optimal combination of masker and maskee
  

 2. Optimal syllable modelling
    – Mean Syllable length in English is 200 ms (Greenberg et al, 1999)
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Conclusions -- Part (1)
● Task: waveform modelling through convolutional layer
● General Formulation for interpretable CNNs with 

kernel-based filters was derived
– Sinc2Net, GammaNet and GaussNet were studied

● Learned filters studied statistically and perceptually 
● Mid-term (200ms) processing is required for raw 

waveform modelling through X-Nets
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Outline -- Part (2)

● Interpreting DNN’s Weights
– CNNs with parametric kernel-based filters
– Submitted to INTERSPEECH 2019

● Interpreting DNN’s Activations
– Statistical Properties of (Pre-)Activations
– ICASSP 2019
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Outline -- Part (2)
● Statistical Study on (Pre-)Activations 

– Analytically and Empirically
 

● (Re)-Explaining some observations ...
– Why pre-activations, NOT activations, should be used as 

Bottleneck feature for HMM-GMM ASR?

– Why does ReLU give rise to sparsity?
●  

● Statistical Normalisation of the Bottleneck Features for ASR

23/22Loweimi et al



  

Come to our Poster for more ...
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ICASSP 2019
 

Poster Session: MLSP-P17.11
 

Time: May 17, 13:30 - 15:30



  

That’s It!

● Thanks for Your Attention
● Q/A

● Acknowledgements: 
– Supported by EPSRC Project EP/R012180/1 (SpeechWave)

Loweimi et al
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