
Towards Interpretation for 
Speech Models

Dong Wang

2022/04/25



Quick review for Interpretation



Interpretability is important

• Understand the success and failure

• Verify the model is correct

• Get new idea from the explanation

Molnar C. Interpretable machine 

learning[M]. Lulu. com, 2020.



What is the good interpretation

• Faithfulness:  it should reflect the truth of the model

• Grounding: it should be human readable



Ways to interpretation

• Theoretical understanding: 
VC-dim, complexity, 
equivalence, optimization 
properties …

• Ad-hoc: design interpretable 
structure when building the 
model

• Post-hoc : understand the 
model when it has been 
trained.

Chu L, Hu X, Hu J, et al. Exact and consistent interpretation for piecewise linear neural 
networks: A closed form solution, SIGKDD.



Ways to interpretation

• Global: How the model works by itself
• Channel property
• Activation property
• To identify failure modes

Nguyen A, Yosinski J, Clune J. Understanding neural networks via feature visualization: A survey[M]//Explainable AI:
interpreting, explaining and visualizing deep learning. Springer, Cham, 2019: 55-76.

Y. Lu, S. Xie and S. Wu, "Exploring Competitive Features Using Deep 

Convolutional Neural Network for Finger Vein Recognition," in IEEE 
Access, vol. 7, pp. 35113-35123, 2019,

Deep Dream



Ways to interpretation

• Local: How the model made a particular decision? 
• Local approximation
• Saliency map

Sattarzadeh et al. Integrated Grad-CAM: Sensitivity-Aware Visual 

Explanation of Deep Convolutional Networks via Integrated Gradient-Based 
Scoring[C]//ICASSP 2021.

Ribeiro M T, et al. " Why should i trust you?" Explaining the 
predictions of any classifier[C]// SIGKDD 2016.

Fong R C, Vedaldi A. Interpretable explanations of black boxes by 
meaningful perturbation[C] ICCV 2017.

Simonyan et al. Deep inside convolutional networks: Visualising image 
classification models and saliency maps, 2013.



Interpretation for CNN

• How CNN is so effective is a mystery.

• The general belief is that each kernel
represents a particular pattern, and
the object is represented as a sparse
appearance in the activation map.

https://glassboxmedicine.com/2020/08/03/convolutional-
neural-networks-cnns-in-5-minutes/



An example for CNN investigation

• Compare object-oriented net and scene-oriented net
• Record the images in the training set that producing largest activation 

of units in each layer (spatially averaged).
• Similar objects were seen in low layers

Zhou B, Khosla A, Lapedriza A, et al. Object detectors emerge in deep scene cnns[J]. arXiv preprint 

arXiv:1412.6856, 2014.



Localize units

• Test the reception field (RF) of a particular unit.

• Using sliding window to corrupt the patch, and test the 
degradation on the unit. 

Zhou B, Khosla A, Lapedriza A, et al. Object detectors emerge in deep scene cnns[J]. arXiv preprint 

arXiv:1412.6856, 2014.



Read the pattern regarding the unit

• Check the pattern within the RF

Zhou B, Khosla A, Lapedriza A, et al. Object detectors emerge in deep scene cnns[J]. arXiv preprint 

arXiv:1412.6856, 2014.



Objects emerges with scene classification

• Check the units in pool5, and found units detect similar objects, 
and different units may detect the same class. 

Zhou B, Khosla A, Lapedriza A, et al. Object detectors emerge in deep scene cnns[J]. arXiv preprint 

arXiv:1412.6856, 2014.



Scrutinize CNN units

• A: VGG 16 net

• B: Unit is visualized by
showing the pixels
whose activation on
the unit is large
enough.

• The “large” is defined
to be 0.01 percentage
in activations on all
images and positions.

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Scrutinize CNN units

• E: Identify the concept
for each unit

• Check the consistency
between activation
au(x,p) and labels for
concept sc(x,p), and
label the unit with the
concept with the
largest overlap.

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Scrutinize CNN units

• D: #units per concept

• C: Visualization for
concept

• F: out-of-domain
object detection, using
activation of the
related units.

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Importance test by unit removal

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Units in GAN

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.

• Can find similar 
semantic 
meanings.



Removing trees

• Finding the units 
corresponding to the 
concept tree.

• Remove trees by 
deactivating these 
units.

Bau D, Zhu J Y, Strobelt H, et al. Understanding 

the role of individual units in a deep neural 

network[J]. Proceedings of the National Academy 

of Sciences, 2020, 117(48): 30071-30078.



Adding doors

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Visualizing attack

Bau D, Zhu J Y, Strobelt H, et al. Understanding the role of individual units in a deep neural network[J]. 

Proceedings of the National Academy of Sciences, 2020, 117(48): 30071-30078.



Interpretation in Speech 



Activation analysis

• Different node activate with 
different properties

• Phonetic feature encoding 
becomes more explicit in 
deeper layers

• Nagamine T, Seltzer M L, Mesgarani N. Exploring how deep neural networks form phonemic categories[C]//Sixteenth Annual Conference of the 

International Speech Communication Association. 2015.
• Archambault D, Nabney I, Peltonen J. Visual Interpretation of DNN-based Acoustic Models using Deep Autoencoders[J].



How DNN forms acoustic features

• Manners are more easier to be learned by NN

• Hard phones are gradually separated

• Once correctly recognized at layer L-1, will 
remain correct at layer L.

Nagamine T, Seltzer M L, Mesgarani N. On the Role of Nonlinear Transformations in Deep Neural 

Network Acoustic Models[C]//Interspeech. 2016: 803-807.



Understand hierarchical process of DNN

• Temporal context invariance (TCI): minimum 
duration of the phone that gives the same 
response in different context.

• All of the model units have a compact 
integration window.

• Training causes these integration windows 
to shrink at early layers and expand at 
higher layers, creating a hierarchy of 
integration windows across the network. 

Keshishian M, Norman-Haignere S, Mesgarani N. Understanding Adaptive, Multiscale Temporal 

Integration In Deep Speech Recognition Systems[J]. Advances in Neural Information Processing 

Systems, 2021, 34.



RNN activation analysis

Tang Z, Shi Y, Wang D, et al. Memory visualization for gated recurrent neural networks in speech 

recognition[C]//2017 IEEE International Conference on Acoustics, Speech and Signal Processing 

(ICASSP). IEEE, 2017: 2736-2740.



Saliency by bubble analysis

• Using the same speech utterance mixed with many different noise 
instances, the framework is able to compute the importance of 
each time-frequency point in the utterance to its intelligibility.

Mandel M I, Yoho S E, Healy E W. Measuring time-frequency importance functions of speech with bubble 

noise[J]. The Journal of the Acoustical Society of America, 2016, 140(4): 2542-2553.



Saliency  analysis
• Using sensitivity analysis and layer-wise relevance propagation

(LRP), to show the important part in the original input.

Krug A, Stober S. Introspection for convolutional automatic speech recognition[C]//Proceedings of the 

2018 EMNLP Workshop BlackboxNLP: Analyzing and Interpreting Neural Networks for NLP. 2018: 

187-199.



CAM used to compare Res2Net and ResNet

• Res2Net is more noise robust

• CAM found more invariant 
activation pattern

Zhou T, Zhao Y, Wu J. ResNeXt and Res2Net structures for speaker verification[C]//2021 IEEE Spoken 

Language Technology Workshop (SLT). IEEE, 2021: 301-307.



Importance data augmentation

• An agent that predicts the importance by adding noise, to make 
sure no performance loss there

• Using the map to perform data augmentation

Trinh V A, Kavaki H S, Mandel M I. ImportantAug: a data augmentation agent for speech[J]. arXiv:2112.07156, 

2021.



Keyword localization by Grad-CAM

• Using salience map to locate 
keyword

Olaleye K, van Niekerk B, Kamper H. Towards localisation of keywords in speech using weak supervision[J]. 

arXiv preprint arXiv:2012.07396, 2020.



GRAD-CAM for spoof detection

• Use Grad-CAM) is applied to 
generate a binary saliency map for 
the network input layer. Listening 
experiments show that the model 
uses the buzziness and rhythmic 
quality of speech sounds to 
distinguish between bona fide and 
spoofed speech

B. Halpern, F. Kelly, B. van Son et al., “Residual networks for resisting noise: Analysis of an embeddings-
based spoofing countermeasure,” in Proc. Odyssey, 2020, pp. 326–332.



• Use Grad-CAM to compare genuine and attack signal

• The authors argued that genuine and spoof speech use different 
frequency bands. 

Himawan I, Madikeri S, Motlicek P, et al. Voice presentation attack detection using convolutional neural 

networks[M]//Handbook of Biometric Anti-Spoofing. Springer, Cham, 2019: 391-415.

Grad-CAM for ASV antispoof



Using SHAP to perform spoof detection

• SHAP: how if a 
feature is loss?

• S. M. Lundberg, S.-i. Lee and D. Fohr, “A unified approach to interpreting model predictions,” in Advances 
in Neural Information Processing Systems, 2017, pp. 476

• Ge W, Patino J, Todisco M, et al. Explaining deep learning models for spoofing and deepfake detection 
with SHapley Additive exPlanations[J]. arXiv preprint arXiv:2110.03309, 2021.



Problems in Front



Need a good model

• CV is fortunate, convolution is very 
neat and suitable for signals with 
spatial invariance and hierarchical 
sparsity.

• Temporal delayed NN, or 1-D 
temporal NN, is perhaps good 
(that it is), however, the 
superposition property of audio 
makes it suspected. 

• Without a target, structured model, 
it is hard to get deep insight. 



Make speech visualizable

• Images are naturally visualizable, however speech is not.

• Even with spectrogram people cannot recognize what a 
spectrogram is good or bad. 

• Choose a way that can reflect the properties of a speech signal is 
very helpful.

Wu C, Karanasou P, Gales M, et al. Stimulated deep neural network for speech recognition[J]. 2016.



Interpretation should be faithful

• Many authors just use an 
interpretation method as a tool, 
and choose to believe in the 
result. This is very risky.

• You must demonstrate that the 
tool is believable, otherwise any 
interpretation is misleading, even 
if matches the expectation.

• The interpretation must be 
associated with some verifiable 
prediction!



Thanks!
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