
CS 682 SPEECH PROCESSING 
 MARIE ROCH 

A3 – Part I (20 points each).   
 

A signal with a 16 kHz sample rate is framed with 25 ms frames that are advanced 
every 10 ms. 
1. What is bandwidth of the frequency bins of the spectrogram? 
2. If we wanted to increase the time resolution of the spectra within the 

spectrogram, which parameter of the framing would be changed and how? 
 
3. Write a Python program to compute and display a spectrogram where each frame 

has been windowed with a Hamming function.  The signature should be: 
plot_spectrogram(filename, adv_s, len_s).  Call it on of the audio file provided in 
assignment 1 part II using an advance of .01 s and a length of .02 s. 
 
You may use librosa’s frame function to frame the signal, and numpy/scipy 
library functions for windowing and the discrete Fourier transform.  You can see 
an example of frame being used in the RMS code provided for part II of this 
assignment.  For plotting, seaborn’s heatmap is recommended as it makes it 
trivial to add text to cells, but matplotlib’s imshow also works.   

4. Saturation of activation functions is an issue for learning in neural networks.  
Why? 

5. Would mean square error or a sigmoid function be a better activation function for 
the output node of a regression neural network?  Why? 

6. Read section 8.7.1 in Goodfellow et al. (2016) on batch normalization.  Explain 
this technique briefly in your own words (no more than a few sentences). 

 
A2 – Part II:  Lab (Code 120 points, Report 80 points) 
 
The King corpus (Higgins and Vermilyea, 1995) has been placed on Canvas along with 
some library and skeleton code.  These data have been obtained under a license from The 
Linguistic Data Consortium and may not be used for any purpose other than this class.   
Details on the corpus can be found in the downloaded files, see kingdb.doc and 
collectn.doc.  Note that the audio files have been recoded from sphere format to 
Microsoft rich interchange file format (.wav) and are no longer in per session 
subdirectories. 
   
Your task in this assignment is to create a simple feed-forward network to classify these 
speech data to a specific person.  These data consist of 51 speakers identified by a 
numeric id 1-60 (there are gaps in the sequence) discussing various topics.  Most 
speakers have 10 recording sessions, and each session is of a non-standard duration.  The 
speech was recorded twice, both times at a sample rate of 8 kHz.  The wideband set of 
recordings used a good microphone and recorded the speech on a local device.  A 
narrowband set of recordings used a telephone handset and transmitted the speech 
through the public telephone network.  This removes speech energy below 300 Hz and 
above 3,400 Hz, degrading the signal quality.  This assignment focuses on the wideband 
speech, the narrowband speech is significantly harder. 

https://librosa.org/doc/main/generated/librosa.util.frame.html
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One of the challenges of speaker recognition is that the amount of data for each speaker 
is usually small.  Unlike speech recognition where one can pool the speech of many 
speakers to learn the task of recognizing sounds, gathering large amounts of data from a 
single person is in most cases impractical.  
 
The purpose of this lab is to learn about speaker recognition, understand how network 
capacity is affected by width and depth, to learn about regularization and 
reparameterization techniques, to understand the impact of signal quality on 
performance, and finally to learn how to report the results of a scientific study. 
 
As you have not yet learned how to work with variable-sized inputs, you will train on 
examples that consist of spectrogram frames.  We will learn better techniques for doing 
this later in the semester. 
 
You will need to remove noise-frames from the spectrogram.  As such, it is 
recommended that you compute the RMS energy and use an endpointer (assignment 1) 
to separate the speech and noise.  A solution to the endpointer and a function for 
computing RMS are provided for you.  Note that the RMS signal will need to be 
reshaped (.reshape(-1,-1)) as in assignment 1 as the Gaussian mixture model in the 
endpointer is expecting an N x 1 signal. 
 
You may use librosa’s spectrogram generation function stft.  Use a Hamming window, 
frame lengths of 20 ms and frame advances of 10 ms.  Set stft’s center to False, or the 
framing will not align between the spectrogram and RMS signals.  Note that stft returns 
complex spectra and you will eventually need to convert these to dB.   
 
Two additional operations should be done to the spectrogram before discarding the noise.  
First, we will reduce the dimensionality using a Melodic-scale (Mel-scale) filter.  We 
will discuss the Melodic scale in the unit on speech perception.  Briefly, it mimics 
human’s ability to better distinguish between lower frequencies than higher ones and 
collapses the energy of frequencies that are not likely to be distinguishable between one 
another.  After converting the stft output to power (magnitude squared), create a Mel 
filterbank as follows: 
 
# Create a Mel-scale filterbank, creates triangular filters that become wider as 
# frequency increases.  An appropriate number of melodic filters for 8 kHz bandwidth 
# data are between 12-20.  You can see the frequencies at which the Mel filters are  
# centered with the function librosa.mel_frequencies, e.g.  
# librosa.mel_frequencies(n_mels=20, fmax=Fs/2) 
mel_filterbank = librosa.filters.mel(Fs, framelenN, n_mels=nMel, fmin=0, fmax=Fs/2) 
# Apply the filterbank to the power spectrum (freq X time)  (Mel X time) 
mel_power = np.dot(mel_filterbank, power)  # Construct Mel spectrogram 
mel_spectrogram = 10*np.log10(mel_power)  # Convert to dB 

http://librosa.org/doc/main/generated/librosa.stft.html
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Your results can be improved by approximating a derivative of the Mel spectra.  This is 
referred to as a delta (Δ) feature. To do so, take the difference between the subsequent 
and previous Mel-spectral time slices.  As the difference for the first and last sample is 
not well defined, simply repeat the first and last difference so that your set of differences 
are the same.  Use a numpy stack operator to join the original Mel-spectrogram with the 
Δ features.  Afterwards, use the endpointer’s speech prediction indicator to retain only 
the speech. 
 
Your training matrix will thus consist of a series of speech frames from various speakers, 
each with a speaker label.  You are to train a muli-layer feed-forward network on a 
subset of these data.  When one of the 10 sessions included in the training data, all of its 
data must be in the training data.  You should not split a recording session between 
training and test as it will make the classification task unrealistically simple.   
 
The ability of a single frame of speech to predict speaker identity is very low.  
Consequently, decisions will be made based on the speech spectra from an entire session.  
Typically, this is done by assuming that the speech frames are independent and 
computing their joint probability: 
 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑥𝑥𝜔𝜔�𝑃𝑃(𝑋𝑋𝑖𝑖|𝜔𝜔)
𝑖𝑖

 

However, these probabilities quickly go to zero, so it is common to perform this 
operation in the log domain to prevent underflow: 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑥𝑥𝜔𝜔�𝑙𝑙𝑙𝑙𝑎𝑎 𝑃𝑃(𝑋𝑋𝑖𝑖|𝜔𝜔)
𝑖𝑖

 

 
Consequently, for each recording session in the test data, one decision will be made.  In a 
two-fold cross validation experiment, most speakers would have 5 classification 
decisions.  
 
Code is provided for you (on Canvas) to read the list of filenames from a specified 
directory as well as to split them into a dictionary that is keyed by speaker number.  If 
you are not familiar with Pyhton regular expressions, you may want to study the code to 
see how we split up the data by speaker.  Your code must perform an 2-fold cross 
validation experiment on these data.  It is recommended to use seaborn’s heatmap to 
visualize a confusion matrix.  Start work on the wideband data first, the narrowband data 
is more challenging and you should expect higher error rates on narrowband data.  When 
conducting cross validation on these types of data, one can use scipy’s KFold cross 
validation with lists of numbers, e.g., list(range(N)) where N is the number of recording 
sessions, provided to the splits argument instead of examples and labels.  The train and 
test indices then reflect indices of recording sessions for a speaker.  As there are 
occasionally speakers with fewer recordings, you will need to design error handling to 
drop indices that do not exist.   
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Your code should vary a number of parameters to see how performance varies.  You 
should include a significant subset of the following techniques: 
 

1. Vary the width of depth of the network. 
2. Vary the regularization strategy and parameters. 
3. Use batch normalization (not recommended with dropout) 
4. Perform an ablation study on your best performing network to see if the Mel-

features and the derivatives resulted in improvement.  (Ablation studies remove a 
specific component to see how it affects the results.) 
 

There are many moving parts to this study.  As a consequence, you are being provided 
with a reasonable (but not necessarily optimal) starting point.  Using a 4-layer network 
with 750 nodes in the hidden layers, ReLU activation functions, batch normalization 
before each hidden layer, and an L2 regularization with a setting of 0.01, you can achieve 
reasonable performance on the wideband King speakers.  A 3-fold experiment on these 
data with the above parameters and 20 epochs of training yielded error rates between 6 
and 29%.  By comparison, guessing the class would have a 98% error rate.  One thing 
that you may observe when you analyze your confusion matrix is what is known as the 
sheep, goats, and wolves phenomenon.  There are some speakers that classify really well 
(the sheep), others that stubbornly refuse to be classified well (the goats), and finally 
some speakers to whom other speakers are frequently misclassified (the wolves).   
 
Write a report documenting your experiments.  A guideline on writing reports for 
scientific audiences is available on Canvas. 
 
What to submit for assignment 3 

• Part I – Submit answers. 
• Part II 

o Submit code with affidavit to gradescope 
o Submit report to Canvas (separate a3 report submission) 
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