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• Define some common feature vectors for speech processing

• Use them as input to a GMM-based speaker classification 
system

• All of this is part of A3
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SPEECH FEATURES
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Recall the spectrogram pipeline
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Problems with spectrograms

• As input to speech systems, spectrograms are…
• Too big

• The discrete signal is usually 16,000 samps/sec

• 100 frames/sec x 400 samps/frame = 40,000 samps/sec!

• Too linear

• Pitch perception is log-linear (recall Mels)

• Lots of coefficients wasted on high frequencies

• Too entangled

• Speaker and phoneme info is correlated
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Filtering
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The mel-scale filter bank

• The mel-scale triangular overlapping filter bank, or f-bank, is 
a popular choice

• The filter’s vertices are arranged along the mel-scale

• Ascending frequency = wider bands
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The source-filter model
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Gold et al (2011)
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The cepstrum
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Gold et al (2011)
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Mel-Frequency Cepstral Coefficients

•MFCCs are the coefficients of the cepstrum of F-bank 
coefficients

• Altogether

• MFCCs are useful for models which can’t handle speaker 
correlations themselves, like (diagonal) GMMs

• F-banks are better for those which can, like NNs
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GAUSSIAN MIXTURES
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Classifying speech sounds

• Speech sounds can cluster. This graph shows vowels, each in 
their own colour, according to the second two formants.

Note: The vowel trapezoid’s
dimensions were physical
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Classify speakers by cluster attributes
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Fitting continuous distributions

• Since we are operating with continuous variables, we need to 
fit continuous probability functions to a 
discrete number of observations.
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(Aside) Univariate (1D) Gaussians

 

 

CSC401/2511 – Spring 2026



16

Maximum likelihood estimation

 

CSC401/2511 – Spring 2026



17

MLE with univariate Gaussians
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Non-Gaussian observations

• Speech data are generally not unimodal.

• The observations below are bimodal, so fitting one Gaussian 
would not be representative.
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Multivariate Gaussians
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Intuitions of covariance
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Intuitions of covariance

• Different values on the diagonal result in different variances 
in their respective dimensions
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Mixtures of Gaussians
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Observation likelihoods
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Mixtures of Gaussians
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Expectation-Maximization for GMMs

• Overall idea:

• First, initialize a set of model parameters.

• “Expectation”: Compute the expected probabilities of 
observation, given these parameters.

• “Maximization”: Update the parameters to maximize the 
aforementioned probabilities.

• Repeat.

• Let’s look at the detailed steps in the next a few slides…
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Expectation-Maximization for GMMs
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Expectation-Maximization for GMMs
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Expectation-Maximization for GMMs
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Some notes…
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Speaker recognition

• Speaker recognition: n. the identification of a speaker 
among several speakers given only 
acoustics.

• Each speaker will produce speech according to different 
probability distributions.

• We train a Gaussian mixture model for each speaker, 
given annotated data (mapping utterances to speakers).

• We choose the speaker whose model gives the highest 
probability for an observation.
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Recipe for GMM EM
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