Online Machine Learning Experiments in HTMLS

Abhinav Dixit', Uday Shankar Shanthamallu ! Andreas Spanias ! Visar Berisha ', Mahesh Banavar®
'SenSIP Center, School of ECEE, ASU, 2Dept. of ECE, Clarkson University
spanias@asu.edu

Abstract — This work in progress paper describes software
that enables online machine learning experiments in an
undergraduate DSP course. This software operates in HTMLS
and embeds several digital signal processing functions. The
software can process natural signals such as speech and can
extract various features, for machine learning applications.
For example in the case of speech processing, LPC coefficients
and formant frequencies can be computed. In this paper, we
present speech processing, feature extraction and clustering of
features using the K-means machine learning algorithm. The
primary objective is to provide a machine learning experience
to undergraduate students. The functions and simulations
described provide a user-friendly visualization of phoneme
recognition tasks. These tasks make use of the Levinson-
Durbin linear prediction and the K-means machine learning
algorithms. The exercise was assigned as a class project in our
undergraduate DSP class. The description of the exercise along
with assessment results is described.

Keywords—Machine Learning, Speech recognition, Linear
Predictive Coding, Online labs.

L INTRODUCTION

Machine Learning (ML) and internet-of-things (IoT)
applications are becoming mainstream with several products
including the Amazon Echo, Google Home, Apple
HomePod™ entering households. These products embed
advanced signal processing, cloud computing, sensor arrays,
and machine learning which enable voice recognition with
elevated accuracy. This has motivated introducing some of
these advanced concepts, which were previously covered in
graduate courses, to undergraduates. We choose to “inject”
such advanced topics in Digital signal processing (DSP)
courses which are typically offered in the junior or senior
level of most undergraduate Electrical and Computer
Engineering (ECE) programs [1-9].

The ECE DSP course typically covers signal processing
basics including filter design, spectral estimation, Fast
Fourier Transform (FFT), multirate signal processing,
random signal analysis, etc. For several years now our
University embedded online labs [10] in the DSP course
which is also part of our online degree program. The online
simulations include graphical visualization of various DSP
functions. The online labs have been enabled by the Java-
DSP software [10]. Because of security and compatibility
concerns with Java, this system was recently rebuilt from
the ground up for operation in HTMLS. This online
simulation environment is called JDSP-HTMLS5 [11]. This
software enables online simulations on any modern web
browser supporting the latest Web 4.0 HTMLS
technologies.

Previous J-DSP work addressed applications and
laboratories in several areas and disciplines. Speech
processing using J-DSP was presented in [12] and audio
processing was described in [13, 14]. A study in earth
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systems and geological applications was published in [15].
Real-time implementations using DSP chips were described
in [16]. Award-winning iPhone (i0S) and Android platform
implementations were presented in [17] and [18],
respectively. The new implementation in HTMLS5 provided
improved software security, speed, and compatibility with
multiple browsers. In this paper, we developed machine
learning functions and used them to introduce the concepts
of speech and phoneme recognition in the undergraduate
DSP course. Using these functions, students can develop
simulations of speech processing, linear predictive coding,
feature extraction, machine learning training, and speech
phoneme classification. The Levinson Durbin algorithm
[19-21] is embedded in a block called LPC (Fig. 1).

A speech processing simulation starts with acquiring
speech data. The speech files can be accessed and processed
frame-by-frame using the SigGen(L) block (Fig. 1). Each
frame of speech is processed with a selected window and
then passed to the LPC+ block where autocorrelations are
estimated and linear prediction coefficients are obtained.
Students can visualize the vocal tract spectral envelope and
observe its resonant modes (formants [19, 22]). The
processing with HTMLS5 allows longer windows than the
previous Java version. A computer project exercise was
formed using the LPC and k-means training [23, 24] and
clustering functions. The exercise allows the students to
train the k-means algorithm and subsequently cluster the
formants. Correct clustering should lead to correct
classifications of phonemes. Students are able to change the
number of LPC parameters, the numbers of clusters, define
the frame sequence, and the overlapping of data windows.
Students are also able to train, validate and cross-validate
the clustering process. They also have opportunities to
examine the phoneme classification performance in the

presence of additive noise.
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Figure 1: Speech Feature Extraction on a frame by frame
basis. Formants of speech are extracted using the LPC block
and z-plane analysis embedded in the formant block.

The motivation for this exercise was to provide
multiple advanced signal processing experiences to
undergraduate students including: a) computing LPC
parameters and their significance, b) extracting the formants
from LPC parameters, c) associating formants with
phonemes, d) using machine learning to train an algorithm
to associate formants with phonemes, and e) clustering
formants and automatically recognize phonemes. To
achieve this, we developed new speech processing functions



in JDSP-HTMLS5. These functions support a computer
project exercise assigned to students in DSP course at ASU.
The exercise and student knowledge gained was assessed
using a pre-quiz and post-quiz. The assessment consisted of
several multiple-choice questions on LPC and ML. We
provide details about the exercise and assessment in the
subsequent sections. The rest of the paper is organized as
follows: Section II describes the new functions of JDSP-
HTMLS. Section III describes the k-means ML algorithm,
Section IV describes the new blocks, Section V describes
the computer exercise, Section VI describes the assessment
and Section VII provides concluding remarks.

IL. FORMANTS AND SPEECH RECOGNITION

The first block shown in Figure 1 is the signal generator
block. The dialog for signal generator block in shown in
Fig. 2. Students can use this block to process data frame-by-
frame. The user can select among several stored natural
signals and visualize specific time frame ranges in the
signal. A time-domain plot of the current frame enables
students to define the range of the signal to be examined.
The new blocks developed in JDSP-HTMLS are the formant
block and the k-means block. Within the k-means block we
included a convergence plot of Mean-Square Error (MSE)
Vs Iteration.

Loeng Signal Generator x
Name: |1 Frame: 3/8
e Pin1v
Num:
2 1.0000 -{ - 1.000
Signal: Male Speaker v
Gain: 1
Frame 1024 00040 - 0.0040

Size:
Overlap: 0% v
Start: Stop:

4.0040 I <1.00¢0
Frame Range: |1 8
T T T T
200 400 800 824 1,000
Play || Pause || Re-run
Close || Update || Help First Frame || Previous Frame | Next Frame || Last Frame

Figure 2: Frame-by-frame processing of speech and other
signals using the SigGen(L) block in JDSP-HTMLS.

Students using the signal generator can define the frame
size according to the signal stationarity range. Typically, in
speech processing, 20ms frames for 8 kHz sample speech
are used though there are also other signal lengths that have
been defined before. Users can also choose start and stop
frames for processing. For example, one can focus on
examining frames over the range of a phoneme or a word
depending on the application. Overlapping windows can
also be programmed — a process that is typical in many
speech processing applications.

To implement speech recognition in JDSP-HTMLS, we
developed DSP functions to compute linear prediction
coefficients and extract formant frequencies from the speech
signal [25, 26]. The formant frequencies are the resonant
frequencies of the wvocal tract which associate with
phonemes. The block diagram for speech recognition that
includes the k means ML algorithm is shown in Fig 3.

The signal generator in Fig. 2 contains audio signals
including phonemes, sentences, noise etc. In this example,
we chose phoneme ‘a’ for processing. The speech signal is
processed frame-by-frame with a frame size of 160 samples.
Each speech frame is passed through the window block
where it is windowed using a Hamming window. The
windowed signal is then passed to the LPC+ block for
estimation of the LPC coefficients (the autocorrelation
computation is embedded in the LPC+ block).
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Figure 3: Block diagram for LPC and formant extraction with
k-means clustering.

Linear predictive coding is used in speech compression
and other applications. Linear prediction is a process where
the difference (error) between the current sample of the data
is estimated by a linear combination of past samples. The
error is minimized in the mean square sense and the
prediction coefficients are estimated by solving a system of
autocorrelation equations. In time series theory, these are
called the Yule-Walker equations. Typical LPC order for
compression applications is 10, though in the GSM
telephony standard algorithm the order is 8. For other
applications, the order may vary from 8 to 14. Introducing
LPC in a DSP class offers several opportunities that have
pedagogical value including learning about: a) inverse
filters. b) spectral envelopes, c) sensitivity and stability of
filters, d) lattice filter structures, e) poles of LPC synthesis
filters and association with formants, e) relation between the
prediction residual and the glottal pulse, and f) parametric
models for speech analysis, synthesis, recognition, and
compression. In Figure 4, we show the JDSP-HTMLS5 plot
of the LPC spectral envelope magnitude and phase.
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Figure 4: LPC spectral envelope of the 50™ frame for phoneme
‘a’ speech signal.



The peaks of the magnitude envelope are estimates of
the formants of speech which can be used to synthesize or
recognize phonemes. The LPC coefficients estimated from
the LPC block can be used to determine the formant
frequencies using the Formant block in JDSP-HTMLS. The
formant block calculates the first two formant frequencies
of the speech signal and stores them. The formants are
calculated using z plane calculations to identify the two
highest peaks in the spectral envelope. The frequencies
corresponding to the two highest peaks are estimates of the
first and second formants respectively. The formants are
different for each phoneme and formant frequencies for
female speakers are slightly higher. The average formant
frequencies for a typical male speaker are given in Table I

IVv. JDSP FORMANT AND K-MEANS BLOCKS

The formant block in JDSP-HTMLS accumulates the
formant pairs for each frame that has been formed using the
signal generator block. The formant values can be seen in
the formant block dialog. A sub-set of the formants of 50
consecutive frames of the phoneme ‘a’ are shown in Figure
6. These accumulated formants can then be passed to the K-
means block and can be further processed for clustering.

[28].

Phoneme Formant 1 Formant 2
‘@’ 560 920
‘a’ 560 1480
i 280 2620
‘u’ 320 920

Formant x
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629.98 1307.12

616.31 1282.08

622.36 1295.38

633.92 132017

633.94 1349.48

651.85 1337.23

633.43 1326.55 =2
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Table I: Average (ideal) formant frequencies for males.

I1I. THE K-MEANS ALGORITHM

Previous education studies on machine learning have
appeared in the literature, namely [31-34]. In this section,
we provide a general overview of the K-means algorithm
implemented in JDSP-HTMLS. The k-means algorithm is
an unsupervised machine learning algorithm. The k-means
algorithm is an intuitive algorithm that uses a similarity
metric to group data. The Euclidean distance is often used
as a similarity metric. The algorithm identifies k-clusters in
the data. In Figure 5, we show an example with 2-d vectors
(x1, x2) in three different data clusters and their centroids
formed using the k means algorithms. The data that will be
used here is speech and the k-means will be used to form

identifiable formant clusters representing different
phonemes.
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Figure 5: Clustering data consisting of 3 different distributions
using the k-means algorithm. The means of the three clusters
are (2, 2), (-1, 1) and (1, -1) respectively. The variances of the
three clusters are 0.5, 0.8 and 0.3 respectively.

Figure 6: First and second formant frequencies stored
within formant block and JDSP-HTMLS5S

Figure 7 shows the K-means block result distinguishing
4 phonemes i.e. ‘a’, ‘a’, ‘i’ and ‘w’. The K-means block
clusters the calculated formants from 4 different speech
signals into 4 clusters and provides the within-cluster sum
of squares convergence rate. The normalized MSE is
basically a measure of variance. The centroid values that are
calculated by the K-means algorithm is an approximation of
the means of the corresponding formant.
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Figure 7: K-means clustering 4 phonemes: ‘a’, ‘a’, ‘i’ ‘u’. The
means are stated later in Fig. 8.

The K-means block also shows the final centroid values
for all clusters i.e. mean formants pairs for each phoneme as
shown in Figure 8. It is to be noted that the calculated
centroid values are close to the true values of the vowel
formants in Table 1.
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Figure 8: Formant centroids calculated by K-means. The
values associated with the means in Fig. 7

V. CLUSTERING EXERCISE DESCRIPTION

We developed a training exercise using the JDSP-
HTMLS in which we perform linear predictive analysis to
estimate the spectral envelope of speech. We then calculate
formants and finally, we cluster the formants and obtain
their centroids. We assigned this exercise in two parts as a
class project. The first part of the exercise familiarizes the
students with the basics of LPC and speech formant
extraction. Students learn important concepts in speech
processing, such as setting the frame size, use of Hamming
window, and determining the LPC coefficients. Using the
PZ-Plot block, students also learn the relations of the poles
and the formants.

The second part of the exercise focuses on machine
learning aspects of speech recognition. The first two
formant frequencies extracted for each frame and for
different phonemes are accumulated in the formant block.
This becomes the data for training in the K-means block. In
this part, students learn to choose an appropriate value of k
depending on the number of phonemes to be clustered.
Through the project students also learn that even for
sustained phonations, formant frequencies vary from one
frame to another and from one speaker to the next. The
exercise also included noisy speech phonemes so that
students can understand the effects of noise in speech
formant extraction and classification.

VL ASSESSMENT

In this section, we discuss the assessments of the
exercise and the software and their impact on student
learning [27]. With the help of the exercise and online
software we have developed, students are able to relate class
concepts to practical engineering applications. We assigned
pre- and post-quizzes to a class of 48 senior level students.
The exercise is available at [29]. The pre-exercise quiz was
assigned before the start of the project and the post-quiz
after the exercise. The duration between the pre-quiz and
post-quiz was 3 weeks. The responses were collected
anonymously. In nearly all questions we observed
improvements which we continue to analyze. A total of 21
questions were posed. First 12 questions were based on
LPC, Windowing, and FFT use in speech processing and
formant extraction. Next 9 questions were based on the K-

means machine learning algorithm, training, clustering,
effects of noise, etc. Figure 9 show graphs for the pre-quiz
and post-quiz from the JDSP-based exercise. Comparing the
results of the pre-quiz and post-quiz, there was an
improvement of 31.46% in speech problems and 17.81% in
machine learning problems. The full quiz can be found at
[30].
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Figure 9: Pre- and Post-quiz results for speech results.

VIL CONCLUSIONS

In this paper, we presented the development of online
machine learning software along with an exercise in speech
processing for use in the DSP class. A series of HTML5
interactive blocks were developed and used to support a
computer exercise that provided learning experiences in
linear predictive coding of speech and in using machine
learning for phoneme recognition. The software and
exercise were assessed using quizzes and interviews. We
interviewed 10 senior level students after the post-quiz and
obtained comments on ease of use of the new functions and
reflect on what they learned. Our assessment results were
encouraging and demonstrated learning of several new
concepts in the undergraduate class and association of these
concepts with UG DSP theory. The exercise and the
associated interactive graphical user interface energized the
students many of whom discussed their results in class and
posed several “what if” questions. We plan to enhance the
software and repeat the exercise in class for multiple
phonemes and with experiments containing co-channel
noise. The full results of the exercise, software and their
assessment will be presented at the conference.
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