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Abstract

This Master thesis utilizes techniques from speech recognition to create an automatic pronunci-
ation checker for language learning software. Second-language learners receive feedback based
on their utterance. A long-term goal of this technology is to replace individual feedback from a
human teacher with a language learning software.

The automatic pronunciation checker is realized by adapting the pattern matching algo-
rithm that is usually applied in speech recognition. Since the classic implementation of pattern
matching is speaker-dependent between speech signals in most cases, a neural network that was
trained to be speaker-independent is used as a distance metric.

The parameters of the given approach are optimized using recordings of both correct and
incorrect utterances. The results are evaluated to show the power but also the shortcomings of
this implementation: while the simulations show that coarse errors are detected reliably, short
deviations and shifted vowels often remain undetected with this approach.
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1 Introduction

Speech recognition has been a focus of major technology companies in the past few years.
They enabled users to dictate text and to execute commands using only their voice. Detection
accuracy has improved substantially, making the technology useful for many types of purposes.
Speech recognition is especially useful while in a car, since it does not require looking away
from the road.

This thesis attempts to apply speech recognition in a different context: to assist in learn-
ing a second language. This technology should find an application in computer-based language
courses, where learners would receive feedback on the quality of their pronunciation. Prior at-
tempts were using a general-purpose speech detector: the recognized text was compared to the
reference text as a rudimentary way of verifying pronunciation, achieving only low accuracy.
The long-term goal in this area of research is to be able to give individual feedback on pro-
nunciation without requiring a human teacher. In this case, this is done on the basis of pattern
matching using dynamic time warping, while using a neural network as a distance metric.

1.1 Motivation

For second-language learners, it is easy to learn a second language in its written form without
a human teacher. All it requires is dedication and a text book. It is not necessarily an advantage
to receive input from a teacher, depending on learning style and preferences.

This is not the case for learning to speak a second language: It is not possible to learn correct
pronunciation from a book. While a learner can use sound samples as a reference and repeat
them, it is not given that the repetition of the learner is correct. Even if the utterance does sound
correct to the person that is saying it, it is well possible that the person is unaware of certain
aspects of the spoken language. For that, it is a requirement to get feedback on the utterance.

Usually, this means that a teacher has to be available to listen to the learner. In many cases
this takes place in a classroom environment, leaving little time for individual feedback. The best
way to improve the pronunciation of a learner is in one-on-one sessions with a private teacher.
This thesis starts an attempt to reduce that requirement by providing each learner with a digital
teacher that gives individual feedback.

1.2 Overview

In Chapter 2, the area of speech recognition is introduced. It is shown how the same techniques
will be adapted and refined to be used as pronunciation checkers.

To be able to optimize the checkers and also to make statements about their quality, voice
data has to be obtained. Such voice data was generated synthetically and collected from parti-
cipants as shown in Chapter 3.



The data is applied to the checker in Chapter 4. The chapter shows the process of evaluating
the output of the checker to optimize the parameters of the checker. For verification purposes,
the optimization is performed on synthetic data first. After that, it is applied real voice data.

This report continues with an evaluation of the performance of the pronunciation checker
(Chapter 5) and concludes this thesis with a summary and an outlook in Chapter 6.



2 Fundamentals

This Chapter covers the basics ideas and methods that are required for understanding the com-
ponents of the pronunciation checker, as well as the way synthetic data is generated. In Sec-
tion 2.1, the basic concepts of speech recognition are introduced. Why these approaches might
not be suitable for pronunciation checking and how they could be adapted to better accommo-
date the specific requirements is discussed in Section 2.2. Basic metrics and algorithms that are
relevant for understanding the experiments are mentioned in Section 2.3

2.1 Speech Recognition

In general, speech recognition is the process of turning spoken language into text. A division
i1s made between two fundamentally different approaches of detecting spoken language (see [1,
p-285]):

2.1.1 Pattern Matching

For each word of the vocabulary that needs to be detected, one or several reference samples are
recorded. The test sample is compared to each of the reference samples and the best match is
chosen as the detected word.

This approach primarily works for single words or (short) predefined sentences. The usual
metric to calculate the similarity of two samples - the Euclidean distance between two Mel
Frequency Cepstral Coefficients (MFCC, see Section 2.3.1) - is speaker dependent. This means
that both the reference and the test sample need to be recorded by the same person in order
to achieve accurate results. To resolve this issue, there have been efforts to create a speaker-
independent distance metric using neural networks (NN) (see [2, p.17]). How a NN works and
how it is applied to Pattern Matching (PM) is explained in Section 2.3.2.

The reference and the test signal usually do not have the exact same length. This can be due
to the utterances having different speeds (either during the whole utterance or just in sections),
or because one of the signals includes more silence at the beginning or ending. This is why PM
usually requires the usage of Dynamic Time Warping (DTW): its purpose is to find a mapping
between two sequences where each element of one sequence is assigned to one of the other.
DTW is described in Section 2.3.3.

2.1.2 Statistical Approach

For each word in the dictionary, a statistical representation is calculated that includes both the
distribution of MFCC vectors and the variability of duration. This can be done by using a col-
lection of utterances of any given word. Since this usually requires many samples per word, it
is not considered to be viable for a complete vocabulary. Instead, a statistical representation of



single phonemes or short sequences of them can be created; a word is then modeled as a chain
of these elements. A test sample is checked against these statistical representations and the best
fit is chosen. Usually, this is done by using the Forward algorithm on a hidden Markov model
(HMM, see Section 2.3.4).

The big difference to the approach using PM is that instead of having a distinct reference
sample that is used to calculate an absolute distance, a sequence of statistical representations
of a word to calculate the probability of the test signal being the same word as the reference
word is used. Using the statistical approach, it is possible to detect more than single words by
expanding the HMM to accommodate several words to form sentences. Also, if the voices of
multiple speakers are used to calculate these statistical representations, it is possible to create
a speaker-independent approach. Additionally, PM is generally more sensitive to noise in the
signal than the statistical approach.

2.2 Detecting Pronunciation Errors

The main scenario of this thesis is a learner who is uttering a single word (or a short sentence)
given by the learning software. The software’s task is to check this utterance and to mark it as
either correct or incorrect. As an additional feature, it could denote the general position within
the word where the learner did not pronounce correctly (if a mistake was made). For detecting
these errors, it is required to adapt the common approaches from Section 2.1 as follows:

e In speech recognition, the uttered word is unknown. The best match based on the used
approach has to be found. For detecting pronunciation errors, the uttered word is already
known, which means that the metric that defined the quality of the match is not applicable
here. Instead, a new way of describing the match within a given word has to be found. It
should not be necessary to verify that the person did actually utter the correct word.

e While speech recognition would have to be optimized to work despite minor mispronun-
ciations, the main focus here lies in the detection of those small errors.

e In the scenario of the learning software, it is important that a correctly uttered word will
not be detected as a mispronunciation by the algorithm. If a learner receives a negative
feedback for a correct utterance, the experience will be frustrating. Because of several
factors (voice properties, dialect and accent, environment, the specific utterance) the al-
gorithm will have to be forgiving of certain aspects. A good trade-off needs to be made to
keep the detection rate of errors high (detecting an error where there is one) while keeping
the false positive rate low (detecting an error where there is none).

2.2.1 Pattern Matching

For the scenario of a learning software, using an approach that uses PM is the most efficient way
of creating a big set of learning units: since existing software usually includes the recording of



a word by a teacher anyway, a reference signal is already available. The issue of being speaker-
dependent will have to be addressed in such a scenario without a doubt. Using a NN instead of
the Euclidean distance could be a way to resolve this issue. In comparison to speech recognition,
the local constraints for the DTW will have to be chosen more restrictively. The experiments of
this project will build on this approach.

2.2.2 Statistical Approach

If the statistical approach for speech detection is adapted to be used for verifying pronunciation,
the same statistical representations of phonemes can be used in an HMM. But instead of finding
the word that has the maximum probability given a sequence of MFCC, the Viterbi algorithm is
used to find the most probable path in the given word model. From this, a sequence of probabil-
ities can be calculated, denoting how well each vector from the MFCC sequence is fitting into
the word model. At positions with a big discrepancy, a mispronunciation is to be assumed.

Given that the statistical representations of the phonemes are accurate and have been created
using the data of various speakers, it can be assumed that this approach is speaker-independent.
It has to be noted that a given phoneme is not exactly the same in every language. This means
that for each language, a new set of data would have to be gathered in order to create a complete
representation of the elements in that language, making the approach language-dependent.

A solution has been proposed to resolve this: instead of dividing each language into its
components, a set of so-called Abstract Acoustic Elements (AAE) can be extracted from a large
set of spoken language, in different languages. AAE do not have a direct relation to phonemes;
rather, they can be considered a representation of each possible component of spoken language.
Any word could be constructed out of the set of AAE. By definition, using those elements would
create a language-independent model of spoken language. They are not covered in this thesis,
but they are recommended as a next step in the final chapter.

2.3 Further Basics

2.3.1 Mel Frequency Cepstral Coefficients

The Mel Frequency Cepstral Coefficients (MFCC) are used in speech detection as a way to
represent a signal. The data is analyzed in certain time intervals, where each time a MFCC
vector is generated. The dimension of such a vector can be chosen depending on the application;
also, the first and second derivative can be included. A sequence of MFCC vectors represents a
spoken signal and can be used for direct comparison or statistical analysis (see [1, p.296]).

The properties of MFCC are similar to using the Discrete Fourier transform-Cepstrum, but
research from psychoacoustics is incorporated into MFCC (see [1, p.90]). Its goal is to achieve
resembling MFCC sequences for signals that are perceived to sound similar by humans. For
example, instead of measuring the pitch of a tone by its frequency in hertz, the so-called Mel-
scale is used.
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2.3.2 Neural Networks

NN are an essential tool in Machine learning (see [3]). They are modeled after the functional-
ity of a brain, meaning that they can be taught to perform different tasks. Given that enough
resources are allocated to the NN, it could in theory simulate a human brain. In this thesis, a
multilayer perceptron (MLP) is used to create a new distance metric for the comparison of two
MEFCC vectors, replacing the Euclidean distance.

The Euclidean distance is not speaker-independent. The main goal of using NN instead is
to eliminate the component of the speaker from the distance metric. The details of how this was
done can be seen in [4, p. 32].

2.3.3 Dynamic Time Warping

DTW provides the possibility of comparing two samples of spoken language even though they
were not uttered at the same speed or with the same rhythm. Given two utterances in MFCC
(s1 and s3), each vector of the sequence needs to be mapped to a vector of the other sequence.
To achieve this, the distance of any MFCC vector from the one utterance to any MFCC vector
of the other one (using a given distance function dist, example in Figure 1) is collected in the
distance matrix d (see [1, p.308]).

d(i, ) = dist(s1(i), s2(5)) (1
471 1 1 1
613 1 1 3
3]0 220
112 4 4 2
3553

s1=(1 36 4),55=(3 5 5 3),d(i,5) = |51(i) — s2(j)]

Figure 1: distances d between the two given 1-dimensional sequences s; and s», using Euclidean
distance.

To find the best mapping between s; and s2, a procedure that finds the minimal accumulated
distance has to be established, while s; (1) is mapped to s3(1) and s;(m) to so(n), where m and
n are the lengths of the sequences. This requires local restrictions that assure that the order of
the MFCC vectors remains correct. A simple example for a set of local restrictions is given in
Figure 2. Each restriction has a weight that denotes the multiplicand which the distance d(i, j)
will have to be multiplied with to calculate the accumulated distance. The higher the weight,
the less attractive it is to use this specific restriction.
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Figure 2: example of local restrictions: each colored dot denotes a starting point of a local
restriction. The numbers of the same color correspond to the edge’s weight.

DTW Algorithm By using the distance matrix and the local restrictions, the optimal path
can be determined using the DTW algorithm (see [1, p.312]). In principle, for each point it is
determined which of the local restrictions results in the path of the best accumulated distance
(example in Figure 3). This optimal path is called the warping curve.
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N o N Lt &
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Figure 3: accumulated distances D from Figure 1 using the local restrictions given by Figure 2.
The warping curve is marked red, the total accumulated distance is 7 (top right).

The results of DTW depend strongly on the chosen local restrictions. In order to make a
reasonable choice, the application of the DTW mapping has to be taken into account: while it
is favorable to have larger tolerances for speech recognition in order to accommodate a wider
variety of pronunciations of the same word, local restrictions for a pronunciation checker should
be stricter since the correct pronunciation is desired.

2.3.4 Hidden Markov Models

HMM are an essential statistical model used in the context of machine learning (see [5]). In
speech detection, HMM are used for a variety of applications. Basically, a statistical model
(Markov process) is created to represent a word, sentences, or even a whole language. Using
HMM, different questions can be answered:

e How probable is it that this utterance is the given word/sentence?
e What is the word/sentence that was spoken?

e How probable is it that the word was spoken in the given language?

In order to answer these questions, the Forward or Viterbi algorithms are applied to the given

data.
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3 Gathering Voice Data

To be able to optimize and evaluate the pronunciation checker, a large set of voice data is re-
quired. Gathering real voice data (Section 3.2) is always linked to a lot of effort; it is advisable
to keep this to a minimum. Instead, a model to generate synthetic voice data is created (Sec-
tion 3.1), which makes it easy to create lots of voice data with only minimal effort.

The approaches will use sequences of MFCC vectors as an input. This means that the arti-
ficially created voice data does not have to create sound data per se, but only those sequences.
The real voice data will have to be converted to MFCC vectors. Chapter 4 will use this data for
the conducted experiments.

It is important to find good examples of mispronunciations so that they represent the profiles
of many learners. Section 3.3 introduces the notation of general pronunciation errors and gives
an understanding of how few examples can be regarded as representative for big amounts of
checks.

3.1 Synthetic Voice Data

For creating synthetic samples, HMM data of the statistical approach for speech recognition is
used: since it requires a representation of each phoneme, it is possible to use it the other way
around to create MFCC sequences. The given model provides 13-dimensional MFCC vectors.
For each phoneme, three HMM states are modeled. Each state provides mean and variance in
13 dimensions as well as a state transition probability, which is used to denote the number
of MFCC vectors each state should be generating. To create a word, these representations are
connected in a Markov process (Figure 4 shows an example for /kar/).

I—prwo 1=pri 1=pro 1=pPao 1—=Par 1—pa2 1—pro 1—pr1 1—pp

Figure 4: HMM model for the word car. Each state has a certain probability to be emitted again.
Else, the model transitions to the next state.

Several problems arise when creating data using this Markov process:

e The duration of a phoneme becomes extremely arbitrary. Since only a state transition
probability is given, a state can theoretically be emitted anything from one to infinite
times. This creates an extremely high variability for the length and rhythm of words.
While it is possible that a given word could have this high amount of variability, it is
not something that should be considered in the context of pronunciation checking. For a
learning software, the learner would be provided with a reference sample of the word that
has to be pronounced, resulting in a similar utterance in terms of phoneme lengths.
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To resolve this issue, both a minimum and a maximum number of emissions per state is
introduced. Based on the state transition probability, it is possible to calculate the expected
average number of emissions.

1

= Pr(Xo) @

Lerpected =

By using this as the reference length, the minimum and maximum numbers of emissions
are set by multiplying with a configurable factor f.

Ley
o pected
Lopin = ——, L

f s Lmax — Lezpected : f (3)

All emissions are created independently of each other. If the statistical representations
would have zero variance, this would not be a problem. But since there is variance, each
emission will be different from the last one and therefore sound differently, even coming
from the same state. For language synthesis, this does not make sense since most transi-
tions between phonemes are gradual. Therefore, only one emission per state is generated.
They are put into the middle of the emissions of the specific state. All the empty positions
in the sequence are interpolated.

Even though the statistical data is based on real voice samples, it cannot be guaranteed that
the resulting MFCC sequences have a connection to real voice data. As a way of verifying
this connection, a tool to create a sound signal out of the synthetically generated MFCC
sequences was used. It turned out that for the generation of artificial MFCC sequences, the
variance in the model was too high for voice data synthesis. By reducing the variability
(by a factor f = 4), it was possible to create understandable voice samples.

While the synthesis of voice data can be used to verify pronunciation checking at a large
scale, it has to be noted that this approach will not allow for testing of speaker-independence.
It is not possible to synthesize different voices with only one set of HMM data. Real voice data
will be recorded to test for speaker independence.

3.2 Real Voice Data

After verifying the functionality of the pronunciation checker using synthetic voice data, it
needs to be verified how well the approach is working for real voice data. For this, a program
is developed that allows the recording of words by participants. A set of 25 words was cho-
sen; each participant recorded these words in both correct and incorrect pronunciations using
that program (shown in Figure 5). For each recording, a reference signal is played back. The
participants are asked to repeat the recording as accurately as possible.

14
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Figure 5: User Interface for recording real voice data.

Several mechanisms were put in place to make sure that the recordings can be used for the
simulations:

e During the recording, it is checked if the signal level is too high or too low. Participants
are asked to repeat the recording if there was an issue.

e The duration of the recording is compared against the reference signal. A deviation of
20% is allowed.

e After the recording session, each file is manually checked. There are a lot of problems
that can disqualify the signal from being used, for example:

— The wrong word being uttered

— Improper signal boundaries, for example if a mouse click or a cough is recorded, or
if part of the word is cut off.

— Wrong pronunciation: for the experiment, it is important that the participant is utter-
ing the words in the same way as the reference speaker. Since the pronunciations of
the words were chosen so that different kinds of errors are contained within them, it
is important to have consistent recordings.
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Each recording was manually rated using the following categories:
— Unusable: This file does not represent the given word. It will be discarded com-
pletely for this experiment.

— Poor: While this is the correct utterance for the given word, it is not considered to
be a good representation.

— Good: This is a good example of an utterance that a learner might do.

— Reference: A good recording that could be of a reference speaker.

After being rated, the recordings are converted to MFCC sequences that are going to be used
by the checker. The conducted experiments can be found in Section 4.2.

3.3 Choosing Pronunciation Errors

As a reference for common pronunciation errors, a thesis from the University of Munich that
collects common mistakes made by German-speaking persons when speaking English (see [6])
is considered. So-called phonologic rules are able to describe how the pronunciations are mu-
tated.

A— B | D_E

This term can be translated as A becomes B in the context of a preceding D and a subse-
quent E’. Even though there are more ways to mispronounce words, only the following general
scenarios will be looked at:

1. Replacement:
A— B |/ D_FE

Vowel B is pronounced even though phoneme A would be correct.

2. Epenthesis:
9 — B |/ D_E

An additional phoneme is inserted into the pronunciation.

3. Deletion
A— 0 ) D_F

One phoneme is left out during the pronunciation of a word.

The phonologic rules will be used to create a large amount of synthetic samples: First, a
dictionary is searched for words that contain certain patterns in their phonologic notation. Both
correct and incorrect versions of the word are generated with a random component.

16



Additionally, there will be tests that check how well a change in the accentuation of a word
can be detected. However, it is not possible to do this with synthetic data, since they do not
provide enough flexibility to vary words in that way.

The simulation using real voice data was limited to the 25 recorded words. Each word and
its mispronunciation was chosen so that it represents a different kind of error. The reason why
this can be regarded as representative for a big amount of errors is because the pronunciation
checker would behave similarly if that mistake was made in a different word. The DTW should
align corresponding parts of the utterance, resulting in a match for all the parts except for those
that contain the error - meaning that only the part with the error is relevant.

17



4 Experiments

In order to detect errors using PM, the learner’s utterance of a given word is analyzed and
converted to a sequence of MFCC vectors. It is then compared to a reference/teacher signal
using DTW and a metric that denotes similarity between them (Euclidean distance for synthetic
data, a NN for real voice data). For speech recognition, the accumulated distance would be used
as a way of measuring similarity, usually dividing the distance by the length of the warping
curve to standardize the output.

Since a wrong pronunciation usually only differs from the reference signal in certain parts of
the utterance, the average difference (specifically the accumulated distance divided by the length
of the warping path) will not be considerably bigger than in the case of a correct pronunciation.
Instead, the distances d(i, j) along the warping curve are considered. If the distance d is larger
than a set threshold for longer than a given time, it is considered to be a mispronunciation. An
example of this is shown in Figure 6.

0.9
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0.6 -

0.5

0.4

03|

0.2

0.1}

0 1 1 1 1 1 1 1 1 1 1
10 20 30 40 50 60 70 80 90 100

Figure 6: example plot of the local distance along the warping curve (blue). The orange line
shows the threshold, the red lines show where the local distances are above that threshold.
If the parameter of the minimum duration is 17 or lower, this sample would be considered a
mispronunciation since there are 17 sequential samples with a distance above the threshold.

Section 4.1 shows how the performance is rated for synthetic voice data and how the param-

eters were optimized. Building on top of the results of the synthetic data, the same is done for
real voice data (Section 4.2).

4.1 Synthetic Voice Data

As described in Section 3.1, MFCC sequences of words are created by using a statistical model
of phonemes. For each kind of mispronunciation that will be tested for (Section 3.3), multiple
correct and incorrect versions are generated. Two kinds of tests are conducted with this data:

18



e correct-correct analysis: onto each possible pair of correct MFCC sequences, DTW is
applied. If a discrepancy is detected at any position, it is categorized as a false positive
(FP).

e correct-incorrect analysis: each correct sequence is compared to each incorrect one. Only
at (or near) the position of the mispronounced area, the local distances should be above
the threshold for the given duration. If not, it is categorized as an FP as well. If no error
is detected at the position of the mispronunciation, a false negative (FN) is noted.

Since synthetic voice data is not speaker-dependent, the Euclidean distance can be used as the
distance function. Out of these calculations, a false positive rate (FPR) and a false negative rate
(FNR) are calculated. These are used to evaluate the performance of different combinations of
minimum threshold and duration, given certain local restrictions of DTW. To combine them to
one single score, a weighting factor is introduced. Since it is considered to be worse to falsely
correct a learner even if no mispronunciation was made, a low FPR will generally be weighted
higher than a low FNR.

4.1.1 Optimizations

This section will describe the attempts that were made to optimize the error rate. Mainly, there
are 4 parameters that are considered:

e Local Restrictions: This is the most versatile component of DTW. A wide range of possi-
ble combinations will be tested.

e Minimum peak height of local DTW distance
e Minimum peak duration of local DTW distance

e Weight of FPR vs. FNR: To limit the number of parameters, the weight of FPR was chosen
to be 4 times as high as the one of FNR.

A given dictionary was searched for words that contain certain sequences of phonemes.
From the chosen words, both correct and incorrect utterances were created to be used as a metric
for the optimizations. The following shows the different mistakes that were used to evaluate the
approaches:

eor — au / ?_t
(example: ,,automatic’)
eu — oy / ?__

(example: ,,Euclid”)

e sai —> psy /

(example: ,,psycho”)
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ez — x |/

(example: ,,xylophone™)

en — pn /

(example: ,,pneumatic”)

o) —a / k_1

(example: ,,practically”)

The specific words that contain these errors do not matter for the scenario of synthetic voice
data, because the tested approach should be able to detect those errors in all contexts. As long
as the analyzed feature set is big and diverse enough, a statement can be made about the quality
of the approach. An issue that limits the general validity of the results is that the used phoneme
model is language dependent. Second-language learners will often have the issue that their
utterance of words is influenced by their first language. Amongst other things, they will use
phonemes as if they spoke them in their first language. With the given data, it is not possible to
create MFCC sequences that contain these kinds of errors. It is possible to analyze this using
real voice data.

To find a good set of parameters, local restrictions were assumed and then iterated over the
other aforementioned parameters. Based on the results, new local restrictions were developed in
the hope of finding combinations that result in low FP and FN rates. The following paragraphs
show the results of simulations with those local restrictions, starting with very basic ones up to
a current optimum. The score s is calculated as

s =100 (FPR+ FNR-w)

where w is the weight of the FNR in relation to the FPR (lower is better). It is set to 0.25 for
this thesis.

4.1.2 Results

A reasonable configuration to start testing local constraints is to use a weight of 2 for proceeding
normally (meaning if sample s, (7) is matched to s2(j), s1(i 4+ 1) will be matched to sy(j + 1)),
and a weight of 1 to repeat one of the two samples (Figure 7a), yielding a score of 11.63.
Optimizing those weights while keeping just those three possibilities resulted in a score of 9.43

(Figure 7b).
._17? 0—47%

o & o &

Figure 7: basic local restrictions used to verify the functionality.
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The restrictions based on Figure 7 may create an issue due to the fact that theoretically,
one MFCC vector from signal s; can be mapped to any number of MFCC vectors of s;. Such
a warping curve would not match proper pronunciation. As an attempt to limit this, the local
restrictions in Figure 8 do not allow the same sample to be used more than once. Their scores
(17.88 and 11.19 when optimized, respectively) suggest that this does not lead to a better way of
detecting errors. The reason for this is that it opens up the possibility to skip over samples that
would not match well with the other sequence, leading to a worse detection rate. In an optimal
scenario where the two sequences match perfectly, the warping curve would progress diagonally
and the other constraints would never be applied. Deviating from the optimal scenario should
be made as unattractive as possible while allowing slight discrepancies.

. A

3 6

. . d

(a) (b)

O
O

O
O

Figure 8: more confining local restrictions.

It is possible to combine these two kinds of approaches by chaining multiple restrictions so
that proceeding horizontally or vertically only is not possible while still requiring every vector
of the sequence to be taken into account. A direct conversion (Figure 9) does improve the
results considerably (17.50 and 9.86) and delivers a baseline to expand on. The thought behind
the upcoming approaches is that if the path is following the diagonal optimum for a longer time,
deviating from it should be punished less.

VR CATA
o ) )
o & o o & o

Figure 9: chained local restrictions.

Instead of having only one possibility for horizontal and vertical progression, an attempt is
made to use several possibilities: the longer the warping curve is advancing diagonally, the less
a horizontal or vertical segment is punished. Figure 10 shows such an approach; the score of
8.94 confirms that these local restrictions can improve the error rate. By iterating over every
reasonable combination of weights, it is found that the local restrictions depicted in Figure 11
denote an optimum for the given scenario (score 8.36). The score consists of a FPR of 4.57%
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and a FNR of 15%. An error is detected in this case if the local distance on the warping curve
exceeds the threshold of 4.5 for the duration of 3 samples.
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Figure 10: complex local restrictions.
o O e

o
o

~
~

~

A

O C/O O

Figure 11: local restrictions optimized based on synthetic voice data.

When applied to a language trainer, this would mean that in 1 out of 20 cases, the checker
would find a mispronunciation where there is none, and in 3 out of 20 cases it would miss an
existing error. This can be regarded as a solid result. It has to be determined how well this can
be matched using real voice data since they introduce different sources of error.

4.2 Real Voice Data

Even though the results of the experiments conducted with synthetic voice data provide a solid
foundation for verifying the functioning of the approach and the idea of using PM for pronun-
ciation error detection in general, they leave several factors untouched.

e The statistical data the synthetic voice data is based on cannot be used to test for speaker-
independence. It would be possible using several sets of data, based on different speakers.
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e Even if several sets of statistical data were available, it would be very hard to recreate
the uniqueness of a person. A speaker might have a particular way of uttering certain
constructs. This cannot be achieved with the given data set.

e There is only a limited set of mispronunciations that can be created using the statistical
representations. For example, it is very hard to reproduce a shift in the accentuation of a
word.

4.2.1 Voice Data

To be able to accommodate those factors, it is required to collect data from real persons. For
that, a set of 25 words was put together (shown in Table 1). It covers various pronunciation
errors that have different origins:

e replacement: A phoneme is replaced by another one. Detecting these errors can prove
difficult, since the difference between two phonemes can be fluent. This means that an
utterance can be ambiguous, especially when comparing recordings from two different
persons.

e epenthesis: A phoneme is added to the correct pronunciation. These errors should be
easier to detect since they usually change big parts of the word.

e deletion: Parts of a word are left out. This can happen if the speaker is skipping over a
phoneme when speaking unclear. Usually, this does not change the rhythm of the word.

e wrong accentuation: Finally, cases were added where the sequence of phonemes are
considered correct. Instead, the shift occurs in the wrong accentuation of the word.

Using the recording program introduced in Section 3.2, participants are asked to record
each of those words multiple times, both in the correct and incorrect version. A reference signal
is played back before each recording so that the participants know exactly how they should
pronounce the word. In total, recordings of 9 male and 4 female participants were collected;
for each word, 3 recordings of both correct and incorrect versions were made, resulting in 150
sound files per person. The recordings are manually rated based on the similarity to the given
reference signal.

For the simulations, only recordings that are rated as reference (see Section 3.2) are going
to be used as the reference signal. For the optimizations, only signals of ratings good and better
will be considered.

4.2.2 Simulation Parameters

The simulation works similar to the one for synthetic voice data. From the recordings, MFCC
sequences are extracted. Using a NN that was created as a way of having a speaker-independent
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Table 1: List of mispronunciations used for recordings. The parts that are changed for the incor-

rect pronunciation are emphasized in bold face.

kind of error word correct pronunciation | incorrect pronunciation
physical fizikl fyzikl
height hart hert
science sarons si:ons
success sokses sokstfes
replacement -
automatic oitomaetik avtomatik
xylophone zailofoun ksairlofoun
cement siment sement
pronunciation | pronansieijn pronaunsierfn
mature motuar matfuvar
comfortable | kamftabl kamfortobl
suit su:t suixt
epenthesis practically praektkl praktikal
psychology satkalodzr psaikaladst
tomb turm tamb
business biznis bizinis
jewelry dzuzalrt dzu:walrt
lieutenant lu:tenont lu:tnont
probably pra:bobli pra:bli
deletion entrepreneur | antropronsr a:npron3sr

beautiful bjutoful bju:ful
organization | oirgonaizeifn orrgonaifn
executive 1gzekjutv 1gzekjurtv

wrong intonation sequence sitkwons sokwonz
electronics tlektra:niks rlektraniks
technology tekna:ledsi teknalo:dszi

distance metric ([4]), PM is done on two MFCC sequences using the 88 different sets of local
restrictions that are used to find an optimum. The relevant metric that is used for further ex-
periments is the local distance along the warping curve. This sequence is analyzed; if the local
distance is larger than a set threshold for longer than a given duration, the test MFCC sequence
is considered incorrect (compare Figure 6).

Since the distance metric is a NN, the local distance is a value between 0 and 1. By iterating
over this range in small steps (0.05) and iterating over reasonable minimal duration (1 to 15),
a 15x20 matrix containing the information whether the pronunciation checker considers this as
correct or incorrect is created.

For each word, every possible combination of reference sample to test sample is calculated
and averaged. For each word, this results in one matrix of the FPR (when using correct test
samples) and one of the FNR (when using incorrect test samples). Since the majority of the
voice samples were recorded by male participants, the first part of the optimizations will be
concerned with male voice samples only. As a second step, an optimization using the data
of both male and female participants will be attempted. Discerning between male and female
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samples is relevant because it is unknown how well the NN is able to eliminate the factor gender
from the MFCC sequences.

By averaging the FPR and FNR matrices of all words, a metric is created that assesses the
performance of a pronunciation checker whose task is to detect the errors of all 25 words. The
same score as in the case of synthetic voice data is calculated, weighting the FPR four times as
high as the FNR.

4.2.3 Optimizations

In this section, the potential and the limitations of automatic pronunciation checking using PM
with a NN as a distance metric are explored. The optimizations will be conducted in an iterative
behavior: an optimal parameter set is found by calculating the optimums of all possible param-
eters. This optimum is then analyzed and the limitations are evaluated. In the next iteration, a
new optimum is calculated by ignoring the limitations that were found, hoping to achieve better
results.

Male Participants As it was already mentioned, the scores are calculated by averaging all
possible pairings of reference recordings and good and better test samples. Given the three
parameters

e |ocal restrictions of the DTW,

e error threshold of the local distance of the warping curve, and

e minimum duration of this error,

every possible combination is calculated and scored. Searching for the best score, the restric-
tions shown in Figure 12 using a threshold of 0.9 and a minimum duration of 9 are considered

the best parameter set.
O /.— 12/ }%
1

12/
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Figure 12: optimal local restrictions using all words for optimization.

The result is scored at 19.73 (FPR 3.74%, FNR 63.9%). Clearly, these numbers are a lot
worse than the set baseline using synthetic data. Analyzing the results, it is revealed that the
scores of the words
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1. xylophone,
2. physical,

3. cement,

4. business,

5. probably, and

6. executive

are 25 or more. This score is worse than detecting every test as correct (FP 0%, FNR 100%,
0+ 0.25 - 100 = 25). Clearly, the detection does not provide usable results for those cases.
Analyzing those words, it can be seen that the differences between the correct and incorrect
pronunciation are only subtle:

e replacement (1-3): the difference between the phonemes of the correct and the incorrect
pronunciation are only subtle. Except for word number 1, there are no clear borders be-
tween the correct and the replacing phoneme. For 1, it is possible that the hard k is partly
cut off and therefore not considered.

e cpenthesis (4) and deletion (5): the rhythm of the words did not change significantally,
the inserted/deleted vowels only make up a very short part of the word. Since the local
distance of the warping curve has to be above the threshold for longer than the given
time, short variations are harder to detect. It is in the nature of DTW to allow for certain
variations, which in this case leads to the wrong detection.

e wrong accentuation (6): even more significantly than the previous point, DTW simply
eliminates the distance by putting the warping curve along the prolonged v.

As an attempt to achieve better results, those words are not incorporated into the optimizations
since there is a high probability that it will not be possible to detect the kinds of mispronun-
ciations that they cover. Hoping that the optimizations will lead to a better detection for the
remaining words, the simulations are run again without the mentioned words.

Ignoring these words improved the score to 14.95 (FPR 2.28%, FNR 50.7%). While the local
restrictions are still the same (Figure 12), the minimum duration was reduced to 7. Checking
for the worst performing words again, new bad-performing words are removed and the test is
re-run. Removing the word pronunciation resulted in a slight improvement of the score (0.65).
Looking at the scores of single words, none of them had a score of 25 or worse. But since the
results of the simulations so far were not convincing, the remaining words with bad scores were
checked for errors that are similar to the ones already removed.

e automatic (similar to xylophone)

e mature (similar to business)
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e organization (similar to probably)

e technology (similar to executive)

Since those words all only did get scores of 22 or more, it was not realistic that the checker
would be able to accommodate for those errors. Removing them resulted in a new optimum for
the local restrictions (see Figure 13). The score decreased to 11.81 with an FPR of 1.73% and a

FNR of 40.3%.
O O /0-16/7?
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Figure 13: optimal local restrictions using a reduced word list.

While these new local restrictions improved the performance for the majority of words, they
made detection of some errors worse (score 22 and up):

e height (similar to physical)

e jewelry, practically (similar to business)

By ignoring these errors, the optimal threshold and minimum duration parameters shifted
(threshold from 0.8 to 0.9, minimum duration from 8 to 7), resulting in a score of 8.18 for the
remaining words (FPR 1.19%, FNR 28.0%). Looking at the individual performances, all black-
listed words have scores above 22, while none of the remaining words do. This configuration is
going to be regarded as an optimum for the evaluation. Only 11 words remain:

e replacement: science, success
e epenthesis: suit, psychology, tomb, comfortable
e deletion: lieutenant, entrepreneur, beautiful

e wrong accentuation: sequence, electronics
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Combined data For this optimization, a new way of calculating scores is introduced. Since
there is an imbalance between the amount of male and female voice data, they are weighted
differently. By calculating the aforementioned matrices of the FPR and FNR for

1. male-male,
2. male-female,
3. female-male and

4. female-female

datasets and weighting them the same (0.25), it is possible to calculate a case where the
factor gender is ignored. Unfortunately, it turned out that for some words, no female recordings
were classified as reference. This means that the combined FPR and FNR would not represent
all words. Fortunately, when looking at the 11 words from the optimizations of male speakers
only, just one word does not have the required data (sequence). For this analysis, the word
choice is going to be limited to those ten words.

First, the optimal parameters for using only male speakers using the set of ten words is
determined as a reference. As it turns out, the optimal local restrictions changed for this case.
The new optimum can be seen in Figure 14. The score of 7.08 consists of an FPR of 3.11% and
a FNR of 15.9%. An error is detected if the local distance is larger than 0.95 for the duration of
4.

/’ Wil
7

O O/O

Figure 14: optimal local restrictions of the set of 10 words when using male training data.

Now that a baseline is established, an optimum is determined using the 4 mentioned com-
binations. Interestingly, a completely different set of local restrictions is found (Figure 15).
The score of 13.61 (FPR 4.66%, FNR 35.8%) is considerably worse than the one using male
voice samples only. Taking apart the four components of the score (1: 7.88, 2: 13.62, 3: 13.56,
4:16.73), it can be seen that the performance of the detection is a lot better for male-male sam-
ples. If there was a problem with the checker when using reference and test speakers of different
genders, only those scores would be worse. However, the female-female score is just as bad as
the male-female case. Unfortunately, it is not possible to determine the origin of this with the
limited amount of female voice samples (it could be because the detection for female voices is
generally worse, or that the small sample size is not representative enough, or that this specific
choice of words is better suited for male than for female voices).
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Figure 15: optimal local restrictions of the set of 10 words when using male and female training
data.

Based on the issue described here, only male samples are going to be considered for the
evaluation. But even though results are worse for the cases other than male-male, they are not
worse by a magnitude, making them eligible for usage by the pronunciation checker.
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5 Evaluation

This chapter will evaluate the performance of the pronunciation checker, using the optimizations
shown in Chapter 4.2. Since the processing of the recordings showed that there were not enough
usable recordings of female participants, the focus of the evaluation lies on recordings of male
participants. A table of the determined parameters, and the score for each word is given in
Appendix B.

There are several indicators that can be used to evaluate the pronunciation checker:

1. How well does it perform on the samples that were used to train it?
2. How well does it perform on new samples of the trained words?
3. What is the behavior for untrained words?

4. What kinds of errors can be detected, which ones does the checker have difficulties with?

5. Is there a pattern that influences the performance of the checker (long vs. short words,
error in the middle vs. at the borders, etc.)

1. Training Samples Since the words for the training as well as the training samples them-
selves were chosen carefully, the results of only using the training samples turned out well.
Only 1.2% of correctly pronounced words are not detected as such. This is well below the goal
of 5%. In comparison, the FNR is fairly high, but as it was already mentioned, it is a less im-
portant metric for the application as a language trainer since this does not lead to a frustrating
experience.

It needs to be said that this result carries only limited value. It is more interesting to see how
well the checker performs on samples that were not used to train it.

2. New Samples of Training Words By using recordings that were classified as poor, samples
that are similar to a person who is learning a new language can be checked. While the FPR
tripled to 3.78% when using the poor samples, it still is well below the goal of 5%. The FNR
did not change considerably. The score of 11.19 can be considered a success, since this means
that a learner will be able have a good learning experience.

These scores still do not take into account that the words these samples are made of have
been used to train the pronunciation checker. If a big and diverse enough sample size is used to
determine the parameters of the checker, the performance should be the same for both trained
and untrained words.
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3. Samples of Untrained Words 25 words were recorded in the scope of this thesis, each
covering one kind of mispronunciation. Out of these words, mispronunciations that are hard to
detect using this approach were excluded from the optimizations, leading to 11 words used for
training. The remaining 14 words were showing bad detection rates, both for the case where
they were included in the optimizations and the case where they were not. They are not a good
representation of a random new mispronunciation.

They can be used as bad-case examples though. Looking at the data of single words in
Appendix B, it can be seen that the scores of the untrained words are all well above 20. But
except for two cases, the high scores origin from a high FNR, meaning that no error was found.
This is a clear indicator that the pronunciation checker is working as intended: while it is not
able to detect every kind of pronunciation error, it does not create a bad experience for the
learner. FP are a rare occurence: averaged over all recorded words, the FPR is 5.33%, which
just misses the goal of 5%. Even when using the poor samples, the FPR remains within a usable
range.

4. Kinds of Errors The following section will attempt to categorize the mispronunciations
as an assistance in evaluating which kinds of errors are easier to detect. For reference, their
pronunciations can be found in Table 1.

e replacement of a vowel (physical, height, cement and automatic)

This kind of error is detected poorly. An explanation for this is that vowels do not have
exact boundaries, the difference between one vowel to another is not clear, making it hard
to discern between them. [7] shows an English vowel chart. While vowels have a general
position in the shown plane, there is a big overlap between them. Additionally, the length
of these vowels is fairly short. With the created pronunciation checker, it is not possible
to give feedback on this kind of error.

e deletion of a syllable, without changing the rhythm of the word (entrepreneur, beautiful,
lieutenant, probably and organization)

This kind of error has resulted in both good and bad error detection. Comparing the words
that performed well (entrepreneur, beautiful) with the bad performers (probably, organi-
zation), it is noticeable that the detection seems to work better if a hard consonant is
contained within the deleted syllable (/bo/ and /ze1/ vs. /tra/ and /to/).

e wrong accentuation of a word (electronics, sequence, technology, executive)

Detecting wrong accentuation has proven difficult. While the two bad-performing exam-
ples (technology and executive) definitely sound wrong, the pronunciation checker is not
able to detect an error. The reason for this is that the difference with those two examples
only lies within the duration of one phoneme. The local restrictions of the DTW allow a
mapping so that this small difference disappears.

For the better two examples (electronics and sequence), changing the accentuation had a
bigger impact on the word; the DTW did not eliminate all the differences in this case.
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e insertion of a few phonemes, without changing the rhythm of the word (comfortable,
business, practically, jewelry)

The insertion of phonemes was generally not detected well. If the length of the insertion
is very short, the DTW will build the warping path so that it is ignored. The only exam-
ple where the insertion is longer (comfortable) was picked up well by the pronunciation
checker.

e related to diphtongs (science, suit, pronunciation)

While the replacement of regular vowels yielded bad results, the same cannot be said
about diphtongs. The reason for this difference lies within the fact that the given examples
have an emphasis on the vowel, making them generally longer. This is advantageous
for the pronunciation checker. The word pronunciation does not have a strong stress on
the modified vowel, which explains why it does not perform as well as the other two
examples.

e For the rest of the words, no clear categorization could be made. What can be said is that
words where only one phoneme was changed performed generally worse with the checker
than words that had bigger components changed.

5. Indicators for Performance In this paragraph, it is analyzed if patterns can be derived
from analyzing the data in Appendix B and the categories in Paragraph 4.

e short or long words: while the length of a word does not have a direct influence on the
performance, longer words tend to generate more FP than short words. This can easily
be explained: the longer the warping curve, the bigger the probability that the local dis-
tance is wrongly over the threshold. While this influence can be seen in the data, it is not
something that needs to be addressed.

e modification in the middle or on the border: it is possible that errors which occur at the
beginning or at the end of the utterance are harder to detect than errors within the word.
The reason for that would be that the recording software uses an algorithm that cuts off
the recording based on loudness. Even with small variations, the cutoff point can shift
considerably, leading to inconsistencies. As it turns out, there is no recognizable influence
from the position of the error.

e short or long modification: in Paragraph 4, there were hints that the checker performs
better for mistakes that affect a longer portion of the word. Looking through the data,
this holds true for most of the examples. The specifications of this pronunciation checker
support this condition. It is unsure how this issue can be resolved using the given methods,
since the categorization relies on a minimal error duration.

e vowel or consonant: the results show that it does not matter if the mistake is based on a
vowel or on a consonant.

As a generalization, it can be said that the main factor that determines a successful detection
of a mispronunciation lies in the length of the modification. This is a big drawback, since there
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are many instances where only a short modification influences the perceived correctness of the
word considerably. For example, this means in many cases it cannot be verified if the correct
vowel was used. Because of this limitation, an important component of receiving feedback on
pronunciation is missing from this checker.
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6 Conclusions and Outlook

Using synthetically created voice data was a great approach to verify the functionality of the
pronunciation checker. Would the approach not have worked, the recording of real voice data
might not have been sensible. Also, it allowed to make a first evaluation of its performance
for various mispronunciations. But since the model did not allow to create signals of different
speakers, it was not useful to run more simulations on that setup.

When handling real voice data, using the Euclidean distance as the distance metric was
no longer feasible. It was a requirement to use a speaker-independent metric. The approach
of using dynamic time warping in combination with a neural network has proven to create a
speaker-independent model that is able to verify pronunciation. The simulations have shown
how well various errors can be detected; they also revealed a substantial drawback in that its
performance is worse for short divergences from the correct pronunciation.

The simulations have shown that if new words are tested, the learner will still be able to
have a good experience, because it is uncommon that correct pronunciations are marked as
incorrect. In general, the checker is configured conservatively so that the learner only receives
bad feedback if a mistake was made for certain.

This thesis did focus on voice data by male participants. All optimizations were made based
on male teacher and learner signals. For verification, female voice data was recorded as well. It
was shown that while the checker’s performance is worse when including female voice data, it
still gives usable feedback.

While it is possible that the optimizations differ depending on the language, the used pro-
cedure is language-independent. By using samples from various languages for the training of
the pronunciation checker, it is possible to create a truly language-independent pronunciation
checker.

A learner using this software will not be able to learn to speak the second language accent-
free from just this feedback. Rather, it can be assured that correct pronunciations are learned by
making sure they are repeated correctly. A human teacher is able to give feedback that is a lot
more nuanced, which at this point still is the best way of learning to speak a language.

6.1 Future Work

e The results of this project can be used to create a language training software. While it
will benefit from a bigger set of test words and mistakes to optimize the parameters of
the checker, the functionality will stay the same. An open question is how helpful the
feedback on coarse mistakes is in comparison to the fine mistakes this checker cannot
accommodate.

e The approach of using Acoustic Abstract Elements was mentioned in Chapter 2. It pro-
vides a way to check pronunciation in a statistical approach. The collected data set can be
used to compare the performance of using AAE in comparison to DTW.
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['sta:z] ', ['stairz] 2 u
[kat], [mat/] 09
[ra1z] N v
[obaut] w
['bin] X
[01s], ['Ador] 3
[din] zZ
[dzm]

[ba:d], [f3:z] *
[b3rd], ['f3rz] 2
['get]

[rerz]

['steaz] !, ['steorz] 2
[frt]

[grv], [bzg]
['hrt]

['wit/]

[iiz]

[foz] !, [fiorz] 2
[ju], [es]
['ska:t]

[kMm]
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[farn], ['net]
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[no1z]

[gnt], [frog] *
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ETHPA  Example
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! British English
2 American English

['strizt]
[t"arm]
[tJm]
[buk]
[Tu:z]
['djuorabl]
['vert], [hevi]
['wel]

[1Tox] !
['vizon]
[zu:], ['fiiz]

Figure 16: English phone inventory in IPA and ETHPA notation. [8, p.5]
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B Parameters and Scores of the Pronunciation Checker

e parameters:

— local restrictions:

O

— threshold: 0.9

— minimum duration: 7

® SCOres:

trained words, samples: score 8.18, FPR 1.19%, FNR 28.0%

trained words, untrained samples (poor): score 11.19, FPR 3.78%, FNR 29.6%

all words (good): score 20.11, FPR 5.33%, FNR 59.1%

all words (poor): score 21.98, FPR 6.93%, FNR 60.2%
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— score by word (good):

word score FPR | FNR
science 0] 0.00% | 0.00%
success 1.14 | 0.00% | 4.55%

comfortable 1.56 | 0.00% | 6.25%

entrepreneur | 298 | 2.17% | 3.23%

electronics 743 1 1.92% | 22.0%

tomb 8.08 | 0.00% | 32.3%
suit 9.48 | 0.00% | 37.9%
beautiful 11.09 | 4.55% | 26.2%
psychology 12.50 | 0.00% | 50.0%
sequence 15.38 | 0.00% | 61.5%
lieutenant 20.33 | 4.44% | 63.5%
automatic 2148 | 2.41% | 76.3%
technology 22.50 | 0.00% | 90.0%
mature 22.86 | 0.00% | 91.4%
business 22.92 | 3.33% | 78.3%
height 22.95 | 0.00% | 91.8%
executive 23.15 | 0.00% | 92.6%
probably 23.42 | 6.06% | 69.4%
cement 25.00 | 0.00% | 100%

practically 25.39 | 3.33% | 88.2%

pronunciation | 27.52 | 3.03% | 98.0%

jewelry 27.86 | 4.00% | 95.5%
organization | 29.17 | 16.7% | 50.0%
physical 30.97 | 6.38% | 98.3%

xylophone 87.50 | 75.0% | 50.0%
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Automatic Pronunciation Checker

Introduction

In computer-based language courses, pronunciation training is an important topic. For
such a training, the computer has to decide if the language learner has uttered a certain
word or phrase correctly. In the negative case the computer should indicate which phones
have not been pronounced accurately enough.

In literature, there are many approaches to solve the problem of automatic pronuncia-
tion checking. Most methods are similar to speech recognition and thus are either based
on some pattern matching (PM) or on statistical methods with hidden Markov models

(HMM).

Pattern matching is advantageous in the context of language courses, because the method
itself is language-independent and hence can be used for all languages of the generally
large language portfolio of a course provider. The only requirement is the availability of
references utterances of the words and phrases used in the pronunciation training. Such
reference utterances are anyway available in computer-based courses, because the learner
must have the possibility to hear how words are correctly pronounced.

The statistical approaches perform better because they include statistical models of the
phonemes of the concerned language. However, the set of phonemes and their pronunci-
ation varies from language to language. Therefore, a specific solution is needed for each
language, at least a language-specific set of phoneme models.



Previous solutions to pronunciation error detection

In a previous master thesis, an approach based on PM has been investigated (see [1]).
Standard PM, i.e. using MFCC features and Euclidean distance, is known to be speaker-
dependent, which means that the matching process is accurate enough only if reference
pattern and test pattern are from the same speaker.

In a language course, however, the reference patterns are from a teacher whereas the test
patters are from a learner. In order to improve PM for this speaker-independent case, in [1]
the Euclidean distance measure was replaced by a speaker-independently trained distance
measure based on a neural network (NN). Actually, the NN was trained to estimate the
posterior probability that two given feature vectors are from the same phoneme (see [2]).
Although the results were much better for the NN-based approach than with the Euclidean
distance measure, they were clearly not sufficient.

As can be seen from the literature, the statistical methods used for speech recognition
have been successfully applied for pronunciation error detection as well (see e.g. [3] and
[4]). Virtually without exception these systems are language-specific, however. Similar to
speech recognizers, pronunciation error detectors are based on language-specific phonetic
models.

Task of this thesis

In this master thesis, a new approach has to be investigated. This approach is based on
statistical models of so-called abstract acoustic elements (AAE) which are not language-
specific. The exactly same method is intended to be applied for every language.

AAEs are a kind of subword units similar to phonetic units, but have no linguistic meaning.
They basically result from clustering of acoustic feature vectors that have been extracted
from speech of many speakers and from various languages. In contrast to phonetic units,
it is not easy to get a word model from AAE models. A solution to this problem has been
proposed in [5]: An acoustic model for a word is derived from k utterances of that word by
means of the k-dimensional Viterbi algorithm (see [6]). This algorithm determines the op-
timum sequence of AAE models for a small number of utterances of a word. Furthermore,
the algorithm delivers the optimal alignment of these words and the word model.

Such an AAE-based word model can now be used to check the pronunciation of a given
test word as follows: First, a forced Viterbi alignment is performed between the word
model and the test word. With this alignment and those of the corresponding reference
words (see paragraph above) we have the possibility to compare properties of individual
segments of the test signal with the corresponding segments of the reference signals.

From this approach to pronunciation error detection, there are a number of questions
arising such as:

e How many utterances of a word from how many speakers are necessary to get a
good (e.g. speaker-independent) word model? Is it sufficient to use a unique model
for a word or is better to use several word models, particularly when the utterances
of the words divert considerably?



e What can be derived from the alignment information mentioned above? In partic-
ular, is it possible to detect wrong duration of phones from the duration of AAEs?

e How can the spectral quality be measured accurately? Do we need a NN-based
distance measure like in [1] or are the segmental likelihoods from the word models
(or the individual AAEs) usable instead?

e What kind of pronunciation errors should be detected in computer-aided pronun-
ciation training? Are they language-specific? How can they be handled to keep the
detector itself language-independent?

e Which speech features can be useful for detecting the relevant pronunciation errors?

These and further question need to be investigated in the framework of this master thesis.

Recommended procedure

This master project includes work in various topics. It is recommended to proceed as
follows:

A. Getting acquainted with fundamentals (as far as necessary)

Learn the fundamentals of HMMs. Read e.g. chapter 5 in [7] and do the corre-
sponding laboratory exercises. Study the training of NNs in general (e.g. [8]) and of
NN-based class verification in particular (see [2]).

B. Experiments with synthetic data

An important class of pronunciation errors can be detected from spectral or timing
properties of the speech signal. Such errors are e.g. insertion or deletion of a phoneme
or strong deviation of duration or spectral shape. For a language-independent pro-
nunciation error detector either PM or an AAE-based approach can be used. To
estimate and compare the capability of these two approaches it may be suitable to
perform the following experiments:

— Design a generator for synthetic data which properties correspond to those of
speech feature sequences, e.g. MFCCs. The generator should provide the possi-
bility to synthesize feature sequences for words with and without pronunciation
errors.

— Realize a PM-based and an AAE-based detector for theses errors.

— Test the detectors with synthetic data. Start with easy cases (e.g. with minor
variability of the phonemes) and then successively increase the ambiguousness
of the data.

— Repeatedly refine the detectors and compare their performance.

C. Feedback for language learners

Type and quantity of feedback to be given to a language learner may vary with
his proficiency. The task of this thesis not to design this feedback, but to develop



the methods that allow to detect various kinds of pronunciation errors from learner
utterances. In other words, it must be defined which types of errors have to be
detected and which approaches and methods could be useful to detect them. Proceed
as follows:

— Consult some literature (e.g. [9], [10] and [11]) to get a list of pronunciation
errors that are important in the context of language learning. Assign each error
type an importance score.

— Collect for each type of error a set of speech properties or features that could
be used to automatically detect this error.

— Propose for each type of error possible error detectors and assign them a com-
plexity score.

— Define a set of pronunciation error types and detection methods to be investi-
gated in the framework of your thesis and discuss it with the supervisors. This
will define the requirements of the pronunciation checker to be developed.

D. Development of pronunciation checker

This constitutes the main part of the master thesis. It includes the following works:

— For development and test of various algorithms, suitable speech data will be
necessary. It is recommended to look for already available data and to reduce
own collection of speech data to an absolute minimum. Before taking a decision,
discuss your plan with your supervisors.

— Develop and test the necessary algorithms (based on the knowledge gained
form part B and literature such as [10]). Note that a detector should provide
for each detected error where it has been located in the speech signal, how
severe the error is and how confident the detection result is. This additional
information will be used later for designing the learner feedback which is not
part of this thesis, however.

The work done and the attained results have to be documented in a report (see recommen-
dations [12]) that has to be handed in as PDF document. Furthermore, two presentations
have to be given: the first one will take place about two weeks after the start of the work
and is meant to give a short overview of the task and the initial planning. The second one
at the end of the project is expected to present the task, the work done and the achieved
results in a sufficiently detailed way. The dates of the presentations will be announced
later.
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