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Abstract

This thesis considers the recognition of a widely observed type of bilingual code-
switched speech: the speaker speaks primarily the host language (usually his native lan-
guage), but with a few words or phrases in the guest language (usually his second lan-
guage) inserted in many utterances of the host language. In this case, not only the lan-
guages are switched back and forth within an utterance so the language identification is
difficult, but much less data are available for the guest language, which results in poor
recognition accuracy for the guest language part. In this thesis, we propose an integrated
overall framework for recognizing such highly imbalanced code-switched speech. This
includes unit merging approaches on three levels of acoustic modeling (triphone models,
HMM states and Gaussians) for cross-lingual data sharing, unit recovery for reconstruct-
ing the identity for units of the two languages after being merged, unit occupancy ranking
to offer much more flexible data sharing between units both across languages and within
the language based on the accumulated occupancy of the HMM states, and estimation of
frame-level language posteriors using Blurred Posteriorgram Features (BPFs) to be used
in decoding. In addition, we also evaluated two approaches extending above approaches
based on HMMs to the state-of-the-art deep neural networks (DNNs), including using
bottleneck features in HMM/GMM and modeling context-dependent HMM states. We
present a complete set of experimental results comparing all approaches involved for a
real-world application scenario under unified conditions, and show very good improve-

ment achieved with the proposed approaches.
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Chapter 1  Introduction and Overview of the

Framework | <

1.1 Introduction

Conventionally, speech recognition technologies are developed to transcribe utterances
in a specific language. But in the globalized world today, many people are capable of
speaking more than one languages and actually using more than one languages in their
daily lives. As a result, very often the speech signals observed in our daily lives also
include more than one languages. This is why substantial effort has been made to try to
extend existing speech recognition technologies to consider multilingual scenarios [1-11].

A major concern for multilingual speech processing is the phoneme sets to be used
for constructing the system. Very often some phonemes are shared by different languages;
some phonemes in different languages are slightly different but similar; and some other
phonemes are unique for specific languages. This makes acoustic modeling and the lexi-
con construction difficult, because the similarities between the phonemes are usually diffi-
cult to measure quantitatively by linguistic knowledge. Many approaches such as merging
acoustic units on different levels in acoustic modeling [12—19] have been proposed to han-
dle these problems and shown to be very helpful with results in good agreement with the
linguistic knowledge. It was also found that the acoustic models for such tasks can be im-
proved by advanced model structures such as subspace Gaussian mixture model [20,21]
by jointly modeling the cross-language acoustic information. Discriminative training ap-

proaches such as minimum phone error (MPE) [22] training and neural networks were



also used for classifying confusing acoustic units in such tasks [23-26]. Approachéé such

as sub-word unit modeling [27], pronunciation modeling, articulatory features=428.29]
"! | ‘
1

and deep neural network for multilingual processing [25,30] were also used andeshown to
be successful.

In general, bilingual speech can be classified into two categories [1,17,24,28,31-34].
In the first category, the speaker switches language from sentences to sentences. For
example, in the sentence, "’It’s fine. VR (Thank you).”, the first sentence is in English,
while the second in Mandarin. In the other category, the languages are switched from
words to words within a sentence. For example, in the sentence, 2 fflequationiR 18
¥ (This equation is very complicated).”, the word “equation” in English is embedded in a
sentence of Mandarin. The latter category is very common for speakers with non-English
native languages, especially when they speak very good English and many English words
(and phrases) are not necessarily or properly translated into their native languages. So
when they speak in their native languages, some English words (or phrases) appear in
the utterances. The word “code-switching” in this thesis refers to this second category
and is the focus of this thesis. Such code-switching speech is very frequently observed in
large parts of the world, as long as the native languages of the majority of the speakers
are not English, such as in Asia. In such cases, English is regarded as the guest language
while the native as the host language. In fact, such situation also happens for other major
languages other than English, such as Arabic and French for North Africa.

An extra difficulty for the above code-switched bilingual speech is the highly im-
balanced data distribution for involved languages [17,24,28,31-34], i.e., much more host

language data and very limited guest language data, since only few words or phrases of



the guest language are embedded in the sentences of the host language, if code—swifching
happens. This not only makes acoustic modeling for the guest language difﬁcul‘%but the
recognizer tends to take most speech signals as in the host language. The possliblé fezllsons
include not only the fact that the acoustic models for the host language units are better
trained with more data and therefore better fitted to the signals, but the language model
almost always gives higher prior probabilities to the host language words. This difficulty
of highly imbalanced data distribution is a major problem considered in this thesis.

Another distinguishing feature of such code-switching environment is the difficulty
in language identification [35—40]. In most multilingual tasks, the basic unit for language
identification is usually an utterance. However, the unit for language identification in
code-switched speech considered here should be smaller, such as segments or frames of
signals, since the language may be switched back and forth within an utterance. This
much shorter length of considered signal makes the language identification much harder,
and is also a major problem considered in this thesis.

An additional problem for this type of code-switching is that the guest language is
always spoken by the non-native language speakers. Therefore, these English words are
often with strong accents, and the accents vary significantly from speaker to speaker. As
a result, the huge quantity of available English data produced by native English speakers
usually does not help [41,42]. This will also be verified in the experiments. Moreover, the
English words and native language words are fluently spoken by the same speaker within
the same utterance. Taking Mandarin-English code-switching as an example, the English

words embedded in the Mandarin utterances are very often composed of phonemes sound-

ing like Mandarin phonemes rather than English phonemes because they are spoken by



Mandarin speakers. As a result, the recognizer tends to recognize the English Words,as a

sequence of Chinese characters (each Chinese character corresponds to a syllabfesof C-V
M |
| &

structure).

Although the recognition of the second category of code-switched speech have been
very important problems, only limited works have been reported for acoustic model-
ing, primarily for Mandarin-English [11,13,17,21,23,24,28,31] and Cantonese-English
[16,43]. Many works were reported for language modeling for this problem [26,43,44] as
well. Due to the difference in the local culture, the genre of the speech and the speaker
behavior, the situations previously reported vary in different tasks. For example, the av-
erage percentage of the guest language in the utterances is relatively high in Malaysia
(37%) [32,42] and Hong Kong (28%) [43] but low in Taiwan (15%) [17], as reported
in the respective works. Probably because English is one of the official languages in
Malaysia and Hong Kong, so most speakers are more used to speak in English, but the
situation is different in Taiwan. So the imbalanced data distribution problem is much
more serious in the case of Taiwan. Also, previous works indicated that code-switching
happens only between specific POSs in specific structures (e.g. native switching to En-
glish for nouns following verbs), which is useful in language modeling but not in acoustic
modeling [12-19,34]. Moreover, the only works reported up to the date were on lec-
tures [17,28,43] and daily conversations [26,32]. For course lectures in a specific domain,
most English words appeared to be domain-specific terminologies related to the topics of
the courses, while almost all function words were in the native language [17,26,32,42].
But the above description does not always fit the case of daily conversation [26,32]. Fur-

thermore, code-switching varies from speaker to speaker [17,24]. This is why people



modeled the code-switching characteristics by clustering the speakers with sipatar behav-
ior [45]. The distinct natures and issues of these different tasks mentioned ab(%é @ake
it difficult to compare the works reported for different tasks directly. For e)‘%élﬁﬁlel one
of the key issues in this thesis is the imbalanced data distribution (only 15% data are in
English) for course lectures in Taiwan [17,24], which may not be serious for the tasks in
Malaysia (37% data are in English) [32,42].

Recently, the deep neural networks (DNN) were shown to be able to improve speech
recognition performance significantly [25,26,30,46,47]. For multilingual speech process-
ing, various approaches using deep neural networks were also proposed [25,26,30,34],
including parameter sharing among different languages [25,30] and rapid adaptation be-
tween languages [26]. The most popular form of deep neural network application in
acoustic modeling is the context-dependent DNN-HMM (CD-DNN-HMM) [46], in which
each context-dependent HMM state is modeled by a node of the output layer of the deep
neural networks. In addition, bottleneck features from the deep neural network were also
used in HMM/GMM (referred to as BE-HMM/GMM here) [48]. In this thesis, both CD-
DNN-HMM and BF-HMM/GMM are considered and tested.

Although some of the above problems have been individually analyzed previously in
some way in different tasks, in this thesis, we propose an integrated framework for tran-
scribing highly imbalanced bilingual code-switched speech for a real-world application
scenario (course lectures collected in Taiwan). The approaches used in this framework
include cross-language acoustic modeling and frame-level language posterior estimation.
For cross-language acoustic modeling, we propose unit merging and recovery on three

different levels (models, states and Gaussians) [17,31,33], in which both unit similarity



and training data availability are considered to take care of the imbalanced data distri-
bution. We further propose the unit recovery techniques in addition for jmprc%ing the
performance. Moreover, we propose approaches to consider the data availabiliiy Based.on
the accumulated occupancy of HMM states to realize data sharing both across language
and within the same language. For estimation of the frame-level language posteriors, we
utilized a neural network with specially designed blurred posteriorgram features (BPFs),
and the estimated posteriors are used in decoding [36-39]. Also, we extend these ap-
proaches for HMMs to the deep neural networks, which is very popular recently, in both
forms of direct HMM state modeling and bottleneck feature extraction for code-switched
speech recognition. In summary, in this thesis we present an integrated framework for the
task of bilingual code-switching speech recognition putting together different approaches
with various considerations and report complete experimental results under unified con-
ditions for a real-world application scenario. In the experiments, both cases of speaker

dependent (SD) with sufficient training data and speaker adapted (SA) with very limited

adaptation data are considered.

1.2 Baseline System

A bilingual speech recognition system can be built by simply extending each component
of a conventional speech recognition system from monolingual to bilingual [17,31,32], as
shown in Figure 1.1 . For acoustic modeling, all phonemes of the two languages involved
can be combined to form a phoneme set used for acoustic model construction, even though
similar phonemes belonging to different languages may be in the phoneme set at the

same time. For example, the phoneme set for the bilingual Mandarin-English speech
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Figure 1.1: Baseline System by Extending Acoustic Models, Language Model and

Lexicon for Recognizing Bilingual Code-switched Speech.

considered here can simply include all Mandarin phonemes plus all English phonemes.
Similarly, the lexicon can be built by including all words needed for the two languages
labeled with phoneme sequences in corresponding languages. As for language model,
n-gram probabilities based on the bilingual lexicon should cover both inter-lingual and
intra-lingual combinations. Such a system is certainly capable of recognizing bilingual

speech. We will take such a system as the baseline.

1.3 Overview of the Proposed Framework for Bilingual

Speech Recognition

Of course, the baseline system mentioned above does not take the distinct nature of the
code-switched bilingual speech as mentioned above into consideration. Here we pro-

posed an integrated framework for such a purpose, with an overall system block diagram
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Figure 1.2: Proposed Framework for Recognizing Highly Imbalanced Bilingual

Code-switched Speech.

as shown in Figure 1.2. The bilingual lexicon and language model are exactly the same as
the baseline mentioned above in Figure 1.1. The acoustic models are improved by the unit
merging (Section 3.1) and recovery (Section 3.2) based on unit distance calculation (Sec-
tion 3.3) and unit occupancy ranking (Section 3.4) proposed in this thesis. In addition, an
extra frame-level language posterior estimation (Chapter 5) based on specially designed
features referred to as blurred posteriorgram features (BPFs) (Section 5.3) is included.
The language posteriors estimated in this way is used in the Viterbi decoding. The con-
ventional acoustic features (MFCC) for recognition are also extracted in addition to the
BPFs. Because each speech segment may belong to either language, the acoustic models,
word hypotheses and n-gram language models for both languages and the switching be-

tween them should all be considered in the Viterbi search. The system finally generates



the output code-switched word sequences.

2\

1.4 Chapter Outline

The rest of this thesis is organized as follows. In Chapter 2, the characteristics of the tar-
get corpora and baseline experimental setup with results are described. Details of the
proposed HMM-based cross-lingual acoustic modeling, including acoustic unit merg-
ing (Section 3.1) and recovery (Section 3.2), distance calculation on various levels for
unit merging (Section 3.3), and unit ranking based on accumulated occupancy of HMM
states (Section 3.4) are described in Chapter 3. Experimental results for those HMM-
based cross-lingual acoustic modeling approaches are presented in Chapter 4. The frame-
level language posterior estimation and experimental results are described in Chapter 5.
Apart from the proposed HMM-based approaches above, the proposed DNN-based cross-
lingual acoustic modeling and experimental results are presented in Chapter 6. Finally,

concluding remarks are described in Chapter 7.



Chapter 2  Target Corpora and Baseline

Experimental Results

2.1 Target Code-switched Bilingual Corpora

Although the second category of code-switching considered here is very common, the
work reported for the acoustic modeling for it is very limited, and it is not easy to find
corresponding data set either. Almost all works reported previously use data sets indi-
vidually collected for specific tasks and therefore these data sets are primarily propri-
etary [16,17,26,28,32,43]. Also, because of the different nature of the tasks reported
previously as mentioned above, the data sets used for these tasks may not be used jointly
in a specific work due to the diversity of the characteristics of the data sets. Here we also
collected the specific corpora for the purpose of this work.

The corpora used for this work were the recorded lectures of three courses offered
in National Taiwan University in spontaneous speech with highly imbalanced Mandarin-
English code-switching characteristics (Mandarin as host and English as guest languages)
as mentioned above. In these corpora, most English words appeared to be domain-specific
terminologies related to the content of the course. Therefore good accuracies for the
English words are important.

Courses 1 and 2 were offered by the same instructor, but with completely different
contents (therefore different vocabulary and n-grams), while course 3 had contents similar
to course 1, but was offered by another instructor. The recording acoustic environments

for all the three courses including the microphones and the classrooms were different.
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Table 2.1: Details for the Target Corpora.

|
11

=]

Course 1 Course 2 Course 3 \ [
Training Set (hr) 9.10 8.53 8.81
Adaptation Set (min) 30.27 28.59 31.25
Development Set (min) 126.81 129.62 132.78
Testing Set (min) 133.77 131.53 124.94
Mandarin / English (%) 84.8/15.2 80.5/19.5 83.3/16.7

So, we primarily treat the courses as three sets of separated recordings and evaluate the
proposed methods on them separately. Although the results for two speakers only here
seem to be very limited, considering the fact that code-switching behavior is very speaker
dependent and the English words were all produced by non-native speakers with accent
which varies from speaker to speaker, the results here may serve as good reference for the
problem. Of course the results here may not be directly generalized to all speakers for
each scenario as mentioned previously. Considering the difficulty of finding data sets for
code-switching research, this is currently the best we can get.

The detailed statistics of the corpora are listed in Table 2.1. We see the percentage of
English (guest language) for the bilingual corpora is only 15-19%, or roughly 1.5 hours

in training and 5 minutes in adaptation data.

2.2 Experimental Environment Setup

The target corpora used for evaluation are already mentioned in the previous section and
listed in Table 2.1. For the speaker adaptation scenario, the initial speaker independent
(SI) models were trained from two different corpora for the two languages. The Mandarin

SI models were trained with the ASTMIC corpus of read speech in Mandarin only with

11



a total length of 31.8 hours. The English models were trained with the EATMIC éorpus

[49], which was also a read speech corpus in English only but produced bX Tt hinese
M ‘
18

speakers with a total length of 29.7 hours. Note that the test set mentionctedbove: in
Section 2.1 was spontaneous in lecture form, while the SI models were trained with read
speech here.

The bilingual lexicon used here included English words, Chinese words and all com-
monly used Chinese characters taken as mono-character Chinese words. Since the words
used in the lecture corpora were restricted to a very specific domain of the course, for the
guest language of English only a small portion of the normal English vocabulary actu-
ally appeared in the corpora. As a result, target-domain related corpora including word
frequency counts were used in the selection of the English words in construction of the
bilingual lexicon, with some manually picked special terms for the target-domain added
to the English part. Extra Chinese words were also generated by segmenting a large Chi-
nese text corpus using PAT-Tree based approaches [31]. There were about 11000 Chinese
words and 2500 English words in the lexicon. All words in the development set and test-
ing set were covered in the lexicon. So there were no out-of-vocabulary (OOV) words in
the experiments reported here.

For language modeling, the background model is trained with a combined corpus
including Gigaword, Yahoo! News plus some target-domain related corpora such as mas-
ter thesis in related domains. We used Kneser-Ney trigram language model started with
this background model and then adapted with the transcriptions of the training set for the
target lectures here. The total numbers of trigrams for courses 1, 2 and 3 were about 65k,

55k and 65k respectively.

12



The feature extraction and model training processes followed the standard apprbaches,

with the 39 MFCC parameters as features and triphone models with state-clistering by
M ‘
18

decision trees obtained in Maximum likelihood (MLE) model training [50}: ‘Eor e)iperié
ments regarding deep neural networks as mentioned in Chapter 6, only results from course
1 and 2 in the speaker dependent (SD) scenario are reported due to the limited computa-
tional resources. The 39 MFCC parameters were concatenated in consecutive 9 frames
as features for CD-DNN-HMM. The number of HMM states for HMM/GMM baseline
were 2845 and 3172 for courses 1 and 2, respectively. There were 4 hidden layers in each
deep neural network, with 2048 nodes in each hidden layer. For bottleneck features of
the deep neural networks, the feature dimension was reduced from 2048 to 40 by linear
discriminative analysis (LDA).

The way the recognition performance was evaluated followed the earlier work [17,
31,35] and was very similar to the mixed error rate (MER) used for multilingual speech
recognition evaluation later on [26,32]. That is, when aligning recognition results with
the reference transcriptions, insertions, deletions and substitutions were evaluated respec-
tively for each language and summed up for overall evaluation. The basic unit for align-
ment and calculation is character for Mandarin and word for English. Individual perfor-
mance for both Mandarin and English is reported. Since English words are very often
the key terms in the code-switched lecture considered here, the accuracy for English part
alone is a focus.

In addition to recognition accuracy, significance tests were also performed over the
overall results (Considering Mandarin and English jointly) for the proposed approaches

as compared to the respective baselines. For example, those with unit merging compared
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Table 2.2: Baseline Results (Accuracies) (%).

Course 1 Course 2 Couir e |
Mandarin| English | Overall |Mandarin| English | Overall Mandarin Er;g"’tishi OI/‘er;IA
(1) Speaker Independent (SI') | 39.09 34.63 | 38.76 25.47 28.10 | 25.67 60.09 42.68 | .58.74
(2) Speaker Adapted ( SA) 75.75 51.95 | 73.96 70.71 63.28 | 70.15 77.21 52.83 | 75.32

(3) Speaker Dependent (SD ) 83.62 61.87 | 81.99 75.62 71.63 | 75.32 82.87 62.58 | 81.30

Acoustic Models

to without unit merging and those with unit recovery compared to without unit recovery.
Pair-wise accuracy comparison was used for the p-value test. Results with significant im-
provements, i.e., those with p-values less than 0.05, are labeled with a superscript symbol
”+” in the results below.

The parameters of proposed approaches were set by obtaining the best performance
on the development set in Table 2.1 with grid search. These parameters were then applied

to the testing set for experimental results.

2.3 Baseline Results

The recognition accuracies for the baseline system for different sets of acoustic models
are listed in Table 2.2. Row 1 are the results for the initial SI models without adaptation
data. Both Mandarin and English accuracies were very poor here obviously due to the
mismatch between the read speech of SI training corpora and the spontaneous speech
of the target lecture corpora. In addition, the English accuracies were especially poor
compared to Mandarin (except for course 2), possibly because of the imbalanced prior
distribution in the language model. The language model was adapted with the training

transcriptions, in which the frequencies of Chinese words were much higher than those of

14



Table 2.3: Baseline Results with Different Corpus Used for Building English SI Models

(Accuracies) (%). \ ‘

Course 1 Course 2 Course 3

SI Corpora Combination
Mandarin| English Overall |Mandarin| English Overall |Mandarin| English Overall

(1) SI (ASTMIC + WSJ1) 52.87 | -5.77 | 48.47 | 37.24 |-10.72 | 33.55 | 52.48 | -3.55 | 48.14
(2) SI (ASTMIC + TWNAESOP) | 53.91 | 0.39 | 49.73 | 41.28 | -1.55 | 37.96 | 54.37 | -0.85 | 50.10

English words. Therefore English words were more likely to be incorrectly recognized.
Row 2 are the results for applying the standard speaker adaptation (SA) cascading MLLR
[51] and MAP [52], serving as the baseline of speaker adaptation scenario below. Row 3
are for speaker dependent (SD) models trained with all the training data as listed in Table
2.1 and described in Section 2.1, serving as the baseline for speaker dependent scenario
below.

From Table 2.2, it is clear that the recognition accuracies for Mandarin can be sig-
nificantly improved when the acoustic models were estimated by the target corpora (rows
2,3 vs. 1). Similarly for English, but the achievable English accuracies were much lower
than Mandarin, obviously because the English data in the target corpora were much less.
But for speaker independent models trained with Mandarin and English corpora with very
similar size (row 1), the performance difference was much smaller. This is the data im-
balance issue mentioned in this thesis.

In Table 2.2, the accuracies for SI models (row 1) are quite low. One may wonder the
English SI training corpus used here was specially mismatched with the target corpus. But
there exists plenty of native speaker English data with Wall Street Journal (WSJ) as one
example. To investigate whether other native or non-native English corpora were helpful,

we used different English corpora together with the Mandarin corpus ASTMIC to build
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the SI models. The results are in Table 2.3, as compared to the SI models in row! of Table

2.2. Row 1 of Table 2.3 is for WSJ1 [53], which is in read speech and produced %ﬁative
speakers. Row 2 is for TWNAESOP [54], which is also in read speech but Sfodﬁcéd by
Taiwanese speakers.

We can see from Table 2.3 that for both WSJ1 and TWNAESOP, the English ac-
curacies were very poor. The mismatch between these corpora and the English part of
the target corpora was so serious that English acoustic models seemed irrelevant in the
decoding process. As shown in the results for WSJ1 (row 1), it is clear that the significant
difference between native and non-native English speech made the WSJ1 English corpora
almost not helpful at all here. This implied adopting large amount of available English
data produced by native speakers may not be a solution for this task. On the other hand,
TWNAESOP was produced by Taiwanese speakers (row 2), but also highly mismatched
to the target corpus here. In other words, the characteristics for speech produced by non-
native speakers may vary in a very wide range and can be highly mismatched to the test
speakers also. In comparison, EATMIC (the English data used in row 1 of Table 2.2)
is better matched to the task considered here, so we use it as the baseline for compari-
son below. For training the speaker independent (SI) models in row 1 of Table 2.2 to be
used in the following experiments, EATMIC containing data produced by about 400 non-
native English speakers was used for training the English part. With the wide variation of
characteristics in speech of non-native speakers, the SI models still gave performance for
English comparable to that for Mandarin (e.g. 34.63% vs. 39.09% for course 1 in row 1

of Table 2.2).

In addition to directly combining the Mandarin and English corpora for SI model
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Table 2.4: Results of MAP Adaptation Started with the Best Set of SE Models using

Different Percentages of a Large Corpus of Native English Data (WSJ/)4, |
(!

Course 1 Course 2 Course 3

SI Corpora Combination
Mandarin|English|Overall|Mandarin|English[Overall[Mandarin|English|Overall

(1) SI (ASTMIC + EATMIC) 39.09 |34.63|38.76| 25.47 |28.10 (2567 | 60.09 |42.68 |58.78
(2) SI (ASTMIC + EATMIC) + ADP(WSJ, 25%) 47.46 | 10.13 | 4466 | 33.42 | -3.12 | 30.68 | 58.82 8.92 | 55.08
(3) SI (ASTMIC + EATMIC) + ADP(WSJ, 50%) 50.83 0.35 | 47.04| 36.05 |-5.73 |3292| 57.03 5.19 [ 53.14
(4) SI (ASTMIC + EATMIC) + ADP(WSJ, 75%) 51.97 -1.19 | 4798 | 37.18 | -5.39 [ 33.99  56.95 4.88 | 53.04
(5) SI (ASTMIC + EATMIC) + ADP(WSJ, 100%)| 52.34 | -1.83 | 48.28 | 37.84 | -5.18 | 34.61 | 57.12 5.02 [ 53.21

training, it is certainly possible to start with the best set of SI models trained with na-
tive Mandarin data and non-native English data (EATMIC) as in row 1 of Table 2.2 and
then adapt the models with native English data (WSJ1) to take the advantage of the large
quantity of the native data, for example using the well-known MAP adaptation [52]. The
results are listed in Table 2.4. In Table 2.4, row 1 are the results of the best set of SI
models, directly copied from row 1 in Table 2.2, and rows 2-5 are results with MAP adap-
tation [52] with different percentages of WSJ1 started with those in row 1. We see that in
row 2, the accuracies for English part is seriously degraded with 25% of WSJ1 data (about
17 hours long) used. Note that in the adaptation only those triphones with English central
phonemes were updated while those triphones with Mandarin central phonemes remained
unchanged. Because the English triphones became much worse, many Mandarin words
previously incorrectly recognized as English words were now correctly taken as Mandarin
words. This is why the Mandarin accuracy for course 1 and 2 was improved, although
Mandarin triphones remained unchanged. This trend continued or remained similar with
more native English data used (50%, 75%, 100% as in rows 3-5), with results more or

less saturated to values close to row 1 of Table 2.3, or the whole WSJ1 used to generate
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Chapter 3 HMM-based Cross-lingual

Acoustic Modeling |
A major problem considered here is the lack of guest language (English) data, the highly
imbalanced data distribution, and the fact that the huge quantity of available English data
produced by native speakers may not be helpful [1,41]. However, there are much more
host language (Mandarin) data and there exist many similar acoustic signal segments be-
tween the two languages. Therefore, it is a good idea to try to merge the English units
with some similar Mandarin units by putting together the training data for the correspond-
ing similar units and jointly train the corresponding models for both languages. Note that
although many Mandarin phonemes sound very different from English phonemes, lower
level units (e.g. HMM states or Gaussians) of the two languages may be much more sim-
ilar than on the phoneme level. This is why merging on lower level units makes sense.
Such unit merging [12—-19] approaches have been widely used previously and offered
good performance improvements. Unit merging considered here can be performed on
three levels of HMM models: triphone model level, HMM state level and Gaussian mix-
ture level. The similarity between units can be found by defining proper distance measures
on each level.

The concept of unit merging and recovery is illustrated in Figure 3.1, in which unit
merging is applied to enhance the English models. However, when merging English units
with Mandarin units, for English units the merged models obtained in this way are closer

to the corresponding Mandarin units since the latter dominates the data, while for Man-

darin units the model purity is actually degraded because of the disturbance by the English
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Figure 3.1: The Concept of Unit Merging and Recovery.

data. So here we propose in addition the extra process of unit recovery after unit merg-
ing, in which the merged units are recovered to each individual language and re-estimated
again, so as to reconstruct the identity of the units in the two languages. In addition, we
noticed that for both Mandarin and English the quantities of data are quite different for
different units. Some units with high frequency have much more data than units with low
frequency, regardless of to which language these units belong. We therefore propose to
divide the units into weak units (with insufficient data) and strong units (with sufficient
data) based on the accumulated occupancy of the HMM states regardless of the language,
so weak units can be merged and recovered with strong units regardless of whether they
belong to the same or different languages. In this way, data sharing becomes possible
both across languages and within each language.

The overall block diagram of the proposed unit merging and recovery is illustrated
in Figure 3.2. We begin with a set of full state-tied triphone models trained with the
complete bilingual training data and based on the complete bilingual phoneme set. This
is in fact the acoustic models used in the baseline system as described in the beginning

of Chapter 1, and is referred to as “Acoustic Models (Full)” as shown in the block (A) of
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Figure 3.2: Complete Processes of Acoustic Unit Merging and Recovery.

Figure 3.2. Here those parts in the figure indicated by “CH” and “EN” represent those
triphone models with central phonemes in Mandarin and English, respectively, although
phonemes of different languages can appear in the context of the central phoneme on
both sides. All acoustic units (model, state or Gaussian) are then collectively divided
into weak units and strong units through the unit classification block. A straightforward
approach is that all units for guest language or English are weak, while all units for host
language or Mandarin are strong, although better principles for classifying the units based
on accumulated occupancy for HMM states, referred to as unit occupancy ranking, will
be presented later in this chapter.

With the lists of weak units and strong units, distance calculation is performed be-
tween each weak unit and all strong units on all levels (model, state and Gaussian). The
details of this distance calculation on different levels are explained in the next section.

The calculated distances give the mapping table, which tells the closest strong unit with
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Figure 3.3: Acoustic Model Structure (a) Before and (b) After Unit Merging on State and

Gaussian Levels.

minimum distance for each weak unit, or the strong unit each weak unit should be merged
with. This can be a many-to-one relationship, because several weak units may be merged
with the same strong unit. The rest of Figure 3.2 can be divided into two processes, unit

merging and unit recovery, both of which will be explained below.
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3.1 Unit Merging

The unit merging process first produces a set of “shared units”, as shown 1ﬁ b?mk B)
and labeled as “Acoustic Models (Merged 1)” in Figure 3.2, in which the “shared units”
are those produced when each weak unit is merged with the corresponding strong unit of
minimum distance. Note that although Mandarin speech and English speech sound quite
different, some Mandarin phonemes sound similar to and have similar acoustic character-
istics to some English phonemes. In addition, the similarity between units can be higher
on lower levels (HMM states and Gaussians). This is why we tried to merge acoustic units
on the phoneme level and lower as well.

The parameters for all “shared units” in ”Acoustic Models (Merged 1)” are then re-
estimated using the corresponding shared training data in the re-estimation process. All
re-estimation processes mentioned here is direct re-training with maximum likelihood
estimation in speaker dependent case, and a cascade of MLLR [51] and MAP [52] in
speaker adaptation case. This gives the set of acoustic models in the block (C) labeled
as ”Acoustic Models (Merge 2)” in Figure 3.2. The results of this merging process on
HMM state and Gaussian level are shown in Figure 3.3. Figure 3.3(a) illustrates the units
for Mandarin and English in ”Acoustic Models (Full)” of block (A), while Figure 3.3(b)
for ”Acoustic Models (Merged 2)” of block (C) with a set of shared units (states and
Gaussians). Here a triphone model for Mandarin/English refers to one with the central
phoneme belonging to Mandarin/English, although the phonemes in the context of both
sides can belong to any language. In Figure 3.3(a), no cross-lingual sharing is allowed,
which gives relatively poor modeling for weak or guest language units due to the data

imbalance problem. In Figure 3.3(b), after merging, some similar units for Mandarin and
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English are merged to form cross-lingual shared units. Note that here shared Gaussians

are linked to and used by higher level units (states and models), and arg estimated by
M ‘
18

training data with both Mandarin and English labels. Similarly shared states aredinked to

models for both languages.

3.2 Unit Recovery

The unit recovery process then follows the unit merging process in Figure 3.2. Although
the above unit merging process reduces the impact of insufficient data, the merged units
tend to be closer to the strong units (or those for the host language) than the weak units
(or those for the guest language), because the former dominates the data. The strong units
are also disturbed by the data of weak units, assuming these units are not exactly the
same. This limits the achievable likelihood for the corresponding signal segments given
the merged units, especially for the weak or English units.

The solution for this problem proposed here is to first reconstruct the merged units
for both languages, by copying all parameters from the merged units, and then applying
an additional run of parameter re-estimation using the corresponding training data for
each respective language. This is illustrated in Figure 3.2, where the unit reconstruction
gives the set of ”Acoustic Models (Recovered 1)” in block (D) which does not include the
”shared units” any longer. The parameter re-estimation then gives the final set of ”Acous-
tic Models (Recovered 2)” in block (E). In the last re-estimation process, parameters of all
units for both languages can be estimated toward their own maximum likelihood based on
their own labeled data. This last parameter re-estimation gives better models, because the

data insufficiency problem is properly taken care of by unit merging (so this last param-
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eter re-estimation is better initialized), and the identity of each individual tnitis fusther

recovered afterwards. i = |
[l MW

|
3.3 Distance Calculation Between Acoustic Units on Dif-

ferent Levels

In the unit merging and recovery process shown in Figure 3.2, we need to find the closest
strong unit with minimum distance for each weak unit, so they can be first merged and
then recovered. Such a unit mapping table is based on the distance calculation between
two units on all levels, model, state and Gaussian. This problem has been analyzed with
good approaches proposed previously [12-15,15-19]. They are briefly summarized in
this chapter for completeness purposes.

Knowledge-based approaches such as those based on IPA [55] and SAMPA [56]
have been very useful in finding the similarities or distances between higher level units
such as phonemes. These approaches are independent of data available or the models
used. But the results obtained are not quantitative. For example, the phoneme /a/ in
Mandarin is close to /AA/ in English, and the phoneme /b/ in Mandarin is close to /B/ in
English. But it is difficult to decide which of the above two pairs have a smaller distance.
In addition, distances between lower level units such as HMM states or Gaussians are
difficult to estimate with human perception alone.

On the other hand, data-driven approaches for distance calculation rely much more
on the available data, but can be used with different models, different speakers and differ-

ent languages. The major problems of data-driven approaches are the distances obtained
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become unreliable when available data is insufficient.

For better estimate of inter-lingual unit distances, it has been proposed)| | ‘2( 930 33]
TR

that data-driven methods used with knowledge-based high level constraints'is 3 good £om-
promise to integrate the above two approaches. In other words, distances calculated in
data-driven ways but only within the same acoustic class defined by linguistic knowledge
have been shown to be useful and reliable. We follow this direction in this thesis. Both
Mandarin and English phoneme sets are divided into 4 classes based on the IPA nota-
tions, i.e. the plosives, affricates, voiced consonants and vowels, and data-driven distance
between units are calculated only within the same class.

In addition, quite several different data driven approaches have been reported previ-
ously to evaluate the distance between HMM models, states and Gaussians [12,13,16,17,
32,33], some are more precise and require much more computation resources and some
are relatively simple. It has been shown that for the purposes here some of the more pre-
cise approaches did not necessarily offer significantly different results than the relatively
simple ones [16,17]. Similar situations were also observed in the preliminary experiments
performed in this work, which is why we choose to use relatively simple data-driven ap-

proaches to evaluate the distances as summarized below.

3.3.1 Model Level Distance

Phoneme is the minimum unit of sound in a language perceivable by human, while tri-
phone is a better model for phonemes trainable by machines. This is why triphone model
merging makes sense [11,12,17,28,32]. Because the training data may be insufficient for

many triphones, model-based calculation of similarity is preferred here. Moreover, the
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Figure 3.4: Distance Calculation between Triphone Models m o and m g Based on State

Alignment.

length of the signal segments corresponding to each triphone can be very different and so
are those of each HMM state within each triphone. Here we tried to align the HMM states
of two triphone models so we can evaluate the similarity between them by considering the
overlapping of HMM states. Here a model-based distance between two triphone models
is defined. First, for each triphone model, an expected state duration Dur(S;) in num-
ber of frames is estimated for each state .S; directly using transition probabilities without

considering observation sequences,

Dur(s;) = ;n[(am)"laiﬂl] = ucﬁﬁ, (3.1)

where a; ; is the transition probability from state S; to state S; and [(a;;)" ;1]
is the probability that state .S; lasts for n frames, assuming a;; + a;,+1 = 1.0, or the
probability for transiting from S; to states other than S; and S;;; is negligible. This

expected duration is then further normalized such that the total duration for each triphone

model is always 1.0,

Dur(S;)

DU’I“n(SZ) = m,

(3.2)
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where the denominator is the summation over all states in the triphoné modetnThis
normalized duration can then be used in aligning two triphone models below.‘ ‘ fi- “

Figure 3.4 is an example demonstrating the alignment for distance eve‘;ﬂuatio‘n be-
tween two triphone models m4 and mpg, each with three states 2, 3 and 4 (assuming
states 1 and 5 are entry and exit states). In Figure 3.4, both triphones m 4 and mp have a
normalized duration of 1.0, and 7;; represents the duration percentage for the overlapped
portion for state ¢ of triphone m 4 with state j of triphone m g, and is used as the weight for
the distance between the corresponding states. When evaluating the distance between two
states, every state is modeled by a single Gaussian, and the distance between two states is

defined as the symmetrical KL divergence between the two Gaussians [16,17,21,31]. So

the distance Dy (m 4, mp) between two triphone models m 4 and mp is estimated as,

Dy(ma,mp) = Z Z T;;Dk1(G;, Gj), (3.3)

1EM A jemB

where D, (G;, G;) is the symmetrical KL divergence between the single Gaussians
representing the states S;, S; in models m4 and mp. Note that the distances estimated
here in (3.3) are certainly not very accurate, but simply serving as an easy reference to be
used here. It is well known that the duration estimation by transition probabilities is not
very good as in (3.1). Modeling each state with a single Gaussian is not very good either

as in (3.3).

3.3.2 State Level Distance

There are certainly limitations in merging triphone models. English and Mandarin are

quite different in acoustic nature with quite different phoneme sets. So forced merging

28



of distinct triphone models may not be very smooth. On the other hand; LM M states

represent sequential components of phonemes, with statistically steady distribagion for
"IJ | ‘
TR

acoustically similar feature vectors, usually considered corresponding to a Ceutain Stagé
of vocal tract activities. HMM states cannot be perceived by human, but can be well
identified by machine. Although speech production can be very different for many dif-
ferent languages, it is always limited by the physical structure and movement of human
vocal tract, which is to a certain degree reasonably represented by the HMM states. So
HMM states may be a better unit universal across all languages. This is why states have
been used in unit merging [15-17,31,33,57,58], in which the distance between two states
is simply the symmetrical KL divergence [17,57], with each state modeled by a single

Gaussian,

Ds(S;, S;) = Dkr(Gi, Gy), (3.4)

where (; is the single Gaussian that models the state .S;. Although using a single
Gaussian to model each state seems not accurate enough, and there exist several ways
to estimate the KL Divergence between Gaussian mixture models [59,60], the compu-
tation time needed for these methods was much higher while no significant difference
was observed in preliminary experiments. Similar results were also reported earlier [16].
Therefore, in the state level distance calculation here, a single Gaussian is used to model
each state. In this way, for every weak (or English) state, a strong (or Mandarin) state

with minimum distance can be found.
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3.3.3 Gaussian Level Distance

]

Since Gaussian mixtures represent the fine structure of the HMM states, mergﬂr}g%ét‘ween
Gaussians is certainly possible [16,17]. The distance between two Gaussians ;. and G

is simple, using the symmetrical KL. divergence,

Dq(G;,G;) = Dk1(Gi, Gy), (3.5)

However, note that in this way two very similar Gaussians simply represent similar
local statistical distributions within the feature space which is jointly modeled by many
Gaussians. Though the physical interpretation with respect to speech feature distribution
is weaker for Gaussians than states or models, Gaussian-level unit merging can be helpful

due to the fine structure it represents.

3.4 Unit Occupancy Ranking for Unit Classification

In Figure 3.2, unit classification is first performed to divide the acoustic units into weak
(with insufficient data) and strong (with sufficient data) units, and then for each weak unit
we find a strong unit with minimum distance to merge with it. In the previous sections 3.1
and 3.3, we simply assume the English units are weak and Mandarin units are strong, but
this is not necessarily true, because in each language there are high frequency units and
low frequency units. In other words, actually some units of the guest language (English)
may have sufficient training data, while some of the host language (Mandarin) may not.
This will be verified later on using the methods for evaluating the data sufficiency intro-

duced below. Therefore, taking the distribution of actually available training data into
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consideration in the unit merging procedure is essential.

In the standard training procedure of HMMs, the accumulated oceupancyof each
m |
18

state with respect to the training data can be obtained when running the forward-backward

algorithm with the training data and the given model configuration as below.

Oce(5) = 303" SO () 1) (.6)

T
=1 T

r t
where S; is a state, P, is the posterior probability of utterance r given the observation
sequence o1 ...o7, and the corresponding label, o (¢) and 3] (¢) are respectively the forward
and backward probabilities for state S; at time ¢ , and b} (o;) is the likelihood for the
observation o, given the state .S;, all for utterance r. Here we utilize the above accumulated
occupancies for states as a good indicator for the availability of training data for the states,
since they are positively related to the quantity of the available training data for the states
[21,50,58].

When training the “Acoustic Model (Full)” of block (A) in Figure 3.2 with forward-
backward algorithm using all the available training data, a list of accumulated occupan-
cies for each state in the models is obtained. This list is sorted according to the values
of accumulated occupancies from low to high. By defining a threshold, all state with ac-
cumulated occupancy below the threshold can be defined as “weak states”, while those
above the threshold as ”strong states”. For the Gaussian level of units considered in this
thesis, the accumulated occupancies for each Gaussian can be estimated using the Gaus-

sian weights in the GMM structure,

OCC(GZ'J') = wijOcc(Si), (37)
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where S; is a state, Occ(S;) the accumulated occupancy for state S; givendhe fraining

corpus as in (3.6), G;; the jth Gaussian in S; and w;; the weight for GG;;: In thiéiﬁziy, all

“ M
|| <5

Gaussians used in either the host or the guest languages can also be sorted accofding
to this accumulated occupancy to produce a sorted list to define the weak and strong
Gaussians.

For the model level, a model is composed of several tied states each with different
accumulated occupancies, therefore the available data for training a model is difficult to
define. So the unit classification into weak and strong units based on occupancy can
be performed on state and Gaussian levels only, but not the model level. Each triphone
model is classified as weak or strong simply according to the language its central phoneme
belongs to.

In this way, the mapping relationship is no longer limited to cross-lingual manner
for state and Gaussian level. With the occupancy ranking for unit classification, not all
weak units are for English and not all strong ones are for Mandarin. Mandarin states and
Gaussians with accumulated occupancy lower than the threshold may be merged with
either Mandarin or English states and Gaussians depending on the calculated distances.
Some weak English states or Gaussians hardly finding similar units in Mandarin may
also benefit from being merged with similar English units with sufficient data, rather than
being forced to be merged with Mandarin units, etc.

Note that in training triphone models for a monolingual task, the state-clustering
technique with decision trees [50] has been widely used, which is also capable of han-
dling data sufficiency issue to a good extent. It is possible to adjust the threshold for

the state-clustering technique to ensure enough training data for each state, although the
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threshold adjustment for each individual node in the decision tree can/be’very cbmpli-
cated. However, in these cases, separated decision trees are constructed for eacﬁ%ﬁdivid-
ual state for each individual central phoneme. Therefore, no data sharing is all‘;dwed éithef
across different central phonemes or across different states for the same central phoneme
(e.g. the first state and the second state of the triphones with the same central phoneme
cannot share data because they are managed by different trees). With the unit merging and
recovery techniques proposed above, data sharing becomes possible across different trees
but have to be across different languages, i.e., an English unit (Gaussian, state or model)
can use Mandarin data for any state in any triphone with any central phoneme, as long
as they are close, but they have to be for Mandarin. In contrast, for the unit occupancy
ranking considered here, we note that in the bilingual scenario, some units (specially on
lower levels such as Gaussian or state) in one language may also be very close to some
other units within the same language, so it is reasonable to make sharing between them
possible too. With the additional unit occupancy ranking proposed here, we now allow
data sharing across all states for all central phonemes, either across languages or within
the same language. So an English unit can use data for any state in any triphone with

any central phoneme in both languages, as long as they are close. So the data-sharing

becomes much more flexible.

3.5 Unit Occupancy Analysis

To find out whether the above unit classification concept is really useful for real data, the
histogram for the accumulated occupancies on the Gaussian level for the training set of

course 1 listed in Table 2.1 (9.10 hours long) for the corresponding speaker dependent
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Figure 3.5: Histogram of Accumulated Occupancies for Mandarin and English

Gaussians with the Training Set of Course 1.

model are shown in Figure 3.5, where the horizontal axis is the accumulated occupancy
obtained as in (3.7) and the vertical axis represents the percentage of Gaussians with the
corresponding accumulated occupancy. It is clear from this figure that in general the
accumulated occupancies of the majority of Gaussians for English (guest language) are
lower and those for Mandarin (host language) are higher. But the accumulated occupan-
cies ranged widely for the Gaussians, there certainly exist good numbers of Mandarin
Gaussians with lower accumulated occupancies and English Gaussians with higher accu-
mulated occupancies. The results we have here are highly imbalanced due to the nature of
the bilingual code-switching speech and highly dependent on the data sets used. However,
for code-switching speech as considered here, these results verified that simply assuming
all English units are weak and all Mandarin units are strong, as was done previously [17],

may not be the best approach.
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Chapter 4 Experimental Results for
HMM-based Cross-lingual Acoustic Modefing

In this chapter, experimental results using the HMM-based approaches proposed in Chap-
ter 3 are reported and discussed. Results for unit merging (Section 3.1) are listed in
Section 4.1, those for unit recovery (Section 3.2) are in Section 4.2, those for unit classi-

fication with occupancy ranking (Section 3.4) are in Section 4.3, respectively.

4.1 Unit Merging on Different Levels (without Unit Re-

covery and Occupancy Ranking)

Experimental results in accuracies for different versions of acoustic models obtained with
unit merging only (without unit recovery and occupancy ranking, simply finding a Man-
darin unit for each English unit to merge with, labelled "MRG”) are listed in Table 4.1.
Rows 1-5 are for speaker adapted (SA) models while rows 6-11 are for speaker dependent
(SD) models. Rows 1 and 6, labeled as (Full, ADP)” and ”(Full)” are for the baseline
acoustic models directly copied from rows 2 and 3 of Table 2.2, used as baselines in the
significance tests. The results for the proposed acoustic unit merging approach on differ-
ent levels are respectively listed in rows 2 to 5 for SA case and rows 7 to 10 for SD case,
with merging on model level in rows 2, 3, 7 and 8 (rows 2 and 7 based on IPA as described
below), on state level in rows 4 and 9 and on Gaussian level in rows 5 and 10.

In order to compare the proposed approach with the knowledge-based model merg-

ing approach base on IPA table, we built such IPA-based merged models, with results
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Table 4.1: Results of Unit Merging (MRG) on Levels of Model, State’and®Gaussion

(Accuracies) (%). ‘

u

Course 1 Course 2 Course 3

Acoustic Models
Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value

(1) SA (Full, ADP) 75.75 | 51.95 | 73.96 - 70.71 | 63.28 | 70.15 - 77.21 | 52.83 | 75.32 -

(2) SA (MRG, Model-IPA) | 74.23 | 47.15 | 72.20 | 1.00 69.52 | 58.24 | 68.65 | 1.00 77.02 | 48.25 | 7479 | 1.00

(3) SA (MRG, Model) 75.82 | 52.81 | 74.09 | 0.094 | 70.80 | 64.66 | 70.34" | 0.032 | 77.26 | 52.87 | 75.37 | 0.18

(4) SA (MRG, State) 75.88 | 54.22 | 74.26" | 5.4e-3 | 70.89 | 66.84 | 70.59" | 7.6e-3 | 77.42 | 54.72 | 75.66"| 6.4e-3

(5) SA (MRG, Gaussian) 75.97 | 55.87 | 74.46" | 8.2e-4 | 70.92 | 67.53 | 70.67" | 1.7e-3 | 77.64 | 55.40 | 75.927| 5.5e-4

(6) SD (Full) 83.62 | 61.87 | 81.99 - 75.62 | 71.63 | 75.32 - 82.87 | 62.58 | 81.30 --

(7) SD (MRG, Model-IPA) | 83.90 | 61.38 | 82.21" | 0.007 | 75.60 | 72.88 | 75.39 | 0.098 | 83.15 | 62.91 | 81.58 | 0.02

(8) SD (MRG, Model) 83.71 | 63.04 | 82.16" | 0.018 | 75.66 | 71.83 | 75.37 | 0.127 | 83.02 | 62.75 | 81.45"| 0.03

(9) SD (MRG, State) 83.98 | 64.08 | 82.49" | 4.5e-5 | 75.70 | 73.70 | 75.55" | 6.2e-3 | 83.31 | 64.52 | 81.86"| 5.7e-5

(10) SD (MRG, Gaussian) | 84.25 | 69.00 | 83.11" |2.7e-13| 75.93 | 75.39 | 75.89" | 1.9e-4 | 83.81 | 68.15 | 82.60"|1.6e-14

(11) SD (Combination) 83.92 | 63.30 | 82.37° | 9.2e-4| 75.76 | 73.19 | 75.37 | 0.103 - - - -

listed in rows 2 and 7 (labeled as "MRG, Model-IPA”’). In this IPA-based model-level
merging, 28 English phonemes were directly merged with the corresponding Mandarin
phonemes having the same IPA symbols. In row 2 for SA case, we see no improvement
was brought by this knowledge-based method. Only very slight improvement can be ob-
served even for SD case as in row 7. A possible explanation is that phoneme similarities
vary significantly from speaker to speaker, therefore for the target speakers producing the
target corpora, the best unit mapping table is not necessarily the same as the one found by
IPA. Mandarin and English are quite different on the phoneme level too.

On the other hand, we can see that the accuracies (particularly for English) were
significantly improved by the proposed acoustic unit merging approach in all cases, except
for merging on model level for SA case for courses 1 and 3 (with p-values of 0.094 and
0.18 in row 3), and SD case for course 2 (with p-value of 0.127 in row 8).

In general, the Gaussian level merging (rows 5 and 10) was better than state level
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(rows 4 and 9), which is in turn better than model level (rows 2, 3, 7,:8)or fhe lewer
(and finer) level merging was better. In addition, note that the performance of I\ifandaun
part was not degraded while the performance of English part was improved ‘in éli c:ases;
Comparing the results for speaker adapted models with speaker dependent models (upper
to lower halves), the improvements for speaker dependent models were larger, although
their English data were less insufficient. This implies more data gives better unit mapping,
which is one of the advantages of the data-driven approaches.

In order to verify that the proposed approaches are better than directly adding the
data, we performed an extra experiment in SD case with models trained with the com-
bination of the training sets of the two courses 1 and 2. The results are listed in row 11
(labeled as ”Combination”). Since the speakers of the two training sets are the same as
mentioned in Chapter 2, the results are reasonably expected to be better than the speaker
dependent baseline in row 6. Compared with the best results obtained with the approaches
proposed here, unit merging on Gaussian level as in row 10, we see simply adding more
data did bring improvements, but much less than unit merging.

An additional concern here is that during the standard training process for the state-
tied acoustic models using decision trees, the splitting threshold can be adjusted to modify
the size of the acoustic models, based on which the data sharing among different units
can be properly managed. With higher thresholds, the total number of HMM states is
decreased and each HMM state is share by more triphone models, or more training data
are available for each state.

However, in such cases, separate decision trees are constructed for each individual

state for each individual central phoneme. Therefore, no data sharing is allowed either
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Table 4.2: Results for Unit Merging Compared with Models Trained witl ng‘elfe,ni
~L “‘

|

Splitting Thresholds. | T \

| T |

Acoustic Models Course 1 Course 2 Course 3

Mandarin| English | Overall |Mandarin| English | Overall |Mandarin| English | Overall
(1) SA (#States = 2500) 75.75 51.95 73.96 70.71 63.28 70.14 77.21 52.83 75.32
(2) SA (MRG, Gaussian) 75.97 55.87 74.46 70.92 67.53 70.66 77.64 55.40 75.92
(3) SA (#States = 3000) 75.81 51.45 73.98 70.63 62.11 69.98 77.81 52.18 75.83
(4) SA (#States = 2750) 75.77 51.77 73.97 70.85 63.84 70.31 77.43 52.43 75.49
(5) SA (#States = 2250) 75.31 52.31 73.58 70.57 64.34 70.09 76.94 52.16 75.02
(6) SA (#States = 2000) 74.92 52.59 73.24 70.62 62.89 70.03 76.71 51.88 74.79
(7) SA (#States = 1500) 73.68 51.34 72.00 69.15 61.42 68.56 76.43 51.34 74.49
(8) SD (#States = 2250) 83.62 61.87 81.99 75.62 71.63 75.31 82.87 62.58 81.30
(9) SD (MRG, Gaussian) 84.25 69.00 83.11 75.93 75.39 75.89 83.81 68.15 82.60
(10) SD (#States = 2500) 83.65 62.12 82.04 75.41 71.24 75.09 82.94 61.84 81.31
(11) SD (#States = 2000) 83.42 61.34 81.76 75.66 72.15 75.39 82.71 61.34 81.06
(12) SD (#States = 1500) 82.86 60.93 81.21 75.31 70.48 74.94 82.39 61.05 80.74

across different central phonemes or across different states for the same central phoneme,
since they are all managed by different trees. With the unit merging proposed here, an
English state (or its Gaussian) can share data with any Mandarin state (or its Gaussian)
for any central phoneme, as long as they are close. This makes data sharing much more
flexible. This was verified by an extra experiment in which the triphone models were
trained with different thresholds without unit merging, to be compared with those with
unit merging. The results are shown in Table 4.2.

In Table 4.2, rows 1-7 are for SA cases and rows 8-12 for SD cases. Rows 1 and 8
are directly copied from rows 1 and 6 of Table 4.1 without unit merging, serving as the
baselines here, except it was marked that 2500 states and 2250 states were used in rows 1
and 8 respectively when generating these results. Rows 2 and 9 are then the best results

with unit merging on Gaussian level, which are directly copied from rows 5 and 10 of
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Table 4.3: Monophone-level Mapping Relationship between Mandarin and*English for.

Model-level Merging in SD case and Course 1 with the Proposed Apprqaég (]
| |

i

English Phoneme Mandarin Phoneme
1 EN_N CH_n
2 EN_OW CH_o
3 EM_AH CH_@
4 EN_IY CH_
5 EN_S CH_s
6 EN_T CH_t
7 EN_F CH_f
8 EN_ER CH_@
9 EN_D CH_d
10 EN_JH CH_dz

Table 4.1 for comparison. Rows 3-7 and 10-12 are then results with different splitting
thresholds ending up with different number of states ranging between 1500 and 3000,
all without unit merging. We see that the accuracies varied with different thresholds for
different cases, some of which were better than 2500 states in row 1 or 2250 states in row
8. However, the improvements achievable by adjusting the threshold in rows 3-7, 10-12
are much less than that achievable with unit merging on Gaussian level in rows 2 and 9.
As discussed above, much more flexible data sharing is offered by unit merging across
the languages.

Table 4.3 is an example of monophone-level mapping table for speaker dependent
(SD) model-level merging obtained for course 1. Note that because the real model-level
merging was performed on triphones, so for each English phoneme in the left column
of Table 4.3, different context may lead to different Mandarin phonemes to be merged

with. So only the one with the highest count is shown on the right column of Table 4.3.
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Figure 4.1: English Word Accuracies for Unit Merging on Different Levels with Different

Percentages of Merged Units.

These mapping pairs are ranked according to the minimum cross-lingual distance, and
only the top 10 pairs are listed in Table 4.3. We can see that the mapping relationship
was reasonably consistent with the knowledge offered by the IPA table. However, we
noticed that the mapping relationship between English units and Mandarin units differed
for different speakers (e.g. course 3 vs. course 1). This implies a good amount of training
data for the target speaker is necessary for estimating the mapping table, which was about
30 minutes for SA cases and 9 hours for SD cases. Otherwise the mapping may not
be accurate enough and the performance may be poor. With the proposed approaches,
more detailed mapping relationship for triphones and on lower levels can be obtained in
a data-driven way.

In fact, because the mapping pairs are ranked according to the distance, we can
choose to merge only a given percentage of English units with the corresponding Man-

darin units, but not all. The English word accuracies obtained in this way for different
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percentages of English units merged on different levels under the speaker adaptatioﬁ (SA)
scenario for course 1 is shown in Figure 4.1, compared to the baseline results wifﬁﬁéut unit
merging. |

In Figure 4.1 for model level, we can see that the best performance was achieved
when 30% of English triphones were merged with Mandarin triphones. When this per-
centage exceeded 50%, the accuracies became worse than the baseline. This is reasonable
since Mandarin and English are quite different languages in nature, thus forced merging
of distinct triphones led to performance degradation.

For lower levels or finer units in Figure 4.1, state or Gaussian, the accuracies were
continuously improved with higher merging percentage. The results in Table 4.1 are

actually the best results obtained with a chosen percentage, i.e., 30% for model level in

rows 3, 8, 80% for state level in rows 4, 9, and 100% for Gaussian level in rows 5 and 10.

4.2 Unit Recovery on Different Levels (without Occupancy

Ranking)

The results with unit recovery process after the unit merging as shown in Figure 3.2 are
listed in Table 4.4 for SA (rows 1 to 7) and SD (rows 8 to 14).

Since there is another parameter re-estimation block in the unit recovery process, the
parameters of the models labeled as ”Acoustic Models (Recovered 2)” in block (E) of
Figure 3.2 actually had been re-estimated twice, one during unit merging and the other
during unit recovery. Therefore, the models obtained in Block (E) should be compared

with models with parameters also re-estimated twice. So a set of speaker adapted models
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Table 4.4: Results for Unit Merging (MRG) followed by Unit Recovery fRCV) on

Different Levels (Model, State, Gaussian) (Accuracies) (%)." |
|

!

Acoustic Models Course 1 Course 2 Course 3

Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value
(1) SA (Full, ADP*2) 76.04 | 52.83 | 74.30 - 71.09 | 64.21 | 70.57 -- 77.35 | 53.02 | 75.47 --
(2) SA (MRG+ADP, Model) 75.84 | 52.72 | 74.11 - 70.93 | 64.81 | 70.47 -- 77.32 | 52.68 | 75.41 --
(3) SA (MRG+RCV, Model) 76.03 | 53.07 | 74.31" | 2.4e-3 | 71.12 | 65.00 | 70.66" | 5.2e-3 | 77.41 | 52.35 [ 75.47 | 0.12
(4) SA (MRG+ADP, State) 76.05 | 54.36 | 74.42 -- 71.30 | 67.06 | 70.98 - 77.91 | 55.16 | 76.15 --
(5) SA (MRG+RCV, State) 76.32 | 56.28 | 74.827 | 1.2e-8 | 71.42 | 67.03 | 71.09" | 4.2e-2 | 78.12 | 57.13 | 76.50" | 3.6e-6
(6) SA (MRG+ADP, Gaussian) 76.22 | 56.02 | 74.70 - 71.28 | 67.04 | 70.96 -- 78.08 | 56.98 | 76.45 --
(7) SA (MRG+RCV, Gaussian) 76.65 | 57.11 | 75.18" | 9.5e-9 | 71.52 | 67.93 | 71.25" | 9.1e-4 | 78.40 | 57.95 | 76.82" | 6.7e-8
(8) SD (Full) 83.62 | 61.87 | 81.99 - 75.62 | 71.63 | 75.32 - 82.87 | 62.58 | 81.30 -
(9) SD (MRG+TRAIN, Model) 83.82 | 63.54 | 82.30 - 75.70 | 71.88 | 75.41 -- 83.07 | 62.38 | 81.47 --
(10) SD (MRG+RCV, Model) 84.05 | 64.21 | 82.56" | 2.5e-4 | 75.89 | 72.08 | 75.60" | 1.3e-3 | 83.53 | 63.14 | 81.95" | 7.1e-3
(11) SD (MRG+TRAIN, State) 84.21 | 65.12 | 82.78 - 75.81 | 74.28 | 75.70 -- 83.72 | 64.77 | 82.25 --
(12) SD (MRG+RCYV, State) 84.34 | 69.04 | 83.19" | 5.3e-8 | 76.11 | 76.95 | 76.17" | 7.2e-8 | 84.16 | 67.24 | 82.85" | 8.4e-6
(13) SD (MRG+TRAIN, Gaussian) | 84.33 | 69.73 | 83.23 -- 75.98 | 76.01 | 75.98 - 83.92 | 68.74 | 82.74 -
(14) SD (MRG+RCV, Gaussian) 84.38 | 71.94 | 83.45" | 2.9e-4 | 76.04 | 77.50 | 76.15" | 4.8e-3 | 84.07 | 70.13 | 82.99" | 1.2e-3

obtained with two repeated processes of MLLR followed by MAP was taken as the new
baseline in row 1 (labeled as "ADP*2”). Row 8 is the same as row 3 of Table 2.2. For
unit merging on different levels, after the models were obtained at the end of unit merging
process before recovery, labeled as ”Acoustic Models (Merged 2)” in block (C) of Figure
3.2, another run of parameter re-estimation was also performed in addition to produce the
second sets of baselines in rows 2, 4 and 6 (labeled as "MRG+ADP”) for SA case and
rows 9, 11, 13 (labeled as "MRG+TRAIN”) for SD case respectively on model, state and
Gaussian levels.

The results with unit recovery process performed after unit merging (models in block
(E) of Figure 3.2, labeled as "MRG+RCV”) are listed in rows 3, 5, 7 and rows 10, 12, 14
respectively for SA and SD cases, to be compared with those without recovery but with
an addition run of parameter re-estimation in rows 2, 4, 6 and rows 9, 11, 13 respectively.

Significant improvements can be observed when comparing with the respective baselines
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Table 4.5: Results When Occupancy Ranking (OCC) was used with Unit MeFging (MRG)

— LA
| == |
| =

and Recovery (RCV) on Gaussian Level Only (Accuracies) (%) | ‘ A

\
1
i

Course 1 Course 2 Course 3
Acoustic Models

Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value
(1) SA (MRG, Gaussian) 75.97 | 55.87 | 74.46 -- 70.92 | 67.53 | 70.67 -- 77.64 | 55.40 | 75.92
(2) SA (OCC+MRG, Gaussian) 76.02 | 56.33 | 74.54" | 0.038 | 70.99 | 67.81 |70.75 0.082‘ 77.82 | 55.67 | 76.11" | 0.019
(3) SA (MRG+RCV, Gaussian) 76.65 | 57.11 | 75.18 - 71.52 | 67.93 | 71.25 -- 78.40 | 57.95 | 76.82
(4) SA (OCC+MRG+RCV, Gaussian) | 76.72 | 58.06 | 75.32" | 0.025 | 71.62 | 68.43 | 71.38 | 0.052 ‘ 78.35 | 58.26 | 76.79 1.00
(5) SD (MRG, Gaussian) 84.25 | 69.00 | 83.11 - 75.93 | 75.39 | 75.89 - 83.81 | 68.15 | 82.60
(6) SD (OCC+MRG, Gaussian) 84.63 | 69.33 | 83.48" | 1.5e-3 | 76.08 | 77.97 | 76.22" | 2.8e-3 | 89.92 | 68.72 | 82.74" | 8.1e-3
(7) SD (MRG+RCV, Gaussian) 84.38 | 71.94 | 83.45 -- 76.04 | 77.50 | 76.15 - 84.07 | 70.13 | 82.99
(8) SD (OCC+MRG+RCV, Gaussian) | 84.46 | 72.45 | 83.56" | 0.017 | 76.21 | 78.26 | 76.36" | 0.009 | 84.04 | 70.73 | 83.01 | 0.152

in almost all cases with p-values also listed (the only exception was for course 3 and model
level for SA in row 3). The parameters of the recovered units are no longer dominated by
the data from the host language, while the data insufficiency issue was already properly

handled by initializing parameters in unit merging.

4.3 Unit Occupancy Ranking on Gaussian level

We now consider the unit occupancy ranking as discussed in Section 3.4 and the results
are listed in Table 4.5. Since the best results of unit merging (and recovery) were obtained
on the Gaussian level, we only report results on the Gaussian level.

In Table 4.5, rows 1-4 are for SA and 5-8 for SD. Rows 1, 5 are the best results of unit
merging only on Gaussian level, while rows 3, 7 with unit recovery applied in addition.
These rows are used as baselines for comparison and rows 2, 4, 6, 8 are respectively
for those with unit merging performed with unit occupancy ranking (labeled "OCC” in

addition). Comparing rows 2, 4, 6, 8 to rows 1, 3, 5, 7, we can see that the proposed
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Chapter 5 Frame-level Language Posterior

Estimates and Experimental Resuilts

In addition to acoustic modeling, here we further propose to estimate the frame-level lan-
guage posteriors, which is then used in the decoding process. Language identification for
the code-switched utterances considered here is much more difficult than the conventional
language identification task, because the languages are switched back and forth between
words within an utterance [31,33,35]. Since there can be more than one language switch-
ing boundaries within an utterance, it is difficult to identify proper signal segments for
language identification.

On the other hand, the information regarding which language each frame of signal
belongs to is critical here. The recognizer always tends to take every signal segment as
belonging to the host language, because not only the acoustic models for the host language
are better trained with more data and therefore better fitted to the signals and give higher
likelihoods, but the language model almost always gives higher prior probabilities to the
host language words.

In code-switched speech considered here, languages are switched between words
within an utterance. As a result, the ideal unit for language identification seems to be the
word. However, word boundaries in an utterance are not available before recognition, or
the word boundary estimates obtained during recognition can be highly unreliable. There-
fore, here we proposed to estimate the posteriors for each language frame by frame, and
use these posteriors in decoding. But it is certainly very hard to estimate which language

a single frame of signal belongs to. Therefore this frame-level language posterior should
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be estimated based on much longer signal segments than a frame. This'leadsto the.tse
of neural networks with input features based on longer context, and the new!y proposed

(|
blurred posteriorgram features (BPFs) extracted from lattices. :

5.1 Frame-level Language Identification by Baseline Sys-

tem

As introduced in Section 1.2, the baseline system is already capable of transcribing the
bilingual code-switched utterances. By comparing the recognition results with the refer-
ence transcriptions frame by frame, we can obtain the frame-level language identification
performance of the baseline system. For example, percentage of frames recognized as be-
longing to a language actually belonging to that language in the reference transcriptions
is the precision rate. Such results for both speaker dependent (SD) and speaker adapted
(SA) scenarios for the target corpora are shown in Table 5.1. In this table, we can see
that precision and recall values of Mandarin are always much better than those of En-
glish, especially the recall values. For example, for course 1 with SA models, only 51%
of English frames were recognized as belonging to English words while the other 49%
were recognized as belonging to Chinese words. The system tends to take most signal
segments as a part to a Chinese word, and as a result many English words are recognized

as sequences of Chinese characters.
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Table 5.1: Frame-level Language Identification Achieved by the BaselinéSysient.

- )
| == |
| L=

11 7
] T
Course 1 Course 2 CouwsL Fas 1

—- - e —

Acoustic Models Mandarin English Mandarin English Mandarin. = English

Precision| Recall |Precision| Recall |Precision| Recall |Precision| Recall |Precision| Recall |Precision| Recall

(1) Speaker Adapted (SA) 091 |0.99| 0.87 |0.51| 092 096 | 0.66 |0.57| 0.93 |0.99| 0.81 |0.56

(2) Speaker Dependent (SD) | 0.94 | 0.99| 0.88 |0.73| 0.95 |0.98| 0.79 |0.74| 0.95 |0.99| 0.84 |0.76

5.2 Utilizing Frame-level Language Posterior Estimates

in Decoding

Because many frames belonging to the guest language (English) were taken as belonging
to the host language (Mandarin), the basic idea proposed here is that we wish to estimate
a language posterior for each frame of signals, which can be used to boost the scores for
those frames identified as possibly belonging to the guest language during decoding.

Assume the frame-level language posterior estimator generates for each frame of
feature vector o, a posterior probability of belonging to the guest language, P(G/|o;) (and
a posterior probability of belonging to the host language P(H|o;) = 1 — P(G|o;)), the
acoustic model score for frame o, with respect to all states g; for guest language phoneme
HMMs, P(0¢]g;), can then be boosted into a new score P(0;|q;) as below,

P(oilg;) % [oprsis]®  if P(Glo) > 05 and ¢; € G

P(oi|gj) = (5.1)
P(ot|q;) otherwise

where P(ot|qj) is the score to be used in Viterbi decoding, G is the set of all HMM

states for guest language phoneme models, and « is a weight parameter. In other words,
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if a frame oy is identified as possibly belonging to the guest language, or P(G0;) > 0.5,

its scores with all states of guest language phoneme models are boosted accordiié-g tt(‘) the
posterior probability P(G|o;), otherwise the score is not changed. Becauise lﬂlerdeclodef
can choose the host language models very well, no action is needed if P(G|o;) < 0.5.
This approach can also be regarded as a multi-stream method [35-38] or in the category
of a hybrid system.

The frame-level language posterior estimator producing P(G|o;) needed here can be
implemented in different ways. For example, by neural networks with input features such
as MFCCs, possibly based on longer context [36]. It is well known that language identifi-
cation is easier for large signal segments and more difficult for short signal segments, such
as the frame-level identification considered here. Although MFCCs have been useful for
such tasks before, in this work, the bilingual speakers for the code-switched speech tend
to pronounce guest (non-native) language words using host (native) language phonemes,
and the MFCC features for the two languages are actually very similar. In addition, con-
sidering the two languages are pronounced by the same speaker, MFCCs may not nec-
essarily be useful for the problem here [35]. MFCC features are extracted from a short
time window, therefore contain only very limited language information. We therefore

propose to use the blurred posteriorgram features (BPFs) extracted from decoded lattices

as presented below.

5.3 Blurred Posteriorgram Features (BPFs)

As shown in Figure 5.1, each utterance is first decoded into a phoneme lattice with a first-

pass recognition using the baseline system. With this phoneme lattice an N-dimensional
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Phoneme Lattice Speech L\Jtterfanceﬁ ’
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Figure 5.1: Extraction of Blurred Posteriorgram Features (BPF's).

posteriorgram vector P, = {P(p;|o;),i = 1,2,...,N} can be obtained using forward-
backward algorithm for each frame o;, where p; is a phoneme in either the host or guest
languages, N is the total number of phonemes for the two languages involved, and P (p;|o;)
0 for those phonemes p; not appearing in the lattice at time ¢. The problem here is
that very often guest language phonemes are decoded as host language phonemes, or
P(p;lo;) is usually relatively lower for guest language phonemes p; even if o, belongs to a
guest language phoneme. So we wish to transform these posterior probabilities P(p;|o;)
into new posteriors P’(p;|o;) in such a way that P(p;|o;) is significantly increased if it
is very small (so very possibly o; belongs to the guest language), but the ordering for
the posteriors should not be reversed in the new posteriors, i.e., P'(p;|o;) > P'(pj|o,) if
P(p;lor) > P(pjlos). The latter requirement implies this transformation function from
P(p;|o;) to P'(p;|o;) should be increasing monotonically.

There can be many ways to do this transformation, but an easy way to do it is in

(5.2),
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P'(pilor) = P(pilo))?,0 < B <1, ‘i ‘E‘ (5.2
‘ B |

where [ is the ”blurring factor”, much smaller than 1 and close to 0. The‘conce‘pt of
(5.2) is shown in Figure 5.2 for a few selected values of 5. In Figure 5.2, we see that when
P(p;|ot) is small, P’ (p;|o;) is increased significantly (e.g. when P(p;|o;) = 0.1, P'(p;i|ot)
is close to 0.8 for 5 = 0.1 and 0.9 for 5 = 0.01); for larger P(p;|o;) it is also increased
but by a smaller quantity (e.g. when P(p;|o;) = 0.6, P'(p;|o;) is close to 0.95 for § = 0.1
and 0.97 for 8 = 0.01). So the ordering for the posteriors remains unchanged. This
implies P’(p;|o;) is monotonically increasing for increasing P(p;|o;), while all posterior
probabilities P(p;|o;) are moved towards unity in a non-linear manner as in Figure 5.2.
More importantly, such a function achieves the goal that P(p;|o;) is significantly increased
if it is small (or possibly o; belongs to the guest language, so we can boost P(p;|o;)), while
only slightly increased if it is large. For all frames, regardless of belonging to guest or host
languages, the posterior probabilities are boosted greatly or slightly through the blurring
transform, but the ordering is still preserved since the monotonically increasing nature.
It is still unknown which language each frame belongs to, but the blurred posteriorgram
tends to be better recognized by the neural network regarding the language it belongs.
The value of 3 in (5.2) can be estimated by a development data set.

In other words, the blurring transform defined above is to properly enhance the pos-
terior probability distribution P(p;|o;) which is usually highly biased towards the host
language phonemes, while preserve the ordering among all posterior probabilities by a
monotonically increasing mapping function. Certainly it is possible to design other map-

ping functions achieving similar goals, while the one in (5.2) is simply an easy example.
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Figure 5.2: The Blurring Transformation for Posterior Probabilities.

These enhanced posterior probabilities are referred to as blurred posteriorgram features
(BPFs), and used as the input to a neural network for generating an estimate for the lan-
guage posterior P(G|o;) and P(H|o,) to be used in (5.1) with two training targets: guest
or host language. Note that the blurred posteriorgram features (BPFs) are generated from
lattices from the first-pass recognition, so it contains not only acoustic information such as
those in MFCCs, but also information from acoustic models, language model and lexicon.
It is also a frame-level feature but extracted based on the signals in the whole utterance.
Furthermore, because the posteriorgram P(p;|o;) acquired directly from the lattice with-
out blurring are strongly biased towards the host language by the first-pass recognition
system, therefore the blurring transform is applied here to properly take care of the bias.
These are why we believe the proposed BPFs carries stronger information for estimating
the language posteriors P(G|o;) and P(H |o;) when compared with conventional features

such as MFCC, as will be verified by the experimental results to be reported below.
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Table 5.2: Frame-level Language Identification Results with Different Input/Feaiure§ and

s
- |
<4

Different Classifiers. R |
| |l
Acoustic Models Course 1 (English Part) | Course 2 (English Part) | Course 3 (English Part)
Feature / Classifier .
/NN trained by Precision Recall Precision Recall Precision Recall
(1) SA (Full, ADP) 0.87 0.51 0.66 0.57 0.81 0.56
(l)Baseline System
(2) SD (Full) 0.88 0.73 0.79 0.74 0.84 0.76
(3) SA 0.31 0.48 0.25 0.41 0.33 0.37
(1) MFCCs + GMM
(4) SD 0.33 0.47 0.41 0.27 0.45 0.52
(5) SA 0.28 0.50 0.32 0.45 0.31 0.47
(1) MFCCs + NN
(6) SD 0.39 0.68 0.44 0.51 0.42 0.61
(7) SA (Full, ADP) (B=1.0) 0.88 0.46 0.87 0.47 0.84 0.50
(8) SA (Full, ADP) (B=0.1) 0.85 0.50 0.82 0.56 0.83 0.52
(IV) BPFs + NN (9) SA (Full, ADP) (B= 0.01) 0.83 0.62 0.81 0.63 0.82 0.59
(10) SA (Full, ADP) (B=0.001) 0.71 0.54 0.69 0.54 0.77 0.58
(11) SD (Full) (B=0.01) 0.93 0.75 0.83 0.74 0.88 0.79

5.4 Frame-level Language Identification Analysis

In Section 5.1, we analyze the frame-level language identification recall/precision for the
baseline recognition system. In addition we propose to estimate the language posteriors
using BPFs with a neural network. Because MFCC's were used for this purpose previously
[32,36], several of such approaches are also compared here. We first used MFCC features
with a GMM classifier as was done previously [32], and then we replaced the GMM
classifier by a neural network classifier. Finally the MFCC features are replaced by BPFs
as the input to the neural network classifier as proposed here. The neural network classifier
used in the experiment had one hidden layer with 1024 hidden nodes.

The frame-level precision/recall rates are listed in Table 5.2 for English part only.

Part (I) (rows 1, 2) are for the baseline system, directly copied from Table 5.1. Part
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(II) (rows 3,4) are then the results of frame-level language identification obtaiticd using
39-dimensional MFCCs with a GMM classifier [32], and part (IIT) (rows 5‘6ﬁ a:;re tt‘hose
obtained when a neural network classifier was used to replace the GMM cﬁéssiﬁef and
MFCCs with longer context [36] (4 preceding and 4 following frames) were used as the
frame-level input. Part (IV) (rows 7-11) are then the results using BPFs proposed here as
the input features for the neural network. In all parts (I[)(II1)(IV) the GMM or the neural
network classifiers trained with the adaptation/training sets listed in Table 2.1 of Chapter
2 are respectively referred to as SA/SD, and in part (IV) SA/SD further indicate the BPFs
were obtained with phoneme lattices produced by the SA/SD baseline systems as in rows
1, 2 of part (I).

We can see from parts (II) and (III) from Table 5.2 that it is difficult to identify the
language using MFCCs at least for this task, regardless of the input context length or the
type of the classifiers. Although the recalls obtained were close to the baseline system
(rows 3-6 vs. rows 1,2), the precisions were very low. It is also clear that the neural
network outperformed the GMM classifier in more cases for this task (rows 5,6 vs. rows
3,4). However, even with a longer input context and a stronger classifier such as the neural
network, the performance using MFCCs is still not good enough. Clearly, it is not easy
to identify the language simply based on several frame of MFCCs, especially for this task
in which both languages were produced by the same speaker in the same utterance. Part
(IV) (rows 7-11) then includes results of using BPFs proposed here with different values
of 3 used in (9), from which we selected 5 = 0.01 for the following experiments.

Note that as shown in Figure 5.2 and discussed in Section 5.3, different values of

B actually gave very different nonlinear transformations, or the posterior probabilities
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Table 5.3: Results for Using the Language Posterior Estimate (LPE),0FOracle »
- ‘ “
g

| =3
Language Identification (Oracle LI) in Decoding for Systems with Cross-lﬁnfgg?a
a\|

Acoustic Modeling (OCC+MRG+RCV, Gaussian) (Accuracies) (% ):

Course 1 Course 2 Course 3
Acoustic Models

Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value |Mandarin| English | Overall | p-value
(1) SA (Full, ADP) 75.75 | 51.95 | 73.96 - 70.71 | 63.28 | 70.15 - 77.21 | 52.83 | 75.32 -
(2) SA (Full, ADP) + LPE 76.21 | 57.15 | 74.78" |1.6e-13| 71.02 | 67.67 | 70.77* | 8.2e-9 | 77.56 | 56.18 | 75.90" | 1.5e-8
(3) SA (Full, ADP) + Oracle LI 76.93 | 64.87 | 76.03" |2.7e-27| 71.72 | 68.36 | 71.47" |5.2e-18| 78.22 | 63.15 | 77.05" |6.7e-25
(4) SA (OCC+MRG+RCV, Gaussian) 76.72 | 58.06 | 75.32 - 7162 | 68.43 | 71.38 - 78.35 | 58.26 | 76.79 -
(5) SA (OCC+MRG+RCV, Gaussian) + LPE 76.77 | 58.51 | 75.40" | 0.022 | 71.66 | 68.47 | 71.42 | 0.141 | 78.51 | 58.54 | 76.96" | 0.013
(6) SA (OCC+MRG+RCV, Gaussian) + Oracle LI 77.22 | 67.69 | 76.51" | 2.5e-9 | 71.77 | 73.62 | 71.91" | 3.2e-5 | 78.77 | 64.12 | 77.64" | 2.7e-7
(7) SD (Full) 83.62 | 61.87 | 81.99 - 75.62 | 71.63 | 75.32 - 82.87 | 62.58 | 81.30 -
(8) SD (Full) + LPE 83.96 | 65.15 | 82.55" | 6.7e-5 | 75.68 | 73.87 | 75.54" | 8.2e-3 | 83.11 | 64.59 | 81.68" | 6.9e-5
(9) SD (Full) + Oracle LI 84.78 | 69.45 | 83.63" |1.7e-11| 76.30 | 76.28 | 76.30" | 6.1e-9 | 83.55 | 67.97 | 82.34" |8.1e-10
(10) SD (OCC+MRG+RCV, Gaussian) 84.46 | 72.45 | 83.56 - 76.21 | 78.26 | 76.36 - 84.04 | 70.73 | 83.01 -
(11) SD (OCC+MRG+RCV, Gaussian) + LPE 84.57 | 72.52 | 83.67"| 0.011 | 76.15 | 78.35 | 76.32 | 0.823 | 84.11 | 71.12 |83.10 | 0.072
(12) SD (OCC+MRG+RCV, Gaussian) + Oracle LI | 84.89 | 75.07 | 84.15" | 9.1e-6 | 76.49 | 79.15 | 76.69" | 8.5e-4 | 84.18 | 72.09 | 83.24" | 7.4e-3

P(pi|o;) were boosted in quite different ways. The value of  here was tuned using the
development set of course 1, but this value was also applied to the other two courses as
well. As a result, the value 3 can be data-dependent, but it did not vary much. Here we see
with properly chosen value of (3, improved recalls were achievable with precision either

improved or slightly degraded (rows 7-11 vs. rows 1,2).

5.5 Experimental Results

Here we tested the proposed language posterior estimates with blurred posteriorgram fea-
tures (BPFs) along with the HMM-based acoustic models obtained with the approaches
described in Chapter 3, including acoustic unit merging and recovery on Gaussian level
with occupancy ranking for unit classification. The results are listed in Table 5.3.

In Table 5.3, row 1 is for the SA baseline. Row 2 is the same except with the pro-
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posed language posterior estimate with BPFs used in decoding in addifion (labeiled as

“LPE”, language posterior estimation). The boosting factor o = 1.0 4n (5.3 was set
ho|)
18

empirically and applied throughout the experiments. We see the English aééuracy was
improved significantly, while the Mandarin accuracy was improved too (row 2 vs. 1). As
a result, the overall performance was improved significantly with good p-values. Row 3
is the same as row 2 except assuming oracle guest language identification obtained with
forced alignment with the reference transcriptions, serving as the upper bound (labelled
as ”Oracle LI”, oracle language identification). We can see that there is much room for
further improvement. Rows 4, 5, 6 are exactly the same as rows 1, 2, 3, except the acous-
tic models used here were obtained with the best approaches proposed here, which is unit
merging and recovery with unit occupancy ranking on the Gaussian level. We can see
the same trends as in rows 1, 2, 3, except the p-value for course 2 in row 5 exceeded
0.05. This shows the approaches proposed here are equally useful for different acoustic
models, and the improvements are additive and complementary to each other. Though the
improvements brought by jointly using the two different sets of approaches (cross-lingual
acoustic modeling and language posterior estimate) is relatively limited compared to ei-
ther individual one in this task, this improvement should depend on the performance of
the individual methods for the task considered. For example, if very good language iden-
tification can be accomplished, as the ”Oracle LI” results showed, jointly using the two
sets of approaches should be able to offer significant improvements hardly achievable by
improving acoustic models alone.

Rows 7-12 are similar results as rows 1-6, except with the speaker dependent (SD)

models, offering exactly the same observations. So the proposed approaches are useful for
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increased training data as well, not limited to data insufficiency scenarios: We.also ﬁbticed
that the improvement is more significant for weak acoustic models, which/is rea%énable.

Table 5.3 also serves as a brief summary of the results obtained using t}‘;xé bfo;;osed
HMM-based cross-lingual acoustic modeling and frame-level language posterior esti-
mate, when rows 3, 6, 9, 12 for oracle language identification are ignored, with rows
1, 2, 4, 5 for SA and rows 7, 8, 10, 11 for SD. Rows 1, 7 are baselines, rows 4, 10 for
the best set of acoustic models (unit merging and recovery with occupancy ranking on
Gaussian level) alone, rows 2, 8 for language posterior estimate alone, and rows 5, 11 for
using the best acoustic models with language posterior estimation simultaneously.

The best acoustic models in rows 4 and 10 gave 11.76%, 8.03%, 10.28% relative
improvements for English part for courses 1, 2, 3 respectively for SA case and 17.10%,
9.26%, 13.02% for SD case. More improvements were obtained in SD case because the
larger data size gave more precise unit merging relationships. Rows 2 and 8 with the
proposed language posterior estimates alone gave 10.00%, 6.94% and 6.34% relative im-
provements for SA case and 5.30%, 3.13% and 3.21% for SD case. The improvements
for SD case were slightly less, probably because the SD models were already capable of
identifying the languages better. The system using language posterior estimates in de-
coding with the best acoustic models in rows 5, 11 gave 12.63%, 8.20%, 10.81% relative

improvement for SA case and 17.21%, 9.38%, 13.65% for SD case.
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Chapter 6 DNN-based Cross-lingual Agoustic

=

M

Modeling and Experimental Results

6.1 DNN-based Acoustic Modeling

As a classifier, deep neural network (DNN) has been proven to significantly outperform
the conventional neural network with less hidden layers [25,26,30,46,47]. By pre-training
with restricted Boltzmann machine (RBM), more hidden layers or deeper network struc-
ture can be trained sequentially. In acoustic modeling, context-dependent DNN-HMM
(CD-DNN-HMM) is the most popular form of DNN application. Different from conven-
tional HMM-GMM structure, each context-dependent HMM state is modeled by a node
of the output layer of the DNN instead of a GMM [46]. During the recognition process,
the acoustic features are fed to the input layer of the DNN as observation sequences, and
the likelihood between an observed feature and a HMM state is given by the output value
of the node modeling the HMM state divided by the correspdoning HMM state prior, as
shown in Figure 6.1. Generally, the acoustic features accepted at the input layer were
concatenated in consecutive frames with various choices, such as spectrogram, mel-filter
bank outputs and MFCCs. During the training process of DNN, each hidden layer was
pre-trained by a restricted Boltzmann machine (RBM) in an unsupervised manner with in-
put being the output of the previous layer. Compared with the conventional HMM-GMM
systems, DNN systems give better performance with higher computaional requirements

in both training and decoding process.
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Figure 6.1: Context-dependent Deep Neural Network Hidden Markov Model

(CD-DNN-HMM) for Acoustic Modeling.

6.2 Code-switched CD-DNN-HMM

Similar to the case of monolingual speech tasks, CD-DNN-HMM can be used in code-
switched bilingual speech systems as well. For code-switched bilingual speech, the
system should be able to handle both languages simultaneously. As a results, in code-
switched CD-DNN-HMM,, the output layer consists of HMM states for all Mandarin
and English triphones. In these triphones, the central phonemes include all Mandarin
phonemes plus English phonemes, and all cross-language context dependency conditions
are considered. Modeling HMM states for different languages by individual networks
may lead to poor results due to the very limited data for the guest language in the code-
switched corpora. We therefore adopt the concept of multilingual DNN recently pro-

posed [30], in which all layers except the output layer were jointly trained by all data of
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Figure 6.2: Context-dependent Deep Neural Network for Acoustic Modeling in

Code-switched Speech Recognition.

both languages. The only difference is that here the output layer including HMM states
for the two languages with all code-switching context dependencies are jointly obtained,
while in the multilingual DNN [30] the HMM states for each individual language were

separately obtained.

6.3 Code-switched BF-HMM/GMM

In addition to CD-DNN-HMM, in which the nodes in the output layer of DNN are de-
signed for modeling HMM states, another popular form of neural network application
is using the network as a feature extractor [61]. This approach originated from the auto-
encoding theory of neural networks. By transforming features sequentially from one layer
to another, better features could be obtained. Conventionally, the output of the last hidden
layer is extracted, with a size much smaller than other hidden layers for generating more

compact features. However, it is difficult to decide the size of the last hidden layer, and it
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Figure 6.3: Bottleneck Feature for Code-switched BF-HMM/GMM.

takes time to retrain the DNN whenever the size of bottleneck feature is changed. There-
fore, fixing the size of the last hidden layer but using a dimension reduction procedure
was proposed to extract the DNN-based bottleneck features [48].

The performance of such a system is reported to be comparable to CD-DNN-HMM
with the same data, and such a structure is completely compatible to the conventional
acoustic modeling framework including many powerful techniques such as MLLR, MAP,
MPE and MMI, as well as many approaches for cross-lingual acoustic modeling such
as unit merging and recovery [1] as presented in Chapter 3. In this work, we use linear
discriminant analysis (LDA) for the dimension reduction mentioned above as shown in
the upper part of Figure 6.3 to reduce the dimensionality from the size of last hidden
layer (typically thousands) to the size for feature vector dimensionality for HMM/GMM
(typically tens). These bottleneck features are then used to train the acoustic models for

the two languages.
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Figure 6.4: Unit Merging on State Level for CD-DNN-HMM.

6.4 Unit Merging on State Level for CD-DNN-HMM

Similar to the HMM-based cross-lingual acoustic modeling approaches (Chapter 3), acous-
tic unit merging is certainly feasible for CD-DNN-HMM systems. Unit merging for CD-
DNN-HMM can be achieved on HMM state level by replacing the HMM states in the
output layer by the corresponding merged set of HMM statess (some nodes are shared
across languages) before DNN training as in Figure 6.4. Note that in conventional HM-
M/GMM, each unit (HMM state or Gaussian) is to model the local distribution for the
specific unit. In contrast, for CD-DNN-HMM here the parameters are shared by all target
HMM states and trained by all training data. Therefore, the data sparseness and imbalance

problem may not be as serious here.

6.5 Experimental Results

The experimental results regarding deep neural network approaches for both courses 1
and 2 are listed in Table 6.1. Rows 1-5 are for HMM/GMM with conventional MFCCs,

directly copied from results Table 4.1 and Table 4.4, with row 1 for the conventional
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Table 6.1: Experimental Results for HMM/GMM systems with Different, Féatures ,grid o)

(M=)

CD-DNN-HMM systems a |
'l
Acoustic Models Course 1 Coufing
Mandarin| English | Overall | p-value |[Mandarin| English | Overall | p-value
(1) HMM/GMM (MFCCs) 83.62 61.87 | 81.99 -- 75.62 71.63 | 75.32 --
(2) HMM/GMM (MFCCs) (MRG, State) 83.98 | 64.08 | 82.49"| 4.5e-5 | 75.70 | 73.70 | 75.55" | 6.2e-3
(3) HMM/GMM (MFCCs) (MRG+RCV, State) 84.34 | 69.04 | 83.19" |8.6e-15| 76.11 76.95 | 76.17* | 5.4e-7
(4) HMM/GMM (MFCCs) (MRG, Gaussian) 84.25 69.00 | 83.11% |2.7e-13| 75.93 75.39 | 75.89% | 1.9e-4
(5) HMM/GMM (MFCCs) (MRG+RCV, Gaussian) | 84.38 71.94 | 83.45*|1.9e-16| 76.04 | 77.50 | 76.15" | 7.3e-5
(6) BF-HMM/GMM 84.32 56.99 | 82.27 -- 78.56 74.78 | 78.27 --
(7) BF-HMM/GMM (MRG, State) 84.38 62.54 | 82.74* | 8.3e-4 | 78.62 76.71 | 78.47* | 9.2e-3
(8) BF-HMM/GMM (MRG+RCYV, State) 84.30 67.92 | 83.07* |5.5e-10| 78.47 77.03 | 78.36* | 0.0018
(9) BF-HMM/GMM (MRG, Gaussian) 84.61 69.57 | 83.48" |4.1e-12| 78.60 79.24 | 78.65" | 8.4e-4
(10) BF-HMM/GMM (MRG+RCV, Gaussian) 84.70 71.92 | 83.74*|3.7e-14| 78.72 | 80.06 | 78.82" | 7.3e-6
(11) CD-DNN-HMM 85.32 69.04 | 84.10 -- 79.14 | 78.86 | 79.11 --
(12) CD-DNN-HMM (MRG, State) 85.48 69.51 | 84.28*| 0.0026 | 79.63 79.12 | 79.59* | 2.2e-5

HMM/GMM baseline, row 2 for merging on HMM state level and row 3 with unit re-
covery in addition, similarly for rows 4,5 except on Gaussian level. Rows 6-10 are in
similar setup for BF-HMM/GMM except MFCCs as training features were replaced by
DNN bottleneck features. Also, the bottleneck features were extracted from MFCCs in
concatenated frames, therefore may carry additional context information. Rows 11,12 are
for CD-DNN-HMM with row 12 for HMM state merging in the output layer of the deep
neural network.

First consider rows 1, 6, 11 without unit merging, we can see that regardless of the
model structure and the features used, the English accuracies were always significantly
lower than Mandarin due to the data imbalance problem for the code-switching bilingual
speech. By comparing rows 1 and 11, we see the CD-DNN-HMM greatly outperformed

the HMM/GMM baseline using the same MFCC features without any unit merging or
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recovery. The BF-HMM/GMM with DNN bottleneck features in row 6:wds sornewhere

in between in most cases.

Now compare rows 2, 7, 12 to rows 1, 6, 11. First we see the English aééuracy was

=
M

significantly improved (rows 2, 7 vs. 1, 6) by unit merging on HMM state level due to data
sharing regardless of using MFCCs or DNN bottleneck features. However, for CD-DNN-
HMM, the improvement brought by unit merging on HMM state level is relatively limited
(rows 12 vs. 11). A possible explanation for this is that for DNN all parameters are shared
by all target classes, so the data sparseness issue is not as serious as in HMM/GMM (rows
1,2,6,7), for which the parameters are to model the local distributions for the specific
HMM states. Furthermore, by checking rows 3,8 in addition, we see that performing an
extra pass of unit recovery did bring improvement for HMM/GMM (rows 3, 8 vs. 2, 7)
for either MFCCs or DNN bottleneck features. For Gaussian level merging and recovery
(rows 4, 5, 9, 10), we can see the trend is very similar to that for senone level merging
and recovery, except with better performance due to the finer structure of the Gaussian
level (rows 4, 5, 9, 10 vs. 2, 3, 7, 8). Furthermore, the DNN bottleneck features always
outperformed MFCCs in most cases (rows 7-10 vs. 2-5.)

Comparing BF-HMM/GMM with CD-DNN-HMM, we see the best BE-HMM/GMM
(merging and recovery on Gaussian level in row 10) achieved better English accuracy
while the best CD-DNN-HMM (merging on senone level in row 12) achieved better Man-
darin and overall accuracies (rows 10 vs. 12). This is important since Gaussian level
merging is feasible only for BF-HMM/GMM and English accuracy is emphasized in this
task. Therefore, for the two approaches of using DNN in HMM state modeling (CD-

DNN-HMM) or for feature extraction (BF-HMM/GMM) considered in the work for the
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Figure 6.5: English Accuracy with Different Merging Percentage of Course 1 for

Different Systems.

specific task, DNN in modeling gave better overall performance while DNN for feature
extraction gave better English accuracy.

For HMM/GMM system with MFCCs as training features, while performing unit
merging, we can choose to merge only a selected percentage of English units with the
corresponding Mandarin units starting with those pairs with minimum distances, but not
all. The English accuracies obtained in this way for different percentages of English
units merged (but not recovered) on HMM state and Gaussian levels for HMM/GMM
(MFCCs) baseline, BF-HMM/GMM and CD-DNN-HMM for course 1 is shown in Figure
6.5. The best values on each curve correspond to the numbers in rows 2,4,7,9,12 in Table
6.1, respectively. We can see that the English accuracy in general increased when more
English units were merged on either HMM state or Gaussian levels for HMM/GMM
regardless of using MFCCs or DNN bottleneck features, although in some cases too high
percentage of merging may not be good. However, for CD-DNN-HMM, the improvement
achievable with unit merging on HMM state level was very limited (best at 30 %), and

the performance degraded seriously when too many HMM states were merged. This is
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consistent with the previous explanation that parameters in DNN are jointly'trained':by all

data, so do not benefit too much from data-sharing, and in fact the modelix}

DNN was degraded when too few HMM states are present in the output la’yelr.l
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Chapter 7 Conclusion

-—

| ‘ !-m
Recognition of speech with code-switching occurring frequently within utterances |is/an

important problem for the globalized world today. The difficulties include not“only the
lack of the guest language data and the language identification to be performed over very
short segments of speech, but the fact that the English (guest language) is usually spoken
by a non-native speaker within an utterance of his native language (host language), so
very often taken as in the host language. In this thesis, we present an integrated frame-
work for recognizing such highly imbalanced bilingual code-switched utterances on top
of the previously proposed unit merging approaches on three levels: model, state and
Gaussian. This includes unit recovery after being merged, unit occupancy ranking for
much more flexible data sharing both inter-language and intra-language, and frame-level
language posterior estimates to be used in decoding. In addition, we proposed to utilize
the deep neural networks (DNN), including CD-DNN-HMM and BF-HMM/GMM, with
the unit merging and recovery approaches. We also present a complete set of experimental
results comparing all approaches involved for a real-world application scenario under uni-
fied conditions. The experimental results verified that the concepts behind the proposed
framework are all useful and can offer improved recognition accuracy, i.e., the acoustic
units should be properly recovered after being merged, the data sharing should be much
more flexible than simply using state-tied triphones and across the languages, and good

estimates of frame-level language posteriors can help in decoding.
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