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ABSTRACT

Speech synthesis technology has reached the stage where given
a well-designed corpus of audio and accurate transcription an at least
understandable synthesizer can be built without necessarily resorting
to new innovations. However many languages do not have a well-
defined writing system but such languages could still greatly bene-
fit from speech systems. In this paper we consider the case where
we have a (potentially large) single speaker database but have no
transcriptions and no standardized way to write transcriptions. To
address this scenario we propose a method that allows us to boot-
strap synthetic voices purely from speech data. We use a novel com-
bination of automatic speech recognition and automatic word seg-
mentation for the bootstrapping. Our experimental results on speech
corpora in two languages, English and German, show that synthetic
voices that are built using this method are close to understandable.
Our method is language-independent and can thus be used to build
synthetic voices from a speech corpus in any new language.

Index Terms— Speech Synthesis, Synthesis without Text, Lan-
guages without an Orthography

1. INTRODUCTION

Most languages do not have a standardized writing system, yet are
spoken by many people. If speech technology is to make an impact
for all languages it will need to consider processing of languages
without a standardized orthography. Even though there may be no
standardized orthography, at least some speakers of such languages
are often literate in some other languages, perhaps a former colonial
language such as English or Spanish, or a nationwide language such
as Hindi or Mandarin. This paper joins the growing area of investi-
gation of speech processing for unwritten languages.

We are specifically addressing the issue of generating speech in
languages without using a standardized written form for that lan-
guage. We expect to be able to collect acoustics in that language and
be able to know the meaning of what is said. We envisage a data col-
lection method where, say a bi-lingual Konkani1 speaker is given a
written prompt in Hindi and they speak the sentence in Konkani with
the same meaning as the Hindi prompt. Our goal is to produce a sys-
tem utilizing acoustic analysis, statistical parametric speech synthe-
sis and machine translation technologies that, given such data, will
allow new prompts to be written in Hindi that will produce Konkani
speech output of the same meaning. Thus allowing spoken dialog
systems, information giving systems, etc. to be easily developed
without having to create, teach and enforce a new writing system.

While this work is generally set in the context of speech to
speech translation, this paper is specifically about building the text-
to-speech component. We assume that we only have a speech cor-

1An Indo-Aryan language spoken on the western coast of India

pus, with no transcriptions, from which we have to build a synthetic
voice. We use an automatic speech recognition system using an
acoustic model from some other language to perform phonetic de-
coding of the speech data to get an initial transcription of the speech.
We then iteratively improve the acoustic model by re-training with
the speech corpus at hand. The end result is a phonetic-like tran-
scription of the speech corpus. We use this to build our synthetic
voice.

This paper tests two languages (English and German) that actu-
ally do have writing systems, but we test how well we can produce
speech output for these languages assuming we only have recorded
prompts in these languages and no written form. We primarily use
speech synthesis output quality to gauge our success in modeling.

2. RELATION TO PRIOR WORK

Speech to speech translation typically involves a cascade of three
models: an automatic speech recognition system (ASR) in the source
language, a statistical machine translation system (SMT), and a text
to speech engine (TTS) in the target language. Generally, these three
models are developed independently of each other. Recent work
such as [1, 2, 3, 4] has looked into deeper integration of this pipeline.
But the general assumption here is that the target language has an or-
thography.

If the target language of speech to speech translation does not
have a written form, it has been proposed that one be defined, though
training people to use it consistently is in itself very hard and prone
to inconsitencies (e.g. Iraqi Arabic transcription techniques in the
recent Transtac Speech to Speech Translation Project, see [5]). Our
proposal is to use use a phonetic-like representation of the target
speech, derived acoustically as the orthography to use. In our prelim-
inary work [6], we suggested a method to devise such an automatic
writing system and we build upon this method in this work.

While the automatic orthography we propose may be difficult to
write for native speakers of the target language, an SMT system can
help bridge the gap by translating from the source language into this
phonetic target language. [5, 7] have investigated such an approach.
Changes have been proposed to SMT modeling methods [8, 9] to
specifically deal with phoneme strings in the target language.

In order to induce the automatic phonetic writing form, we
use an ASR system in a foreign language and adapt the acoustic
model to match the target speech corpus. Speech synthesis voices
are typically built from fewer data compared to speech recogni-
tion systems. Acoustic model adaptation with limited resources can
be challenging[10]. [11] have proposed using a speech recognizer
trained without supervision, for tasks such as topic classification.
[12] has recently proposed a rapid acoustic model adaptation tech-
nique using cross-lingual bootstrapping that showed improvements
in the ASR of under-resourced languages. Our model adaptation
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technique is somewhat similar to that method, but we optimize the
adaptation towards better speech synthesis, and have only acoustic
data in the target language.

Languages are not simply sounds: there are words and sen-
tences. Typical speech synthesizers are trained on such higher level
structures rather than simply phonemes. In this work, we have used
existing techniques[13, 14] to induce words from phonemes. [15]
models pronunciation variability based on articulatory features and
is more suited for our purpose (since ASR transcript could be noisy)
and we plan to use this model in the future. We also used an au-
tomatic part-of-speech induction technique [16] over the generated
words to use as features in our synthesizer.

3. RESOURCES AND DATA

We used the Festival[17] speech synthesizer for this research. We
used Festvox to build CLUSTERGEN[18] voices for synthesis in the
target language. CLUSTERGEN is a statistical parametric synthesis
system, a form of synthesis that is particularly suited to dealing with
noisy data. A parametric synthesizer is more robust to noise than
other synthesis methods, such as unit selection. Our method doesn’t
particularly depend on CLUSTERGEN, any other parametric syn-
thesis technique can also be used. We used the Sphinx-3[19] system
as our phonetic decoder and also to train new acoustic models.

A realistic data set for us to use would be some parallel speech
corpus (say, English utterances and their Hindi equivalent speech).
We also require the data to be of modest size, so that an SMT sys-
tem can be trained on it. We do not have such a parallel speech
corpus. We have started collecting such a corpus. For work reported
in this paper however, we simulated the presence of such a corpus.
We started with the BTEC corpus[20], which is a Text–Text parallel
corpus between English and German (and other languages). We then
used a speech synthesizer to generate speech for the corresponding
utterances. We then pretend the text transcription never existed, and
use only the generated speech in our experiments. We realize that
having natural speech is better, but our goal was to study the feasi-
bility and success of our methods before carrying out an expensive
corpus elicitation task.

We applied our methods to two languages: English and German.
For both languages, we selected speech corpora of two sizes: (a)
1000 utterances, and (b) 5000 utterances. We also chose two acous-
tic models in each language to start bootstrapping from. One of the
acoustic models is the Wall-Street-Journal (WSJ) English acoustic
model, provided with CMU Sphinx, trained from [21]. The other
is an acoustic model built on a combined corpus of Indic languages
taken from the IIIT-H data set[22]. The WSJ acoustic model uses
the CMU-DICT phone set, whereas the Indic acoustic model uses a
subset of the Sampa phoneset.

Our phonetic decoder uses a tri-gram language model built from
text in a related language. In this case, we used the Europarl[23] cor-
pus and built phonetic language models from English and German
data. When decoding English speech, we used the German Phonetic
Language model, and when decoding German speech, we used the
English Phonetic Language model. Before building the language
models, we mapped the phonemes into the phoneset appropriate for
the acoustic models.

We used the TestVox[24] tool to run listening tests online.

4. OVERVIEW OF OUR APPROACH

Our proposed method basically takes speech data and produces a
transcription of it using automatic speech recognition. The process

is explained briefly in this section. Figure 1 shows a block diagram
of the various components and the process flow.

We first decode (cross-lingually) our speech corpus with a pho-
netic decoder. We then use iterative decoding to build a new tar-
geted acoustic model using our target speech corpus. After con-
vergence, we use the phonetic transcription obtained to build our
synthetic voice. We also automatically induce word like structures
over the phonetic sequences and build another synthetic voice. We
evaluate these phonetic and wordified voices objectively using the
Mel-Cepstral Distance[25] (MCD) and subjectively using human lis-
tening tasks. These steps are described in detail in the next sections.

Speech Data

ASRForeign AM Related LM

Transcript

AM Training Speech Data

Targeted AM

ASR Related LM

New Transcript

Converged?

no

Word Discovery

Word Transcript

Voice BuildingVoice Building

Phoneme-Based Voice Word-Based Voice

Fig. 1. Overview of our Approach

5. BOOTSTRAPPING PHONETIC TRANSCRIPTIONS

To bootstrap phonetic transcriptions, we take our speech corpus and
cross-lingually decode it using a phonetic ASR system. We use an
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acoustic model built from data in a foreign language. The language
model is built using corpus from a phonetically related language.
For new languages, we can choose a related language from the same
family.

In the case of our German speech, we used two acoustic models:
(i) The WSJ acoustic model in English, and (ii) an Indic acoustic
model. For English, we initially used (i) The Indic acoustic model,
and (ii) An acoustic model built on the Globalphone data[26]. How-
ever, because of a gender-mismatch between the particular subset of
the Globalphone data that we have, and our target speaker, we could
not get reliable results with the Globalphone acoustic model and fell
back up on the WSJ acoustic model. Using the WSJ acoustic model
to decode English speech is not realistic, but we present the results
here for comparison with how well the English decoding performs
relative to the Indic model.

We built four language models. For German, we used the Eu-
roparl English data and built phonetic language models using (i) The
WSJ phone set, and (ii) The Indic phone set. For English, we used
the Europarl German data and built two language models for the two
phonesets.

We first phonetically decode our speech corpus using one of
these appropriate models. After we obtain the initial transcription,
we use this transcription and the corresponding speech as parallel
data to train a new acoustic model. This acoustic model gets built
on only the speech corpus we have. Using this new acoustic model,
and the same language model we used before, we decode our speech
corpus again. This results in another transcription of the speech. We
rebuild another acoustic model, repeat the decoding process and iter-
ate. At each step, we build a synthetic voice and measure the quality
of synthesis in terms of the MCD score on a helded out test set. The
iteration that gets the lowest MCD is deemed to be the best iteration.
The transcription obtained from this iteration is deemed to determine
the automatic orthography for the language in the speech corpus.

Figure 2 shows the results of our iterative process for German.
We can make the following observations: (i) The quality of synthe-
sis improves substantially over the iterations. (ii) Results are better
when we use larger data (5000 utterances versus 1000 utterances),
and (iii) Using the WSJ acoustic model gives better voices, com-
pared to using the Indic model.

The WSJ acoustic model yields better transcriptions for German.
While one could think that the English phoneset is better for Ger-
man than the Indic one, this may not be the only reason behind the
results we obtained. When we look at the number of phonemes that
are found in the transcript, we see that the Indic transcripts have
fewer phoneme types (31) than the WSJ transcript (39). Having
more phoneme types can help capture the variability in speech better,
resulting in better synthesis.

Figure 3 shows the results of our iterative process for English.
We can make the following observations: (i) The quality of synthe-
sis after the iterative process can be substantially better than with
the initial labeling, (ii) Using larger speech corpus yields better tran-
scriptions, and (iii) The WSJ model performs better than the Indic
model for larger data, yet the Indic model beats the WSJ acoustic
model for smaller data.

WSJ is an English acoustic model, and the WSJ phoneset is thus
theoretically best suited for English. The results we obtained on the
1000 utterance data set are slightly puzzling. Transcriptions with the
Indic acoustic models are better than those with WSJ models, even if
the number of phone types used in the Indic transcriptions (26) was
lower than the WSJ case (31).

We also initially attempted to include Mandarin Chinese in our
tests and found similar trends. The biggest improvement in MCD
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Fig. 2. Iterative Targeted Acoustic Models for German using Differ-
ent Phonesets and Data Sizes
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Fig. 3. Iterative Targeted Acoustic Models for English using Differ-
ent Phonesets and Data Sizes

comes with the first iteration that uses the target language data to
build the acoustic model. In all cases the number of phones at each
stage remained the same to decreased by one.

6. IMPROVED SYNTHESIS WITH WORDS AND
SYLLABLES

The proposed bootstrapping method produces transcriptions that are
only phonetic strings. Text to speech systems typically produce bet-
ter results when syllable or word level information is available. In
addition, the automatic transcription has some noise in it. To study
the impact of these two issues on synthesis quality, we ran an oracle
experiment in both languages. We used actual transcriptions at word
level and built a voice. We then converted these true transcriptions
into phonetic strings, to get true phone sequences. Table 1 shows
this comparison. We can clearly see the gap between word based
synthesis and phoneme based synthesis. In addition, the gap be-
tween using true phonemes and the phonemes our method generates
is also substantial. Thus, there is great scope for improving these
models further.

We ran experiments to see whether word level information can
help improve the quality of synthesis, starting from the best auto-
matic transcription that we have. We used two different methods
to group together phonemes before synthesis. For the German voice,
we used the best transcriptions (WSJ-5000-iter3) and for the English
voice, we used the best Indic transcriptions (IND-5000-iter4) to run
word induction on.
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Language System MCD
Best IND-1000 Iter 3.647
Best IND-5000 Iter 3.055
Best WSJ-1000 Iter 5.447

English Best WSJ-5000 Iter 2.802
Oracle Phones 2.465
Oracle Words 2.157
Best IND-1000 Iter 3.098
Best IND-5000 Iter 2.568
Best WSJ-1000 Iter 2.919

German Best WSJ-5000 Iter 2.304
Oracle Phones 2.120
Oracle Words 1.753

Table 1. Comparison with Oracle Synthesis Quality. Our best sys-
tem is shown in bold.

In our first method, we used heuristic rules to clump together
groups of phonemes into syllables. Festival has a built in syllabifier
that works with the WSJ phoneset. We tweaked it to also work with
the Indic phoneset. We marked individual syllables as “words” in
the transcript, and added appropriate lexical entries. We also ran au-
tomatic Part-of-Speech induction[16] on these super-phonetic units
and added them into Festival.

For the second method, we used cross-lingual information for
inducing word like units. For German synthesis, we started with
the English Europarl data and extracted phonetic information along
with word boundaries from it. We then trained a Conditional Ran-
dom Field model that can chunk phoneme sequences into word like
units. We then used this “English chunker” on the German transcrip-
tion. We discarded the hypothesized German word units based on a
frequency cutoff of 500, and chose the remainder as super-phonetic
units. We added appropriate lexical entries and also induced part-of-
speech tags on these word units.

Table 2 shows the result of these word induction experiments.
We see a small improvements for German and good improvements
for English in the MCD in the word based voices, compared to the
base phonetic voices. While these numbers show the correct trend
(that more word-like units help improve the quality), the German
improvements themselves may not be perceptually significant, since
[27] has shown that only improvements over 0.05 can be perceived.
Syllabification on the English voice gives good improvements. Fes-
tival’s syllabifier follows standard phonetic rules for syllabification,
and while it was tested more on English, it wasn’t built specifically
for English. It seems grouping phoneme sequences together is a
good idea and we will explore better methods of doing so.

Language System MCD
Best Proposed Method (IND) 3.055

English Syllabification (IND) 2.873
CRF Based Words (IND) 3.006
Best Proposed Method (WSJ) 2.304

German Syllabification (WSJ) 2.279
CRF Based Words (WSJ) 2.276

Table 2. Improvement in Synthesis Quality using Word Induction
Techniques

7. SUBJECTIVE EVALUATION

Our objective results showed that among the phonetic voices, the
oracle phonetic transcription has best synthesis. We also saw that the

first pass of transcription obtained (using non-targeted cross-lingual
phonetic decoder) has worse synthesis than the one obtained using
iterative bootstrapping.

We ran subjective tests on English with these three models. We
took 25 utterances from held out test data, synthesized them with
the three models. We ran two A-B listening tests: (i) Comparing
the oracle phonetic synthesis with the best bootstrapped voice, and
(ii) Comparing the best bootstrapped voice with the zeroth iteration.
Our A-B tests were conducted online, on Amazon Mechanical Turk.
We presented the same utterance synthesized using the two models
to compare, and asked which one they think is more understandable.
We had upto ten participants listen to each clip, so a total of 250 data
points per listening task. Table 3 shows the percentage of votes each
system received in the A-B task. We can make two observations: (i)
The iter-4 voice is perceptually better than the iter-0 voice, and (ii)
the iter-4 voice is not very different compared to the oracle voice. We
also ran an A-B test with local volunteer participants and observed a
similar pattern. We did an informal subjective evaluation for German
synthesis, and found the same trend.

Model A Model B A better B better Can’t Say
IND-5000 IND-5000 46.0% 40.0% 14.0%

iter 4 iter 0
Oracle IND-5000 40.5% 43.6% 15.9%

Phonetic iter 4

Table 3. A/B Listening Task: Understandable Synthesis

8. CONCLUSIONS AND FUTURE WORK

In this paper, we experimented with different amounts of data and
saw the effect it had on synthesis quality. We feel it is feasible to
collect a few thousand utterances in a target language, but we know
that collection more than that requires a more dedicated voice talent.

We can see from the difference between Oracle Word and Ora-
cle Phone synthesizers that there is still a lot to gain by finding better
ways to discover words in the target language. Also in our initial ex-
periments in building SMT systems from our source language to our
target (learned) phone set, knowing where the word boundaries are
critical to good translation. We feel the direction described in [15] is
particularly relevant, as it can be seen as also mapping the output of
a noisy acoustic phonetic model to normalized word segmentation.

We also are aware that the number of phones produced by the
initial cross-lingual decoding as being important, and findings to
have a larger initial set (and finding principled methods to reduce
them) would offer an advantage, and we feel that using multi-stream
decoders may help us here (c.f. [28]).

Our results indicate that we are producing a phonetic-like tran-
scription resulting in somewhat understandable speech (if still not as
good as Oracle cases). The next stages of this work are to investigate
our techniques with real speech, produce better word segmentation
and then also extend it to use machine translation for providing a
usable writing system.
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