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Abstract

This paper describes the current status of the IBM Train-
able Speech Synthesis System. The system is a state-aftthe-
trainable, unit-selection based concatenative speecthesiger.
The system uses hidden Markov models (HMMSs) to provide a
phonetic transcription and HMM state alignment of a databas
of single-speaker continuous-speech training data. Tingme
synthesiser uses the HMM state sized segments that restst as
basic synthesis units. It determines which segments toatenc
nate to produce a target sentence using decision treedrbuilt
the training data and a dynamic programming search to opti-
mise a perceptually motivated cost function. The syntleesis
can operate both in general domain Text-to-Speech mode, and
in Phrase Splicingnode to provide higher quality synthesis in
limited domains. Systems have been built in at least 10reiffe
languages and over 70 voices.

1.

The IBM Trainable Speech Synthesis System is a state-ef-the
art, trainable, unit-selection based concatenative $pgatthe-
sis system. This paper describes the current status of the sy
tem, which was previously introduced in [1]. The system uses
hidden Markov model (HMM) state-sized segments as its basic
synthesis units and decision trees in its segment searck. Th
system is based on the work described in [2], [3], and also has
similarities with that described in [4] and [5]. Unlike [2]3]
the current system combines the decision tree approachawith
dynamic programming search similar to that used in [6], [7].
This paper is structured as follows. Section 2 describes
the methods used to prepare a dataset for use with the synthe-
siser. Section 3 describes the runtime operation of theheynt
siser in general domain Text-to-Speech (TTS) mode. Sedtion
describes the runtime operation of the system in limitedaiom
Phrase Splicingnode. Finally, Section 5 describes the results
to date with the synthesiser.

I ntroduction

2. Dataset Preparation

For each new language the first step in dataset preparation is
to prepare the script to be read during recording. The sixipt
currently prepared by running a greedy algorithm over about

100,000 newswire sentences. On each pass the greedy algo-

rithm computes a score for every sentence not yet selecsediba
on the diphones within it and the wider contexts in which they
occur. The wider context comprises the diphone, the preceed
ing phone and any word boundaries between the three phones.
The score is heavily weighted in favour of diphones, in pre-
viously unseen wider contexts, which are under-repredente
the script selected to date. The best scoring sentence éxladd
to the script and the process repeated. The result is artgaini
script in which the most diverse sentences are at the topinand
which every additional sentence brings as much new varnety i
phonetic context as possible.

The top 1400-2000 sentences of the training script are
recorded, providing about 2.5 to 3.5 hours of training sheec
The recordings are made using a high quality flat frequency re
sponse cardiod microphone in a sound-proofed room. Record-
ings are usually made at a 22kHz or 44kHz sampling rate; the
speech is down-sampled during system building to the rate re
quired in synthesis. The speech recording is made in steitho w
a laryngograph signal recording, [8], which is processedeto
termine the moments of glottal closure in the voiced sestiafn
the speech.

The speech data is initially coded into 12 dimensional mel
frequency cepstral coefficients (MFCCs) plus log energy and
the first and second time differentials of these paramet@rgu
25ms frames at a uniform 10ms frame rate. The TTS system
front-end is used to prepare a pronunciation dictionaryttier
words in the script. A set of speaker independent HMMs is used
to obtain an initial phonetic transcription of the speeclithw
the HMMs inserting silences between words where apprapriat
and deciding between alternative pronunciations wheredke
ist in the dictionary. A post processing heuristic then reeso
silences which have been mistakenly aligned through the clo
sures of words beginning or ending with a plosive, [2]. This i
tial alignment is used to train a set of speaker-dependesser
word decision-tree state-clustered HMMs, [9]. These HMMs
are mostly 3 state left-to-right models, except for the gdic
plosive models which align better with 2 states. The data is
recoded using 25ms pitch synchronous frames through region
of voiced speech, and 6ms frames at a 3ms frame rate through
unvoiced speech, using the scaling method described iro[2] t
ensure that cepstra from the different sized frames are aomp
rable. The recoding gives better resolution through regioin
unvoiced speech which is especially helpful in segmentiog p



sives due to the short timescales and rapid transitionsviesto
After further training the HMMs are used to provide another
alignment, and the model building process repeated usiag th
recoded data. After more training the final models are used to
provide an HMM state-level alignment of the training data.

The acoustic decision trees used in synthesis are built from
the final HMM alignment. A separate decision tree is built
for each unclustered HMM state using the standard maximum
likelihood tree growing procedure used in most modern dpeec
recognition systems, [9]. The splits are made using broad
class context questions applied to the immediate phonatic a
word boundary context only, with the likelihood computaso
based on the MFCC, energy and time differential parameters d
scribed above. The criteria used to stop tree growth areststin
on a minimum of 20 speech segments per leaf and a minimum
increase in log-likelihood per split, with the latter beiset so
as to result in approximately 5000 leaves.

Energy prediction decision trees are also built from the fi-
nal HMM alignment. Again, a separate tree is built for each
unclustered HMM state using the same tree growing procedure
In this case the context considered includes the two prauged
phones, the two following phones, and the word boundaries be
tween them. The likelihood computations are based on the log
peak energy value in each segment, defined as the maximum
energy found in any 2ms window within the segment. The trees
are built to have approximately 3000 leaves. In predictiun t
median energy value in each leaf is used as the predicted.valu

Perceptually modified cepstral vectors and spectral contin
ity cost decision trees are also computed from the data and th
final HMM alignment, as described in [10]. These components
are used to determine spectral continuity costs betweenesgg
endpoints during the runtime search.

Different phones have consistent effects on natfaton-
tours, resulting in what is known as microprosody. By matgli
these effects the system can produce more nafgaontours
in synthesis. Segmental pitch deltas are therefore compute
from the final HMM alignment and the processed laryngograph
signal. For each segment in the database a pitch delta is com-
puted as thé, at the end of the segment divided by figat the
beginning of the segment. The geometric mean of these deltas
is computed for each unclustered HMM state and recorded for
later use in pitch contour generation.

In order to reduce the runtime system size and improve run-
time speed some of the training data is discarded from the run
time dataset. Thipre-selections performed by keeping only
the first 25 occurrences (or less where necessary) of eath lea
in the training data. This method tends to provide a variéty o
prosodic and acoustic realisations of each leaf while atso e
abling the runtime selection of longer units due to the large
number of contiguous segments which are typically retained
More complex pre-selection algorithms have been investtga
[11], but have not yet been shown to outperform the simple
method just described and so are not currently used.

Finally, a proprietary speech compression algorithm can be
used to compress the waveforms in the pre-selected datdmet.
compression algorithm achieves factor 7 compression at any
sample rate for almost no noticeable degradation in spagadh q
ity. The algorithm was designed to be as fast as possiblagluri
decompression and to compress each frame independenHy to a
low random access to the speech waveforms during synthesis.

Use of the compression algorithm is optional. Its use resluce
dataset sizes by factors of 2.3 for 8kHz systems, 2.5 for ¥1kH
systems, and larger factors for higher sampling rate system

3. Runtime Synthesis

During synthesis text processing, text to phone conversion
phrase boundary placement, duration prediction Bngredic-
tion are performed by an independent rule-based front-€he.
result of this processing is passed, one phrase at a timeeto t
back-end which generates the synthetic speech.

The first stage in back-end processing is the conversion
of the specified phone sequence into a target acoustic leaf se
quence, by dropping the sequence of contexts implied by the
phones down the acoustic trees. Next, target energies are de
termined for each state using the energy decision trees. Tar
get durations for each state are obtained as the medianaturat
of the corresponding acoustic leaf scaled such that the $um o
the state durations in each phone is equal to the phone olurati
specified by the front-end. Targgp values for the end of each
state are obtained by linearly interpolating between thatpo
in the F,, contour specified by the front-end given the state tar-
get durations, and adding the segmental pitch deltas theskri
in Section 2 in a perturbation-relaxation fashion to thetoon

With the target acoustic leaf sequence and target state
prosody values established the synthesiser proceeds seghe
ment search. The aim of the search is to select the sequence of
segments which best produces the target sentence. Tha s&earc
based on dynamic programming (d.p.), with pruning applied i
the forward pass to limit the number of parallel segment path
under consideration. Each step of the forward pass begins by
determining which acoustic tree leaves can supply segnfients
consideration for use in the current state. The target lgaf s
plies it's segments with zero cost. It has been found helpful
to allow segments from other leaves to be used when there is a
poor match between the target prosody and the inherentgyoso
of the segments in the target leaf. Therefore, the targétlea
sibling supplies its segments with catand other leaves de-
scended from the target leaf's grandparent node supply thei
segments with coT'. Segments descended from more distant
relatives are not available due ta3887" pruning cost applied
throughout the forward pass. In practice segments are tused f
leaves other than the target leaf in only about 1.5% of swighe
states.

All the segments available are then costed for the diffexenc
between their inherent prosody and the target prosody. Cost
curves are used which are designed through trial-and-&sror
reflect the amount of audible degradation introduced by fgedi
ing the segment’s inherent prosody by different amountsisTh
reducing duration is free, while increasing duration is, @oid
is more expensive for unvoiced speech than voiced speeeh. Th
cheapest cost to evaluate (fundamental frequency) iseappli
first. In order to reduce the computational burden, any seg-
ment whose total cost (leaf + fundamental frequency) exxeed
the pruning cost is skipped when evaluating the energy modifi
cation costs, and so on. Duration and energy costs are capped
atT, which is the cost corresponding to the approximate limit
of acceptable signal processing modification. Since mauify
these segments further would introduce a signal processiing
fact into the synthetic speech the system chooses to prabece



segments at this limit and not produce the target prosodyerwwh
this occurs additional costs are invoked to cost the extiethi®
shortfall.

A small cost reward is given to any segment which was
contiguous in the original recordings with any of the segtsen
present in the d.p. array of the previous state. Continuty i
costed properly in the d.p. below; this reward in includetht
stage to encourage the selection of contiguous segmerttssfor
d.p. stage.

The five lowest cost segments under consideration are then
entered into the d.p. array of the current state. The coit§inu
reward added above is subtracted again; just because argegme
was contiguous with a segment in the previous state’s d.p ar-
ray doesn’t mean the d.p. path will link the two segments. The
standard d.p. maximisation computation is then perforneed t

hash table built from the splice files which relates all ndiseal

text substrings occurring in the splice files to the statgrali
ment data (including phone identity and prosody) for the cor
responding waveform segments. A phone sequence and target
prosody are assembled from the data associated with thedong
substrings of the synthesis normalised text that can bedfaun

the splice file dictionary. When words are in the synthesis te
which are not present in the splice files a phone sequence is
obtained for the word from the TTS rule-based front-end. In
this case target prosody is obtained from the energy piedict
trees described in Section 2, from similar duration préaiict
trees, and by linearly interpolating the pitch contour hesw

the ends of the phrases on either side (or a default valusat se
tence ends). The pitch deltas described in Section 2 areladde
to the interpolated region. Finally, the target pitch comton-

compute the best predecessor for each segment in the current dergoes discontinuity smoothing, in which the naturalatasn

state’s d.p. array, using the cost to date of the segment®in t
previous state’s d.p. array and the spectral continuity. Cise
continuity cost is computed as in [10] with a small extra reva
given to contiguous segments. Finally the cost to date dfi eac
segment in the current state’s d.p array is computed anedstor

After each stage in the d.p forward pass the synthesiser
looks back down the partial paths to determine if they caywer
at any point in the past. If it is found that the paths do cogeer
then a traceback is computed from the point of convergence
back in time to any previous point of convergence or the start
of the phrase if this is the first convergence in the phras& Th
traceback determines which segment will be used to produce
each state in synthesis. The new section for which segments
have been determined is then sent immediately to the signal
processing routines to be turned into speech. This str&amin
and the subsequent streaming of the speech waveform as it is
generated, minimises the delay in speech being heard fiodpw
a synthesis request.

The signal processing routines concatenate the seleaed se
ments and modify them to have the target prosody, or the cappe
prosodic values if applicable. The modification algorithsed
is currently unpublished, but is similar in concept to the-fr
guency domain (FD) PSOLA algorithm described in [12].

4. Phrase Splicing

In addition to the general domain TTS mode of operation de-
scribed above, the IBM synthesiser can also be operated in
Phrase Splicingnode to provide extremely high quality synthe-
sis in limited domains. In phrase splicing, a core synthegss
tem is built as described above, and a set of applicatiorifgpec
splice filesare recorded in the same voice. The splice files cover
all the key phrases appearing in the synthesis domain, héh t
phrases recorded in appropriate prosodic contexts. Tresehr
splicing system enables phrases from the splice files todrase
lessly spliced together with phrases from other splice iled
with unseen wordsvariableg synthesised by the core system.
Introduced in [13] the phrase splicing algorithms have been
modified slightly to be compatible with the search streaming
described in Section 3. In the current implementation phras
splicing exists essentially as an alternative front-engut text
is fed to the rule-based text normalisation routines usedrg
and the normalised text then used to search a splice filedicti
nary prepared as part of the build. The splice file dictionsuy

of pitch over contiguous segments is not smoothed, to remove
any sudden jumps at splice points.

With the phone sequence and target prosody determined the
synthesiser operates exactly as described in Section 8pexc
that the synthesis inventory is augmented with the spliee fil
segments from the splice files used to construct the syisthesi
phone sequence, and that these segments always make it into
the d.p. array. The result is that, in regions far from bouieda
the synthetic speech is produced almost exactly as it wadein t
splice file recordings. At boundaries between splice files-ho
ever, the system automatically splices in segments fromoapp
priate contexts from the core synthesiser ensuring spesich
prosodic continuity at the join. At variables the systemtshgs
seamlessly from splice file speech to core system speech and
back again, again ensuring spectral and prosodic confinuit

5. Results

Although synthesis datasets for a completely new language h
been prepared in as little as one week, it typically takesna fe
months of work to get good performance; recording environ-
ments and equipment need to be obtained, pronunciations use
during training often need to be corrected by hand, and invar
ably other minor problems arise or mistakes are made. Sub-
sequent voices in the same language however can typically be
built in 3 or 4 days from the commencement of recording. To
date, a total of over 70 voices have been built in at least ft0 di
ferent languages. US English, UK English, French and German
systems will be demonstrated at this workshop.

The runtime engine is multi-threaded and shares dataset in-
formation between threads synthesising the same voice.-Mem
ory usage is approximately 40MB per voice at an 8kHz sam-
pling rate for compressed systems. Uncompressed systems ha
an image size of approximately 90MB, but run 34% faster than
compressed systems. At the time of writing absolute system
speed is still under review.

Figure 1 shows a wideband spectrogram of the sentence
fragment “...the IBM...” taken from the sentence “Welcoroe t
the IBM Research Text-to-Speech demonstration page.” syn-
thesised in a female voice at an 11kHz sampling rate. The ver-
tical lines show the state boundaries and the “chk” labets th
boundaries of the chunks of speech concatenated to construc
the speech. In typical synthesis concatenation occurs en ap
proximately 70% of state boundaries.
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Figure 1: Wideband spectrogram of the sentence fragmetii€'.IBM...”
State boundaries (vertical lines) and concatenation kemigl(chk labels) are shown.

Phrase splicing systems have been built in a number of lan-
guages for numerous voices in several different domaindSn
English domains have included mutual fund trading, findncia
news, and airline reservations. A demonstration of parhef t
mutual fund trading system is available by calling +1 972 402
5963 and saying “mutual fund”.

6. Conclusion

The IBM Trainable Speech Synthesiser is a state-of-therutrt
selection based concatenative speech synthesiser. Itesnab
both high quality general domain Text-to-Speech synthesis
very high quality limited domain synthesis to be performed i
multiple languages. New voices can be built in existing lan-
guages in 3 or 4 days.
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