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Abstract
In this paper, we demonstrate the use of state-of-the-art speech
technology to transform speech from a source speaker to mimic
a particular target speaker with the intention of providng personalized voices to users of Speech Generating Devices (SGDs).
This speaker mimicry (SM) capability allows us to use highquality acoustic inventories from professional speakers and
transform them to a different target speaker using a very limited set of sentences from that speaker. This technology targets
future SGD users who still have a limited vocabulary or available previous recordings. The results of a perceptual study show
that listeners can identify which SM voices most resemble their
respective target voices.1
Index Terms: speech synthesis, voice transformation, prosody
modeling, perceptual evaluation

1. Introduction
A wide range of individuals cannot communicate by voice.
Voice enabled Augmentative and Alternative Communication
(AAC) devices, also called Speech Generating Devices (SGDs),
are often the only means available through which these individuals can communicate. While many SGDs are currently available, most of them lack the important ability to generate customized speech that mimics aspects of the user’s past or intermittently available speech. Modern concatenative speech synthesis technology can mimic a given speaker’s voice, by excising speech fragments from a recorded acoustic inventory and
recombining these into output speech using sophisticated algorithms.
The only system currently available that allows SGD users
with sufficient speaking ability to record speech for the purpose
of creating their own synthetic voices is the ModelTalker system
[1, 2]. The recording tool that is part of this system prompts the
user to record sentences with a total of about 1650 words and
phrases, the first 80 of which include words and phrases that
are likely to be of need to users of SGD devices in a variety of
daily contexts. The remaining words and phrases were selected
to cover all diphones of American English in a broad range of
phonetic and prosodic contexts that the synthesizer can use to
produce an unlimited number of sentences. Another set of 200
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“expressive” sentences is recorded as well. The recording process is said to take approximately 68 hours over 3 or 4 days. The
ModelTalker system was shown to have a better word error rate
in an intelligibility task than 5 out of 6 other concatenative synthesizers (which were not named) [2]. However, that version of
ModelTalker used speech data from the free Arctic data collection initiative, which contains a larger set of sentences than the
ModelTalker recording tool offers, and it uses semi-professional
speakers [8].
The most important factor in creating high-quality concatenative synthesis output is the ability of the speaker whose
recordings are used to create the acoustic inventory to speak
consistently over a long period of time. For this reason, the consistent speech of professional speakers is used for the recordings. However, even professional speakers show inconsistencies
in their voice quality, average pitch, and speaking rate, when
recording during long sessions, or when recording multiple sessions [7].
Many SGD users cannot meet these requirements because
they have already lost the capability to speak or because they
cannot speak with adequate consistency of pronunciation. We
therefore propose a Speaker Mimicry (SM) system in which
only a small set of recordings is required from the SGD user
(< 50 sentences) to adapt a high-quality synthetic voice based
on a professional speaker to sound like their own. In order for
the resulting speech to sound like the target speaker, both the
spectral characteristics and the prosodic characteristics (the duration and intonation) of the source speaker have to be adapted
to the characteristics of the target speaker.
We use Voice Transformation (VT) technology to adapt the
spectral characteristics and Prosody Mimicry (PM) to adapt the
prosodic characteristics. Using VT technology, we can transform speech spoken by a “source” speaker into speech that is
perceived as spoken by a specific “target” speaker. The amount
of training recordings is far less than what is needed for a highquality acoustic inventory. The basis of our PM method is provided by concise quantitative models for capturing prosodic signatures [10, 16, 17, 19, 20]. These models go well beyond characterizing a signature in terms of such coarse parameters as F0
range or average speaking rate, and capture such highly speakerdependent features as the amount of lengthening of stressed syllables or the magnitude of the drop in F0 at the end of a declarative utterance, which, in combination, define the prosodic signature.

2. Research
2.1. Creating a Library of Limited Speech Recordings
As a proof-of-concept we recorded limited acoustic diphone
inventories for multiple speakers. We recorded 12 typical,

healthy speakers: 4 male adult speakers, 4 female adult speakers, 2 male children and 2 female children. The sentences that
were recorded were determined as follows. First, we selected
20 sentences from a larger set of phonetically rich sentences
(IEEE/Harvard Sentences [11]). These 20 sentences served as
the target set (Data Set 1). The target set is used in the evaluation, as a reference of how well a natural voice can produce
those sentences. Then, we constructed 276 sentences that included 257 diphones and 19 triphones (Data Set 2). These
diphones and triphones were necessary to produce the 20 test
sentences using a concatenative TTS system. We included triphones for vowels followed by /l/ or /r/ because these consonants have a large impact on the pronunciation of the preceding
vowel.
Finally, we selected a set of sentences for training the voice
transformation (Data Set 3). We used a greedy algorithm [18]
to search a transcription of Switchboard conversations [3]. The
transcription text was transformed into diphone and triphone
strings so that the greedy algorithm could search for the smallest set of sentences to cover the concatenative units in Data Set
2. The Switchboard conversations represent a casual speaking style that is in line with our goal of being able to perform
Speaker Mimicry using spontaneous speech. A set of 46 sentences was found to provide complete coverage. In this project
each speaker served both as a target and a source for the VT
so each speaker uttered 342 sentences (Data Sets 1, 2, and 3
combined). The ultimate application will only require a small
training set to be recorded by the target speaker.
The recordings were made in a recording studio using a
data-collection computer with a hard drive and three flat-panel
monitors, a high-quality condenser microphone in a special enclosure Whisperroom, a high-quality A/D sound module, and a
mixing board. A special-purpose data-collection program was
run on the computer. As sentences were read aloud, the recordings were stored in 16 KHz, 16-bit waveforms. One monitor
was used by a technician to administer the program for data
collection, and the other two monitors displayed the sentences
to be read for recording. One of these was placed inside the enclosure for the speaker to see. Each sentence was preceded by a
spoken example so that the speakers knew exactly what to say.
Our ultimate goal is to be able to use arbitrary recordings of target speakers, such as old video recordings, but for this project
we used only studio-quality recordings.
2.2. Creating Synthetic Voices with a Restricted Set of Diphones
We used the recordings from Data Set 2 to create 12 synthetic
voices that consisted of the diphone and triphone characteristics of the source speaker’s voices. The set of diphones and
triphones in Data Set 2 was sufficient to synthesize the 20 test
sentences of Data Set 1. The locations of phoneme boundaries
in the recordings were determined using an automated forcedalignment system [5]. These boundary labels were manually
corrected to optimize their accuracy. It was imperative to the
VT process for these labels to reflect what was actually being
said. We normalized the volume using the Snack toolkit [13] to
ensure that differences in loudness did not influence the subjective ratings in the perceptual tests. We used an automatic cutpoint detector [12] to determine the start and end boundaries of
each diphone. We computed pitch marks using a Matlab script
based on research by Stylianou [14].

2.3. Training the synthetic voices to mimic target voices
2.3.1. Voice Transformation
Voice transformation is the process of changing the spectral
characteristics of a source speaker’s voice into that of a target
speaker’s voice [15]. The first step in transforming the voices is
to compute feature vectors describing the spectral characteristics from the source and target voice and to automatically timealign them so that a one-to-one mapping can be made from a
source to a target feature vector. The feature vectors describing
the spectral characteristics are usually based on a representation
of the source-filter speech model [9]. Often, the filter is represented by Linear Prediction Coding (LPC) coefficients. These
LPC parameters are usually converted to a number of alternative representations with more desirable properties, such as the
ability to interpolate between parameters.
Gaussian mixture models (GMMs) provide a probabilistic
approach to VT in which a continuous transformation function
is trained [15]. Kain extended the GMM method to perform a
joint density estimation of the GMMs in which both the source
and target feature vectors were used for estimating the transformation function [6]. We have developed two VT algorithms,
the maximal VT method (VTmax)and the minimal VT method
(VTmin):
VTmax uses an LSF vocoder speech model to train the
transformation and generate new speech files. For the LSF
vocoder, a sample rate of 16 kHz was used and the LSF order
was 18. Each LSF vector was computed on asynchronous, 50%
overlapping, Hanning-windowed, 25-ms frames. The mapping
function between source and target speaker was implemented
using a joint-density, Gaussian Mixture Model (GMM) regression function using 24 mixture components. The program consists of three stages: the analysis stage, the learning stage and
the synthesis stage. In the analysis stage, we use Data Set 3 for
each speaker. We select one speaker to be the source speaker
and another speaker to be the target speaker. The source and target speakers are always selected from the same gender and age
range. Thus we have 28 possible transformations from source to
target speaker (as we do not transform voices into themselves).
The learning stage takes the LSF parameters produced in the
analysis stage and learns a mapping from the LSF parameters
of the source speaker to the LSF vectors of the target speaker.
During the synthesis stage, spectral features selected as a result
of a unit search on the acoustic inventory, are transformed inplace, and are then subsequently synthesized, thus integrating
the VT technology directly in the TTS engine.
VTmin is useful for cases in which only low-quality existing voice recordings are available. VTmin learns the correspondences of the formants between two speakers and performs
a piece-wise linear warping function in the frequency domain
to map the formants from the source speaker to those of the target speaker. The locations of formants vary due to the shape
and size of the vocal tract. Thus they are phoneme-specific and
speaker-specific. VTmin captures speaker-specific vocal tract
differences. Because it relies on formant frequencies only, the
quality of the recordings is not crucial since these parameters
can be extracted reliably even from noisy speech waveforms.
As such it is irrelevant whether one has access to high quality recordings or lower quality recordings such as from a video
camera. An additional benefit of VTmin is that it can be applied to people whose pronunciation abilities are not complete,
i. e. they are able to produce some sounds but have problems
with other sounds. VTmin uses a global piece-wise linear warping function in the frequency domain to transform all phonemes,

Condition
A
B
C
D
E
F
G

Spectrum 1
Natural A
Diphones A
DIphones A
Diphones A
Diphones A
Diphones A
Diphones A

Prosody 1
Natural A
Natural A
Synth A
Synth Generic
Synth A
Synth Generic
Synth A

Spectrum 2
Natural B
Diphones B
Diphones A
VTmax
VTmax
VTmin
VTmin

Prosody 2
Natural B
Natural B
Synth B
Synth Generic
Synth B
Synth Generic
Synth B

Effect on discriminability
Upper Limit
Effect of Diphones
Effect of Prosody Only
Effect of VTmax Only
Effect of VTmax + Prosody
Effect of VTmin Only
Effect of VTmin + Prosody

Table 1: Stimulus conditions
A few missing data points for phonemes not present in the target speaker’s vocabulary will not adversely affect the outcome.
2.3.2. Prosody Mimicry
Speaker mimicry relies largely on prosody as each speaker has
unique prosodic signatures. For durational characteristics we
decided to only control the average speaking rate. In future research, we will explicitly model specific speakers’ durational
patterns the Sums-of-Products model [16, 17] with speaker
adaptation [4]. The pitch is controlled by setting parameters for
phrase curve start, mid and end values and accent amplitudes for
initial, medial, and final accents. These parameters are used in
the OGI Festival TTS system to generate synthetic prosody patterns and are based on the Generalized Linear Alignment Model
of intonation (GLAM) [10, 19, 20]. These parameters provide
more detailed information about the pitch contours generated
than global parameters such as the F0 range. For this study, the
parameters were estimated by manually inspecting F0 contours
for the sentences in Data Set 1 for each speaker and averaging
them over all sentences. In future research, we intend to develop
automatic parameter extraction methods.

3. Perception experiment
A perception experiment was performed testing speaker identification of both VTmax and VTmin. To reduce the number
of stimuli we performed a pre-test to determine which source
voice was best suited for transformation to a particular target
voice. We found that not every source voice was equally suitable to be transformed to a given target voice. However, the
optimal source-target combinations were the same regardless
of whether we used VTmax or VTmin. Since there were only
two children for each gender, their source-target combinations
were fixed. We synthesized the sentences using the TTS system with integrated VT capabilities developed for this purpose.
The phoneme durations and intonation contours were obtained
separately by running scripts with SABLE markup in Festival.
The scripts used a generic Sums-of-Products duration model for
generating phoneme durations [16, 17], and a global speaking
rate value was added for each speaker. The intonation was generated using an implementation of the GLAM [19, 20, 10]. The
SABLE markup language was modified to allow for GLAM parameters to be passed on in a SABLE script. Table 1 lists the 6
stimulus conditions that were presented to the listeners. Condition A presents two natural sentences to give the upper limit of
speaker identification. Condition B presents diphone synthesis
with natural prosody to show the effect of creating diphone synthesis for the speakers. Condition C presents diphone synthesis with diphones from the same speaker and synthetic prosody
from different speakers to show the effect of prosody only on

speaker identification. Condition D shows the effect of VTmax
with generic synthetic prosody and condition E shows the effect of VTmax with personalized synthetic prosody. Condition
F shows the effect of VTmin with generic prosody and condition G shows the effect of VTmin with personalized synthetic
prosody.
The evaluation experiment was administered to 12 listeners. They listened to the stimuli using a desktop computer and
headphones in a quiet office environment. All listeners had
self-declared normal hearing. Since the task was to distinguish
speaker identity, non-native speakers of American English were
allowed to participate. The listening test was administered using
a computerized test controlled via the mouse. Listeners listened
to sentence pairs and then indicated whether they thought the
sentences were spoken by the same person or two different people on a 4-point scale (1: Certainly Different; 2: Probably Different; 3: Probably Same; 4: Certainly Same). Both the stimulus order and the order in the sentence pair were randomized. In
each sentence pair, the sentence content for the sentences was
different. The experiment included 7 different conditions (AG) as displayed in Table 1. The list of 196 stimuli contained
an equal number of pairs where the predicted outcome was the
same or different.

4. Analysis results
For each listener and each condition (A–G) we computed the
percentage of correct responses. The four-point scale was collapsed to a binary scale where 1 indicated same and 0 indicated
different. The results support two conclusions. First, referring
to Figure 1, we conclude that in all but one condition (F) performance was significantly above chance (using a two-tailed ttest criterion at p < 0.01). However, since condition F uses
generic prosody (i. e. not speaker specific), it is not relevant for
the project since we would always customize the prosody to the
target speaker in our product. Second, planned t-tests showed
that each component of the proposed solution (i. e. VTmax, VTmin, and PM) had significant impacts: (1) With PM, VTmax
was significantly better than generic diphones (comparing conditions E and C, t(11) = 2.27, p < 0.05, one-tailed); (2) PM
produced significantly better results (comparing conditions E
and D, as well as G and F, t(11) > 3.0, p < 0.05, one-tailed,
in both cases); (3) With PM, VTmin also produced significant
results (t(11) = 1.81, p < 0.05, one-tailed).
In summary, these results show that VTmax worked well,
that VTmin (in combination with prosody mimicry) improves
performance compared to generic diphones, and that prosody
mimicry is a particularly critical component both by itself and
in its ability to amplify the effects of VT.
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Figure 1: Results of the listening test. The solid blocks represent the average percentage correct per condition, and the solid
lines the standard errors computed over the 12 listeners.

5. Discussion
This project has succeeded in several key areas. We have shown
that we can record speech from different speakers and create
custom synthesized voices for them. We have developed algorithms for state-of-the-art voice transformation to create new
synthetic voices. While the quality of the transformation is better for some speakers than for others, we believe that the key
concept is valid and can be developed into a product in the future. One consequence of this finding is that we need to record
several canonical speakers as the source speakers to find an optimal match for any target voice.
In the future we will further improve the VT algorithms to
produce more natural sounding speech. We will also implement
a duration adaptation algorithm that adapts the duration model
trained for a canonical speaker to fit the durational patterns of
the target speaker using the same small set of sentences that will
be used for SM training. We will develop parameter estimation
algorithms for automatically extracting phrase and accent curve
parameters from the pitch contour using GLAM. And we will
develop an SGD interface on a netbook. Actual SGD users will
provide feedback on the design choices we make as well as the
canonical voices we will record. In addition we will evaluate
the quality of the SM capability not only in terms of speaker
discriminability but also in terms of intelligibility and naturalness.
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