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Abstract

Various methods have recently appeared to transform foreign-accented speech into its native-accented
counterpart. Evaluation of these accent conversion methods requires extensive listening tests across a
number of perceptual dimensions. This article presents three objective measures that may used to assess
the acoustic quality, degree of foreign accent, and speaker identity of accent-converted utterances. Accent
conversion generates novel utterances: those of a foreign speaker with a native accent. Therefore, the
acoustic quality in accent conversion cannot be evaluated with conventional measures of spectral
distortion, which assume that a clean recording of the speech signal is available for comparison. Here we
evaluate a single-ended measure of speech quality, ITU-T recommendation P.563 for narrow-band
telephony. We also propose a measure of foreign accent that exploits a weakness of automatic speech
recognizers: their sensitivity to foreign accents. Namely, we employ the HTK recognizer trained on a
large number of English American speakers to obtain a measure of nativeness for different accent-
converted utterances. Finally, we propose a measure of speaker identity that extracts the unique
discriminatory acoustic cues for a given pair of source and target speakers through Linear Discriminant
Analysis. The three measures are evaluated on a corpus of accent-converted utterances that had been
previously rated through perceptual tests. Our results show that the three measures have a high degree of
correlation with their corresponding subjective ratings, suggesting that they may be used to accelerate the
development of foreign-accent conversion tools. Applications of these measures in the context of

computer assisted pronunciation training and voice conversion are also discussed.
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1 INTRODUCTION

Older learners of a second language (L2) typically speak with a so-called “foreign accent,” sometimes
despite decades of immersion in a new culture. During the last two decades, a handful of studies have
suggested that it would be beneficial for these learners to be able to listen to their own voices producing
native-accented utterances [1, 2]. The rationale is that, by stripping away information that is only related
to the teacher’s voice quality, learners can more easily perceive differences between their accented
utterances and their ideal accent-free counterparts. A foreign accent is manifested primarily as deviations
from the expected segmental (e.g. formants) and prosodic (e.g. intonation, duration, and rate) norms of a
language [3]. This suggests that signal processing techniques similar to those employed in voice
conversion [4-9] may also be used to transform foreign-accented utterances into their native-accented
versions. As a result, a number of studies have recently appeared on the subject of foreign accent
conversion [10-12]. Notwithstanding their similarities, voice conversion and foreign accent conversion
have orthogonal goals. Voice conversion seeks to transform utterances from a speaker so they sound as if
another speaker had produced them. In contrast, accent conversion seeks to transform only those features
of an utterance that contribute to accent while maintaining those that carry the identity of the speaker.
Thus, foreign accent conversions must be evaluated according to multiple criteria, including not only the
degree of foreign accent reduction and acoustic quality of the transformation but also the extent to which
the voice quality of the foreign speaker has been preserved. These evaluations are challenging for
multiple reasons. First, some of the above criteria can be conflicting; as an example, the perceived
identity of a foreign speaker may be inextricably coupled with his/her accent [13] to where removal of the
foreign accent leads to the perception of a different speaker. Moreover, whether or not a speaker is
perceived to have a foreign accent depends on the dialect and exposure of the listener [14]. Finally, and
more importantly, because foreign accent conversion seeks to generate utterances that have never been
produced (i.e. those of an L2 learner having a native accent), no ground truth is available against which

the transformations can be tested, and perceptual studies must be employed at every stage in the process.
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The specific objective of this work is to develop objective measures of acoustic quality, foreign
accentedness and speaker identity that are consistent with perceptual evaluations. Such measures would
be invaluable in a number of scenarios. As an example, the ability to objectively rate synthesized
utterances may be used to search and fine-tune parameters in accent conversion systems —our immediate
motivation. Objective measures may also be used in computer assisted pronunciation training (CAPT) to
match the voice of the L2 learner with a suitable voice from a pool of native speakers, or to provide
feedback to the learner, which is a critical issue in CAPT [15, 16]. The work proposed here is related to
but distinct from prior research in automatic accent classification, speaker identification and verification,
and speech enhancement. In accent classification, the goal is to assign a given speech recording to one of
several accent/dialect categories. In contrast, our goal is to assign a foreign accentedness score that
correlates with ratings of perceived accentedness, which are continuous rather than discrete. Thus, our
problem is one of regression rather than classification. In speaker verification/identification, the goal is to
determine the veracity of a speaker’s claimed identity or assign a speaker’s voice to one of several known
speakers. In contrast, our goal is to obtain a measure of similarity between a synthesized voice (i.e. accent
converted) and that of two reference speakers (i.e. a native and a foreign speaker). Finally, most measures
of acoustic quality in speech enhancement rely on the existence of a ground truth to compute a measure of
spectral distortion. In contrast, and as mentioned earlier, accent conversion (if successful) leads to

utterances that have never been produced, and for which a ground truth does not exist.

2 RELATED WORK

2.1 Foreign accent conversion

The relative contribution of various acoustic cues to the perception of a foreign accent has been
extensively studied [3, 13, 17-19]. Due to space constraints, however, this review will focus on studies
that have manipulated acoustic cues for the specific purpose of converting a foreign accent into its native
counterpart (or vice versa). These studies have been organized according to whether they have

concentrated on prosodic features or have also considered transformation of segmental cues.
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Prosodic transformations are, by far, the most common approach to foreign accent conversion. This is
motivated by the fact that prosody plays a very significant role in foreign accents [17] and also by the
availability of methods for time- and pitch-scaling [20]. Tajima et al. [21] investigated the effect of
temporal patterning on the intelligibility of speech. The authors used dynamic time warping and LPC
resynthesis to modify the timing of English phrases spoken by native Chinese speakers and native English
speakers. When utterances by Chinese speakers were distorted to match the timing of English speakers,
intelligibility increased from 39% to 58%, as measured by native English listeners. Likewise, when
utterances by English speakers were distorted to match the timing of Chinese speakers, intelligibility
declined from 94% down to 83%. Cho and Harris [22] developed an automatic tool to transform the
prosody of L2 speech. The authors collected a corpus of English utterances produced by native speakers
of American English and by Korean speakers. Utterances were time aligned through dynamic time
warping, and then transformed in duration and pitch by means of PSOLA [23]. Four types of stimuli were
evaluated by native listeners of American English: utterances by Korean speakers with (1) Korean
intonation and (2) American intonation, and utterances by American speakers with (3) American
intonation and (4) Korean intonation. Resynthesizing American utterances with Korean intonation
increased their foreign-accentedness from 1.24 to 2.10 (on a 7-point scale), whereas resynthesizing
Korean utterances with an American intonation reduced their foreign-accentedness from 5.08 to 4.75.
Prosodic conversion has also been explored in the context of CAPT. Nagano and Ozawa [24] evaluated a
prosodic-conversion method to teach English pronunciation to Japanese learners. One group of students
was trained to mimic utterances from a reference English speaker, whereas a second group was trained to
mimic utterances of their own voices, previously modified to match the prosody of the reference English
speaker. Pre- and post-training utterances from both groups of students were evaluated by native English
listeners. Their results show that post-training utterances from the second group of students were rated as
more native-like than those from the first group. More recently, Bissiri et al. [25] investigated the use of
prosodic modification to teach German prosody to Italian speakers. Their results were consistent with
[24], and indicate that the learner’s own voice (with corrected prosody) was a more effective form of

4
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feedback than prerecorded utterances from a German native speaker.

Segmental techniques for foreign accent conversion have been investigated only recently. Yan et al. [26]
proposed an accent-synthesis method based on formant warping. First, the authors developed a formant
tracker based on hidden Markov models (HMM) and linear predictive coding (LPC), and applied it to a
corpus containing several regional English accents (British, Australian, and American). Second, the
authors re-synthesized utterances by warping formants from a foreign accent onto the formants of a native
accent; pitch- and time-scale modifications were also applied. An ABX test showed that 75% of the re-
synthesized utterances were perceived as having the native accent. Kamiyama [27] investigated the
perception of French utterances produced by Japanese learners. The study consisted of eight short phrases
read by Japanese and French speakers. Six types of resynthesized utterances were evaluated, involving all
combinations of three segmental conditions (European French, Canadian French, and Japanese
phonemes) with two prosodic conditions (French and Japanese). MBROLA [28] and PRAAT [29] were
used to perform segmental and prosodic modifications, respectively. Results from this study indicate that
both segmental and prosodic characteristics contribute to the perceptual rating of accentedness, though
prosody plays a more significant role. More recently, Huckvale and Yanagisawa [12] used an English
text-to-speech (TTS) system to simulate English-accented Japanese utterances; foreign-accentedness was
achieved by transcribing Japanese phonemes with their closest English counterparts. The authors then
evaluated the intelligibility of a Japanese TTS against the English TTS, and against several prosodic and
segmental transformations of the English TTS. Their results showed that both segmental and prosodic
transformations are required to improve significantly the intelligibility of English-accented Japanese
utterances. We have also investigated the role of prosodic and segmental information on the perception of
foreign accents [11]. Our work differs from [26] in two respects. First, our accent conversion method
(described in section 3.1) uses a spectral envelope vocoder, which makes it more suitable than formant
tracking for unvoiced segments. Second, we evaluate not only the accentedness of the re-synthesized

speech but also the perceived identity of the resulting speaker. As discussed earlier, the latter is critical
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because a successful accent-conversion model should preserve the identity of the foreign-accented
speaker. In contrast with [12], our study was performed on natural speech, and focused on accentedness
and identity rather than on intelligibility; as noted by Munro and Derwing [30], a strong foreign accent

does not necessarily limit the intelligibility of the speaker.

2.2 Acoustic correlates of foreign accent, acoustic quality, and speaker identity

2.2.1 Acoustic quality

Objective measures of quality can be broadly described as either intrusive or non-intrusive. Intrusive
measures evaluate the quality of modified speech against the original, high-quality reference speech. The
International Telecommunication Union (ITU-T) recommendation for end-to-end speech quality
assessment is P.862, which achieves an average correlation of 0.94 with subjective Mean Opinion Scores
(MOS). Such intrusive models are ideal for testing coding or transmission systems because the original,
unmodified speech is available for comparison. However, they are not appropriate for voice conversion
systems; though a well-defined ground truth exists in this case (i.e. the voice of the target speaker), it is
unrealistic to expect a transformed utterance to match the target exactly. For that matter, intrusive models

are even more questionable for accent conversion systems because the latter lack a well-defined target.

Non-intrusive measures of speech quality must be used when reference signals are too costly or
impossible to obtain, in which case one must predict quality based on the test speech itself. Non-intrusive
measures are well suited for testing satellite systems [31], voice over IP, and cell phone networks [32].
The most common approach is to create a model of clean speech (e.g. with vector quantization [31]) to
serve as a pseudo-reference signal. The average distance to the nearest reference centroid provides an
indication of speech degradation, which can then be used to estimate subjective quality. Models of the
vocal tract [33] and the human auditory system [34] have also been proposed. However, the prevailing

non-intrusive measure is ITU-T recommendation P.563 [32], which is discussed in section 3.3.1.
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2.2.2 Foreign accentedness

Speaker adaptation is a prevalent topic in speech recognition research as it helps decrease speaker
variability due to differences in gender, physiology, or accent [35]. Such investigations have also led to
objective measures of accent [36]. These can be grouped into three categories [37]: methods that model
the global acoustic distribution, methods based on accent-specific phone models, and analysis of
pronunciation systems. The first approach models the distribution of acoustic vectors from speakers of a
particular accent; e.g. formant frequencies of standard English vowels [10]. Classification is then

achieved through pattern recognition, e.g. Gaussian mixture models (GMM) [38, 39].

Accent-specific phone models have been explored by Arslan and Hansen [40]. Their method evaluated
words sensitive to accent on separate HMM word recognizers trained for each accent (e.g. English,
Turkish, German, or Chinese). The accent chosen was the one associated with the HMM that yielded the
highest likelihood; their method compared favorably against classification performance by human

listeners. Other researchers have also taken a similar approach [41].

The final group takes a linguistic approach to accent classification, one which may be more sensitive than
methods based on acoustic quality [37]. In one of the earlier papers, describing accent classification for
speech recognition, Barry et al. [42] compared acoustic realizations within a particular speaker. By
analyzing systematic differences (or similarities), the authors were able to separate four regional English
accents; e.g. Northern English uses the same vowel for “pudding” and “butter,” but American English
uses different vowels. Once such phonemic relations are established, it is then sufficient to evaluate the
accent of a speaker based on a single sentence that exploits this information. Related approaches analyze

a speaker’s phonetic tree (created through cluster analysis) to determine accent [43].

2.2.3 Speaker identity

As objective measures of accent have been derived from speaker adaptation methods, so have objective

measures of identity come from research in speaker recognition. Early investigations focused on
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identifying suitable features for discrimination (e.g. pitch and formant frequencies), but recent advances
have come from improved machine learning techniques (e.g. Gaussian mixture models). While some
results on feature selection [44] indicate a stronger relationship between identity and spectral measures
than between identity and pitch, others show a preference for pitch [45]. Malayath et al. [46] proposed a
multivariate method to separate the two main sources of variability in speech: speaker identity and
linguistic content. Namely, the authors used oriented PCA to project an acoustic feature vector (LPC-
cepstrum) into a subspace that minimized speaker-dependent information while maximizing linguistic
information; this method may also be used for the opposite problem: capturing speaker variability while
reducing linguistic content. Lavner et al. [47] investigated the relative contributions of various acoustic
features (glottal waveform shape, formant locations, F0) to the identification of familiar speakers. Their
results indicate that shifting the higher formants (F3, F4) has a more significant effect than shifting the
lower formants, and that the shape of the glottal waveform is of minor importance provided that FO is
preserved. More interestingly, the study found that the very same acoustic manipulations had different

effects on different speakers, which suggests that the acoustic cues of identity are speaker-dependent.

Once the foundation for appropriate acoustic features was established, researchers turned their attention
toward classification techniques [48]. Recent text-independent speaker identification systems often
employ GMMs. Typically, a separate GMM is trained for each of the speakers in question, and an
unknown speaker is identified when the likelihood of a given utterance exceeds a threshold for one of the

models. GMMs have also been used as objective measures of identity for voice conversion [49].
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3 METHODS
3.1 Foreign accent conversion

According to the modulation theory of speech [50], a speaker’s utterance results from the modulation of a
voice-quality carrier with linguistic gestures. Traunmiiller identifies the carrier as the organic aspects of a
voice that “reflect the morphological between-speaker variations in the dimensions of speech,” such as
those that are determined by physical factors (e.g. larynx size and vocal tract length). Thus, in analogy
with the source/filter theory of speech production [51], which decomposes a speech signal into excitation
and vocal tract resonances, modulation theory suggests that one could deconvolve an utterance into its
voice-quality carrier and its linguistic gestures. According to this view, then, a foreign accent may be
removed from an utterance by extracting its voice-quality carrier and convolving it with the linguistic
gestures of a native-accented counterpart. Such is the underlying motivation behind our accent-conversion
method, which is briefly reviewed here; further details may be found in [11]. Our method proceeds in two
distinct steps. First, prosodic conversion is performed by modifying the phoneme durations and pitch
contour of the (foreign-accented) source utterance to follow those of the (native-accented) target. Second,

formants from the source utterance are replaced with those from the target.

To perform time scaling, we assume that the speech has been phonetically segmented by hand or with a
forced-alignment tool [52]. From these phonetic segments, the ratio of source-to-target durations is used
to specify a time-scaling factor a for the source on a phoneme-by-phoneme basis (0.25 < a < 4). Our
pitch-scaling combines the pitch dynamics of the target with the pitch baseline of the source. This is
achieved by replacing the pitch contour of the source utterance with a transformed (i.e., shifted and
scaled) version of the pitch contour of the target utterance, limited to pitch-scale factors f in the range
0.5 < f < 2. This process allows us to preserve the identity of the source speaker by maintaining the
pitch baseline and range [53], while acquiring the pitch dynamics of the target speaker, which provides
important cues to native accentedness [54]. Once the time- and pitch-scale modification parameters (o, )

are calculated, Fourier-domain PSOLA [23] is used to perform the prosodic conversion.
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Our segmental accent-conversion stage assumes that the glottal excitation signal is largely responsible for
voice quality, whereas the filter contributes to most of the linguistic content. Thus, our strategy consists of
combining the target’s spectral envelope (filter) with the source’s glottal excitation. For each source and
target analysis window, we first apply SEEVOC [55] to decompose the signal into its spectral envelope
and a flattened excitation spectrum, and then multiply the spectral envelope of the target with the
flattened spectral excitation of the source. The modified short-time spectra are transformed back to the
time domain, and concatenated using a least-squared-error criterion [56]. In order to reduce speaker-
dependent information in the target’s spectral envelope, we also perform vocal tract length normalization
using a piecewise linear function defined by the average formant pairs of the two speakers [7]; formant
locations are estimated with PRAAT [29] over the entire corpus. The result is a signal that contains the

source’s excitation and the target’s spectral envelope normalized to the source’s vocal tract length.

3.2 Perceptual evaluation

In [11], we performed a series of perceptual experiments to characterize the method in terms of (1) the
degree of reduction in foreign accentedness, (2) the extent to which the identity of the original speaker
had been preserved, and (3) degradations in acoustic quality. To establish the relative contribution of
segmental and prosodic information, these two factors were manipulated independently, resulting in three
accent conversions: prosodic only, segmental only, and both. Original utterances from both foreign and
native speakers were tested as well, resulting in five stimulus conditions (see Table 1). Sample audio files
for the five conditions are available as supplemental material (1-5.wav and revl-5.wav). Perceptual

evaluation consisted of three independent experiments:

= Acoustic quality. Following [6], participants were asked to rate the acoustic quality of utterances
on a standard MOS scale from 1 (bad) to 5 (excellent). Before the test began, participants listened

to examples of sounds with various accepted MOS values.

= Foreign accentedness. Following [57], participants were asked to rate the foreign accentedness of

utterances using a 7-point Empirically Grounded, Well-Anchored (EGWA) scale (O=not at all

10
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accented; 2=slightly accented; 4=quite a bit accented; 6=extremely accented) [58].

= Speaker identity. Following [59], participants listened to a pair of linguistically different
utterances, and were asked to (i) determine if the two sentences were produced by the same
speaker, and (ii) rate their confidence on a 7-point EGWA scale. These two responses were
converted into a 15-point perceptual score (Table 2). To prevent participants from using accent as
a cue to identity, utterances were played backwards. This removes most of the linguistic cues
(e.g., language, vocabulary, and accent) that may be used to identify a speaker, while retaining
the pitch, pitch range, speaking rate, and vocal quality of the speaker, which can be used to

identify familiar and unfamiliar voices [60].

Table 1. Stimulus conditions for perceptual studies Table 2. Combined score for identity ratings
# | Stimulus Value | Equivalent meaning

1 | Source utterance 0 Same speaker, very confident

2 | Source w/ prosodic conversion 6 Same speaker, not at all confident

3 | Source w/ segmental conversion 7 N/A

4 | Source w/ prosodic & segmental conversion 8 Different speaker, not at all confident
5 | Target utterance 14 Different speaker, very confident

3.3  Objective measures

3.3.1 Acoustic quality

Our objective measure of acoustic quality is based on recommendation P.563 for single-ended (i.e. no
reference) speech quality [32], which is freely available for download from the ITU-T website. The
algorithm operates in three stages: preprocessing, distortion estimation, and perceptual mapping. During
preprocessing, the signal level is normalized to -26.0 dBov. Next, an additional version of the speech is
created by filtering it with a response similar to the properties of a standard telephone. A third version is
filtered with a fourth-order Butterworth high-pass filter with a 100Hz cutoff. Finally, voiced areas are

detected using ITU-T recommendation P.56.

P.563 makes use of several distortion measures to identify the various types of distortions that may be
present in the signal. The first measure, based on speech production, approximates the vocal tract area

function. This is accomplished by transforming the coefficients of an eighth order pitch-synchronous LP
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analysis (via their reflection coefficients) into an area function with eight tubes [33]. These eight tubes are
then divided into three groups: front, middle, and rear cavity (corresponding to tubes 1-3, 4-6, and 7-8).
Sudden changes in the areas of any of the three cavities are indications of distortion. A second measure of
distortion simulates an intrusive quality measure with a reference signal being provided by a speech
reconstruction module. The module is designed to remove or modify the noise in the distorted speech
signal. The reconstructed speech is then compared with the distorted speech using a psychoacoustic
model similar to the one found in ITU-T P.862 (see section 2.2.1); this step measures the amount of
distortion removed by the speech reconstruction module. The final measures of distortion include

estimation of SNR and detection of robotization, temporal clipping, and signal correlated noise.

The final stage, perceptual mapping, takes the above measures of distortion and calculates the final MOS
score with a classifier followed by a regression model. The classifier identifies which of seven types of
degradations are most likely to be present (i.e. robotization, interruption and clipping, signal correlated
noise, low SNR, unnaturally low pitch, unnaturally high pitch, or [default] general distortion). Quality is

then estimated on a standard MOS scale using a regression model trained on examples from that class.

P.563 shows an average correlation of 0.85 with subjective MOS [32]; as a comparison, its intrusive
counterpart P.862 achieves a correlation of 0.94. The ITU-T further recommends that, when evaluating a
system, multiple speech files be tested and their scores averaged. Suggested applications for P.563
include live network monitoring using digital or analog connections, live network end-to-end testing
using digital or analog connections, and live network end-to-end testing with unknown speech sources at
the far end side. Despite the fact that P.563 is not intended to measure the quality of transformed speech,

we find that it yields reasonable results when at least twenty sentences are averaged per condition.

3.3.2 Foreign accentedness

The objective measure of accent adopted in this study is related to that in [40]. In our method, however,
we evaluate a test utterance on a continuous speech HMM (trained on acoustic models from native
speakers of American English), and the match score is used as an estimate of its degree of nativeness. The

12
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primary advantage to this approach is that, as long as the target accent remains American English, then
one need not train a separate HMM for an arbitrary source accent. Our implementation of the continuous
speech recognizer is based on the freely-available Hidden Markov Model Toolkit (HTK) [52]. We use
acoustic models trained on 284 North American speakers [61] coupled with the CMU pronunciation
dictionary [62]. There is no need for a language model since we operate in forced-alignment mode. We
choose this over standard speech recognition in order to constrain the desired pronunciation to that of an
American English dialect. The objective score for an utterance is given as the median value of the

phoneme-level match scores contained in the label file, excluding those associated with silences.

Accent Effect of Noise
1200 T -

slt_usfemale2 1 1100 o

1000 1

rms_usmale2 l

clb_usfemalel

bdl_usmalel l

ksp_indianmale

jmk_canadianmale

Objective Accent (-match score)

awb_scottishmale

750 800 850 900 950 1000 200, 2 3 4 5

-match score Objective Quality (MOS)
(a) (b)

Figure 1. (a) Average HTK match scores for the seven speakers in ARCTIC. Native speakers are
represented by darker color bars. (b) Effect of additive Gaussian noise on the HTK score. Ten sentences

with ten levels of noise spanning the full range of MOS values were used for this purpose.

To test the effectiveness of this measure against multiple speakers (both native and foreign) we evaluated
the seven speakers (four native and three foreign) of the CMU ARCTIC database [63]. Twenty utterances
from each speaker were averaged for a final score. Results are summarized in Figure 1(a); differences
between the two groups were found to be significant; t(5)=-2.1, p<0.05. To determine whether the
speakers’ dialect was the primary factor affecting the HTK match score, we also performed a preliminary
experiment with ten sentences, each replicated with ten levels of additive white noise spanning the range

of objective quality measures. Results in Figure 1(b) show a strong correlation r(98)=-0.87, p<0.001

13
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between our objective measures of accent (HTK match scores) and quality (ITU-T P.862), which
represents a decrease of about 150 points in match score with each level of quality. Accordingly, HTK
scores were be corrected according to this trend in order to obtain a measure of accentedness that was

(linearly) independent from acoustic quality.

3.3.3 Speaker identity

Our objective measure of speaker identity is based on a signal discrimination criterion [64]. Namely,
given a corpus of acoustic features from source and target speakers, we find a projection that maximizes
the separability between both speakers by means of Fisher’s Linear Discriminant Analysis (LDA). This
approach compares favorably against conventional methods for speaker recognition based on GMMs. The
primary advantage stems from the fact that LDA is a supervised method, whereas GMMs are
unsupervised. Namely, GMMs are trained to model the distribution of data in feature space without
regard to a feature’s discriminatory ability or noise level. LDA, on the other hand, finds the subspace with
the highest discriminatory information. This is particularly advantageous when acoustic features are
poorly selected or when the source and target have broadly overlapping distributions in feature space. In
addition, as demonstrated by Lavner et al. [47], discriminatory features may also change for each
source/target pair; LDA will automatically adapt in such a situation. Moreover, the computational
requirements for LDA are also significantly lower; as shown below, a solution is found through a single
matrix inversion, whereas EM is a fixed-point method. Finally, for binary discrimination problems, the
LDA solution is a single dimension, which facilitates interpretation. In summary, we find LDA to be a

powerful yet efficient solution for determining an objective measure of speaker identity.

Following [64], consider the problem of discriminating between two classes on the basis of a D-
dimensional feature vector x. LDA seeks a linear projection vector w such that the projected data
T

y = w' X maximizes the distance between classes relative to the variance within each class. It can be

shown that, for Gaussian distributed classes with equal covariance, the optimal linear projection is

14
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w = Syt (mp —my) (1

where Sy is the between-class scatter, and m,, m, are the sample mean of the two classes:

Sw = Y (6 = m) (= m)T + ) (6 = my) ()"

necCq necC,

1 1 2
m1=N_12Xn m2=N_ZZXn

neCqy necC,

For accent/voice conversion, the two classes correspond to the source and target speakers, and the feature
vector x is a vector of acoustic parameters for each speech frame (FO and 13 MFCCs in this work). In our
implementation, one hundred sentences from each speaker are analyzed (in 20 ms frames) to generate a
training set. To avoid overfitting, these sentences are different from those later used for testing (refer to
section 4.2), and do not include any accent conversions. Once the Fisher’s LDA solution w has been
computed from training data according to (1), each new test sentence is framed, each frame is analyzed to
obtain acoustic vector x and this vector is projected to obtain a score (y = w'x). Each test sentence is

then assigned an identity score that corresponds to the average score across its frames.
4 RESULTS

We validated the proposed objective measures against results from a perceptual evaluation of our accent
conversion model previously reported in [11]. In what follows, we use a two-way ANOVA to calculate

statistical significance, with the two factors being the prosodic and segmental transformations.
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4.1  Acoustic quality

Forty-three students participated in a 25-minute test to rate the perceived quality of recorded/synthesized
utterances. Results are summarized in Figure 2. Original recordings from the target (native) speaker
received the highest average rating (4.84), followed by those from the source (foreign) speaker (4.0); this
difference was statistically significant, t(19)=-21.42, p<0.001 (two-tailed). Though recording conditions
may have been different for both speakers, it is also possible that subjects penalized the “quality” of non-
native speech because it was less intelligible. All transformations lowered quality ratings with respect to
the original recordings. Two-way ANOVA found all effects significant: main prosodic, F(1,76)=48.48,

p<0.001; main segmental, F(1,76)=119.14, p<0.001; and interaction, F(1,76)=57.31 p<0.001.
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Figure 2. (a) Correlation between objective and subjective measures of acoustic quality; each sample in

the scatterplot represents an utterance. (b) Average scores for the two measures across experimental

conditions. The objective measure follows a similar trend as the subjective scores.

The objective measure also captured the effects: main prosodic, F(1,76)=11.30, p<0.005; main
segmental, F(1,76)=23.76, p<0.001; interaction, F(1,76)=5.26, p<0.05. In other words, the modifications
induced by the prosodic and segmental conversions create detectable distortions in the output.
Interestingly, the objective measure shows that the source recordings are of higher quality than those of
the target, t(19)=3.18, p<0.005, which gives support to the hypothesis that it is not the quality of the

recording but the lower intelligibility of the foreign-accented speech that prompted listeners to give it
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lower ratings than to the native-accented speech.
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Figure 3. (a) Correlation between objective and subjective measures of accent. (b) Average scores for the
two measures across experimental conditions. The objective measure follows the same trend as the
subjective scores. Left and right y-axes were aligned to facilitate the comparison. The subjective scale

(foreign accentedness) was also inverted to match the sign of the objective score (nativeness).

4.2  Foreign accentedness

Thirty-nine students participated in a 25-minute test to establish the degree of accentedness of individual
utterances. Results are summarized in Figure 3. As expected, original recordings from the source
(foreign) speaker received the highest average accent rating (4.85), while target (native) recordings scored
the lowest (0.15). The main effect of the segmental transformation was significant, F(1,76)=343.03,
p<0.001, indicating that subjects detected a noticeable difference between the accent of the source (4.85)
and the accent of the segmental conversion (1.97). The other effects (i.e. a main effect of prosody and
interaction effects) were not significant. This was an unexpected result, as previous studies with altered
prosody have shown significant effects [2, 24, 25]. One possible explanation for this finding is that the
prosody of the source speaker was close to that of a native speaker, when compared to his segmental
productions. An alternative explanation is offered by the elicitation procedure in ARCTIC (Kominek and
Black, 2003), since read speech is prosodically flat when compared to spontaneous or conversational

speech [65]. The objective measure showed identical trends; the main effect of the segmental
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transformation was significant, F(1,76)=7.84, p<0.01, and the other effects were not.
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Figure 4. (a) Experimental results from the identity tests; ISOMAP reveals only two clusters: one for the

source, and a second one for all other utterances.

4.3  Speaker identity

Forty-three students participated in a 25-minute speaker identification test, which yielded a collection of
perceptual distances between pairs of utterances. Because only the relative distance between stimuli is
available, we employ multidimensional scaling (MDS) to find a low-dimensional visualization that
preserves those pair-wise distances. Namely, we use ISOMAP [66], an MDS technique that attempts to
preserve the geodesic distance between stimuli. ISOMAP visualizations of the identity tests, shown in
Figure 4(a), reveal two distinct clusters, one containing utterances from the target (native) speaker and a
second cluster containing all other conditions. These results indicate that participants could clearly
discriminate target utterances from the rest, and that all accent conversions (segmental, prosodic, both)
were perceived as being closer to the source (foreign) speaker than to the target speaker. Analysis of the
first ISOMAP dimension shows a main effect for the segmental conversion, F(1,76)=103.79, p<0.001,
but no main effect for the prosodic conversion or interaction effects. This indicates that participants were
also able to perceive differences between conditions 1 (source) and 3 (segmental), but not between 1
(source) and 2 (prosodic) or between 3 (segmental) and 4 (prosodic + segmental). Figure 4(b) plots the

first ISOMAP projection against the LDA projection, which reveals a high correlation (-0.94) between
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subjective and objective measures. Moreover, the objective measure is found to be more sensitive as it
shows a main effect not only for the segmental conversion, F(1,76)=114.16, p<0.001, but also for the

prosodic conversion, F(1,76)=4.35, p<0.05. The objective measure shows no interaction effects.

Identity Identity comparison

I objective 5
140 [ Jsubjective

160

source
prosodic

segmental
both O m
target

OmOOe0

iy
w
o

120 115

Objective score
=
N
o

H
=
o
vy

Subiective Identity

Objective Identity

100 1
10.5

0

-1.5 -1 -0.5 0 05 1 source  prosodic segmental  both target
Subjective score
(a) (b)

Figure 5. (a) Correlation between objective and subjective measures of identity. (b) Average scores for
the two measures across experimental conditions. (b) Experimental results from the identity tests. The

objective measure follows the same trend as the subjective scores.

5 DISCUSSION

We have proposed objective measures that can be used to assess the acoustic quality, degree of foreign
accentedness and speaker identity of utterances. The three measures show a high degree of correlation
across conditions with their corresponding subjective ratings. The correlation coefficient between both
measures of acoustic quality shown in Figure 2(b) is r(3)=0.80, p=0.11; this coefficient increases to
r(3)=0.96, p<0.01 for the accent measures shown in Figure 3(b) and to r(3)=0.99, p<0.005 for the
identity measures shown in Figure 5(b). When computed across sentences, these correlation coefficients
become r(98)=0.47, p<0.001 for the acoustic quality scores in Figure 2(a), r(98)=0.39, p<0.001 for the
accent scores in Figure 3(a), and r(98)=0.94, p<0.001 for the identity scores in Figure 5(a). These results
indicate that the acoustic quality and identity measures need to be computed across multiple sentences;
this finding is not surprising since the ITU-T recommends that quality scores with the P.563 standard be

obtained as the average across a number of recordings.
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No attempts were made in our study to match the scales between objective and subjective measures. As
an example, the foreign accent ratings in Figure 3(b) have a different scale on the objective and subjective
measures. This issue may be easily addressed by mapping the HTK scores into the 7-point perceptual
scale with a regression model. HTK scores may also be converted into an absolute scale by normalizing
relative to a corpus of native and foreign-accented speech; see Figure 1(a). However, these extra steps
become unnecessary if all one needs are relative measurements, as is the case when optimizing model
parameters in an accent conversion system. In this case, it is not the absolute value of the accent measure
that is important, but whether it is higher (or lower) than the accent measure for a different set of model
parameters; such information is sufficient to guide the optimization engine. Our results also show scaling
differences between objective and subjective measures of acoustic quality, despite the fact that P.563
provides a measure in a MOS scale. These results may indicate a downward bias in our perceptual
experiments, despite the fact that participants were provided speech samples with various accepted MOS
scores. It seems more likely, however, that P.563 under-penalizes utterances resynthesized with our
accent conversion model since P.563 focuses on degradations in narrow-band telephony rather than in
speech transformations. Sidestepping these scaling differences, however, our results indicate that the three

objective measures are remarkably consistent with perceptual ratings when averaged across sentences.

Unlike the acoustic quality and foreign accent ratings (both objective and subjective), which have a
monotonic scale, speaker identity ratings must be interpreted relative to the source and target speakers. As
an example, consider the identity score for segmental conversions reported by LDA, a value of y = 128
(arbitrary units) averaged across 20 utterances. This value can only be interpreted when compared against
the scores for the source (us = 143) and target (ur = 91) speakers: segmental conversions are
significantly closer to the source than to the target. When projected on the LDA solution, utterances from
our three accent conversions (segmental, prosodic, and segmental + prosodic) lie somewhere between
source and target utterances, a reasonable result considering that these conversion combine elements from

both speakers (glottal excitation, prosody, formants, and vocal tract length). However, it is possible that
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an utterance may project outside of the bounds defined by the source and the target. This suggests that the

LDA scores should eventually be mapped into a measure of distance relative to the source and/or to the

target. As an example, a radially symmetric kernel of the form d = e® ~Hs)*/(us=pr)* may be used to

transform the LDA projection into a measure that denotes how close an utterance is to the source.
5.1 Potential applications

Speed is an important factor that has not yet been discussed, though it was a major motivation for this
work. The ability to evaluate converted utterances in a rapid, unbiased manner is extremely useful for
research and development in foreign accent conversion. Time invested in developing these objective
measures is quickly returned through time saved by more rapid prototyping and parameter tuning.
Admittedly, intermediate development steps are rarely evaluated by formal listening tests, but
sidestepping subjective evaluations (even informal ones) is necessary to be able to perform an online

optimization of parameters.

Beyond this specific motivation, we believe that the proposed objective measures would be invaluable in
various scenarios. Take for instance the case of pronunciation training, where traditional methods involve
exercise, practice, and feedback between a student and a human teacher. Although not as effective as
human instruction, CAPT offers several advantages in applied settings, such as allowing users to follow
personalized lessons, at their own pace, and to practice as often as they like while reducing potential
sources of anxiety and embarrassment. In this context, Probst et al. (2002) have shown that learners who
imitate a well-matched speaker improve their pronunciation more than those who imitate a poor match,
suggesting the existence of a user-dependent “golden speaker.” Thus, accent conversion may provide
learners with the optimal “golden speaker”: their native-accented selves. This would require matching the
voice of the learner (the source speaker) with the voice of a teacher (the target). Because the success of
the accent conversions depend on the source-target pair (see e.g. [67] for the “donor selection” problem in
voice conversion), objective measures may be used to a suitable accent donor from a pool of native

speakers. Objective measures may also be used to provide feedback to the learner, which is a critical issue
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in CAPT [15, 16]. As an example, measures of foreign accent may be used to track the learner’s progress
over time and adapt the CAPT tool accordingly, for instance by increasing the complexity of the exercises

as the learner improves her pronunciation; these strategies are known as “behavioral shaping” [1].

Our objective measures have been tailored for accent conversion, but they can be adapted for voice
conversion with slight modification of the methods and interpretations. Though the goals of accent
conversion and voice conversion with respect to identity are diametrically opposed, LDA is equally useful
in both problems. In voice conversion, for instance, a positive result would find the converted utterances
projected closer to the target than to the source. Voice conversion does not make a distinction between
accent and identity because most methods implicitly model “segmental” accent, and cross-accent
conversion is rarely performed (though cross-language conversion is an active research topic [7]).
However, in cases involving source/target pairs with different accents, it is reasonable to assume that a
converted voice with the target accent would be preferred over one with the source accent. In such a case
it may be worthwhile to measure accent as an additional component of identity. The objective measure of
accentedness may be more relevant in voice conversion if interpreted as a measure of intelligibility. In the

case of acoustic quality, P.563 should be as appropriate for voice conversion as it is for accent conversion.

5.2  Future work

Further research may be required to determine the extent to which these objective measures work across
different pairs of source and target speakers. In terms of acoustic quality, there is no reason to believe that
it would perform differently on other speakers given that P.563 is an ITU-T standard. With reference to
accent, results in Figure 1(a) on the ARCTIC corpus and the fact that HTK was trained on a large
population of American English speakers support the view that our accent measure can discriminate L2
from L1 speech, though further tests could be performed on datasets containing a broad range of accents,
such as the Speech Accent Archive [68]. Finally, our identity measure relies on a sound statistical method
(LDA) to identify directions of maximum discrimination among pairs of speakers, on a pair-by-pair basis.

Thus, the LDA scores can be expected to adapt to different pairs of source and target speakers.
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