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Abstract

Voice quality is an often overlooked aspect of speech with many
communicative functions. Voice quality conveys both paralin-
guistic and pragmatic information, such as signalling speaker
stance and aids in grounding. In this paper, we present Voice-
QualityVC, a tool that can manipulate the voice quality of
both natural and synthesized speech using voice quality fea-
tures including CPPS, HI-H2, and HI-A3. VoiceQualityVC
is a research tool for perceptual experiments into voice qual-
ity and UX experiments for voice design. We perform an ob-
jective evaluation demonstrating the control of these features
as well as subjective listening tests of the paralinguistic at-
tributes of intimacy, valence, and investment. In these listen-
ing tests breathy voice was rated as more intimate and more
invested than modal voice and creaky voice was rated as less
intimate and less positive. The code and models can be found
athttps://github.com/Hfkml/VQVC.

Index Terms: Voice conversion, Voice quality, Pragmatics, Par-
alinguistics

1. Introduction

The improved capabilities of voice assistants and voice-based
chatbots have seen these tools become commonplace in daily
life. People are increasingly using chatbots in social settings,
for tasks and situations where the chatbot plays an advisory
role [1], and for creative tasks [2]. For smooth, voice-based in-
teraction, these situations demand subtle prosodic changes that
are key in accurately conveying the pragmatic implication in a
manner that reflects human speech [3], and understanding the
underlying phenomena within these interactions is crucial.

Non-lexical aspects of speech, particularly paralinguistic
cues, play a key role in communication. These cues signal
relationships between speakers and listeners, convey stance on
prior statements, and indicate levels of engagement. Such par-
alinguistic information is often expressed through variations
in voice quality—i.e., changes in glottal phonation—including
modal, creaky, breathy, tense, and harsh voice [4].

Perceptual studies paint a complex one-to-many mapping
between voice quality and affect. A study using several synthe-
sized voice qualities including creaky and breathy voice sug-
gests breathy voice is perceived as more intimate and creaky
voice being perceived as bored [5]. Breathy voice plays a role
in grounding [6], and several studies echo the perception of
breathy voice as intimate as well as indicating care [7, 8]. The
perception of creaky voice is especially complex, and some-
times contradictory across groups. It can be evoke strong neg-
ative attributes, such as in [9] where creaky voice is judged to
be vain and uninterested, while others in the same study re-
gard creaky voice from female speakers to be sophisticated and

cool. Other studies show creaky voice is used to distance the
speaker from the lexical content in face-saving contexts [10]
and to signal a detached stance regarding a previous utterance
[11]. In parenthetical comments, however, it signals off-the-
cuff remarks and inner thoughts [11], thus signalling a certain
intimacy between the listener and the speaker.

Recent work has focussed on the synthesis of different
voice qualities, either by conditioning on voice quality features
for creaky voice [12, 13, 14], or through learned perceptual rat-
ings of voice quality ratings [15]. We present an open-source
framework for the manipulation of voice quality by using five
voice quality features: creakiness, cepstral peak prominence
smoothed (CPPS), H1-H2, pitch (¥p), and H1-A3. The tool
can play arole in filling the research gaps that persist in terms of
the perceptual impact of voice quality by enabling the creation
of near-identical stimuli with systematic variation of linguistic,
prosodic, and extralinguistic characteristics. By gradually ma-
nipulating the voice quality features, the tool could also be use-
ful for UX experiments for voice assistants or social robots by
manipulating the target voice in an interpretable manner until
the desired voice quality is achieved.

For this paper, we created stimuli in modal, creaky, and
breathy voice qualities for a study on the perceptual differences
between these voice qualities. Objective evaluation shows that
the voice quality features were accurately reproduced. In a sub-
jective listening experiment, we asked participants to rate the
dimensions of intimacy, valence, and investment. Breathy voice
was rated as more intimate, and more invested than modal voice,
while creaky voice was rated less intimate and less positive.

2. Background

Voice quality refers to quasi-permanent characteristics of a
speaker’s voice [16]. We use the definition of voice quality
in the narrow sense [17], that is, deriving solely from laryn-
geal activity (e.g. breathy, modal, creaky, harsh), and not the
general acoustic colouring of a speaker’s voice or the definition
of voice quality used to describe pathological voices as mea-
sured by the GRBAS scale. In English, voice quality conveys
a range of emotions, attitudes, and social cues. It carries par-
alinguistic information, such as emotional expression, as well
as sociolinguistic cues about the speaker’s identity and role. It
also provides pragmatic signals related to intention, emphasis,
stance, and certainty, which are key elements in subtle commu-
nication [6, 18]. The realization of voice quality differs between
languages and between speakers. In [19], it is noted that voice
quality is not absolute. What constitutes breathy for one speaker
might constitute modal phonation for another. Specifically we
focus on modal, creaky, and breathy voice, as these account for
upwards of 90% of English speech [18].
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Figure 1: The architecture of the system during finetuning (a) and inference (b)

2.1. Modal voice

Modal voice, as the name suggests, refers to the phonation type
in which the constriction of the glottis is in between creaky and
breathy phonation [19]. In English, modal voice is seen as un-
marked, and it is by far the most used voice-quality [18]. Vow-
els in modal phonations have a measurable pitch, and human
hearing is attuned to subtle pitch changes in modal voice [19].

2.2. Creaky voice

Creaky voice, also referred to as vocal fry or glottal fry, is a
voice quality that uses more constriction of the glottis compared
to modal voice [19]. Creaky voice tends to have low, often irreg-
ular Fy, a lower Harmonics to Noise Ratio (HNR), and smaller
harmonic differences compared to modal voice [20]. In English,
creaky voice be a prosodic cue used to mark phrase-boundaries
[21] and turn yields [22].

2.3. Breathy voice

Breathy voice is a voice quality that is produced with low la-
ryngeal effort and with only a slight amount of frication [16].
Acoustic measures of breathiness generally correlate only mod-
erately with the perception of creaky voice including HNR and
Cepstral Peak Prominence Smoothed (CPPS), i.e. the amplitude
of the first rahmonic (N.B. energy peak im the cepstral domain)
relative to the regression line over the log power cepstrum of
a signal, indicative of its harmonic structure [6]. Yet CPPS is
often used in the detection and analysis of breathy voice. Other
measures for breathy voice include H1-H2 and H1-A3, which
are both positively correlated with breathiness [19].

3. Method
3.1. Data

We used the publicly available LibriTTS-R [23], a restored ver-
sion of LibriTTS for training. The dataset was annotated for
five voice quality features: creakiness, Cepstral Peak Promi-
nence smoothed (CPPS), HI-H2, pitch, and H1-A3. The voice
quality features were chosen based on Esposito'who suggests
that these features were the most successful at distinguishing
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breathy and modal phonation.

For creakiness, we used frame-level annotations of the
dataset for creaky voice from CreaPy [24]. CreaPy is a
threshold-based creak-detection tool that uses features includ-
ing H2-H1 (inverse H1-H2), F{, and residual peak prominence
to annotate segments of speech for creaky voice. CreaPy com-
putes the creak probability by thresholding these features opti-
mized for the recall of creaky phonation. More details about the
creakiness annotation may be found in [13].

We extracted utterance-level CPPS over voiced segments of
the speech using Praat. CPPS is used as a measure of dysphonia
in pathological voices as well as in phonetics [25] and correlates
with both breathy and creaky voice [6]. The CPPS values were
standardized per speaker.

Parselmouth [26], a python wrapper for Praat was used to
annotate the frame-level H1-H2 (dB), also referred to as L1-L.2,
a spectral measurement obtained by subtracting the amplitude
of the second harmonic (H2) from the amplitude first harmonic
(H1) of the speech signal. H1-H2 is long-established as a voice
quality feature to distinguish breathy [27], as well as creaky
phonation from modal phonation [28]. Physiologically, lower
values of HI-H2 correspond to a lower glottal Open Quotient
(0Q), more constriction, and increased medial vocal fold thick-
ness [29]. As H1-H2 is sensitive to recording conditions, the
values were standardized per speaker.

Pitch (Hz) was extracted using the Wavelet Prosody Toolkit
[30], which applies continuous wavelet transforms to capture
pitch contours over time. For each utterance, pitch was com-
puted at the frame level and then averaged to produce a sin-
gle pitch value per utterance. These values were subsequently
standardized across the entire dataset to allow for comparisons
between speakers.

Parselmouth was used to extract frame-level HI-A3 (dB), a
spectral measure calculated by subtracting the amplitude of the
third formant (A3) from that of the first harmonic (H1). Phys-
iologically, H1-A3 corresponds to the speed of the vocal fold
closing phase [31], and it is frequently used to distinguish be-
tween breathy and modal voice qualities.

IC. M. Esposito, “The effects of linguistic experience on the per-
ception of phonation,” Ph.D. dissertation, University of California,
Los Angeles , 2006.



3.2. Architecture

We present VoiceQualityVC, an architecture based on [13], in
turn based on [32]. It consists of a conditional variational
autoencoder-based (CVAE) voice conversion tool that is trained
using adversarial training to directly output the converted wave-
forms. VoiceQualityVC uses a prior encoder that embeds au-
dio using WavLM representations with a bottleneck extractor to
represent the prosody and lexico-semantic information. These
are then passed through a normalizing flow to learn a more com-
plex distribtution. During training, a posterior encoder learns
the posterior distribution using an RNN-based speaker encoder
for the speaker information as wel as a linear spectrogram. Dur-
ing inference, however, this information is extracted from the
speaker encoder and the learned prior distribution. An overview
of the architecture can be found in Figure 1, with more details
available in [32]. We add separate voice quality encoders, each
consisting of an affine layer with the same dimensionality as the
WavLM representation to encode the values for each voice qual-
ity feature at the frame-level. The encoded features are in turn
added as conditioning to the WavLM embeddings before being
passed through the bottleneck extractor. A downward projec-
tion of the same voice quality features are used as general con-
ditioning before the decoder.

3.3. Training Procedure

We finetuned the weights from the open-source pre-trained
FreeVC model on the complete LibriTTS-R dataset using the
annotated voice-quality features. The pre-split training and val-
idation set from LibriTTS-R were used. The voice quality en-
coders were zero-initialized, and the complete model was fine-
tuned for 7k iterations on 4 24 GB NVIDIA GeForce RTX 3090
GPUs using a batch size of 32. The standard configurations
from FreeVC without the spectrogram distortion-based data
augmentation were used. The model has a total of 39,351,872
parameters, an increase of 12,160 parameters over FreeVC.

4. Experiments
4.1. Objective Evaluation

For the objective evaluation, we measured the values of the
voice quality features to ascertain that the modifications behave
as expected. The objective evaluation, thus, serves as a san-
ity check to establish objective grounds for the feature mod-
ification. While the voice quality features serve as correlates
for voice quality, it cannot be ascertained whether the produced
speech can be classified as creaky or breathy, as these features
operate in concordance.

To perform the objective evaluation, we synthesized a sin-
gle utterance 100 times and individually modified each of the
voice quality features for the values [-3..3] in increments of 0.5.
We used four different voices, a low male, a high male, a low
female, and a high female voice as target voices to ensure the
robustness of the model. As the features were standardized,
the input corresponds to standard deviations from the mean.
The specific feature values were then measured using CreaPy
for creakiness, parselmouth for H1-H2, H1-A3, and pitch, and
Praat for CPPS.

4.2. Subjective Evaluation

For the subjective evaluation, we synthesized 10 sentences us-
ing the conversational Chris voice on ElevenLabs using the mul-
tilingual v2 model. The voice was chosen for its conversational
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properties and since the synthesis quality was sufficient for
voice conversion. The sentences were intended to be neutral for
the following dimensions: intimacy, valence, and investment.
An example sentence is: I think you should know, I saw your
name in the performance review summary. The high male voice
from the objective evaluation was used as the target speaker for
the subjective evaluation using VoiceQualityVC. Each sentence
was converted into three voice qualities: modal voice, creaky
voice and breathy voice. Modal voice was achieved by listening
for areas with creak, and modifying the feature values to have
less creakiness and a higher CPPS. Creaky voice was achieved
by using a high value for creakiness, generally 5 std. above
the mean, a lowered CPPS, and a lower HI-H2 and H1-A3,
generally -1 st.d. from the mean. Breathy voice was achieved
with lowered creak (-1 st.d), lowered CPPS (-1 st.d), and high
H1-H2 and H1-A3 (2 st.d.). All converted stimuli were man-
ually examined and the feature values were changed until the
intended phonation type was achieved. Separate subjective lis-
tening experiments were devised for each of the dimensions,
and participants rated either modal and creaky voice or modal
and breathy voice.

We recruited 25 participants for each test using Prolific’.
These participants were paid £12.00 per hour, and took an av-
erage of 7.35 minutes to complete the listening test. For the in-
timacy dimension, participants were asked: rate how close the
relationship between the speaker and the listener is based on
the way the sample is said on a scale from 1 (Not at all close)
to 7 (Very close), with the additional anchor of 4 (Somewhat
close). For valence, participants were asked: rate the attitude of
the speaker towards what he is saying on a scale from 1 (Very
negative) to 7 (Very positive), with the additional anchor of 4
(Neutral). For investment, participants were asked: Rate how
much the speaker cares about what he is saying on a scale from
1 (Does not care at all) to 7 (Cares a lot). Participants addition-
ally received the anchor 4 (Cares somewhat).

5. Results

Table 1: The results of the subjective evaluation. Bold indicates
a significantly higher rating.

| Breathy Modal | Creaky Modal
Intimacy 4.93+1.39 4.65+1.44 | 4.42+1.54 4.65+1.57
Valence 4.23+1.55 4.20+1.44 | 4.01x1.29 4.27+1.30
Investment | 5.03+1.49 4.71+1.55 | 4.72+1.35 4.85+1.35

5.1. Objective Evaluation

Figure 2 contains the results of the objective evaluation for each
feature. Figure 2b and 2d show predictable control over the
full range of of [-3, 3] standard deviations from the mean for
both the male and the female voices. H1-H2 and H1-A3 are
highly speaker and recording setup dependent, and therefore
show different patterns, especially between the male and the
female voices.

The results for CPPS and pitch may be viewed in Figure 2a
and 2c. Although CPPS demonstrates control over the full range
for both the male and the female voices, there are some irregu-
larities for, especially for the high male voice. These irregular-
ities are most likely caused by the fact that CPPS is generally
measured over sustained vowels, whereas the measurements in

2https://app.prolific.com
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Figure 2: The effect of input feature modification on the corresponding speech property in the output speech

Figure 2a are over all voiced segments. For pitch, there is pre-
dictable control between [-3, 1.5] for the male voices and for
[-1.5, 3] for the female voices. This can be explained by the
fact that the pitch inputs are normalized over the complete cor-
pus. Simply put, the male voices cannot extrapolate beyond 1.5
standard deviations since there are no male voices in that pitch
range in the corpus, and vice-versa for the female voices.

5.2. Subjective evaluation

The mean ratings for each voice quality for each dimension are
listed in Table 1. The results of a relative t-test subjective evalu-
ation show that breathy voice was rated significantly more inti-
mate (p = .01) and more invested (p < .01) than modal voice,
while creaky voice was rated less intimate (p = .04) and less
positive (p < .01) than modal voice. No significant differences
were found between breathy and modal voice for valence and no
significant differences were found between creaky and modal
voice for investment.

6. Discussion

The results show that breathy voice was rated as more intimate
and as indicating greater investment from the speaker. This is
in line with the literature on breathy voice, e.g. [5, 7, 8] who
found that breathy voice suggests greater intimacy and care.
A suggested reason for this effect is given in [8], who claim
that breathy voice indicates closer physical proximity, suggest-
ing greater intimacy between speaker and listener. Similarly,
breathy voice has been associated with self-directed speech, as
well as for establishing common ground [6]. No significant dif-
ference was found between breathy voice and modal voice in
terms of valence. This contrasts the finding by [5] in which
breathy voice is associated with sadness and other attributes
with mildly negative valence.

Creaky voice was rated as less intimate and less positive
than modal voice, consistent with previous research. For in-
stance, [5] suggest that creaky voice is perceived as conveying
less interest and is often associated with boredom, echoing ear-
lier claims by [16]. The lower intimacy ratings also align with
findings by Butler® and [11], who both link creaky voice to a
sense of detachment. However, no significant difference was
found for investment. Interestingly, the reduced perception of
intimacy appears to contrast with the function of parenthetical

3E. Butler, “The use of creaky voice in mitigating face-threatening
acts,” Student Research Submissions, vol. 164, University of Mary
Washington, Fredericksburg, VA, 2017.

creak described by [11], in which creaky voice is used for oft-
the-record remarks and inner thoughts—contexts that typically
suggest a more intimate speaker—listener relationship.

Our findings also replicate earlier results from synthesized
speech studies. [33] reported that creaky voice generated via
text-to-speech was rated as less positive than modal voice,
which they attributed to the particular quality of creak in their
corpus. The present study extends this line of work using Voice-
QualityVC, a system capable of generating creaky voice from a
more diverse corpus spanning multiple speakers, thus offering
broader generalizability.

Despite VoiceQualityVC’s ability to reliably manipulate
voice quality features, it is not without limitations. The system
exhibits inconsistencies in CPPS values, which may stem from
the fact that CPPS is typically measured on sustained vowels. In
this study, CPPS was averaged over voiced segments at the ut-
terance level, which likely introduced minor irregularities. Ad-
ditionally, the pitch values did not generalize between genders,
possibly due to dataset-level standardization, which included
both male and female speakers. As VoiceQualityVC models
acoustic correlates of voice quality rather than voice quality it-
self, more phonetic analysis is recommended to ensure the nat-
uralness of these modifications. Although all authors have re-
ceived training in phonetics, systematic evaluation by phoneti-
cians could help to ensure the validity of the conversions.

7. Conclusion

In this paper, we presented VoiceQuality VC, a voice conversion
tool that explicitly models the voice quality features of creaki-
ness, CPPS, H1-H2, H1-A3 as well as pitch. The tool can be
used to produce utterances in both modal and non-modal voice
qualities including breathy and creaky. An objective evalua-
tion showed that the tool has intuitive control over the voice
quality features. A subjective evaluation consisting of a listen-
ing experiment examined the perceptual differences between
breathy and modal voice and creaky and modal voice. The
results indicate that breathy voice was rated as more intimate
and more invested than modal voice, while creaky voice was
rated as less intimate and less positive than modal voice. These
results are largely in line with the perception of breathy and
creaky voice for natural stimuli and show the viability of using
VoiceQualityVC for the creation of stimuli for perceptual ex-
periments regarding voice quality. Future work could focus on
implementing VoiceQualityVC into dialogue systems in order
to enhance pragmatic competence by using breathy or creaky
voice when prosodically appropriate.
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