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Abstract—Low-latency real-time voice conversion (VC) tech-
nique transforming voice characteristics while preserving linguis-
tic content allows users to freely speak with desired target voices.
This technique can instantaneously present auditory feedback of
the converted speech to the users, enabling them to adapt their vo-
calization to the VC system. On the other hand, it is also possible
that the converted auditory feedback causes any adverse effects,
such as stuttering, similar to those caused by delayed auditory
feedback (DAF). In this study, we investigate the effectiveness of
the converted auditory feedback using eight participants in a real-
time VC system with 77ms end-to-end latency. We compare real-
time (RT) feedback conditions where participants hear converted
speech during utterance with recording (Rec) feedback conditions
where participants hear their converted speech after utterance
completion. Experimental results demonstrate that the converted
auditory feedback yields statistically significant improvements
in both speech naturalness (UT-MOS) and speaker similarity.
Objective analysis reveals that users subconsciously increase their
fundamental frequency (F0) variability to better match the VC
model, while Character Error Rate (CER) analysis confirms no
adverse DAF-like effects.

I. INTRODUCTION

With recent technological advancements, individuals can en-
gage in recreational activities such as anonymous communica-
tion and video streaming in virtual reality spaces using virtual
avatars. This enables them to transcend physical constraints
such as gender and appearance, allowing them to embody their
ideal selves. However, voice remains strongly constrained by
physical factors, and there is still no widely established method
for easily altering it. As a result, communicating with others
using one’s ideal voice remains a challenge.

To address this issue, research on real-time streaming voice
conversion (VC) technology has been conducted [1], [2], [3],
[4]. Real-time VC converts the original voice into a voice with
desired characteristics while preserving linguistic content, with
low latency. However, there is a trade-off between latency and
conversion quality, including aspects such as sound quality and
the accuracy of speaker characteristic conversion. Achieving
low latency while maintaining high conversion quality, as seen
in most of high-quality VC methods that perform utterance-
by-utterance conversion [5], [6], [7], [8], [9], [10], [11],
remains a challenge. Additionally, it is also challenging to
reduce computational cost to achieve low latency processing.
For instance, real-time VC based on noncausal conversion

979-8-3315-7206-8,/25/$31.00 (©)2025 IEEE

Adjust vocalization

Quality
improvements

@ - Real-time VC

User Converted voice

Converted auditory feedback

Fig. 1: Overview of quality improvements by adjusting vocal-
ization based on converted auditory feedback.

models, such as Retrieval-based Voice Conversion! (RVC),
require at least 300-500 ms of processing time, making it
hard to use VC in speech communication. If higher-quality
real-time VC can be realized, it is expected to have various
applications, such as singing VC [12] and voice enhancement
for laryngectomees [13].

There are two main approaches to improving conversion
quality in VC. The first is to develop a VC model that
achieves higher-quality conversion during training. This can
be accomplished by using more complex model architectures,
tuning hyperparameters, and increasing the amount of training
data. The second is to enhance the suitability of input speech
for conversion by preventing data drift during inference. In
real-time VC, although variations in the recording cannot
be completely eliminated, users are expected to improve the
quality by appropriately adjusting their vocalization.

In this research, we investigate the effectiveness of users’
vocalization control during inference focusing on the effects
of the auditory feedback of the converted speech by using a
real-time VC system capable of low-latency feedback within
100 ms. Figure 1 illustrates this framework: in addition to
hearing their own voice, users receive auditory feedback of the
converted speech, allowing them to adjust their vocalization to
better match the target speaker’s characteristics.

Real-time VC systems introduce additional latency com-
pared to natural auditory feedback, which may affect speech
production. For example, CycleVAE with an MWDLP
vocoder [3] introduces at least 30 ms of latency due to algorith-
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mic delays, potentially triggering delayed auditory feedback
(DAF) [14]. DAF typically disrupts speech fluency when
latency falls between 30 ms and 300 ms, with the strongest
effect observed around 200 ms [14], [15].

While DAF can negatively impact speech fluency, previ-
ous studies have shown potential benefits of real-time VC.
DigitalSpeechMakeup [16] demonstrated that conversing with
converted speech can reduce implicit biases, including those
related to self-perception. Nevertheless, many aspects related
to user voice control and conversion quality improvement
remain unclear. In this study, we investigate how converted
auditory feedback influences conversion quality through speak-
ing practice experiments using real-time VC. We analyze how
users adjust loudness, pitch, and speaking style to improve
the converted speech, and find a suitable latency and volume
setting of the converted auditory feedback.

II. REAL-TIME VC BASED ON CYCLEVAE AND MWDLP
VOCODER

CycleVAE with an MWDLP vocoder [17], [3] is a real-
time VC system that converts any input speaker’s speech to
a target speaker’s voice with low latency. Like variational
autoencoder (VAE)-VC [18], [19], CycleVAE [17] learns the
conversion model using non-parallel utterances from multiple
speakers. In VAE-VC, the input speech’s mel-spectrogram
is first encoded into a latent representation. The input mel-
spectrogram is then reconstructed by feeding the combined
vector of this latent representation and the input speaker’s
code into the decoder. The encoder and decoder are optimized
based on reconstruction loss for both the spectrogram and
Kullback-Leibler divergence loss for the latent representation.
In contrast, CycleVAE generates a converted mel-spectrogram
using the latent representation and a different speaker’s code.
After re-inputting it into the encoder, a reconstructed mel-
spectrogram is obtained using the input speaker’s code, capable
of using another reconstruction loss that accounts for conver-
sion errors. This approach enables higher-quality non-parallel
VC compared to VAE-VC. Additionally, CycleVAE achieves
high-quality conversion even in cross-gender transformations
and reduces FO estimation errors by jointly optimizing the
excitation signal and mel-spectrogram generation.

The MWDLP vocoder is a low-latency neural vocoder that
generates speech waveforms from mel-spectrograms. Based
on WaveRNN [20], it reduces computational cost via band-
splitting while stabilizing waveform generation through data-
driven linear prediction. Moreover, optimizing CycleVAE with
MWDLP loss enables end-to-end optimization of the conver-
sion system.

III. SPEAKING PRACTICE EXPERIMENT

To investigate the effect of using converted auditory feed-
back in real-time VC, we conduct speaking practice experi-
ments. Additionally, by allowing the adjustment of the latency
and volume of the converted speech provided as auditory feed-
back, we examine the desirable settings for auditory feedback.
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Fig. 2: Speaking practice flow.

TABLE I: Speaking practice order for each experimental
group*

Group Session Feedback Target Speaker
Ist practice (15 min) RT Easy-to-practice
RT-Rec 2nd practice (15 min) RT Difficult-to-practice
3rd practice (15 min) Rec Easy-to-practice
4th practice (15 min) Rec Difficult-to-practice
Ist practice (15 min) Rec Easy-to-practice
Rec-RT 2nd practice (15 min) Rec Difficult-to-practice
3rd practice (15 min) RT Easy-to-practice
4th practice (15 min) RT Difficult-to-practice
* RT: Real-time feedback condition (converted speech heard during
utterance)
Rec: Recording feedback condition (converted speech heard after
utterance)

We set a task for participants to improve the quality of
the real-time VC system by adjusting vocalization such as
the loudness, pitch, and speaking style of their voices dur-
ing speaking practice. Figure 2 shows the speaking practice
flow for each participant. Since the conversion quality varies
depending on the target speaker, we properly select target
speakers for each participant in the following manner. We
prepare a total of eight Japanese speakers (five males and three
females) as target speakers. Participants listen to one natural
speech utterance from each target speaker and then speak the
same sentence using the real-time VC system. Each participant
evaluates the “ease of practice” from the perspectives of the
naturalness and speaker similarity of the converted speech on a
10-point scale. They evaluate all target speakers and select two:
one with the highest score as the “easy-to-practice speaker”
and the other with the lowest score as the “difficult-to-practice
speaker.”

During the speaking practice, participants attempt to adjust
their vocalization based on the auditory feedback of the
converted speech from the real-time VC system to make the
converted speech similar to the target speaker’s natural voice.
The condition where the converted speech can be heard after
the utterance is referred to as the recording (Rec) feedback
condition. The condition where real-time feedback of the
converted speech is provided during the utterance is referred
to as the real-time (RT) feedback condition. Each participant
practices speaking under both conditions for the two selected
target speakers.

Participants are divided into two groups, and each group
follows the practice order shown in Table I. Each participant
practices speaking a total of four times, with each practice
session lasting up to 15 minutes. During the practice sessions,
participants can freely review the content of 10 natural speech
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utterances by the target speakers and the corresponding text.

In the RT feedback condition, the delay time and volume
can be adjusted. Regarding delay time, an additional delay
of up to 10 seconds can be added to the inherent delay of the
conversion system. For example, in the RT feedback condition,
setting a large delay can simulate a situation similar to the Rec
feedback condition, where the converted speech is reviewed
after the utterance. Regarding volume, it is adjustable on an
11-point scale from 0 to 10, with the baseline volume set to
5, as determined by the participants before the experiment.
For example, setting the volume to 0 would create a condition
where the real-time auditory feedback of the converted speech
is not used. We ask each participant to manually optimize the
delay time and volume. Therefore, it is expected that if the
participants prefer the long delay setting or the zero volume
setting, the RT feedback is not helpful due to possible DAF
adverse effects.

To assess the effect of speaking practice, participants engage
in a one-minute conversation using an online meeting system
before and after each speaking practice session. The conver-
sation includes a fixed script mimicking light conversation
and free conversation with a few questions to the participants.
After the Rec feedback condition practice, conversations are
conducted without auditory feedback of the converted speech.
In contrast, after the RT feedback condition practice, conver-
sations are conducted with real-time auditory feedback of the
converted speech. In this case, the delay time and volume of
the converted auditory feedback are set to the values adjusted
during the speaking practice. Before the speaking practice, no
auditory feedback is provided. In the above procedures, all
speech and converted speech of the participants are recorded
to analyze the impact of converted auditory feedback on the
quality of the converted speech.

IV. EVALUATION
A. Experimental conditions

Fourteen Japanese males in their twenties, with little or no
experience using real-time VC systems, participated in the
experiment. The experiment was conducted in a soundproof
room. We used the Steinberg UR22C as the audio interface,
and audio data was recorded at 48 kHz, 32-bit (floating point)
mono. Participants were divided into two groups: the RT-Rec
group and the Rec-RT group, with seven participants in each.
Each group practiced speaking and recorded conversations
with both the “easy-to-practice speaker” and the “difficult-to-
practice speaker.”

For the real-time VC system, we used CycleVAE with an
MWDLP vocoder [3], as described in Sect. II. The conversion
model was trained on a total of 62 speakers extracted from
multiple datasets in different languages. The VC system’s
training and conversion were conducted at a sampling rate of
24 kHz. The total latency from microphone input to headphone
output was approximately 77 ms. As detailed in Table II,
this total latency comprises two main components: inherent
algorithmic delays (36.75 ms) and system-level I/O delays

TABLE II: Latency analysis of the real-time VC system. The
total measured latency from microphone input to headphone
output was approximately 77 ms.

Source / Component
Algorithmic Delay

Latency (ms)

Opus frame length 3.0
STFT frame 13.75
CycleVAE processing 10.0
MWDLP vocoder processing 10.0
System & 1/O Delay
Audio device buffer 1.5
ASIO driver input 8.5
ASIO driver output 11.48
Other (e.g., scheduling, buffering) ~19.0
Total Estimated Latency 77.23

(40.48 ms). Target speakers were selected from those with
Japanese training data, and all experiments were conducted in
Japanese. We compared the quality of the converted speech
using five fixed sentences and one or two free sentences
recorded before and after each speaking practice session.

B. Objective evaluation

As objective evaluation metrics, we used the estimated
mean opinion score (MOS) based on UT-MOS [21]?, cosine
similarity using ECAPA-TDNN speaker embeddings [22]°,
and character error rate (CER) using Whisper [23]*. In this
experiment, we evaluated improvements from speaking prac-
tice under the RT and Rec conditions separately, without
considering the order in which they were administered.

Table IIT (a) presents the results of the estimated MOS.
In both RT and Rec feedback conditions, the MOS values
of the converted speech improved due to speaking practice.
Furthermore, when comparing the converted speech and the
original voice, i.e., a user’s input voice before conversion, a
larger improvement was observed for the converted speech.

Table III (b) shows the cosine similarity of ECAPA em-
beddings. We computed the cosine similarity between the
converted speech and the target voice, as well as between
the original voice and the target voice. Similar to the MOS
evaluation, the increase in cosine similarity for the converted
speech indicates an improvement in speaker similarity resulting
from speaking practice.

Table III (c) presents the CER of the original and converted
speech. For CER, a significant improvement was observed for
the converted speech, whereas the original voice showed no
notable improvement.

These results suggest that practicing with feedback enhances
the converted speech in terms of sound quality, speaker simi-
larity, and intelligibility under both the Rec and RT conditions.
On the other hand, no measurable changes were observed in
the original voice due to practice.

Zhttps://github.com/sarulab-speech/UTMOS22
3https://huggingface.co/speechbrain/spkrec-ecapa-voxceleb
“https://huggingface.co/openai/whisper-small
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TABLE III: Comparisons of objective measures before and
after practice. (a) UT-MOS: 1-5 scale, higher is better. (b) Co-
sine similarity: O-1 scale, higher is better. (c) CER: percentage,
lower is better.

(a) UT-MOS
Converted Original
Before After | Before After

Rec 1.96 2.09 3.50 3.54
RT 1.94 2.13 3.48 3.58

(b) Cosine similarity of ECAPA-TDNN em-
beddings

Converted Original
Before After | Before After
Rec 0.43 0.47 0.20 0.20
RT 0.42 0.47 0.20 0.20

(c) CER
Converted Original
Before After | Before After

Rec 19.23 12.32 2.31 2.30
RT 13.89 9.89 2.74 2.14

TABLE IV: Preference scores (%) for speaker similarity with
95% confidence intervals.

(a) Easy-to-practice speaker

Group No training vs. After 1st vs.
After 1st training  After both training

RT-Rec | 40.5/59.5 (£6.6) 43.8 /56.2 (£6.7)

Rec-RT | 21.4/78.6 (+5.6) 44.3 / 55.7 (£6.7)

(b) Difficult-to-practice speaker

Group No training vs. After 1st vs.
After 1st training  After both training

RT-Rec | 26.2/73.8 (+6.0) 40.0 / 60.0 (£6.6)

Rec-RT | 36.2/63.8 (+6.5) 37.6 / 62.4 (+6.6)

C. Subjective evaluation

Subjective evaluation experiments were conducted to assess
naturalness and speaker similarity. A total of 30 listeners
participated in the evaluation.

In the first test, the naturalness of the converted speech
was evaluated using a MOS scale. Converted samples were
presented to listeners in random order, and they rated the
naturalness on a five-point scale: 5 for excellent, 4 for good, 3
for fair, 2 for poor, and 1 for very poor. Each subject evaluated
approximately 110 sentences.

The second test assessed identity conversion accuracy
through a preference test. First, a natural voice sample of the
target speaker was presented as a reference. Then, listeners
were presented with a pair of converted speech samples in
random order: either “No training” / “After 1st training”
or “After Ist training” / “After both training” for the same
utterance. They selected the sample that sounded more similar
to the reference voice. Each subject evaluated 84 sample pairs
and could replay each pair as many times as necessary.

Figure 3 presents the MOS results for naturalness, where
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Fig. 3: Results on MOS for naturalness.

the MOS values are shown in “x” marks. Consistent with the
UT-MOS evaluation, speaking practice led to an improvement
in naturalness under both RT and Rec feedback conditions,
with higher scores for “After 1st training” compared to “No
training.” However, in the Rec-RT group, the average MOS for
the “Easy-to-practice speaker” did not improve with continued
practice. Additionally, a notable gap in average MOS values
was observed between the easy-to-practice and difficult-to-
practice speakers. This suggests that speaking practice gen-
erally enhances naturalness, though the extent of improvement
is limited.

Table IV shows the preference scores for speaker similarity.
Significant improvements were observed across all training
conditions with increased practice. In particular, “After 1st
training” resulted in notable improvements, regardless of RT or
Rec conditions. These results demonstrate the effectiveness of
the vocalization control in the real-time VC. The users could
imitate prosodic features of the target speaker, such as speaking
style, which are not directly converted by the real-time VC
system, by interactively using the real-time VC system in the
speaking practice.
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TABLE V: Comparisons of FO statistics. The values represent
the mean FO, with the numbers in the brackets indicating the
standard deviation.

(a) Converted

Before After
Rec | 176.23 (30.10)  182.45 (33.15)
RT 176.54 (30.13)  182.72 (31.35)

(b) Original

After
111.88 (37.69)
114.70 (37.27)

Before
Rec | 105.91 (32.69)
RT 108.06 (34.82)

D. Analysis of the FO statistics of converted and original
voices

We investigated how prosodic features change through struc-
tured practice using converted auditory feedback. Table V
presents the FO statistical analysis for both the converted and
original voices. For the converted speech, both the mean FO
and its standard deviation increased after practice. This trend
is even more pronounced in the original voice; in particular,
the substantial change in standard deviation suggests that
vocalization facilitated greater FO variability, which in turn
contributed to improved conversion quality.

E. Analysis of the user control in RT feedback condition

We analyzed how users adjusted delay time and volume
under the RT feedback condition.

Figure 4 presents the additional delay values manually
optimized by participants when using RT feedback. All partic-
ipants experimented with adjusting the delay during speaking
practice. However, the most common final setting, chosen by
ten participants, was to add no additional delay. This indicates
that while every participant attempted to modify the delay at
least once, they ultimately preferred a setting with no added
delay. These results suggest that when real-time converted
auditory feedback is available, participants tend to minimize
delay, practicing under conditions different from those in the
Rec feedback condition.

Figure 5 displays the modified volume values set by partic-
ipants under RT feedback. Regarding volume, no participants
set it to zero, thereby eliminating feedback. This suggests
that real-time converted auditory feedback is helpful for users
during speaking practice.

Based on the above results, several conclusions can be
drawn regarding the effectiveness of practicing with converted
auditory feedback. First, practicing while listening to converted
feedback significantly improves speaker similarity and also
slightly improves naturalness of the converted speech. Second,
both Rec and RT feedback conditions contribute to enhancing
conversion quality. Third, FO analysis showed that both the
mean FO and its standard deviation increased after practice,
with a stronger effect in the original voice, suggesting that
vocalization adjustments played a key role in improving con-
version quality. Finally, under the RT feedback condition, users
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Fig. 4: Results on additional delay set by subjects.
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Fig. 5: Results on modified volume set by subjects.

actively adjusted parameters such as delay time and volume,
indicating that real-time auditory feedback plays a crucial role
in optimizing their speaking performance.

V. CONCLUSIONS

In this paper, we investigated the effectiveness of auditory
feedback of converted speech in real-time voice conversion.
Experimental evaluation through speaking practice revealed
that speakers can adjust their speaking styles to improve the
quality of the converted speech. Our key finding is that practice
with real-time auditory feedback yields statistically significant
improvements across both objective and subjective metrics.
Acoustic analysis further revealed that speakers adapted by
producing more expressive speech, evidenced by an increase
in both the mean and standard deviation of their fundamental
frequency (FO).

Future work will focus on extending this investigation to
diverse populations and other real-time VC systems to gener-
alize our findings. Additionally, long-term practice effects and
optimal feedback parameters warrant further investigation.
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