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Abstract— This study investigates whether personalized voice
cloning can improve a robot’s likability compared to a design-
congruent voice and a distinctly dissimilar voice. Participants
interacted with a gender-ambiguous android robot in three
different voice conditions. We compared: (1) a personalized voice
clone based on the participant’s voice, (2) a design-congruent
voice matching the robot’s appearance, and (3) a dissimilar
voice, which differs from both the participant’s and the robot’s
features.

The cloned and design-congruent voices significantly in-
creased likability compared to the dissimilar voice, while anthro-
pomorphism and familiarity showed no significant differences
across conditions. Most participants did not immediately rec-
ognize their cloned voice until informed that one of the voices
was a clone. However, most of the participants were successful
when asked to pick out their cloned voice from those used.
We assume that voice personalization through similarity to the
user improves likability even before the user is aware of this
similarity.

Our results show that personalized voice cloning is a simple
alternative to other methods for the design of robotic voices. It
significantly increases robot likability while requiring minimal
user effort.

I. INTRODUCTION

In today’s world, interaction with social robots is becom-
ing increasingly important. A robot’s voice is critical, as
it strongly influences the mental image users form of the
robot [1]. It affects users’ willingness to approach the robot
[2] and shapes essential perceptions such as human-likeness,
naturalness, and emotional expression [3]. An unmatching
voice can make the user feel uncomfortable or uncanny,
leading to dismissive reactions [4]. Therefore, voice design
must be carefully considered. But what is a suitable voice
design?

Personalization of voices is known to have several ad-
vantages: Personalizing a voice improves its perceived qual-
ity [5]. In addition, matching voice characteristics to the
user’s characteristics can improve performance, perceived
competence, perceived connection [6], and perceived social
presence [7]. If no human voice recordings are used, this
is referred to as speech synthesis. A major advantage of
this is that no extensive recordings of real speakers are
required. However, current methods for generating person-
alized synthetic voices are impractical for many human-
robot interaction scenarios. The approach by Yarrington
et al. [8] was developed for people who are at risk of
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losing their natural voice. The system creates a personalized
synthetic voice by recording an individual speech inventory
of the user, using the concatenation of phoneme pairs from
these recordings for speech synthesis. This method requires
extensive voice recordings, making it impractical for easily
personalizing robot voices. For example, in a scenario where
only brief interaction with a robot is required, the effort
would be disproportionate.

Voice conversion or manipulation allows users to adjust
the features of initial voices. This process benefits from
achieving good satisfaction but requires fine-tuning from
the user, making the system complex to use [9]. Easier,
more user-friendly approaches like evolutionary sound de-
sign systems enable the refinement of voices iteratively
[10], [11], they remain time-consuming. A more efficient
solution is needed to minimize user effort while ensuring
personalization.

An efficient approach to achieving a personalized voice
might be voice cloning. Voice cloning builds on modern TTS
synthesis systems but offers a key advance: the ability to
replicate a speaker’s vocal features from a short voice sam-
ple. The latest zero-shot approaches can now generate speech
that matches the user’s voice features without additional
training or manual effort [12]. These developments make
personalized voices accessible for real-world applications.
The process is faster than manual adjustments and does not
require additional time or effort from the user. Our study
builds on these advances by investigating personalized voice
design through voice cloning.

To evaluate this approach, we compare the likability of
a user-similar voice clone with a dissimilar voice. The
user-similar condition uses a cloned voice based on the
participant’s voice. The dissimilar condition features a voice
selected from a pool of pre-generated voices to ensure a
strong contrast with the user’s voice. As a baseline, we
include a design-congruent voice, which has been previously
identified as a suitable match for the robot’s visual design
[13]. If the user-similar voice clone achieves equal or higher
likability than the design-congruent voice, this indicates a
promising alternative. Personalization based on similarity to
the user could then replace more complex or time-consuming
voice design methods in scenarios where a single user
interacts with a robot.

Our study uses a gender-ambiguous android robot head
[14]. This robot was chosen to avoid gender associations. The
ambiguous design makes sure that all voice types, especially
the personalized clones and distinctly dissimilar voices, can



be tested equally. In this way, the robot head is similarly
suitable for male and female voices, allowing us to compare
the different voice conditions.

Users attribute personality traits to synthetic voices, trig-
gering a Similarity-Attraction Effect [15], where perceived
similarity enhances likability. As similarity may also foster
familiarity [16] and anthropomorphism [17] which are both
positively linked to likability [18], [19], [20], we addition-
ally examined perceived anthropomorphism and familiarity
alongside likability.

In this work, we investigate how personalized voice
cloning influences the perceived likability of an android robot
head.

II. RELATED WORK

A. Likability, Anthropomorphism, and Familiarity in Android
Robots

Humans prefer robots that communicate with speech [21].
Recent advances have made synthetic voices more similar
to human speech but issues like limited pitch variation,
can reduce perceived human likeness and likability [22].
Synthetic voices tend to be rated lower in anthropomorphism
than natural voices [23]. To achieve likable voices, they
should sound human-like [19]. Synthetic voices, in particular,
benefit from human likeness [22]. Robots with more realistic
voices tend to be perceived as more pleasant. They evoke
less eeriness and are better accepted by users in various
contexts. Additionally, they appear more anthropomorphic
[24]. Anthropomorphic design enhances robot likability. It
also increases perceived robot extraversion and agreeable-
ness across different interaction scenarios [25]. Interestingly,
perceived novelty is linked to anthropomorphism. The higher
the novelty, the lower the anthropomorphism [20]. Therefore,
it only makes sense that familiar robots are perceived as more
convincing and trustworthy [26].

People create mental images of robots based on the robot’s
voices. They associate vocal features with the robot’s ap-
pearance and function. Voice gender, naturalness, and accent
shape these mental images [1]. Users create expectations
about a robot’s physical attributes based on its voice, for
example human-like voices lead to expectations of human-
like traits [27]. However, it is difficult to create a suitable
voice design based solely on the appearance of a robot.
The interaction context also determines how appropriate a
voice is perceived [28]. Congruent designs improve con-
sumer engagement [29]. Trust in robots is also shaped by
the congruence between the first impression and the actual
behavior of the robot [30].

B. Personalized Voice Design

Personalization has long been widespread in many fields
of human-robot interaction, such as teaching [31], navigation
[32], service [33] or even rehabilitation [34]. Voice design
plays a crucial role in creating personalized user experiences.
Therefore, we investigate a different approach to personal-
ization in voice design. We create a similarity between the
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robot’s and the user’s voices. While personification by match-
ing the robot’s voice to the user’s own, is a specific form
of personalization, we refer to it simply as personalization
throughout this paper.

The Similarity-Attraction Effect influences likability. Peo-
ple perceive robots as friendlier when recognizing similarities
[35]. Same-gender robot voices increase acceptance and psy-
chological closeness [17]. Applied to voices, users process
speech more efficiently when it resembles their own [36].
TTS voices customized to the user are rated more credible
and engaging [15]. Due to these numerous advantages of
personalization and the potential we see in voice design, we
want to investigate the approach of using voice cloning of
the user’s voice for a robot as a voice design. The robot
could be more likable by using a voice that is very similar
to the user’s. Voice cloning offers a quick and straightforward
approach to creating voices that match the user’s. Voice
cloning has rarely been used for robotic voices, as previous
methods required extensive training data and computing
power. First zero-shot models such as XTTS [12] overcome
these challenges.

II1. METHODOLOGY

This section describes the voices used in our study and
explains the interaction between study participants and the
robot. We compared three different voice conditions: (1) a
personalized clone of the user’s voice, (2) a design-congruent
voice matching the robot’s appearance, and (3) a voice that
differs from both, the user’s voice and the robot’s appearance.
We designed this setup to measure the effects on each
interaction’s perception of likability, anthropomorphism, and
familiarity.

A. Participants

We recruited 50 participants from a university setting (M
= 24.7 years, SD = 4.46, range: 18-38). Each participant
received 10€ compensation. 27 of them were male, 23 were
female.

B. Voice Cloning

To systematically examine the impact of voice personaliza-
tion, we used XTTSv2 [12], a zero-shot voice cloning system
capable of generating highly realistic speech from minimal
input data. The model’s architecture consists of three core
components: (1) a variational autoencoder-based audio en-
coder that compresses mel-spectrograms into a discrete latent
space, (2) a transformer-based autoregressive decoder that
predicts the encoded speech tokens conditioned on text input,
and (3) a HiFi-GAN vocoder that reconstructs waveform
audio with high temporal and spectral quality. Before de-
ployment in the user study, we systematically optimized key
synthesis parameters. We recorded a dataset from six native
German speakers (three male, three female), each reading
ten sentences from the Oldenburger Satztest [37]. The Old-
enburger Satztest was chosen because its balanced phoneme
distribution and natural language structure should provide a
good basis for creating German voice clones. We evaluated



synthesis quality using standard metrics: Character Error
Rate (CER), Speaker Encoder Cosine Similarity (SECS), and
Naturalness Mean Opinion Score (nMOS).

Our evaluation showed that using five reference sentences
per speaker provided the best trade-off between speaker
similarity and synthesis stability, it also supported the use
of the parameters from [12] for speech synthesis and found
the following parameters to work well for creating voice
clones: gpt_cond_len = 30, gpt_cond_chunk_len = 4, and
max_ref _length = 60. With these settings the measured
SECS ranged between 0.66 and 0.80 on average per speaker.
The nMOS varied between 2.62 and 3.41. CER was between
0.36 and 1.03, though two speakers had higher values (up
to 5.67) due to occasional artifacts in short utterances. For
the design-congruent voice, we achieved a CER of 0.49,
an nMOS of 3.38. We fine-tuned the XTTS encoder on 13
minutes of audio generated with the robot voice to increase
SECS from 0.55 to 0.66. While longer reference recordings
improved speaker fidelity, excessive input length introduced
synthesis artifacts.

1) Personalized Cloned Voice: For each participant, a per-
sonalized voice clone was generated based on their recording
of five sentences from the Oldenburger Satztest [37].

2) Dissimilar Voices: To create voices for comparison,
we pre-generated six distinct voices using VoiceX [11], an
evolutionary voice design tool that generates synthetic voices
through random parameter initialization and iterative user
selection. As a starting point, VoiceX generates a synthetic
voice with randomized settings. The user can then refine
the voice through a series of binary choices. We created
six different voices by repeatedly selecting the variant that
was subjectively the most gender-specific, resulting in three
male and three female-sounding voices. Due to the gender-
ambiguous design of the android robot head, it was possible
to contrast these strongly gendered voices without a bias
introduced by the robot’s appearance. These dissimilar voices
neither matched the robot’s gender-ambiguous appearance
nor resembled the participants’ voices. To achieve this,
we primarily used gender difference as the basis for the
assignment: participants with deeper, male-sounding voices
interacted with the robot speaking in a distinctly female-
sounding voice in this condition and vice versa. Although we
did not systematically assess the acoustic similarity between
each participant’s voice and the assigned voice, we ensured a
clear perceptual difference through strong gender contrasts.
Using this dissimilar voices allowed us to compare the
effects of both design strategies, design congruence and
personalized voice clone, against voices that did not meet
either criterion.

3) Design-Congruent Voice: For the design-congruent
voice condition, we used a voice originally developed by van
Rijn et al. [13] as part of a larger research initiative on the
creation of robot voices by humans in the loop. This com-
bined crowd-sourcing, iterative user feedback, and perceptual
modeling. The authors identified voice characteristics that
are perceived as a good match for certain robot appearances.
This resulted in voices for many robots that were design-
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congruent to the robots’ appearance.

Although our robot head differs in embodiment (we used
only the head and not a full-body android), it shares the
same facial features, including the same wig, with the robot
(Andrea) used in the study by van Rijn et al. Since only
an image of the full-body android’s head was used in the
mentioned work, we assume that the design-congruent voice
is transferable to our setup. We conducted an online pre-
study with 49 MTurk participants to assess the gender
ambiguity of the robot head used in our study versus the
version used by van Rijn et al. [13]. Participants rated each
version on perceived gender (female, male, neutral) and
gender specificity (5-point Likert scales). Gender specificity
was computed as the absolute difference between male
and female ratings, weighted by how non-neutral the robot
appeared. Both versions were seen as gender ambiguous,
with both robots rated as similar neutral (Median = 3) and
similar gender-specific (Median = 2).

To ensure comparable audio quality across all voice con-
ditions and to adapt the originally English design-congruent
voice for our German-language study, we cloned it using the
previously described voice cloning system.

C. Robot Setup

For the study, we used a custom-designed android robotic
head by the Japanese company A-Lab [14], as shown in
Figure 1. The robot head features 14 pneumatic actuators.
For animating the robotic head according to speech input, we
implemented the approach proposed by Heisler et al. [14],
[38]. This method utilizes a deep learning-based technique to
generate lip-synchronized facial movements directly from an
audio signal. The mesh-based approach maps predicted facial
deformations onto the robot’s actuators, allowing realistic
mouth movements synchronized with speech. The software
controlling this robot is described in [39] and was extended
to support the required voice cloning capabilities. The robot’s
actuation system is powered by an air pressure mechanism,
which means that no motor noises disturbed the participants’
perceptions during the study.

D. Study Setup

Participants interacted individually with a gender-
ambiguous android robot head [38] positioned on a freestand-
ing table in a quiet room. Participants were seated directly
opposite the robot at eye level to simulate a natural conver-
sational scenario (Figure 1). At the beginning of the study,
participants wore headphones with an integrated microphone
input to record their voices. The study conductor remained
unobtrusively present throughout, operating the robot via
Wizard-of-Oz to ensure precise control over dialogue timing
and synchronization.

E. Study Procedure

Initially, we provided the participants with an overview
of the study. We told them they would interact with a
robot in three different scenarios with different voices we
had developed but did not inform them that one of these



Fig. 1. Interaction between Robot and Participant

voices would be a clone of their own. Before proceeding,
participants signed a consent form, which clarified that their
participation was voluntary and that they could withdraw
from the study without consequences.

First, participants were asked to read five sentences from
the Oldenburger Satztest [37] aloud to create the personal-
ized voice clone as described previously. Participants were
not told that those sentences were used to create a voice
clone. Instead, they were told that the recording was used
to “prepare the interaction.” This was done to prevent any
influence of the knowledge about an existing voice clone on
the perception of the robot and the voice. Next, participants
filled out the questionnaire regarding their demographic
data. Simultaneously, the study conductor created the robot’s
dialogue lines for the cloned voice. Because of artifacts
possibly appearing in the audio files while generating the
cloned dialogue lines, the study conductor checked for such
artifacts. In case any major artifacts were present, the specific
line(s) was regenerated.

Then, participants engaged in three interactions with the
robot. All interactions were held constant, except for the
voice, which varied according to the previously described
voice conditions (see Section III-B). The order of the con-
ditions was randomized. A scripted simulated dialogue [40]
was used for the interaction. The dialogue revolved around
preparing a meeting. The robot played the role of a col-
league, and the participant talked about planning and missing
documents. The dialogue was designed such that the robot
and the participant had clearly defined roles that allowed
comparable interaction between the three voice scenarios.
After each interaction, participants completed a questionnaire
assessing their perception of likability, anthropomorphism,
and familiarity with the robot (see Section III-F).

At the end of the study, all three voice variants were re-
peated, and participants were asked whether they recognized
that one of the voices was a clone of their own. Afterward,
they tried to identify which voice they believed had been
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generated to match their voice and were asked to describe
their perception of each voice using a free text field. Finally,
we thoroughly debriefed the participants about the study’s
true purpose. We explained that one of the voices had been
a clone of their own and that the study aimed to investigate
the effects of personalized voices with voice cloning.

E Evaluation Methods

Likability and anthropomorphism were measured using
the respective subscales of the Godspeed questionnaire, each
consisting of five items rated on a 5-point Likert scale [41].
Familiarity was assessed using two items adapted from prior
research on novelty perceptions of synthetic voices [20]:
”Unknown/Well-known” and Unusual/Usual.” The familiar-
ity score is calculated as the average of these two items.

Moreover, the perceived gender of the robot was assessed
using three items: female, male, and neutral. Additionally,
participants rated voice suitability, how well the voice suited
the robot on a 5-point Likert scale. A Yes-No-Question was
used to measure the participant’s recognition of their voice
clone. If they replied with yes, they were asked in an open
question “what made them recognize their voice.” Then, they
were asked to identify the interaction session containing their
voice clone. To evaluate the perception of the voice clones,
participants also described each voice they had heard in
free-text responses. Finally, participants answered questions
regarding their prior experience with text-to-speech (TTS)
technology and android robots.

G. Analysis Plan

We planned to investigate the influence of the independent
variable (IV) voice with its three levels: (1) personalized
voice clone, (2) design-congruent voice, and (3) dissimilar
voice, on the dependent variables (DVs) likability, anthropo-
morphism, and familiarity. Therefore, we planned to test for
statistical significance using a one-way MANOVA with voice
as the IV and likability, anthropomorphism, and familiarity as
the DVs. If the MANOVA shows statistical significance, we
perform separate post-hoc tests for each DV in separate one-
way ANOVAs with a Bonferroni correction applied across all
three tests. Tukey HSD tests will be conducted for pairwise
comparisons between all three voice levels if any ANOVA
is statistically significant.

IV. RESULTS

In this section, the quantitative and qualitative results of
the survey will be reported.

A. Descriptive Results

1) Likability, Anthropomorphism, and Familiarity: Fig-
ure 2 gives an overview of the descriptive results. For
likability, the personalized voice clone (M = 3.61, SD = 0.79)
received the highest rating, closely followed by the design-
congruent voice (M = 3.57, SD = 0.70), with the dissimilar
voice rated noticeably lower (M = 3.18, SD = 0.84). Regard-
ing anthropomorphism, ratings were similar across all voice
conditions, with the dissimilar voice slightly higher (M =



Anthropomorphism

B Design Congruent Voice Bl Cloned Voice B Dissimilar Vaice

Likability

B Design Congruent Voice Il Cloned Voice B Dissimilar Vaice

Familiarity
I Desizn CongruentVoice M ClonedVoice B Dissimilar Voice

ans =y =iy

Fig. 2.

2.59, SD = 0.72), followed closely by the personalized voice
clone (M =2.52, SD = 0.78) and the design-congruent voice
(M =2.51, SD = 0.81). For familiarity, the personalized voice
clone received the highest rating (M = 2.70, SD = 0.96),
closely followed by the design-congruent voice (M = 2.66,
SD = 0.88), while the dissimilar voice was rated least familiar
(M =231, SD = 0.86).

2) Voice Suitability: Participants evaluated the suitabil-
ity of each voice condition (design-congruent, cloned, and
dissimilar) regarding how well they matched the robot’s
appearance. The design-congruent voice was perceived as the
most suitable (M = 4.00, SD = 1.18). The personalized voice
clone received a moderate suitability rating (M = 3.00, SD
= 1.33). The dissimilar voice was rated lowest in suitability
(M =226, SD = 1.24).

3) Clone Recognition: Out of 50 participants, when asked
if they recognized one voice as their voice clone, eight
explicitly mentioned they recognized that one of the voices
was a clone of their voice. When asked which voice condition
contained their cloned voice, 7 identified the right voice.
When knowing that a voice clone was involved, the majority
of 38 participants correctly identified the cloned voice. Six
participants incorrectly attributed their cloned voice to the
design-congruent voice, one chose the dissimilar voice, and
the remaining five were unsure.

B. Inferential Statistical Results

A repeated measures MANOVA was conducted to ex-
amine the effect of voice on likability, anthropomorphism,
and familiarity. The analysis revealed a statistically signif-
icant impact, F(6,44) = 2.72, p = .025, indicating that the
different voice conditions significantly impacted the DVs.
As a follow-up, separate repeated-measures ANOVAs were
performed for each DV with a Bonferroni correction. This
set the significance level to O oprecreqd = -0167.

A repeated measures ANOVA revealed a significant effect
of voice on likability, F(2,98) =5.97, p =0.004. Subsequent
post-hoc comparisons showed that the comparison between
design-congruent voice and dissimilar voice was significant
with p = 0.024, and the comparison between personalized
voice clone and dissimilar was also significant with p =
0.025. No significant difference was found between the
design-congruent voice and personalized voice clone (p =
0.936).

Likability, anthropomorphism, and familiarity across the three conditions Design-Congruent Voice, Cloned Voice, and Dissimilar Voice.

A repeated measures ANOVA was conducted to examine
the effect of voice on anthropomorphism. The analysis did
not yield significant results, F(2,98) = 0.234, p = 0.792, in-
dicating that voice did not significantly influence the anthro-
pomorphism ratings. Another repeated measures ANOVA
was conducted to assess the effect of voice on familiarity.
The results indicated a p-value of p = 0.023. Applying the
Bonferroni correction for multiple comparisons (Otcorrected =
0.0167), this effect did not reach statistical significance,
F(2,98) =3.92,p =0.023.

C. Qualitative Results

The personalized voice clone received predominantly pos-
itive feedback and was frequently described as pleasant,
warm, and familiar. Participants perceived it as notably
friendly and natural, describing it, for example, as “polite,
open, interested, natural” and “pleasant to listen to and easy
to understand.” Another participant emphasized its realistic
quality, noting that it “‘sounds realistic, like a voice in a phone
call.” At the same time, someone else described it as “very
feminine and friendlier than the other voices.” The cloned
voice was also perceived as especially fitting for the robot:
“Fits the robot best. Feels familiar and pleasant.” Despite
this largely positive reception, some participants pointed out
minor drawbacks related to unusual intonation or a slightly
mechanical impression, stating, for instance, “The intonation
takes some getting used to.” Only five out of 50 participants
recognized their own voice from the beginning before being
asked if they realized they were cloned. One, for example,
mentioned: “Sounds like my own voice. Pitch and emphasis
are similar to mine, making it very familiar, but also a bit
eerie.”

The dissimilar voice received a lot of negative feedback,
described by participants as wunnatural, monotonous, and
overall unsuitable for the robot. However, some participants
still recognized the qualities of the voices and suggested
contexts in which it might be more suitable, such as “a
storyteller,” describing it as “inviting and warm,” or as a “film
dubbing actor.” Another participant emphasized its cinematic
quality, noting it was “somewhat unrealistic and cinematic,”
fitting the voice of a “cowboy character.”

The design-congruent voice was predominantly described
as neutral, pleasant, and fluid, and participants perceived
it as appropriate for the robot, stating it “fits the robot
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and feels familiar,” and noting it “speaks fluently without
interruptions.” Some even described the voice as ‘“could
almost be human.” Despite these generally positive impres-
sions, participants mentioned minor drawbacks related to
artificial or monotonous aspects, describing it as “relatively
choppy,” “stiff, metallic, unnatural,” or suggesting that it
“lacks expressiveness.”

V. DISCUSSION

Our results show a significant effect of voice on the
likability of the robot. Both a personalized voice clone and a
design-congruent voice were rated significantly more likable
than a dissimilar voice. There was no significant difference
between a personalized voice clone and a design-congruent
voice. Therefore, we conclude that voice cloning can effec-
tively be used as a robot voice design method in one-on-
one interactions between humans and robots. We found a
trend regarding familiarity, but this did not remain significant
after correcting for multiple comparisons. However, qualita-
tive feedback showed that participants often perceived the
personalized voice clone as particularly familiar and natural.

This research evaluates personalized voice cloning as an
alternative to robot voice design, especially its influence
on likability. Our findings show that personalized voice
cloning achieves likability ratings comparable to those ob-
tained through carefully designed, design-congruent voices
[13]. Both personalized voice clone and design-congruent
voices are significantly more likable than the dissimilar
voices. Additionally, qualitative feedback underscored the
familiarity and naturalness of the cloned voices. The ap-
proach we describe simplifies the creation of likable voice
design through personalization by taking advantage of the
Similarity-Attraction Effect [35], [15] and achieving similar-
ity to the user directly through voice cloning instead of an
elaborate design process [8], [9], [10], [11].

In contrast to previous studies [42], [43], we found no sig-
nificant difference in anthropomorphism between the voice
conditions, although they were differently well matched to
the robot’s visual features. Therefore, anthropomorphism
might depend more on visual or behavioral congruence than
on voice characteristics. These results contrast with previous
findings [30], which emphasized multimodal congruence in
robot design. The results of this study show that there might
be cases where such congruence is not necessary. This could
be due to the robot we used, which is very anthropomorphic
by itself, or because we used human-like voices in every
condition, and only bigger differences would lead to the
effect described in previous studies. However, the topic needs
further investigation.

A. Limitations

Our study has several limitations. While we aimed to
minimize artifacts of the XTTSv2 voice cloning system, oc-
casional artifacts may still have influenced user perceptions.
We did not formally assess intonation or prosodic similarity
between voices, which may have impacted comparability.
Future studies might investigate if voice similarity enhances
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engagement, as demonstrated in related research on prosodic
entrainment with children [44]. The short, scripted meeting-
planning scenario limits generalizability to other interaction
contexts or emotional scenarios. Also, voice cloning may
become unfeasible in scenarios involving multiple interaction
partners, which raises the question of whose voice should
be cloned. Although the gender-ambiguous android head
minimized biases related to voice-gender congruence, results
may not generalize to robots with clearly gendered or distinct
appearances. Furthermore, our setup did not account for other
influential social characteristics such as age or ethnicity.
Finally, our approach relied on pre-generated voices; real-
time voice cloning without human verification still faces
technical challenges, such as latency and artifacts.

VI. CONCLUSION

In this study, we explored personalized voice cloning
as a novel method to enhance the likability of Android
robots. Our approach utilizes the similarity between the
robot’s and the user’s voices. Our results show that person-
alized cloned voices significantly increase the likability of
interaction with the robot compared to voices incongruent
with user or robot characteristics. However, we observed
no significant effects on anthropomorphism or familiarity.
Future research should test personalized voice cloning with
different robot platforms and virtual agents. Additionally,
combining cloned voices with appearance-congruent features
could help overcome existing limitations. Also we plan to
extend our approach by including other dimensions of voice
identity (e.g., age, prosody, accent) and by directly measuring
acoustic or perceived similarity. Personalized voice cloning
opens new pathways towards effortless user-specific human-
robot interactions.
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