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Abstract

Casting voice-actors to dub source language content into a target
language—known as voice casting—consists largely of a manual
workflow that could benefit immensely from increased levels of
automation. Recent advancements in deep learning architectures
for sequential data processing are providing the needed impetus
to the realization of various Al-enabled audio-processing work-
flows. Specifically, applications such as speaker verification
and speech synthesis have been gaining immense traction due
to the advent and maturity of recurrent neural nerworks. We
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Introduction

ontent localization is essential for media
companies to make their multimedia content
including films, games, and television shows,
available to global audiences. The audio in the

explore the viability of leveraging
advancements in deep learning for
text-independent speaker verifica-
tion (TI-SV) for use in computer-
aided voice casting. To this end,
we propose and develop an auto-
mated voice-casting tool that uses
similarity scores generated from
neural nerwork  embeddings—
from a robust autoencoder model
trained for the task of TI-SV—to
rank wvoiceover artists across dif-
ferent languages in voice-casting
process. To evaluate the dexterity
of the proposed approach, we con-
duct a subjective study emulating
a simplified voice-casting process
on actual voice-testing kits (dub-
bing auditions) from our content.
We also use casting decisions from
casting experts to further evaluate
the tool as well as the subjectivity
involved in the voice-casting pro-
cess. We achieve promising results
for the automated tool and prove
that 1t could be a viable approach
to automating the voice-casting
process and warrants  further
exploration.

Voice casting is the process of selecting
voice-actors for dubbing in target
languages, which is usually a manual
process performed by human experts.

The experts have access to audio
samples—typically under 60 sec in
duration—from original source language
characters as well as audio samples from
multiple foreign target language voiceover
artists. They then evaluate the target
language voiceover artists and subjectively
cast the most appropriate matches to the
original cast. It is important that the voices
of casted target language actors share a
high acoustic resemblance to those of the
original actors in the source language
content. Acoustic resemblance is not only
important to effectively translate the
performance of the original characters, but
also to alleviate the audio-visual
dissonance audiences experience when
watching the original cast on screen but
hearing someone else’s voice.

original source language is often
translated and replaced with the
target language, in a process refer-
red to as dubbing, to provide the
highest level of immersion for
foreign audiences. Voice casting is
the process of selecting voice-actors
for dubbing in target languages,
which is usually a manual process
performed by human experts.
The experts have access to audio
samples—typically under 60 sec in
duration—from original source
language characters as well as audio
samples from multiple foreign target
language voiceover artists. They
then evaluate the target language
voiceover artists and subjectively
cast the most appropriate matches
to the original cast. It is important
that the voices of casted target
language actors share a high
acoustic resemblance to those of
the original actors in the source
language content. Acoustic resem-
blance is not only important to
effectively translate the perfor-
mance of the original characters,
but also to alleviate the audio—visual

dissonance audiences experience when watching the
original cast on screen but hearing someone else’s voice.
If we were able to quantify perceptual voice similarity
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between two voices in different languages, we would be
able to guide the voice-casting process more objectively as
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well as open avenues for automated voice-casting tools.
Perceptual voice similarity for the dubbing process has
been studied in Refs. 1 and 2. The authors compare two
different techniques of using similarity scores derived from
speaker-recognition techniques>* as well as describing a
voice using paralinguistic categories speaker states and
traits (e.g., age/gender/voice quality and emotions). In
Ref.5 the authors propose an I-vector probabilistic linear
discriminant analysis technique to estimate dubbing
proximity both in source and target language. Recent
advancements in deep neural network embeddings®®
and end-to-end speaker-recognition models perform
significantly better than the older I-vector approaches
for speaker recognition. In fact, the text-independent
speaker-verification approach from Ref. 6 has been
shown to generalize well to other applications such as
voice synthesis.’

The relationship between similarity scores from such
techniques and human perceptual similarity between
two voices is still an open area of research. Moreover,
the viability of using similarity scores across different
languages (source—target language combinations)
for the specific use case of voice casting still lacks
concrete evidence. Using similarity scores from speaker-
recognition techniques offers an attractive proposition
for measuring similarity between voices in the acoustic
space for voice casting. There is a general lack of data
sets that can be used to train models specific to the voice-
casting process. The dubbing data sets that exist contain
only final dubbing samples and lack data from voice-
casting auditions (known as voice testing kits (VTKs)
for the source language and dubbing tests for the target
language), which are critical to the voice-casting problem.
Speaker recognition, on the other hand, is a heavily
researched problem with ample data sets available. It
would, therefore, be ideal if similarity scores from state-
of-the-art text-independent speaker-recognition models
could be directly utilized in the domain of voice casting.

In this study, using our automated voice-casting tool,
we attempt to evaluate the use of similarity scores between
neural network embeddings from voices in source and target
languages for voice casting. We also conduct a subjective
experiment to test the performance of the automated
tool against human testers. The subjective experiment
emulates a simplified version of the voice-casting process
using source language VI'K from our content along with
foreign language dubbing tests across multiple different
languages for the same characters. We aim to establish a
subjective testing framework for future studies in the area
as well as present preliminary results to the fidelity of the
speaker embedding approach for voice casting. We begin
by describing an automated voice-casting workflow that
we developed and used for evaluation. Then, we provide
a detailed overview of the subjective voice-casting study
we conducted, followed by the results and discussion of
the results.

Automated Voice-Casting Tool

The automated voice-casting tool used for evaluation
consists of two main steps, as shown in Fig. 1. The first
step is to compute high-dimensional embeddings for each
voiceover artist using a speaker encoder model trained on
a speaker-verification task. The second step is to compute
similarity scores between embeddings of source language
reference speakers and target language voiceover artists
to generate rankings.

Speaker Encoder Model

To enable an automated workflow as described earlier,
our deep learning encoder model needs to satisfy two
main requirements. First, it should be able to generate
embeddings for unseen speakers during training (zero-
shot). Second, it should also be able to generate embeddings
from a small duration of audio (typically under 60 sec for
dubbing VTKSs). The encoder model we used to generate
embeddings for multilanguage voiceover artists is shown
to satisfy both requirements listed above. It is a three-layer
long short-term memory (ILSTM) with 768 hidden nodes
followed by a projection layer of 256 units as described in
Ref. 9. It was trained on a speaker-verification task using
generalized end-to-end loss.® The inputs to the model
are 40-channel log-mel spectrograms—acoustic time—
frequency representations of audio—with a 25-ms window
width and a 10-ms step. Mel spectrograms are commonly
used as inputs for end-to-end encoder models.!®!! The
log-mel spectrograms were processed using librosa Python
library. The model was trained using open data sets
LibriSpeech-Other, VoxCeleb1, and VoxCeleb2.

Ranking System

The output of our encoder is a 256-dimensional embedding
for each speaker, which can then be compared to other
speakers using a similarity score generated using cosine
similarity. We can compute similarity scores between
embeddings of source language reference talents and target
language voiceover artists. The highest similarity scores
would correspond to the highest perceptual similarity
for a source—target language pair. We then directly utilize
similarity scores to generate rankings for target language
dubbing voiceover artists in comparison to a source
language reference talent. The highest similarity score
would be considered as the top-ranking voiceover artist for a
source—target language pair. These rankings and scores can
then be shared with the experts to assist in their decision-
making process.

Advantages

There are opportunities for an automated system as
proposed earlier to augment the existing voice-casting
workflow. As mentioned before, the process of voice
casting today is mostly a subjective process. Having an
objective quantitative metric of perceptual similarity
such as the similarity scores described could prove
to be a useful additional data point to aid the casting
decisions. Furthermore, evaluations of auditions are
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FIGURE 1. Automated voice-casting tool overview.

time-consuming in nature. They often involve multiple
playthroughs and careful consideration for each audition,
which when casting for high volumes of content is a
considerable time commitment. An automated tool as
proposed can be employed to make tertiary evaluations.
The tool can evaluate a large number of auditions and
filter down to the top few candidates for each character
for the experts to evaluate. This could enable auditions
with a much larger and diverse pool of talents. The tool
thus has the potential to make the workflow more scalable
and objective in nature.

Subjective Voice-Casting Study

Our goal for the subjective study was to emulate a
simplified version of the real voice-casting process carried
out during content localization. We could then evaluate as
well as compare results with the automated voice-casting
tool. In practice, voice-casting experts are provided
VTK for source (in our case, English) as well as target
languages (e.g., French, Spanish, and Portuguese). The
source language VTK consists of audio samples for each
character in a specific content. These audio samples are
typically around 60 sec in duration consisting of a few
different dialogs acted out by the original cast playing a
certain character in the source language content. The
target language VITK consists of audio samples from
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multiple voiceover artists auditioning for dubbing a
character in the content. The voiceover artists typically
perform the same dialogs from the source language audio
sample in the target language. The task of voice-casting
experts is to evaluate the perceptual similarity of the voices
of these target language voiceover artists to the original
source language cast and select the most similar voices for
each character.

We conducted a study using actual dubbing VTKs
from a Warner Bros. television series consisting of audio
samples for four characters (one female and three males).
The source language was American English and the tar-
get languages were Latin American Spanish, Brazilian
Portuguese, Italian, and Hungarian. Table 1 shows the
number of voiceover artists auditioning for dubbing each
character. In addition to the VTK, we also had access to
the voice-casting decisions made by the casting experts.
The casting decisions would not only help us directly
evaluate the accuracy of the tool, but also peek into
the overall subjectivity of perceptual similarity between
voices across different languages. Typically, the voice-
casting process for a content is carried out by one expert.
Experimenting with a bigger sample size would help us
understand whether there exists a constancy in the per-
ceptual similarity observed by humans in general.



TABLE 1. Number of voiceover artists for

each language—-character pair.
Number of

Number of X .
Language voiceover artists
characters
per character
Latin American Spanish 4 3
Brazilian Portuguese 4 2
Hungarian 3 3
Italian 3 3 (4 for one character)

Subjective Test Procedure

The tests were conducted online using Microsoft
forms. There were a total of 56 participants. All par-
ticipants were instructed to wear headphones for the
duration of the test. In addition, we conducted a fre-
quency response test at predefined volume conditions
to ensure auditory fidelity of the setup as well as par-
ticipants’ hearing. Participants were asked to record
lowest and highest frequencies they were able to hear
through their headphones. The structure of the test
shown in Fig. 2 was as follows.

English Reference Audio CH

Please use this sample as your reference audio sample. Compare the foreign language
samples to this reference for voice similarity. Feel free to revisit as needed.

English_CH >

70 00 English Reference Audio CH

Please listen to the voice tests in the video below and rank the speakers based on their
voice similarity to the reference English audio above. *

The timestamps for each individual speaker can be found in the description of the video.
View video in Microsoft stream to use the timestamp links if needed.

Timestamps:

0:02 Speaker 1

0:40 Speaker 2

1:20 Speaker 3

LAS_CH
37® 09

Latin American Spanish CH 1 >

Latin American Spanish CH 1
Latin American Spanish CH 2

Latin American Spanish CH 3

How similar were each of the following voices to the English reference sample? *

Vel Slightly

Ty
Dissimilar Dissimilar similar Similar Very Similar

Latin American
Spanish CH 1

Latin American
Spanish CH 2

Latin American
Spanish CH 3

FIGURE 2. Snippet from the Microsoft Forms Survey used for the
subjective test. Participants were first shown the English reference
audio, then the dubbing tests in target language. The first question
was to rank the speakers based on their similarity to reference
sample (Question 2) followed by a similarity score (Question 3).

We first had an American English reference audio
sample from the VTK, followed by an audio sample
containing dubbing tests from multiple voiceover
artists for the same character. Tests following the
same format were sent out for each target language
and each character. Participants could reference,
pause, and play both the source as well as the target
language audio samples at their will to help with their
evaluations. They then had to answer three main
objective evaluation questions shown in Fig. 2, which
included ranking the voiceover artists based on their
similarity to the English reference audio, scoring each
voiceover artist based on similarity to reference as well
as scoring their confidence in their ranking/similarity
scoring.

Ranking Candidates

The first question was ranking the voiceover artists based
on their similarity to the English reference audio sample.
Participants would choose a ranking from 1 to n, where
n is the number of voiceover artists auditioning. Rank
1 would be their top casting choice and 7 their least
favorite. This emulates a simplified version of how voice
casting is done today.

Similarity Scores

In addition to ranking the candidates, participants were
asked to assign a similarity score to each voiceover artist.
The similarity scoring followed a five-point scale as
follows: (—2) Very Dissimilar, (—1) dissimilar, (0) fairly
similar, (1) similar, and (2) very similar. Participants were
also asked to rank their confidence in their scoring using
a similar five-point scale as follows: (-2) not confident,
very challenging, (—1) challenging, (0) confident, but still
challenging, (1) confident, and (2) very confident.

Automated Tool Test Procedure

The same VTKs were used as input to the automated
tool for evaluation. The automated tool used the source
language speaker embeddings as reference embeddings
and then computed the similarity scores for the target
language voiceover artist per character. The highest
scoring voiceover artists were then recorded as the chosen
voiceover artist for comparison with the subjective study
decisions as well as the casting-expert decisions.

Results

Statistical Significance for Subjective Study Rankings
Before evaluating and comparing the rankings from
the subjective experiment, it is important to establish
statistical significance for the rankings from the study.
A ranking would only be considered statistically significant
(SS) if it satisfies the condition that the margin of error
is less than the difference in proportions for the top two
contenders for the top-ranking voiceover artists. This
equation is outlined in Ref. 12 and shown in Eq. 1
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2 2

CI(pl-p2) =1 score* \/(pl hl pZ)n— (fl_ r2) . (D
We switch out the z-score in the equation from Ref. 12
with z-score for 95% confidence intervals due to our low
sample sizes for each individual study. In the equation,
pl and p2 are proportions for the top-ranking voiceover
artist. Interestingly, we found that just under 43% of the
results had SS rankings. The low statistical significance
rates could be attributed to either the commendable
competency of the dubbing talent pool used for the test
or the subjectivity/variability in perceptual similarity
between voices. The latter would point to the inherent
difficulty in the voice-casting process and would deem
having an objective guiding metric useful. These results

are discussed in detail in the “Discussion” section.

Automated Tool Results Evaluation

To evaluate the accuracy of the tool, we used the match
rate as the main metric. Matches were considered as
every language—character pair for which the automated
tool predicted the same highest ranking (highest
similarity score) voiceover artist as the study participants
did. This would be the appropriate metric for the use
case of voice casting in Eq. 2.

Number of matches
x100. (2)
Number of matches + Number of nonmatches

Match rate(%) = (

Match rates for all evaluations are shown in Fig. 3.
To begin with, we evaluated the performance of the auto-
mated casting tool for only the SS rankings from the
study. We achieved a remarkable match rate of 100% for
this case. This meant that every time there was a signifi-
cant consensus between our participants that a voiceover
artist was more acoustically similar to the original cast
member than the other artists, the automated tool ranked
the same artist as most similar.

Due to the low number of SS rankings, we decided
to consider other rankings that showed a clear majority
ranking using the criterion outlined in Eq. 3

if n: even, majority > > +1

3)

if # : odd, majority > nTH

The variable n in the criterion signifies the sample
size. Using the above criterion, 71.4% of the rankings
showed a clear majority. For this case of rankings with
majority votes (MVs), we observed a match rate of 77.8%.

Next, we decided to compare both the automated
tool rankings as well as the study rankings to the casting-
expert decisions. For the case of SS rankings, we observed
only one mismatch between the expert decisions and the
automated tool as well as the study rankings. Including
all rankings that had MV, we observed a 77.8% match
rate between the automated tool and the expert rankings
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Match Rates for Automated Voice Casting Tool
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FIGURE 3. Match rates for automated voice-casting tool with
95% confidence intervals. The categories of match rates are as
follows. SS: statistically significant rankings; MV: rankings with
majority votes; EOR: either study rankings or expert decision
matches; EMV: expert decisions for rankings with MVs.

(EMV). On further analysis of the mismatches, we found
an interesting observation. For the MV case, we com-
puted an either—or match rate. The either—or match rate
(EOR) considered a match if the automated tool matched
with either the study rankings or the expert rankings or
both. We observed a 100% either—or match rate for MV
cases, which meant that everytime the automated tool
ranking mismatched with the study rankings, it matched
with the expert ranking and vice versa. For MV cases, we
observed a match rate of only 55% between the study
rankings and the expert decisions. This is discussed fur-
ther in the “Discussion” section.

Discussion
First, we explore the interesting observations of the low
rate of statistical significance for our study rankings
as well as the low match rate between the top-ranking
voiceover artists for the study versus the expert-casting
decisions. As mentioned before, we found just under
43% of the rankings from the study to be SS. For the
match rate between the study rankings and the expert-
casting decisions, we saw almost a 100% match rate for
the SS rankings but only a 55% match rate for all rank-
ings that satisified a MV. Our initial instinct was to give
more weight to the expert-casting decisions owing to
their experience, expertise, and character understand-
ing. However, the end-users for our content are the
viewers and thus it is just as important to factor in the
similarity perceived by the study audience as it is to fac-
tor in casting expertise. Investigating the mean percep-
tual similarity scores with 95% confidence interval for
the insignificant cases shown in Fig. 4 added some clar-
ity to the observation.

All the language—character pairs except one (Hun-
garian_LI, which had proportions that were borderline
significant) showed an overlap of confidence intervals.



Language-Character Pairs

Mean Speaker Similarity Scores with 95-Confidence Interval

Hungarian_LI —>—+1 |—+4—
B Voice Over Artist 2
@1 Voice Over Artist 3
Hungarian_CH ——to——4—H—+—x—
ltalian_TY H—e¢—JI—x—
Italian_LI @ —x—F—

Portuguese_TY — o ¢+
Portuguese_MU H—¢—e1+—
Spanish_MU - ®-4—xH—
Spanish_LI ——Fo———>x—
-2 -1 0 1 2
Very Dissimilar Dissimilar Fairly Similar Similar Very Similar

Similarity Score

1 Voice Over Artist 1

FIGURE 4. Mean speaker similarity ratings from subjective study with 95% confidence intervals for statistically nonsignificant
rankings. The characters from the television series used for the test are abbreviated as CH, LI, MU, and TY on the language—

character pair axis.

With this, we can conclude that the multiple voiceover
artists for those language—character pairs perceptually
were roughly in the same range of perceptual similar-
ity to the reference speaker (original cast). In such
cases, rankings would be subjective since it would be
inherently difficult to differentiate between multiple
voiceover artists based on perceptual similarity to the
reference. In such cases, where the talent pool is percep-
tually around the same level of similarity to the original
cast, it is plausible that experts defer to meta-informa-
tion (such as talent history, character notes, etc.) that
was not available to us or the study participants to
make their decisions. Either way, such cases exemplify
the need for a trustworthy objective metric to guide the
voice-casting process and alleviate some of the subjec-
tivity in the process today.

Next, we delve into the match rates for the rankings
from the automated tool versus the study audience as
well as the casting experts. It should be noted that the
data corpus spanning just one content as well as four lan-
guages is not enough to draw concrete conclusions to the
dexterity of the proposed automated workflow. However,
the match rate of 100% for the case of SS, 77.8% for MV,

EMYV, and 100% EOR (either expert decisions or study
audience rankings) for the MV case are promising. At
the very least, these results show the promise of the tried
approach of using similarity scores from neural network
embeddings trained for the task of text-independent
speaker verification (TI-SV) in the domain of voice cast-
ing and prove that they warrant further comprehensive
investigation with a larger data corpus.

Conclusion

In this article, we explored the viability of using simi-
larity scores computed using neural network speaker
embeddings trained for TI-SV for automating the
voice-casting process. We proposed an automated
workflow for the same and attempted to evaluate
its dexterity using both a subjective study and cast-
ing expert decisions. We conducted a subjective study
accurately emulating a simplified voice-casting pro-
cess using actual VT Ks from a Warner Bros. television
series. Our aim was to establish a framework for stud-
ies in this domain that can be repeated for future work.
Analyzing the results from the study uncovered some
of the inherent subjectivity in the task of voice casting,

April 2021 | SMPTE Motion Imaging Journal 17



which should be investigated further in future stud-
ies. The subjectivity accentuates the benefit of having
more objective metrics to guide the voice-casting pro-
cess. Due to the limited size of our test corpus, we were
only able to show preliminary results to the dexterity
of the automated workflow. Nevertheless, the results
were promising and show that such a technique war-
rants further comprehensive investigation. In future
studies, we would like to work with a larger data cor-
pus, conduct studies with a larger sample size, as well
as collect more objective metrics from casting experts
to shed light on their current evaluation techniques.
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