CopyCat2: A Single Model for Multi-Speaker TTS and Many-to-Many
Fine-Grained Prosody Transfer

Sri Karlapati, Penny Karanasou, Mateusz Lajszczak, Ammar Abbas, Alexis Moinet, Peter Makarov*,
Ray Li*, Arent van Korlaar, Simon Slangen*, Thomas Drugman

Alexa Al, Amazon, Cambridge, United Kingdom

srikarla@amazon.com

Abstract

In this paper, we present CopyCat2 (CC2), a novel model capa-
ble of: a) synthesizing speech with different speaker identities,
b) generating speech with expressive and contextually appro-
priate prosody, and c) transferring prosody at fine-grained level
between any pair of seen speakers. We do this by activating
distinct parts of the network for different tasks. We train our
model using a novel approach to two-stage training. In Stage I,
the model learns speaker-independent word-level prosody rep-
resentations from speech which it uses for many-to-many fine-
grained prosody transfer. In Stage II, we learn to predict these
prosody representations using the contextual information avail-
able in text, thereby, enabling multi-speaker TTS with contextu-
ally appropriate prosody. We compare CC2 to two strong base-
lines, one in TTS with contextually appropriate prosody, and
one in fine-grained prosody transfer. CC2 reduces the gap in
naturalness between our baseline and copy-synthesised speech
by 22.79%. In fine-grained prosody transfer evaluations, it ob-
tains a relative improvement of 33.15% in target speaker simi-
larity.

Index Terms: Multi-speaker TTS, prosody transfer, contextual
prosody.

1. Introduction

Neural Text-to-Speech (NTTS) techniques have significantly
improved the naturalness of speech produced by TTS systems
[1H9]). In order to improve the prosody of TTS, there has been
considerable work in learning prosody representations from
ground-truth speech [SH9]. These representations are usually
learnt using encoders at various time scales and are used in con-
junction with phonemes to generate speech using either an auto-
regressive or parallel decoder. As per the subtractive definition
of prosody [6], since phonetic information is readily available
to the decoder, it will rely on the additional encoders to learn
prosody features. During inference, these prosody representa-
tions are unavailable. Therefore, in order to generate speech
with contextually relevant prosody, some approaches learn to
predict these prosody representations using textual features and
use them in place of the prosody representations [7H13]. These
methods, however, mainly focus on single-speaker data, and
cannot trivially be made into multi-speaker models as it would
require changes to how these representations are learnt [[14]].
Another extension to NTTS is prosody transfer (PT) [[15],
where the prosody from a source audio is used as a reference
when synthesising speech in a target speaker’s voice. Fine-
Grained Prosody Transfer (FPT) techniques [[16-19] mainly fo-
cus on capturing temporal prosody features like rhythm, empha-
sis, loudness, and melody. FPT methods aim to learn speaker-
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independent prosody representations from ground-truth speech
using an encoder, and then in conjunction with phonemes and
speaker representations, learn to predict the same speech using
adecoder. During inference, a different target speaker represen-
tation is provided to the decoder, which then generates speech
with the prosody of the reference and the voice identity of the
target speaker. FPT techniques can suffer from speaker leakage,
where the speech generated has the source speaker’s identity
and not the target speaker’s identity [[19]. Most work in FPT
has been on reducing speaker leakage, but little research has
been done to see if the speaker-independent prosody represen-
tations learnt for FPT could be used for downstream tasks like
TTS with contextually appropriate prosody.

In this paper, we present CopyCat2 (CC2) with 4 main
contributions. First, we show through subjective evaluations
that learning speaker-independent prosody representations at
the word-level results in reduced speaker leakage in FPT when
compared to methods like CopyCatl (CC1) [19], which learn
representations that are not aligned to linguistic units. Sec-
ond, we show through our experiments that we can use the
speaker-independent prosody representations learnt for FPT
in the downstream task of TTS with contextually appropri-
ate prosody. Third, we show through our novel methodology
that the same model can be used for both multi-speaker TTS
and many-to-many FPT. Finally, using subjective evaluations,
we show that learning word-level prosody representations from
multi-speaker data and predicting them using text improves
the naturalness of generated speech, when compared to single-
speaker methods like Kathaka [8|] that learn prosody represen-
tations at the sentence-level and predict them using text.

2. CopyCat2

The CC2 model consists of 3 major components (Fig[T): 1)
the acoustic model, 2) the duration model, and 3) the prosody
predictor. These components are trained over two stages. In
Stage I, we learn word-level speaker-independent prosody rep-
resentations from multi-speaker speech by training the acous-
tic and duration models using word-level conditional variational
reference encoders. In Stage II, we learn to predict these rep-
resentations using the contextual information available in text
using the prosody predictor.

2.1. Stage I: Learning Word-Level Speaker-Independent
Prosody Representations

2.1.1. Acoustic Model

The acoustic model of CC2 is similar to the architecture of CC1
[19]. It consists of a phoneme encoder, a non-autoregressive
(NAR) decoder, and a conditional variational reference encoder.
The phoneme encoder is similar to the character encoder in [[1].
It takes phonemes y as input and provides phoneme encodings
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Figure 1: This figure consists of the acoustic model on the left, the prosody predictor in the middle, and the duration model on the right.
The architecture of the acoustic and duration prosody reference encoders (qy(-) & qu(+)) are shown here to predict Z and Z D The
prosody predictor (sy(+)) is shown in the middle. Follow the hard lines to ~ for FPT and the dotted lines to ~ for TTS.

Y € RP*7 as output, where P is the number of phonemes
and J is the size of each phoneme encoding. These encod-
ings are then upsampled through replication according to the
per-phoneme durations, d, provided as input to the upsampler.
These upsampled encodings are then passed to a NAR decoder
along with speaker embeddings, ¢ € R”, where E is the size
of a speaker embedding [19]]. As shown in Fig[T]to the left, we
represent these blocks by 6.

We introduce a sequence of latent vectors, Z € RWXH 't
learn word-level speaker-independent prosody representations
from speech, where W is the number of words in the input
and H is the size of each representation. Therefore, we ob-
tain the acoustic model, po(X | y, ¢, Z), where X € R7*80
is the mel-spectrogram with 7" frames. Since the decoder is al-
ready receiving phonetic information and speaker identity, we
expect, Z to encode speaker-independent prosody information.
The prosody representations, Z, are learnt at the word-level,
unlike in CC1 where they are learnt with a fixed downsam-
pling rate, 8. In order to learn the distribution of Z, we need
to model the true posterior distribution pg(Z | X, y, ¢) which
is intractable as our NAR decoder is not invertible [|12,20-24].
Therefore, we approximate the true posterior distribution using
a conditional variational reference encoder, ¢»(Z | X,y,c),
parameterised by ¢. We assume, for simplicity, that the word-
level prosody representations are conditionally independent of
one another, q5(Z | X,y,¢) = 1", a5z | X.y.c),
and that the word-level speaker-independent prosody represen-
tations follow a Gaussian distribution with diagonal covariance,
qo(2zi | X,y,¢) = N(p;,07). Upon the addition of the ref-
erence encoder, we obtain the following optimisation function,
which is the evidence lower bound (ELBO) to be maximised for
training a Conditional VAE [25]]:

L¢,9 - ZE [ZOQPG(X | Y, c, Z)]

s
Ww-—1 (@))]
— > KL(ge(zi | X,y,0) || po(2i | y, ).

=0

Training the model with this ELBO was unstable as the prior,
po(z:i | y,c), and posterior, ¢s(z; | X,y,c), were trained
simultaneously. To stabilise training, we replaced the prior with
a simple non-parameterised prior, p(z;) = N(0,) V z; € Z,
and trained to maximise the following ELBO:

Loo= E [logpe(X |y, ¢, Z)]
Z~qg
Wi )
-« Z KL(qd’(z’L ‘ X,y,C) H p(zl))v
=0

where o € [0,1] is used as the annealing factor [26] and is
scaled linearly with the number of training steps.

The model learns to predict speaker-independent word-
level prosody representations from multi-speaker speech, and to
use this in conjunction with phonemes and speaker identity to
generate mel-spectrograms. We can now perform FPT between
different speakers where both the source and generated samples
will have the same duration. However, since the prior cannot
be sampled using text, the model is incapable of TTS with con-
textually relevant prosody. In order to bypass this limitation to
TTS, in Sec[2.2] we introduce methods that learn to predict the
prosody distribution using the contextual information available
in the text.

2.1.2. Duration Model

The duration model is trained to predict the number of
mel-spectrogram frames each phoneme spans over, d =
[do,d1,...,dp-1] [[7,/8,[27]. We obtain the target durations
through forced alignment [28]], and use the same durations as
oracle durations while training the acoustic model. The du-
ration model consists of a phoneme encoder, similar to the
one used in the acoustic model, as shown in Fig[l] Since the
acoustic model is trained with force aligned durations, we hy-
pothesise that the prosody representations from the acoustic
model, Z, will capture limited duration-related prosody infor-
mation. Therefore, for the remainder of the paper, we refer to
Z as acoustic prosody representations. To represent word-level



speaker-independent duration prosody representations, we use

a sequence of latent vectors, Z D ¢ RWxH D, where HP is
the size of each representation. Thereby, we obtain the dura-
tion model 79(d | y, ¢, ZP). To learn ZP, we add a con-
ditional variational reference encoder to the duration model,
q(ZP | X,y,c). We assume that mel-spectrograms capture
word-level duration information, and therefore can be used in
place of the target durations d for learning the posterior distri-
bution which would otherwise be gy (Z” | d, y, ¢). Thereby,
we obtain the following ELBO to maximise:

Lw,Q = E [lOg r9(d | Y, ZD)]
ZP gy,
W-1 3
—a Y KL(gw(2 | X,y,0) || p(20)).
1=0

‘We now have word-level speaker-independent duration prosody
representations. These representations enable us to transfer the
rhythm of speech from a source audio to a target speaker by
altering the target speaker embedding. This enables FPT with
the predicted durations matching the duration distribution of the
target speaker and the rhythm of the source audio.

2.2. Stage II: Predicting Word-Level Speaker-Independent
Prosody Representations from Context

In Stage I, we trained acoustic and duration models which rely
on acoustic prosody representations (Z) and duration prosody
representations (Z2) respectively to determine the prosody
with which speech is synthesised. Since we are able to obtain
these representations from a source mel-spectrogram, the model
is capable of FPT. However, for the model to be capable of TTS
with contextually appropriate prosody, we need to predict Z and
zP using textual information. In order to do so, we introduce
the prosody predictor [[7,/8]].

2.2.1. Prosody Predictor

We exploit the contextual information available in a sentence
to predict its prosody, since it has been cogently hypothesised
that prosody is driven by it [29]. The acoustic and duration
prosody encoders predict the parameters of a Gaussian distri-
bution, N'(p;, 07) and N'(u?, UiDQ), for each word in a sen-
tence, indexed by . Therefore, given a function capable of pre-
dicting the same parameters from text, we can treat this as a dis-
tribution matching problem. We call such functions as prosody
predictors, s, (Z,Z" | tx,c), where  is the set of parame-
ters and tx is the input text. The prosody predictor is trained to
minimise the following loss, L. :

w-—-1

Ly = z:; (KL(SX(zi | tz,¢) || go(z: | X, ,¢)) o

+ KL(s(= | 12,0) || 4 (2 | X, ,0)))

BERT [30] captures contextual information in a given sentence
in its embeddings [31]. We use a BERT model pre-trained
on Wikipedia data, to obtain contextual word-piece embed-
dings which were then passed to 4 different LSTMs, each pre-
dicting one of the word-level prosody distribution parameters,
;s o?, p,iD, and 0'1-D2. We concatenate speaker embeddings
to the BERT embeddings before passing them to the LSTM
heads, as we noted that the trajectory of consecutive prosody
representations was speaker-dependent, though the representa-
tions themselves were speaker-independent. Since, we can now

predict word-level prosody representations from text, we have
assuaged the limitations introduced by assuming an isotropic
Gaussian prior for the reference encoders in Stage I. We use
these text-predicted prosody representations in the acoustic and
duration models for TTS with contextually appropriate prosody.

2.3. Training & Inference
2.3.1. Training

In both training stages, we use multi-speaker data. In Stage I,
we train the acoustic and duration models to predict mel-
spectrograms and durations respectively, while also learning
acoustic and duration prosody representations. Before training
the prosody predictor, we run the prosody reference encoders
over the training set of all the speakers in the dataset to ob-
tain the speaker-independent word-level acoustic and duration
prosody distribution parameters. These parameters are used as
targets to train the prosody predictor in Stage II.

2.3.2. Inference

There are two modes of inference that are possible with CC2:
1) FPT and 2) TTS. At the end of Stage I of training, CC2 is
capable of FPT. We can take a mel-spectrogram from a source
speaker for reference prosody. It is given as input to the dura-
tion model while providing it with a target speaker embedding.
Thereby, we obtain durations in the target speaker’s duration
distribution but with the rhythm of the reference audio. The pre-
dicted durations are used as input to the acoustic model, along
with the reference mel-spectrogram, and the target speaker em-
bedding, to generate speech with the target speaker’s identity
and the acoustic prosody and rhythm of the reference audio.

At the end of Stage II, CC2 is capable of TTS. We pass the
text and the target speaker embedding to the prosody predictor,
to obtain word-level acoustic and duration prosody representa-
tions. The duration prosody representations, phonemes and the
target speaker embedding, are used to predict durations that are
contextually appropriate. These durations, the acoustic prosody
representations, phonemes, and the target speaker embedding,
are given to the acoustic model, to generate speech with the tar-
get speaker’s identity and contextually appropriate prosody.

3. Experiments
3.1. Data

We conducted evaluations on an internal multi-speaker US En-
glish dataset of varied styles, including, news, facts, greetings,
etc. The training dataset consists of a combined total of 50
hours of speech recorded by 3 female speakers and 1 male
speaker. Our test dataset consists of an hour of recordings from
each of the speakers, covering each of the styles recorded by
that speaker. All audio used has a sampling rate of 24kHz.

3.2. Baselines

To evaluate FPT quality and target speaker similarity, we com-
pare our model to CC1, a strong baseline in FPT. We trained
CC1 on the same multi-speaker data as CC2. To evaluate
the TTS capabilities of our model, we compare it to a strong
baseline in representation learning with contextual sampling,
Kathaka [8]. We chose this model as it also follows a simi-
lar two-stage training regime, while learning prosody represen-
tations from single-speaker data at the sentence-level. It also
varies the predicted durations to be more contextually relevant
and improves on DurlAN [27]] in evaluations [8[]. We trained
one Kathaka model per speaker in our dataset.
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Figure 2: Here, we show box plots of the scores obtained by each of the systems the MUSHRA evaluations. The average score obtained
by each system in the evaluation, along with the 95% confidence interval are shown below each system. The gap reduction obtained by
CC2 between the baseline and copy-synthesis in the TTS - Naturalness Evaluation is 22.79%. The relative improvements obtained by
CC2 when compared to CC1 in the FPT-Transfer Quality and FPT-Speaker Similarity evaluations are 0.29% and 33.15% respectively.

3.3. Evaluations

We conducted 3 subjective MUSHRA evaluations [32] to com-
pare CC2 to the TTS and FPT baselines. Each of the evaluations
was conducted on all 4 speakers in the test dataset, and was eval-
uated by 20 native US English listeners from a specialized third-
party provider. All mel-spectrograms were synthesised using
our universal neural vocoder [2]. In order to negate the effect
of any errors introduced by the vocoder, we re-synthesised the
recordings using the vocoder and used these copy-synthesised
samples in place of human recordings as the upper anchor in the
evaluations. We evaluated statistical significance using pairwise
two-sided Wilcoxon signed-rank tests.

3.3.1. FPT - Transfer Quality

To evaluate the quality of FPT, we presented each listener with
40 test cases: 10 from each of the 4 target speakers. Each test
case consisted of FPT samples from CC1 and CC2, in the target
speaker’s voice and the reference prosody sample from one of
the other 3 speakers. The listeners were asked to rate each sam-
ple on a scale of 0 — 100 based on how closely that sample fol-
lows the reference’s prosody: rhythm, emphasis, melody, and
loudness of speech. CC2 was on-par with CC1 for all speak-
ers (p-value > 0.05). We found that the average number of
mel-spectrogram frames a word spans over was approximately
equal to the fixed downsampling rate, 3, of CC1. Therefore,
we hypothesise that there was limited change in the amount
of fine-grained prosody information encoded by the word-level
prosody representations of CC2 and the fixed downsampling
rate prosody representations of CC1; thereby, resulting in at-par
systems. Additionally, we also saw that altering the durations to
match the target speaker’s duration distribution while retaining
the source’s rhythm did not lower the FPT quality.

3.3.2. FPT - Speaker Similarity

To evaluate target speaker similarity, we presented each listener
with 40 test cases: 10 from each of the 4 target speakers. Each
test case consisted of prosody transferred samples from CCl1
and CC2. It also had a reference sample picked randomly from
the target speaker’s test set to provide the target speaker iden-
tity to the listeners. They were asked to rate each sample on
how closely it resembled the voice identity of the reference
target speaker on a scale of 0 — 100. As shown in Fig[2d
CC2 relatively improves on CC1 by a statistically significant
33.15% (p-value < 10~*). It shows a minimum improvement
of 31.17% and a maximum improvement of 35.4% per speaker.
We hypothesise this is due to reduced speaker leakage owing
to CC2 learning prosody representations at the word-level. In
CCl1, they are learnt with a fixed downsampling rate, which
meant that some of the prosody representations partially cov-

ered some linguistic units, resulting in speaker leakage through
these representations. In CC2, unlike in CC1, we are certain
that the prosody representations capture the prosody of entire
words, thereby reducing speaker leakage. We know that speak-
ing rate influences speaker similarity and therefore conjecture
that altering the durations to match the target speaker’s duration
distribution while retaining the source speaker’s rhythm could
have resulted in increased speaker similarity.

3.3.3. TTS - Naturalness

To evaluate the performance of our model in TTS mode, we
conducted a 3-system MUSHRA consisting of audio samples
from CC2, single-speaker Kathaka models, and copy-synthesis.
We presented each listener with 100 audio samples picked uni-
formly at random from the test dataset of each of the 4 speakers.
We asked the listeners to rate each sample based on how natu-
ral it sounded, on a scale of 0 — 100. As shown in Fig[Za] on
average, CC2 statistically significantly reduces the gap between
Kathaka and copy-synthesis by 22.79% in terms of naturalness
(p-value < 10~3). It shows a minimum reduction of 19.3% and
a maximum reduction of 24.7% per speaker. We hypothesise
that training on a multi-speaker dataset at the word-level, helped
get denser and fine-grained, acoustic and duration prosody rep-
resentations. Kathaka learns representations at the sentence-
level and from a single speaker dataset, resulting in coarse-
grained and sparser representations. This could have also aided
the prosody prediction learn a better context-to-prosody map-
ping in CC2. We speculate that the duration model, which uses
predicted duration prosody representations to make the rhythm
of speech contextually appropriate, could have further aided in
improve CC2’s naturalness.

4. Conclusion

In this paper, we presented CopyCat2, and demonstrated 4 key
contributions. We showed that learning prosody representations
at the word-level helps improve target speaker similarity in FPT.
This was evaluated through a target speaker similarity evalua-
tion, in which CC2 showed a relative improvement of 33.15%
against a strong baseline. Through our experiments, we demon-
strated that prosody representations learnt for FPT can be used
for the downstream task of TTS with contextually appropriate
prosody. Using our novel methodology, we demonstrated how
we use a single model for both multi-speaker TTS and many-
to-many FPT. Finally, we showed that training on multi-speaker
data to learn word-level prosody representations and learning to
predict them using text, helps improve the naturalness of gen-
erated speech. CC2 reduced the gap in naturalness between a
strong baseline in TTS with contextually appropriate prosody
and copy-sythesised speech by 22.79%.
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