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Abstract
Zero-shot multi-speaker Text-to-Speech (TTS) generates tar-
get speaker voices given an input text and the corresponding
speaker embedding. In this work, we investigate the effective-
ness of the TTS reconstruction objective to improve represen-
tation learning for speaker verification. We jointly trained end-
to-end Tacotron 2 TTS and speaker embedding networks in a
self-supervised fashion. We hypothesize that the embeddings
will contain minimal phonetic information since the TTS de-
coder will obtain that information from the textual input. TTS
reconstruction can also be combined with speaker classification
to enhance these embeddings further. Once trained, the speaker
encoder computes representations for the speaker verification
task, while the rest of the TTS blocks are discarded. We in-
vestigated training TTS from either manual or ASR-generated
transcripts. The latter allows us to train embeddings on datasets
without manual transcripts. We compared ASR transcripts and
Kaldi phone alignments as TTS inputs, showing that the lat-
ter performed better due to their finer resolution. Unsupervised
TTS embeddings improved EER by 2.06% absolute with regard
to i-vectors for the LibriTTS dataset. TTS with speaker classifi-
cation loss improved EER by 0.28% and 2.88% absolutely from
a model using only speaker classification loss in LibriTTS and
Voxceleb1 respectively.

1. Introduction
Neural Text-to-Speech (TTS) [1] is gaining great attention due
to its simpler system pipeline and improved performance com-
pared to a more conventional statistical TTS system [2]. Several
neural TTS models include speech encoder modules that aim
to extract latent representation to control desired characteristics
such as speaker voice, accent, speaking style, or noise to the
synthesized speech [3–7], in addition to a text encoder.

Among those models, Multi-speaker Text-To-Speech
(M-TTS) model can synthesize speech imitating the voices of
multiple speakers. A key component in M-TTS systems is the
speaker encoder that extracts a speaker embedding from one or
several utterances of the speaker of interests. This embedding is
used to customize the TTS output and generate new utterances
from the target speaker. The speaker encoder can be jointly
trained with the rest modules of the M-TTS. The speaker en-
coder can also be trained ahead and used to produce embed-
dings to train M-TTS on a multi-speaker dataset [5]. While
most of the previous papers focused on improving TTS as their
final goal, this work’s core focus is analyzing the utility of the
speaker encoder for Speaker Verification (SV) tasks.

There are three main reasons we expect the TTS to help
learn a better speaker embedding. Firstly, by leveraging the
encoded latent representation from the reference speech, TTS
controls several aspects of the synthesized speech, such as a
speaker’s voice, speaking style/prosody, and noise. Thus, train-

ing an M-TTS that naturally synthesizes desired speech of mul-
tiple voices, implies that the speaker encoder extracts a ro-
bust speaker embedding, sufficient to discriminate between the
voices of different speakers. Building controllable robust TTS
systems has been the aim of several past works, as in [8–10]. In
our paper, we focus on improving the speaker encoder module.
To that end, we use a system proposed previously in [5], with
a major difference – the speaker encoder is trained jointly with
the rest of TTS modules [3].

Secondly, it has been previously observed that speaker
recognition systems suffer from imbalanced or incomplete cov-
erage of the phonetic variability in the speaker embedding
space, especially in short utterances [11]. However, we expect
that the speaker encoder in M-TTS can amend this problem. We
hypothesize that the speaker encoder learns a speaker represen-
tation robust to the phonetic variability, given that the phonetic
information is mainly encoded by the text encoder.

Finally, M-TTS training does not explicitly require speaker
labels but only the paired speech and transcript data. Also, if
we even do not have transcripts, a well pre-trained Automatic
Speech Recognizer (ASR) can generate pseudo labels for the
speech-only data. Thus, it enables unsupervised learning of a
speaker embedding similarly as i-vector, the state-of-the-art un-
supervised method for learning a speaker embedding [12]. Note
that this setup is similar to recent activities in self-supervised
speaker embeddings [13], unsupervised/self-supervised speech
processing including ASR/TTS joint modeling [14, 15], voice
conversion [16, 17], and zero speech challenge (TTS without
T) [18]. However, again, the main difference between them and
our work is that the primary focus in this paper is to investigate
the effectiveness of the learned speaker embedding for the SV
task in this unsupervised setup.

In our experiments, we first compared different types of in-
put texts in TTS training, including a human transcript, an ASR-
generated transcript, and phone alignment. We found that re-
placing the human transcript with ASR-generated outputs does
not degrade the speaker encoder training in TTS. Also, using
the phone alignment input works better than using the ASR
transcript in training the TTS for the speaker encoder. We com-
pared the proposed method with other state-of-the-art methods
and found that it consistently outperforms them in most exper-
imental setups, both in supervised and unsupervised settings.
We conclude that learning the speaker embedding with the TTS
criterion indeed helps with the SV task.

2. Learning Speaker Embedding with
Text-to-Speech

The main goal of this paper is to investigate whether an M-TTS
model can help the speaker encoder to learn better embeddings
for the SV task. To that end, we first trained an M-TTS based on
the Tacotron 2 [1] architectural design. The original Tacotron 2
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is composed of a text encoder, a decoder, and a vocoder. A text
encoder Enctxt(·) encodes a J-length text input sequence W =
{wi ∈ V|i = 1, ..., J} with a vocabulary V into a sequence of
D-dimensional hidden vectors H = {hi ∈ RD|i = 1, ..., J}
as follows:

H = Enctxt(W ). (1)

Then, the decoder Dec(·) predicts a T -length sequence of target
acoustic features O = {ot ∈ RDa |t = 1, ..., T} with Da-
dimensional features, e.g., Mel-filter-banks, based on a context
vector generated by an attention mechanism over hidden vectors
H as follows.

ot = Dec(ot−1,H) (2)

The prediction happens in an auto-regressive fashion, i.e., the
prediction of ot is performed with the previous acoustic feature
ot−1 as a condition. The condition ot−1 would be a ground
truth defined as o∗

t−1 during training (so called teacher-forcing)
or a predicted one during inference.

To enable this model to generate voices of multiple speak-
ers, a speaker encoder Encspk(·) is added to encode a De-
dimensional global speaker embedding vector e ∈ RDe as fol-
lows:

e = Encspk(O). (3)

The speaker embedding vector e is concatenated to every en-
coded text vector H over the sequence [5]. That is, the multi-
speaker decoder function is extended from Eq. (2) as follows:

ot = Decmlt(ot−1,Cat(H, e)), (4)

where Cat(·) is a concatenation function between H and e. We
exclude the explanation of the vocoder, which is usually trained
separately to generate a waveform from the Mel-spectrogram.
While in [5], they use a pretrained speaker encoder, we propose
to jointly train the speaker encoder Encspk(·) in Eq. (3) with the
rest of the TTS blocks. Thus, the TTS reconstruction loss Ltts

is defined as follows:

Ltts =
∑
t

∣∣∣o∗
t −Decmlt(o∗

t−1,Cat(H,Encspk(O∗))
∣∣∣
p
, (5)

where | · |p denotes an Lp-norm. The actual TTS loss function
is a combination of the L1 and L2 losses. M-TTS training does
not require speaker labels to learn a embedding extractor, which
can be used to reconstruct the speech from different speakers.

If there is an available speaker ID label l∗s for a speaker s, an
additional projection layer Proj(·) can be added to the speaker
encoder to calculate the speaker classification loss.

Lspk = AngSoftMax(l∗s ,Proj(es)), (6)

where AngSoftMax(·) denotes an angular softmax loss used
for speaker classification [19]. es is an embedding vector ob-
tained by Eq. (3) with the acoustic features of the speaker s.
This can be considered as multi-task learning for both TTS and
speaker classification. The diagram for the aforementioned de-
scription is in Figure 1. In the figure, the TTS loss Ltts is a sum
of L1, L2 reconstruction losses for filter bank prediction, as in-
troduced in Eq. (5) and the additional binary cross entropy loss
for the stop token prediction. Optionally, we can also include
the speaker classification loss Lspk, as introduced in Eq. (6).
Once the M-TTS training finishes either with or without speaker
classification loss, only the speaker encoder is used to extract
embeddings for SV.

Notably, most of the speech recordings do not include hu-
man transcripts W used in Eq. (1), except for ASR-oriented
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Figure 1: Multi-speaker TTS module used to learn speaker em-
bedding. The outer most black box represents the TTS module
while the grey box inside represents the speaker-related mod-
ule. Square boxes are modules of the system, and rounds are
losses. Dotted parts are added when a speaker classification
loss (angle softmax loss here) is added.

corpora, since obtaining human transcripts is a lengthy and ex-
pensive process. Therefore, it is important to check whether
automatically generated text inputs from ASRs are suitable for
training M-TTS for the speaker encoder. For that purpose, we
explored using transcripts generated from ASR systems, that
is Ŵ = ASR(O) instead of W as an input of Eq. (1). We
can have different ASR systems with different Word-Error-Rate
(WER)s, as well as using a phone alignment from a hybrid ASR
system.

3. Experimental Setup
3.1. Datasets

We use two datasets in our experiments. The first dataset
was the train-clean-100 and train-clean-360 subsets of the Lib-
riTTS [20], which is read speech corpus designed for TTS re-
search. These subsets are composed of speech considered clean
in terms of signal-to-noise ratio (SNR) since their SNRs are
higher than 20dB. The subsets were divided into dev and test,
having 1000 and 150 speakers respectively, without speaker
overlap. The dev was used for training M-TTS and SV back-
end; the test was used for the SV evaluation using the extracted
embeddings. We created SV trials from the test set, where
each trial is a pair of enrollment and test utterances. We made
all possible utterance pair combinations removing cross-gender
pairs. For each trial, the system determines whether both ut-
terances in the trial belong to the same speaker or not. This
dataset has both human transcript and speaker ID labels. With
this dataset, we would like to see how appropriately the M-TTS
system works depending on the level of supervision, i.e., the
amount of the labels used in training, by comparing the sys-
tems to an i-vector [12] unsupervised system and a Residual
Network (ResNet)-based supervised system [21].

To test the proposed systems on a more challenging and
closer to the real-world scenario, we also used Voxceleb1
dataset [22]. This corpus is composed of conversational speech
utterances with moderate noise, which are processed from in-
terview videos of 1,251 celebrities uploaded on Youtube. The
corpus does not have human transcripts but has speaker labels.
The Voxceleb1 dev and test subsets were used for training and
evaluating the model, respectively. No data augmentation was
done in training.

3.2. M-TTS system configuration

We used ESPnet-TTS [23] as our M-TTS system. We are plan-
ning to make this proposed SV system publically available as
an open-source1.

1https://github.com/JaejinCho/espnet spkidtts.git
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Table 1: EER(%) in SV according to the change of speaker clas-
sification loss weight

Spkloss W 0 0.001 0.01 0.03 0.3 3
EER
(%)

LibriTTS
Voxceleb1

1.36
12.62

1.31
11.68

1.16
6.10

1.08
6.03

1.13
6.82

1.20
7.19

For the speaker encoder within the M-TTS system, we used
the same network design, ResNet-LDE, as in [21]. The ResNet-
LDE network is different from the original x-vector [24] system
in that it replaces Time Delay Neural Network (TDNN) layers
with a residual network with 2D convolution layers and replaces
the pooling layer with a Learnable Dictionary Encoding (LDE)
layer [25].

When an additional speaker classification (angular soft-
max) loss (dotted parts in Figure 1) was added to the M-TTS
loss, the speaker loss was weighted before added. Table 1 shows
how the weight value affects performance. Note that regardless
of the dataset, the weight value 0.03 showed the lowest Equal-
Error-Rate (EER). Thus, results for the M-TTS plus speaker
classification loss systems are reported using this value through-
out the paper.

For the SV back-end system training, the LDA dimension
reduction to 150, followed by PLDA [26], was used throughout
all the experiments.

3.3. ASR systems description

To examine how ASR-generated text inputs compared to the hu-
man transcript affect the TTS training for speaker embeddings,
three ASR models were used. The first ASR model was a joint
CTC-attention based end-to-end model [27] with convolution
and Long Short-Term Memory (LSTM) layers. The training
corpus was the Wall Street Journal (WSJ) corpus [28]. The sec-
ond one was also the same end-to-end model but with trans-
former architecture [29] and trained on the LibriSpeech cor-
pus [30]. The third model was a hybrid ASR [31] model us-
ing factorized TDNN [32] trained with Lattice-Free Maximum-
Mutual-Information (LF-MMI) criterion [33], also using Lib-
rispeech. With this model, we generated both the transcripts
and the phonetic alignments.

The WERs calculated on the train-clean-100 and train-
clean-360 subsets of the LibriTTS were 44.0, 2.7, and 5.15(%)
for the first, second, and third ASR models respectively. The
WERs could not be calculated on the Voxceleb1 corpus since
there was no human transcript available. However, we expected
them to be worse compared to the WERs on the LibriTTS sub-
sets, considering the Voxceleb1 corpus is more challenging due
to mismatched acoustic conditions and spontaneous speaking
style. Pre-trained models available online were used for the sec-
ond end-to-end model and the hybrid model.

4. Results and Analysis
4.1. LibriTTS results

4.1.1. Transcript source analysis

First, different TTS systems, either with or without a speaker
classification loss, were trained using different text inputs, ei-
ther transcribed by human annotators or generated from ASR
systems. Once the TTS systems had been trained, speaker en-
coders were used to extract speaker embeddings to evaluate an
SV task. Table 2 shows the comparative results with EER and
MinDCF at p=0.01. Comparing from the first to fourth rows in

Table 2: Comparison between different text inputs for M-TTS
training: SV evaluation results on LibriTTS with EER(%) and
MinDCF with p=0.01. Human Trans. means human transcript.

TTS text input
(ASR training) WER(%) M-TTS M-TTS + SpkID loss

EER(%) MinDCF EER(%) MinDCF
Manual Trans. N/A 1.34 0.510 1.13 0.502

E2E ASR Trans.
(WSJ) 44.00 1.36 0.510 1.08 0.497

E2E ASR Trans.
(LibriSpeech) 2.70 1.32 0.511 1.06 0.496

Hybrid ASR Trans.
(LibriSpeech) 5.15 1.49 0.516 1.06 0.493

Hybrid Phn. Align.
SR1 (LibriSpeech) N/A 1.12 0.501 1.04 0.502

Hybrid Phn. Align.
SR3 (LibriSpeech) N/A 1.31 0.524 1.11 0.509

Table 2, we observe that regardless of using a manual or ASR
transcript, the SV performance was not affected.

In the table, the M-TTS systems trained with phone align-
ment inputs with the frame Sub-sampling Rate (SR) 1 per-
formed the best. Here, frame SR means how many acous-
tic frames were used to predict one phone label. For exam-
ple, the hybrid ASR we used generated one phone label every
three acoustic frames, i.e., frame SR is 3. Thus, to make SR
1, we up-sampled each predicted phone label by 3. One possi-
ble reason for the best systems could be the aligned phoneme
inputs to TTS reduce the burden for the speaker encoder to in-
clude phoneme or pronunciation information since that infor-
mation can be more easily learned by the text encoder module.
This might also happen with the transcript inputs, but the de-
gree might be less. Another possible reason is that the silence
and short pause duration information obtained by the aligned
phoneme input could make TTS training more stable.

Note that there was no significant difference in SV per-
formance between using an ASR with high WER or one with
low WER, as it is shown between E2E ASR Transcript (WSJ)
and E2E ASR Transcript (LibriSpeech) in Table 2. Considering
that the difference in the WERs is quite large, this is an inter-
esting observation. For the 44.0% WER ASR-generated tran-
script, we investigated the quality of the trained TTS outputs,
and most of them were nonsensical sounds due to the atten-
tion not trained well. Nevertheless, it did not seem to affect the
quality of speaker representations negatively. One explanation
for this result could be that although the TTS failed to learn the
attention, it still tries to include in the synthesized speech other
speech characteristics such as a speaker’s voice to reduce the
loss. The attention problem was solved with transcripts from
ASRs having lower WERs, synthesizing reasonable speech.

4.1.2. Model comparison by level of supervision

Table 3 compares several models with different levels of super-
vision. We have i-vector and ResNet-LDE as previously pro-
posed models. As unsupervised learning for speaker embed-
ding, i-vector and M-TTS without speaker ID loss trained with
the ASR phone alignment (M-TTS w/ ASR Phn. Ali. SR1, the
fifth row in Table 3) were compared, showing the latter system
outperformed i-vector largely in both EER and MinDCF.

Next, as a supervised training setup with either a human
transcript or speaker ID labels, two M-TTS systems (the 3rd
and the last rows in Table 3) were compared to ResNet-LDE.
Here, ResNet-LDE showed a similar result to the M-TTS sys-
tem trained with only the human transcript (M-TTS), which
suggests that a speaker embedding can be learned implicitly by
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Table 3: Comparison between proposed M-TTS models to exist-
ing models: SV results on LibriTTS with EER(%) and MinDCF
with p=0.01. Human Trans. means human transcript.

System Metrics Label usage
EER(%) MinDCF Human Trans. SpkID

i-vector 3.18 0.639
ResNet-LDE 1.32 0.500 ©
M-TTS 1.34 0.510 ©
M-TTS + SpkID loss 1.13 0.502 © ©
M-TTS
w/ ASR Phn. Ali. SR1 1.12 0.501

M-TTS + SpkID loss
w/ ASR Phn. Ali. SR1 1.04 0.502 ©

training an M-TTS with a transcript. Meanwhile, an M-TTS
trained on ASR phone alignments with only speaker ID labels
(M-TTS + SpkID loss w/ ASR Phn. Align. SR1) outperformed
both ResNet-LDE and M-TTS.

Adding speaker classification loss to M-TTS in training
(4nd row in Table 3) outperformed the pure discriminative sys-
tem (ResNet-LDE). This implies that multi-task learning for
both TTS and the speaker classification enables better speaker
embedding learning for the SV task.

To sum up, the unsupervised training setup, M-TTS w/ ASR
Phn. Ali. SR1, outperformed the i-vector and the state-of-the-
art ResNet-LDE that learns speaker embedding in a supervised
way. Then, adding a speaker ID loss to the M-TTS w/ ASR Phn.
Ali. SR1 outperformed the ResNet-LDE system further.

4.2. Voxceleb1 results

4.2.1. ASR transcript analysis

All the ASRs used on this dataset were the same as used in
LibriTTS. Although the performances of ASRs cannot be cal-
culated due to unavailable human transcripts, it is expected that
the WERs are worse compared to ones calculated on LibriTTS
due to domain mismatch between the ASR training data (read
and clean speech) and Voxceleb1 (conversational and moder-
ately noisy speech).

The results are shown in Table 4. TTS training with Hybrid
ASR Transcript (LibriSpeech) was skipped here since it did not
improve with regard to E2E in the LibriTTS experiments. The
performance gaps between using transcripts and phone align-
ments became larger on Voxceleb1, compared to LibriTTS. Dif-
ferent from what is observed on LibriTTS, Hybrid ASR Phn.
Align. SR3 (LibriSpeech) worked better than Hybrid ASR Phn.
Align. SR1 (LibriSpeech). This inconsistent result is possibly
due to less accurate phone alignment prediction on Voxceleb1.

4.2.2. Model comparison by level of supervision

The systems in the Hybrid ASR Phn. Align. SR3 (LibriSpeech)
row in Table 4 were compared to previously published systems.
The results are shown in Table 5. In an unsupervised scenario of
learning speaker embedding, two i-vector systems and M-TTS
w/ ASR Phn. Align. SR3. were compared. Although the 2048-
GMM i-vector system outperformed the proposed system, the
comparison result could be different with more data since the
Neural Network (NN) based systems are known to require more
data in training to perform better than classical methods, e.g.
i-vector. Compared to ResNet-LDE, the proposed M-TTS w/
ASR Phn. Align. SR3. works better even though the proposed
system did not use any speaker labels in training.

As supervised ways of learning speaker embedding, we

Table 4: Comparison between different text inputs for M-TTS
training on Voxceleb1: SV evaluation results on Voxceleb1 with
EER(%) and MinDCF with p=0.01.

TTS text input
(ASR training corpus)

M-TTS M-TTS + SpkID loss
EER(%) MinDCF EER(%) MinDCF

E2E ASR Transcript
(WSJ) 12.62 0.792 6.03 0.478

E2E ASR Transcript
(LibriSpeech) 13.49 0.797 6.50 0.554

Hybrid ASR Phn. Align.
SR1 (LibriSpeech) 7.21 0.617 4.53 0.443

Hybrid ASR Phn. Align.
SR3 (LibriSpeech) 6.37 0.556 4.11 0.416

Table 5: Comparison of models by supervision level on Vox-
celeb1: SV results on Voxceleb1 with EER(%) and MinDCF
with p=0.01.

System EER(%) MinDCF SpkID usage

1024-GMM i-vector [22] 8.8 n/a
2048-GMM i-vector [35] 5.51 0.462
ResNet-LDE 6.99 0.563 ©
SincNet+LIM [34] 5.80 n/a ©
M-TTS
w/ ASR Phn. Align. SR3 6.37 0.556

M-TTS + SpkID loss
w/ ASR Phn. Align. SR3 4.11 0.416 ©

compared ResNet-LDE and M-TTS + SpkID loss w/ ASR Phn.
Align. SR3. The proposed model outperformed ResNet-LDE
significantly. It also outperformed SincNet+LIM [34], which
learns semi-supervised embedding using mutual information.

5. Conclusion
In this work, M-TTS systems including a speaker encoder were
used to learn speaker embeddings for the SV task. To train
speaker embeddings with this method on a dataset without tran-
scripts, we compared using manual transcripts, ASR transcripts
from E2E and hybrid systems, and phone alignments predicted
from the hybrid ASR, as TTS text inputs. We observed that
phone alignments performed better than ASR transcripts. Com-
pared to generative i-vectors and discriminative ResNet-LDE,
the proposed supervised TTS model using only speaker labels
achieved better performance. Regarding unsupervised systems,
our unsupervised TTS outperformed the i-vector model with
1024 Gaussians but not with regard to the larger version with
2048 Gaussians. How to improve the unsupervised version is
the object of further investigation.

A handicap of the proposed model is the high computing
cost of training TTS models, roughly 10× higher than a pure
discriminative model. One way to accelerate computation is to
increase the reduction factor in TTS training. Another possible
future direction is to study an in-depth relationship between the
quality of the synthesized speech generated from M-TTS and
the SV performance using the speaker encoder of the M-TTS.
Finally, using one part of an utterance to extract the speaker em-
bedding while using another part for reconstruction in M-TTS
training can further improve the embedding by disentangling
speaker and phone information [13]. We intend to explore these
directions in future work.
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