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Abstract—Voice conversion (VC) using deep learning tech-
nologies can now generate high quality one-to-many voices and
thus has been used in some practical application fields, such
as entertainment and healthcare. However, voice conversion
can pose potential social issues when manipulated voices are
employed for deceptive purposes. Moreover, it is a big challenge
to find who are real speakers from the converted voices as
the acoustic characteristics of source speakers are changed
greatly. In this paper we attempt to explore the feasibility of
identifying authentic speakers from converted voices. This study
is conducted with the assumption that certain information from
the source speakers persists, even when their voices undergo
conversion into different target voices. Therefore our experiments
are geared towards recognising the source speakers given the
converted voices, which are generated by using FragmentVC
on the randomly paired utterances from source and target
speakers. To improve the robustness against converted voices, our
recognition model is constructed by using hierarchical vector of
locally aggregated descriptors (VLAD) in deep neural networks.
The authentic speaker recognition system is mainly tested in two
aspects, including the impact of quality of converted voices and
the variations of VLAD. The dataset used in this work is VCTK
corpus, where source and target speakers are randomly paired.
The results obtained on the converted utterances show promising
performances in recognising authentic speakers from converted
voices.

Index Terms—Speaker recognition, deep learning, hierarchical
VLAD

I. INTRODUCTION

Speech synthesis is one of most attractive research topics
in speech processing. Belonging to this field, voice conversion
aims to transform one voice from a source speaker to the sound
like another person’s voice without changing the linguistic
content [1]. A typical voice conversion system is generally
input with utterance pairs from the source and target speakers.
The speech waveform from source speakers are converted into
a compact representation linking to the phonetic information,
while the acoustic features from target speakers’ voices are
extracted for mapping. The mapping or conversion function is
trained on these aligned mapping features. In the conversion
phase, after computing the mapping features from a new
source speaker utterance, the features are converted using the
trained conversion function. The speech features are computed
from the converted features which are then used to synthesize
the converted utterance waveform [2]-[4].

In the last ten years, the use of deep neural networks
has significantly boosted speech synthesis technologies and

enables voice conversion to be used in some fields, such as en-
tertainment industry [5]-[7] and healthcare [8], [9]. However,
using voice conversion can also cause some potential ethical
and social issues. For example, utilizing a converted voice
resembling that of a well-known actor or singer without proper
consent can result in legal complications. For healthcare,
confidential spoken information from patients also needs be
protected from being misused. Besides these, there also exist
potential risks that converted voices could be used for deceit,
which enables people to believe the fake information conveyed
by the converted voices that people could be familiar with. Due
to these reasons, concerns have been raised regarding privacy
and authentication. Therefore, preventing the incorrect use of
one’s voice with voice conversion technologies becomes more
and more important [10].

To tackle these potential issues, there have been some
studies in detecting synthesized voices in order to distinguish
real human voices from synthesized ones [11]-[13]. These
studies mainly rely on the use of deep neural networks to build
a binary classifier to identify whether input voices are true or
not. However, some recent studies show that using generative
adversarial networks (GANs) can mitigate the detection ability
[14], [15]. Unlike those previous work in detection, our
work aims to go deeper to find who is the authentic source
speaker given converted voices. Although there have been
some conversion algorithms, such as encoder-decoder models
[16] and GAN based models [17], [18], these methods still
can not completely eliminate speaker-dependent features.

In this work, we aim to construct a speaker recogniser
to identify authentic source speakers given converted voices,
transformed by using an encoder-decoder model. As afore-
mentioned, converted voices contain the information from
the source speaker, however their acoustic characteristics are
typically significantly compressed when transitioning from
waveforms to vectors. Moreover target speaker’s information is
dominant in the converted voices and interferes the search for
the information from source speaker. This poses a significant
challenge for authentic speaker recognition using converted
voices. Although some methods [19] for speaker recognition
have been developed, most of them were designed to handle
conventional voices, even when they are affected by noise.
To effectively learn source speaker’s features from converted
voices, a dictionary-based NetVlad embedded within a ResNet
trunk architecture is used in this work to process variable-
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Fig. 1: Architecture of authentic speaker recognition system, mainly including voice conversion and speaker recognition

length of transformed utterances by aggregating features across
time [20].

For the details of this work, they can be found in the next
sections. This paper is organised as follows: Section 2 presents
the theoretical framework of this paper by introducing voice
conversion and the construction of speaker recogniser; Section
3 depicts the data to be used, experimental setup, and the
metrics used for evaluation; Experimental results are analysed
in detail in Section 4, and finally conclusion is drawn and
future work is discussed in Section 5.

II. THEORETICAL FRAMEWORK

Our system consists of two parts, voice conversion (VC)
and authentic speaker recognition. Voice conversion aims to
convert the input utterances U, from source speakers S to the
utterances U,. having similar voice style to the given target
utterances U; from target speakers 7T's. Speaker recognition is
to identify the authentic source speaker S, from all possible
source speakers S. Figure 1 shows the architecture of the
system to be developed for authentic speaker recognition.

A. Voice Conversion

As aforementioned, the mechanism of voice conversion used
in this work is encoder-decoder model. Its encoder needs to
learn phonetic information from source speakers and extract
acoustic from target speaker. The decoder aims to combine
the extracted information using decoder before the information
goes to vocoder.

Wav2Vec 2.0 [21] is used to extract the features relevant to
linguistic information of Us. It consists of multiple convolu-
tional layers, takes as input source utterance Us, and outputs
speech representations 21, ..., zp over T time steps, followed
by a transformer g : Z — C used to map the information
of entire audio sequence to representation vectors ci, ..., Ccr
[21], [22]. To extract acoustic features of target utterances
and combine with the source information, a U-Net [23] like
structure is used. Extracting the acoustic information from
target utterances mainly relies on stacked 1D-convolutional
layers, whose output is sent to a decoder.

The aim of decoder is to reconstruct spectrogram-level
information by fusing the information from both source and
target speakers. It consists of extractors and smoothers. The
extractors are based on the latent phonetic structure of the
source speaker utterance, while the smoother considers the

high correlation among adjacent features in speech by us-
ing self-attention [24]. Finally, a WaveRNN-based speaker-
independent vocoder is used to convert the reconstructed log
mel-spectrograms to waveforms by speech synthesis. Its details
are outlined in [25].

B. Authentic Speaker Recognition using VLAD

The architecture of speaker recogniser consists of three
blocks: feature extraction, feature aggregation, and classifi-
cation. In general, the basic feature extraction is to convert
2D spectrogram into 1D bottleneck vector before it goes to
classifier. In this work, ResNet [26] is used as backbone
architecture.

Feature aggregation aims to map variable-length inputs to
a fixed-length template descriptors, which have larger similar-
ities of templates of the same subject than that of different
subjects [27]. In our work, Vector of Locally Aggregated De-
scriptors (VLAD) [28] is used to conduct feature aggregation.

VLAD originally was used for learning image feature de-
scriptor. It aims to group the local feature descriptors of all the
images into a couple of clusters, and computes the algebraic
sum of the residue vectors between each cluster centroid and
the descriptors of a specific image belonging to this cluster.
In this work, the input feature vector of VLAD are learned
from the network extracting audio spectrogram. For N D-
dimensional input feature z; and a chosen number of clusters
K, VLAD produces v according to the following equation:

N
vik =Y i(j) = ck(j) (1)
i=1

where z;(j) and ¢y respectively denote the jth component of
the input feature x considered and its corresponding cluster
cr. The vector v is subsequently performed L2 normalization
using v = v/||v]|2.

C. Hierarchical VLAD

In general a deeper architecture can benefit the refinement
of some important information to meet targets. However,
some subtle information relevant to target could be ignored
although residue structure is taken into account to reduce
the potential impact. Moreover VLAD works as a kind of
information quantization to some extends, the possibility of
losing useful information could be also increased. In the



[ Input spectrogram (257xTx1) J

_—
Conv2d, 7x7, 64
Max pool, 2x2, stride (2,2)

[conv, 1x1, 48]

Convolution Block

conv, 3x3, 48[x2
conv, 1x1, 96lJ¢

conv, 1x1, 96
[conv, 3x3, 96 l x3
conv, 1x1, 128

T 2
conv, 1x1, 128
conv, 3x3, 128[x3
conv, 1x1, 256
——e e e n conv, 1x1, 256
| [[c(mv 3x3, 256]

conv, 1X1, 256 conv, 1><1 512
conv, 3x3, 256

Sub-convolution

Block
conv, 1x1, 256
[wnv 3x3, zsel
conv, 1 x1, 512

conv, 1><1 256
[wnv 3x3, Z%Gl

conv, 1x1, 512

conv, 1x1, 512

I

I

I

I e S—
: Max pool, 3x1, stride (2,2)

1

1

1

1

1

[ Max pool, 3x1 J[

Max pao\ 3x1 J [
stride (2,2)

Max pool, 3x1 J
stride (2,2)
¥

stride (2,2)
¥

e e

i
1
1
1
::Convzd,7x1,51z : ( Convzd,jxl,slz ) ( Conde,:xl,SlZ ) ( Conde,le,SlZ )
o ) ( ) ( )
1
1

VLAD VLAD VLAD

!
[_l;ottleneck Vector (Denseﬁ
Classlfler
(a) (b)

VLAD

—

Bottleneck Vector (Dense)
L a

Fig. 2: Hierarchical VLAD for authentic speaker recognition:
(a) Architecture of thin ResNet34 followed by VLAD and
classifier; (b)proposed structure by linking the output of each
sub-convolution block in the last convolutional block with an
individual VLAD layer.

proposed architecture, multiple VLADs are used to connect
with different convolution layers instead of using only one
VLAD layer before information goes to classifier.

Figure 2(a) shows the architecture of a speaker recognition
baseline system, including encoder and classifier. The used
backbone of its encoder is RESNET34, containing multiple
convolution blocks. These convolution blocks consisting of
two or three sub-convolution blocks, each of them having
three 2D convolutional layers. A VLAD layer is inserted
behind Maxpooling layer followed by a fully connected (FC)
layer used to generate bottleneck vector. Figure 2(b) shows
the proposed hierarchical structure by expanding the last
convolution block in the baseline system. In the proposed
structure, the output of each sub-block will be connected to
a VLAD layer, and then goes to a shared FC layer. The use
of a shared FC layer aims to reduce computation cost and
improve the robustness of compact vector representation for
classification.

III. DATA

Voice conversion systems trained with parallel data are not
ideal in real world because parallel data including the same
contents from source and target speakers is hard to obtain. So
the VC used in our work uses only non-parallel voice data by
randomly selecting utterances from target speakers.

In this work, CSTR VCTK [29] was used to convert
voices from source speakers to target speakers. This CSTR
VCTK Corpus was originally aimed for speech synthesis using
average voice models trained on multiple speakers and speaker
adaptation technologies. This Corpus includes speech data
from 110 English speakers (two speakers, p280 and p315,
have issues with recording) with various accents. Each speaker

reads out about 400 sentences, which were selected from a
variety of resources, including newspaper, rainbow passage,
and elicitation paragraph. The rainbow passage and elicitation
paragraph are the same for all speakers. All speech data was
recorded using an identical recording setup and were converted
into 16 bits, downsampled to 48 kHz, and manually end-
pointed [29].

To conduct voice conversion, we need to pair source and
target utterances. In our experiments, 100 utterances were
randomly selected without repetition from each speaker and
are used as source utterances. Their corresponding target ut-
terances were also randomly selected from any other speakers,
excluding the original speakers. So there are 10800 (100x 108)
converted utterances in total.

IV. EXPERIMENTAL SETUP

In this paper, our experiments consists of two parts, voice
conversion and authentic speaker recognition. Voice conver-
sion aims to generate target voices, which will be used to
identify the authentic speakers by speaker recognition.

Voice conversion is conducted by using FragmentVC [24].
It can implement any-to-any voice conversion by learning
the latent phonetic structure of the utterance from the source
speaker by using Wav2Vec [21] and extracting the spectral
features (log mel-spectrograms) of the utterances from the
target speakers. By aligning the hidden structures of the two
different feature spaces with a two-stage training process,
FragmentVC is able to extract fine-grained voice fragments
from the target speaker utterance(s) and fuse them into the
desired utterance, all based on the attention mechanism of
Transformer as verified with analysis on attention maps, and is
accomplished end-to-end [24]. Although this voice conversion
system is trained with reconstruction loss only without any
disentanglement considerations between content and speaker
information. Moreover, this conversion system does not re-
quire parallel data, which is like some real deceitful scenarios
when using voice conversion.

To extract the phonetic features of source speaker’s voices,
a pretrained model was used in Wav2Vec 2.0 to extract 768-
dimensional speech representations, without finetuning model
weights. The 768-dimensional features are then converted to
512-dimension by two linear layers with ReLU activation, to
be used as the input to the decoder.

For authentic speaker recognition, the converted utterances
were split into two parts, 9000 utterances for training and
the rest 1800 utterances for testing. Recognition accuracy was
used as an evaluation metric in this work. To conduct speaker
recognition, a 2.5-second segment was randomly extracted
from each converted utterance. Spectrograms are generated by
using a 512 point FFT on short fragments obtained by using a
25ms sliding window with a 10ms hop size. The spectrogram
is normalised by subtracting the mean and dividing by the
standard deviation. Although the use of a dynamic learning
rate in [20] showed better performances, this case was not
found in our experiments. So Adam optimiser with a fixed
learning rate of 0.0001 was used in this work.
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V. RESULT AND ANALYSIS

Our experiments start with measuring the similarity between
the converted voice and source speaker’s voice. A marking
criterion, Mean Opinion Score (MOS) [30], was designed. It
includes 5 marks, ranging from 1 to 5. 1 indicates absolutely
different and 5 means absolutely same. Some examiners lis-
tened to an authentic utterance from the source speaker and a
converted utterance, and then gave a mark from 1 to 5 to show
how confident they thought the two utterances were from the
same speaker.

TABLE I: Subjective evaluation of similarity between source
and converted utterances

#target utterances MOS
1 1.3940.18
2 1.334+0.15
3 1.30+£0.16

Table I shows MOS obtained by averaging the marks
from 10 examiners across 30 randomly selected converted
utterances. It is clear that the voices from source speakers and
the converted voices are quite different. In this table, MOS
was also compared when the voices were converted when
using different number of target utterances. However, there
are only slight differences among these MOS under the three
conditions. These results indicate identifying authentic source
speaker is very difficult by using a subjective evaluation.

Although quality evaluation is not presented in this paper
due to space limitation, an example is shown in Fig 3. It
showcases the spectrograms of source utterance and converted
utterance. Some similar phonetic information can be found in
the two examples, however the quality of converted utterance
is relatively poor compared to the source utterance. This is
because only three target utterances were used for acoustic
extraction

Table II shows comparisons of recognition accuracy ob-
tained on the test data by using hierarchical VLAD and three
baseline methods:

Baselinel: uses the architecture of Fig 2(a), but replaces
the VLAD layer with a Flatten layer

TABLE II: Comparison of recognition performances obtained
by using HVLAD and baseline methods

#target Model | Accuracy on test (%)
Baselinel 13.50 4+ 0.28
Baseline2 14.16 £+ 0.27
Baseline3 14.50 &+ 0.25
HVLAD 15.38 + 0.25

Baseline2: uses the architecture of Fig 2(a) only

Baseline3: uses the architecture of Fig 2(a), but replaces
the last block with Fig 2(b) where the VLAD layer
is replaced by a Flatten layer

HVLAD: uses the architecture of Fig 2(a), but replaces
the last block with Fig 2(b) only

The results obtained on the test data show that Baselinel
yields the worst recognition accuracy. Although the use of
Baseline2 outperforms Baselinel due to the use of VLAD,
its architecture lacks the ability to collect target-relevant in-
formation from previous layers and sub-blocks. So Baseline3
shows slight better performance than Baseline2 since the
hierarchical structure probably helps learn useful information.
After combining the two factors, VLAD and hierarchical
structure, HVLAD does best than the three baseline methods.
In these experiments, VLAD in Baseline2 and HVLAD has
64 clusters. The converted voices were generated by using
one target utterance.

Unlike conventional speaker recognition where the acoustic
characteristics of speakers to be identified are generally dom-
inant even if they are corrupted by noise, authentic speaker
recognition focuses on subtle information of source speakers
from converted voices. This requires the used neural network is
sensitive to learn subtle features relevant to source speakers.
The use of VLAD can mitigate possible interferences from
target speakers, and the hierarchical structure can retrieve
subtle information from different layers. It is probably the
reason why HVLAD can work better than others.
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Fig. 4: Authentic speaker recognition accuracy when varying
the number of VLAD clusters.

To further explore the effectiveness of HVLAD, different
number of VLAD clusters are set for evaluation. Fig. 4



showcases the recognition accuracy on the test data when
the number of cluster is set to 32, 64, and 128, respectively.
When the number of cluster is 32, recognition performance
is instability. When the number of cluster is increased to 64,
the recognition accuracy can reach 16%. However increasing
the number of Vlad cluster to 128 does not further improve
recognition accuracy, although the performance is more stable
than previous two.
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Fig. 5: Authentic speaker recognition accuracy when using
different number of target utterances

To evaluate how the number of target utterances impacts
recognition accuracy, further experiments were conducted. Fig
5 shows the accuracies obtained when the number of target
utterances is 1, 2, and 3, respectively. In this experiment, the
number of Vlad cluster was set to 64. The curves shown
in this figure undergo smoothing done by averaging the
accuracy values of five neighbouring data points. Although
some differences can be found among the three curves, they
are not significant. This could be related to three reasons.
The first reason is the number of target utterances used for
voice conversion is small. The acoustic features extracted from
target speakers might be insufficient to generate voices similar
to target speakers. The second reason could be related to
the case that source utterance and target utterances are not
in parallel, which might have impact on the quality of the
converted voices. The third reason could be relevant to the
existence of acoustic features from source speakers. Although
the quality of the converted utterances is relatively poor and
the similarity between the converted utterance and the source
utterance is low, the acoustic characteristics of source speaker
might not be completely eliminated even the number of target
utterance is increased from 1 to 3.

Table III shows top-1 and top-5 authentic speaker recog-
nition accuracy. The upper table discusses the impact of the
number of target utterances on accuracy. The increase of target
utterances to three does not show significant reduction in
accuracy, while more authentic speakers can be found from
five top-ranked candidates. The lower table compares top-
1 and top-5 identification performances when changing the
number of VLAD clusters. It is clear that the number of Vlad

TABLE III: Top-1 and Top-5 authentic speaker recognition
accuracy

Impact of number of target utts on accuracy (%)
(#Vlad cluster = 64)

1 target utt 2 target utts 3 target utts
Top-1 15.38+0.25 15.00£0.31 14.53+0.37
Top-5 20.67+0.21 20.50=£0.23 20.02+0.25

Impact of number of Vlad clusters on accuracy (%)
(#target utt = 1)
32 clusters 64 clusters
1452 £ 033 1538 £ 0.25
19.22 + 0.38  20.67 £+ 0.21

128 clusters
14.97 £0.29
20.0540.23

Top-1
Top-5

clusters has an impact on the accuracy especially when using
32 Vlad clusters in the recogniser. Moreover, the number of
identified authentic speakers within top-5 candidates is also
less than the other two cases configured with 64 and 128
clusters, respectively. As the number of phoneme is about 50,
the optimal number of VLAD clusters might be somewhat
relevant to it.

VI. CONCLUSION AND FUTURE WORK

In this work, we explored the feasibility to recognise authen-
tic source speakers from converted voices and constructed a
novel recogniser by combining a hierarchical structure with
VLAD. The initial experiments show that the use of this
proposed model can yield better performances than three
baseline methods using only VLAD or the hierarchical struc-
ture. Additional experiments were conducted to evaluate the
impacts caused by the number of VLAD clusters and the
number of target utterances were conducted. The obtained
results show that the optimal number of clusters might be
relevant to the number of phonemes. The increase of target
utterances could improve the quality of converted voices,
however it will probably lead to further challenges in authentic
speaker recognition.

Our future work will consider using some advanced deep
learning technologies, such as attention mechanism and the
methods used in speech separation, to learn robust audio fea-
tures. In addition, we will consider to construct a benchmark
dataset to support the relevant research in this field.
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