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Abstract

The work presented in this article falls within text-dependent
speaker recognition. In our framework, each speaker owns and
pronounces a secret phrase. It corresponds to two tasks: veri-
fication of the spoken text (Text Validation) and verification of
the speaker’s identity (SV). These tasks are usually carried-out
in tandem by two different systems. Maintaining two systems
involves a certain amount of complexity and may present short-
comings in terms of reliability. In this paper, we propose to use
a Self-Supervised Learning Model (SSL) to develop a unified
system capable of performing both tasks simultaneously. The
proposed approach combines two models on a common SSL
and takes advantage of a teacher-student paradigm to integrate
textual constraints into the SV part, without requiring lexical la-
bels during its learning phase. Evaluation on different datasets
demonstrates the effectiveness of the approach.

Index Terms: Speaker verification, Spoken text validation, SSL
model, Text-Dependent Speaker Verification

1. Introduction

Speaker Verification can be can be divided into two categories:
Text-Independent Speaker Verification (TI-SV) and Text-
Dependent Speaker Verification (TD-SV). Both approaches
aim to verify whether the two given audio recordings are
produced by the same speaker. However, TI-SV focuses solely
on speaker verification, while TD-SV extends this by verifying
the lexical content. Lexical verification offers an advantage in
security systems as it can be used for two-step authentication.
TD-SV task itself can be further subdivided into three distinct
approaches. It can be tailored to a specific lexical context
using a singular keyword with wake-up word detection such as
”Okay xxx” [1], it can also be tailored to a limited number of
words or pass-phrases such as voice commands “turn on the
lights”, and finally, it can handle any lexical content.

Several approaches have been used for the TD-SV task.
One of the first solutions is to integrate phonetic information
by using phoneme classification as an auxiliary task to preserve
lexical information [2]. The phone classification auxiliary task
is done at the frame level while the speaker is done on at the
segment level. This approach performs well on a known set of
pass-phrases such as voice commands but it is limited by the
ability of a simple phone recognition tool to model the complex
effects of coarticulation. To overcome this limitation, a poten-
tially costly adaptation of the auxiliary phone classifier may be
necessary when new commands are introduced. Another ap-
proach is to introduce the text constraints in the SV system by
using speaker + lexical classes. Therefore a speaker can have
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multiple classes depending on the lexical content pronounced
[3, 4, 5]. This can be achieved directly during the training phase
(or using a fine-tuning) of the system by changing the classifi-
cation head or introducing a PLDA backend. This approach
requires the use of substantial databases, labeled in lexical con-
tent and speaker, with strong constraints, such as the fact that
each sentence must be pronounced several times by the same
speaker and by other speakers. Finally, Text validation system
can be used as a lexical content filtering approach. They are
used to filter non-matching lexical content. Recently an ASR
filtering approach has been proposed using a Fast Conformer-
based Automatic Speech Recognition (ASR) model [6].

This work focuses on TD-SV where the system can han-
dle any passphrase. In recent deep-learning SV approaches de-
rived from xVectors [7, 8], handling the lexical content requires
a large training dataset with data labeled at speaker and lexical
content level. In addition, a lexical content must be pronounced
several times by the same speaker, but also by a sufficient num-
ber of other speakers. To the best of our knowledge, no such
data sets exist, at least on a sufficiently large scale.

To address this issue we introduce a novel approach by
leveraging knowledge distillation through teacher-student ap-
proach [9]. The proposed teacher-student approach is a two-
step learning process. First, the teacher model is trained for a
text validation task using a large-scale dataset with lexical labels
and no speaker labels. Then, this lexical knowledge is trans-
ferred to the student model. The student model is trained for
a speaker recognition task using a dedicated dataset with only
speaker labels. It learns the lexical knowledge directly from
the teacher by using the MSE loss, comparing the teacher and
student embeddings. Once the student has been trained, it can
be used for both tasks, text validation and speaker recognition.
This unification reduces computation costs and can improve the
management and reliability for commercial applications. It can
also improve performance as multitasking is known for its po-
tential to enhance a specific task in speech processing [10].

In this work, we propose to exploit the SSL models for the
teacher and the student model. SSL models have been widely
used due to their training methodology, SSL models are trained
on a diverse and substantial amount of data, eliminating the
need for hard labels. This allows the models to adapt to a wide
range of tasks. SSL models have demonstrated their versatility
in various applications including natural language processing,
image recognition, object classification, and more [11, 12]. Re-
cent works have shown that such models can solve many speech
processing tasks [13, 14, 15]. Particularly, it is suggested to use
lower layers for speaker recognition and upper layers for lexical
information [16].

This paper is organized as follows. Section 2 presents
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the experimental setup, including the datasets used for training
and evaluation. Next, Section 3, describes the baseline system
(text validation and speaker recognition) along with the corre-
sponding results. Subsequently, Section 4, presents the adopted
methodology and the proposed system architecture. In section
5, the overall results are compared to the baseline and explained.
Finally, in Section 5, we will summarize the approach, its re-
sults, and outline future directions.

2. Experimental Setup

In the context of TD-SV, the system has to accept only trials
that have the same speaker and the same lexical content while
refusing any other combination. This will be achieved by using
two systems: Text validation system followed by TI speaker
verification system. In this paper the speaker verification per-
formance will be presented only for test pairs having the same
lexical content. This section presents a description of the train-
ing and evaluation procedure of both tasks.

2.1. Dataset description

In this work three datasets are used, VoxCeleb!, DeepMine [17],
Common Voice”. Voxceleb? is a large-scale speaker recognition
dataset obtained by extraction of open-source media. It has over
1 million utterances from around 6,000 speakers. This dataset
is widely used for TI-SV for training while Voxcelebl is used
for evaluation.

DeepMine, is a multipurpose dataset, such as text-prompted
speaker verification, TD-SV or TI-SV. It is also a multilingual
dataset with both English and Persian audio recordings from
over 1,400 speakers and more than 350,000 recordings. Fi-
nally, we have CommonVoice made by Mozilla, similar to Vox-
celeb and DeepMine it is a large-scale dataset with multilingual
recordings. Common Voice recordings come with their corre-
sponding transcription which is key for our work.

2.2. Training datasets

In this work, out of the three datasets, Voxceleb and Common
Voice will be used for training. For speaker verification sys-
tem training we use VoxCeleb2 dataset, which contains a high
variety of speakers with multiple recordings per speaker. On the
other hand, for text validation, we use Common Voice dataset,
which contains broad lexical contents with multiple repetitions.
We proposed a training set on Common Voice by using the tran-
scriptions. We regrouped passphrases based on the transcrip-
tion and kept only passphrases repeated at least five times and
less than twenty times. This gave us close to 10,000 unique
passphrases for training. Using these 10,000 passphrases we
can make a classification head and extract an embedding repre-
senting the lexical content. The number of files shown in Tab. 1
is before any augmentation. Using Common Voice we are doing
on-the-fly augmentation using Musan dataset [18].

Table 1: Train corpus description. TV: Text-Validation, SV:
Speaker verification

[ Corpus [ Purpose | nb files | utterance | spks | Dur(s) |

CV EN TV 158k 10.3k - 3.25
VOX-2 SV 1.09M - 6k 3

Uhttps://www.robots.ox.ac.uk/ vgg/data/voxceleb/
Zhttps://commonvoice.mozilla.org/
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2.3. Evaluation datasets

The evaluation will be conducted on two datasets, DeepMine
and Common Voice (description in Table 2). Common Voice
will be used to assess the robustness of the text validation sys-
tem in both English and French evaluation sets. The DeepMine
dataset will be used to evaluate both the text validation system
(in English and Persian) and the speaker verification system.
In this paper, all experiments regarding speaker verification are
performed on recording pairs in which the lexical content is the
same. Our approach is based on the fact that the text validation
system filters out pairs of recordings with different lexical con-
tents. For this reason, the DeepMine speaker evaluation dataset
contains exclusively pairs with identical lexical contexts.

Table 2: Evaluation corpus description. TV: Text-Validation
TD-SV: Text-dependent Speaker Verification.

| Corpus [ Purpose [ Trials [ utterance | Dur (s) |
CV EN TV 268k 1740 3.25
CV FR TV 381k 225 3.47
DMEN | TV &SV 27k 5 2.30
DM EN TD-SV 27k 5 2.30
DM FA TV 25.4k 5 1.9
VOX-1 SV 37k / -

All evaluations use the Equal-Error Rate metrics (EER) and
the Tandem Equal-Error Rate (T-EER) for the TD-SV trial [19].

3. Baseline
3.1. Text Validation

The Text validation baseline system uses the ResNet34 archi-
tecture, where the target class is the sentence ID. The system is
trained on a subset of English Common Voice described in 2.2.
All system parameters are optimized using the Additive Angu-
lar Margin Loss (AAM) [20]. The amount of available data and
unique passphrases makes it possible to train the text validation
system from scratch. This system generates an embedding that
represents the lexical content. For evaluation, we use the cosine
similarity backend process using the embeddings to generate a
score used to accept or reject the pair of utterances. Table 3
shows the performance in the Common Voice and DeepMine
evaluation datasets in two languages (English and French). The
performances are very good in all cases, especially for English
which is the language used during training.

Table 3: EER of the text validation task system evaluation per-
formances on DeepMine and Common Voice for the lexical ver-
ification task.

DM EN
0.21%

DM FA
2.2%

CV EN
0.28%

CV FR
2.4%

ResNet34

3.2. TI Speaker verification

Our baseline TI-SV will be the ReDimNet architecture [21].
We chose the ReDimNet because of its recent introduction and
demonstration of state-of-the-art results for TI-SV. Addition-
ally, we used the provided ReDimNet, ensuring that all of the
following results using the ReDimNet can be replicated”.

3https://github.com/IDRnD/ReDimNet



Table 4: EER of the ReDimNet system evaluation performances
on DeepMine and VoxCelebl for the TI-SV task.

Voxcelebl
0.49%

DM EN
4.55%

ReDimNet

4. Unified TD-SV SSL

For our SSL choice, we decided to use the large WavLm SSL
model [16]*. The WavLM model is an SSL model used for
speech processing. It was successfully applied on multiple
speech processing tasks such as speaker verification and seman-
tics. For TI speaker verification, the SSL models have been used
in combination with Multi-Head Factorized Attention pooling
(MHFA) backend [22]. In this work, we will apply the MHFA
for the speaker verification and for the text validation backend.
For training, the VoxCeleb2 dataset will be used as main train-
ing source, removing the need for transcription or lexical iden-
tification. To do so we will utilize the teacher-student learning
approach. A teacher system is trained on Common Voice for
text validation, the teacher generates lexical embedding used as
soft labels for the student system.

4.1. Text validation Teacher SSL

The teacher architecture can be seen in Fig.1 and is structured as
follows: the core component is the large WavLM model, which
consists of 24 layers. The outputs from all 24 layers are ex-
tracted and fed into the MHFA. The embedding produced by
the MHFA represents the lexical content, it is then provided to
a classification head using AAM loss. The text validation em-
bedding is also necessary in evaluation using cosine similarity.
Table 5 shows the text validation results of the teacher system on
all evaluation datasets. Comparing Table 5 and Table 3, we can
see a clear superiority of SSL over ResNet for text validation,
especially for English which is the language used for training.

[:]: Text validation

Input audio

MHFA
(24 layers)

Lexical
Embedding

Figure 1: Teacher SSL architecture. The teacher SSL is fine-
tuned only for the text validation task.

Table 5: EER of the Text validation task system evaluation per-
formances on DeepMine and Common Voice for the lexical ver-
ification task.

DMEN | DMFA | CVEN | CVEFR

SSL teacher 0.07% 2% 0.17% 2.9%

“https://huggingface.co/microsoft/wavim-large
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4.2. Multitask Student SSL

The student SSL model is a multitask system performing both
speaker verification and text validation. During training, two
learning rates are employed: one for fine-tuning the WavLM
model, set at 1078, and another for the rest of the system, set
at 1073, Both tasks use the WavLM Large model as a common
block.

In Fig. 2 we can see, firstly, the speaker block in blue, it uses
layers 7 to 12 of the WavLM system for the MHFA block. The
MHFA block compresses the input into an embedding, which
serves as the speaker representation during evaluation. During
training, this embedding is fed into a classification head with
5994 classes using AAM loss, corresponding to the number of
unique speakers in the VoxCeleb2 dataset.

Secondly, we have the text validation block in green (see
Fig. 2). The text validation block employs an MHFA block
similar to the one used in the speaker block; however, unlike
the speaker block, this MHFA utilizes layers 1 to 24 of the large
WavLM model. The MHFA reduces this information to an em-
bedding. The resulting lexical embedding is compared to the
lexical embedding from the teacher using Mean Squared Error
(MSE) loss. The text validation block is trained by using the
MSE criterion between the teacher-given lexical embedding and
the student-given lexical embedding. The entire system is then
trained by optimizing the sum of the two objective functions:
MSE loss for the lexical part and AAM loss for the speaker
part.

Input audio '7 —

ﬁtudent
Teacher
. MHFA
Lexical
—
| |- Lexical
Embedding

Figure 2: Full architecture, presenting both student and teacher
architecture. The student is trained on VoxCeleb2 with blue side
for speaker classification and green side using MSE loss on lex-
ical embeddings.

E5: speaker
(E: Text validation

~

B

5. SSL Student performances
5.1. Text validation

All text validation results can be found in Table 6. From these
results, we can see that the student outperforms on all evalua-
tion sets both the ResNet34 baseline but also the teacher SSL.
The teacher-student approach showed its effectiveness by hav-
ing the student outperforming the teacher. In this work the
teacher-student approach was used to remove the need for hard-
labeled data on lexical content. This approach seems effective,
but the exact reason why it was so effective needs to be further
tested, however, we think it is due to the soft labels being richer
and reducing the risk of overfitting. Also, we believe the mul-
titask approach helped preserve information resulting in a more
efficient lexical embedding.



Table 6: Text verification EER. Comparing ResNet34 architecture and SSL student and teacher text verification. Performances are
evaluated in three different languages, English, French, and Persian.

Model/EER% Common Voice EN  Common Voice FR  DeepMine EN  DeepMine FA
ResNet 34 0.28 24 0.21 243
SSL teacher 0.17 29 0.07 2
SSL student 0.1 1.7 0.03 1.4

5.2. Speaker verification

All speaker verification results can be found in Table 7. The
SSL student outperforms the ReDimNet on the DeepMine lex-
ical subset. On the other side the ReDimNet outperforms on
VoxCelebl. In our use case the DeepMine dataset is more rep-
resentative as it contains only matching lexical pairs. As pre-
viously stated the text validation is used as a filter, filtering out
all non-matching lexical content pairs. Evaluating the speaker
system on lexical matching pairs is more representative of the
real use case.

We believe that performing multitask training helped the
speaker verification system when the lexical content is the same.
As we force the lexical information to be retained in the SSL
layers during finetuning for the text validation task. This in-
formation is likely used for speaker verification gaining perfor-
mance when the lexical content is identical. Furthermore, this
may also explain the performance degradation in the case of
VoxCelebl where the lexical content does not match in the test
pairs recordings.

Table 7: EER of the ReDimNet and SSL student system evalu-
ation performances on DeepMine and VoxCelebl for the TI-SV
task

VoxCelebl| DM EN
ReDimNet 0.49% 4.55%
SSL student 1.29% 3.49%

5.3. Text-dependent speaker verification

For TD-SV evaluation, we will use tandem-EER (T-EER) [19].
T-EER is a variation of the well-known EER, it is used for
tandem architectures. In our case, text validation is followed
by speaker verification. The following table 8 and figure 3,4
demonstrate the performance on TD-SV evaluation set using
this metric. In figures 3,4 the intersection of the blue line rep-
resented with a pink dot is the optimal threshold for the tandem
system. The T-EER is then computed using those thresholds.
Table 8 resume the results given by the figures. We can notice
first that the separation between matching and non-matching
lexical content is far better for the SSL and secondly that the
results are similar to the TI-SV results. This is an effect of the
speaker verification system being the most limiting system be-
tween the two.

Table 8: T-EER on the baseline against the unified SSL on Deep-
Mine English TD-SV evaluation set.

System/Concurrent T-eer DM EN
baseline (ReDimNet + ResNet34) 4.28%
SSL student 3.46%
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Figure 3: T-EER evaluation using both baseline models Text
validation: ResNet34, Speaker verification: ReDimNet. Y-axis
represent the lexical verification score, X-axis represents the
Speaker verification score
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Figure 4: T-EER evaluation using both unified SSL TDSV sub-
tasks. Y axis represents the lexical verification score, X-axis
represents the Speaker verification score

6. Conclusion

In this article, we proposed to use SSL models to develop an
unified system capable of doing both text validation and speaker
verification tasks. We implemented teacher-student approach to
bypass data limitation allowing us to leverage lexical informa-
tion from unlabeled speech data. This approach makes it easy
and cheap to adapt to new languages. We have demonstrated
the effectiveness of the proposed approach by introducing an
experimental protocol using several databases and several lan-
guages. We have shown that the student outperforms both the
challenging baseline and the teacher system for text validation.
At the same time, the student system outperforms the baseline
speaker recognition system on DeepMine evaluation set.

The proposed approach proposes a tandem verification using
two tasks (namely speaker and text verification) of the unified
system. We believe that the interaction between these two tasks
can be mutually beneficial, enhancing the overall performance.
For this reason, future work will focus on further exploring and
optimizing the interaction between the two tasks.
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