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Self-supervised speech representations (S3Rs) have been widely investigated for speaker
recognition because they can capture informative acoustic characteristics from speech
signals without relying on extensive manual annotations. However, their applicability to
few-shot speaker recognition, where only a limited number of labeled speech samples are
available for each speaker, remains insufficiently explored. This study proposes a few-shot
speaker recognition framework that combines S3Rs with a Transformer encoder to
investigate whether representations learned from unlabeled speech data can support speaker
identification under limited-data conditions. Two pretrained speech representations,
Mockingjay and WavLM, are separately employed as input features, while the Transformer
encoder serves as the core component of the classification model to learn discriminative
information from the extracted representations. The proposed framework is evaluated using
both representations, and its recognition performance is compared with that obtained using
conventional Mel-spectrogram features. The experimental results indicate that the
framework achieves recognition accuracy values of 94.80% with Mockingjay
representations and 92.29% with WavLM representations. The comparison further shows
that S3Rs provide more effective features for few-shot speaker recognition than
conventional Mel-spectrogram features under the evaluated experimental conditions. These
findings suggest that combining pretrained speech representations with Transformer-based
feature learning is a feasible approach to speaker recognition when labeled training samples

are limited.

1. INTRODUCTION

Speaker recognition [1-3] is an important research area in
speech signal processing and biometric identification. It aims
to determine or verify a person's identity by analyzing the
acoustic characteristics of speech signals. Compared with
other biometric identification methods, such as fingerprint
recognition and facial recognition, speaker recognition can be
performed without requiring physical contact or specialized
image acquisition equipment. Speech signals can also be
collected through commonly available microphones and
communication devices, making voice-based identity
recognition suitable for a range of practical applications.
Typical examples include voiceprint authentication for
personal smart devices, secure access control in telephone
banking, speaker identification in forensic investigations, and
caller identity verification in customer service systems. As
voice-controlled devices and remote communication services
become increasingly common, reliable speaker recognition
has become an important component of intelligent human—
computer interaction and information security systems.

From the perspective of identity recognition objectives,
speaker recognition can be divided into two main categories:
speaker identification [4, 5] and speaker verification [6, 7].
Speaker identification aims to determine the identity of an
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unknown speaker from a predefined set of enrolled speakers.
The system analyzes an input speech utterance and assigns it
to one of the registered speaker identities according to the
extracted acoustic characteristics. In contrast, speaker
verification determines whether a speech utterance belongs to
a claimed speaker. Rather than selecting an identity from
multiple candidates, the verification system evaluates the
similarity between the input speech and the reference
information associated with the claimed identity. Although
these two tasks share several feature extraction and
representation learning techniques, their decision procedures
and evaluation criteria are different. Speaker identification is
commonly evaluated using classification-based measures,
whereas speaker verification generally relies on similarity
scores and verification error measures.

Speaker recognition systems can also be categorized
according to the types of information used for identification.
Speech-based recognition methods rely exclusively on
acoustic information [4, 7-9], while multimedia-based
methods [10] combine speech signals with additional
information, such as facial images or video sequences.
Multimedia speaker recognition may use visual information to
estimate the number of speakers appearing in a recording.
Another approach constructs a joint audio—visual
representation by combining speaker embeddings extracted
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from speech with facial embeddings obtained from images.
For example, an integrated multimedia vector, referred to as
an M-vector, can be constructed by concatenating face
embeddings and speech-based x-vectors with an appropriate
weighting factor. Such methods make use of complementary
information from different modalities. Nevertheless, the
availability and quality of visual information may vary
considerably across applications. In telephone conversations,
audio recordings, and many voice-controlled systems, only
speech signals are available. Speech-based speaker
recognition therefore remains particularly relevant for
applications in which visual data cannot be obtained.

Despite considerable progress in speaker recognition, the
performance of existing systems may deteriorate when speech
recordings are affected by environmental noise, reverberation,
transmission distortion, or differences in recording devices
[11-13]. The acoustic characteristics extracted from a
speaker's voice may change under different recording
conditions, even when the speech is produced by the same
person. Such variations can make it difficult to distinguish

speaker-specific information from factors unrelated to identity.

In addition, speaker recognition systems can be affected by
spoofing attacks involving replayed, synthesized, or converted
speech [14, 15]. Conventional systems trained mainly on
genuine speech samples may not adequately distinguish
authentic speech from deliberately manipulated signals.
Although noise robustness and spoofing detection are separate
research problems, they indicate the broader difficulty of
developing speaker representations that remain reliable under
varying input conditions.

The performance of a speech-based speaker recognition
system depends substantially on the quality of the extracted
speech features and the ability of the classification model to
distinguish among different speakers. Traditional approaches
commonly employ acoustic features such as Mel-frequency
cepstral coefficients, filter-bank energies, and Mel-
spectrograms. These features describe different aspects of the
spectral characteristics of speech and have been widely
adopted in speech processing applications. However,
conventional acoustic representations are primarily designed
to characterize signal properties rather than to isolate speaker
identity. They may retain information associated with phonetic
content, speaking style, and recording conditions, which can
interfere with speaker classification. Consequently, the
selection of input features and the construction of effective
classification models have long been important research
directions in speaker recognition.

With the development of deep learning, speaker recognition
research has increasingly focused on learning acoustic
representations directly from speech data. Neural network
architectures can extract complex characteristics from speech
signals and construct representations that are more suitable for
downstream recognition tasks. Nevertheless, the training of
these models often requires a substantial amount of labeled
speech data covering multiple speakers and recording
conditions. In practical applications, collecting and annotating
large speech datasets can be expensive and time-consuming.
The difficulty becomes more pronounced when only a small
number of speech samples can be collected for each target
speaker. Under such conditions, the classification model may
learn characteristics associated with individual training
utterances rather than stable speaker-specific patterns,
resulting in poor generalization to previously unseen speech
samples.
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Speaker recognition under limited labeled-data conditions
is commonly investigated within the framework of few-shot
speaker recognition [16, 17]. In this setting, the recognition
system is expected to identify speakers using only a small
number of labeled reference utterances. Few-shot speaker
recognition [4] is particularly relevant to applications in which
it is impractical to collect extensive enrollment recordings
from each user. For instance, a newly registered user of a
voice-controlled device may provide only a few short speech
samples during enrollment. Similarly, forensic recordings and
historical audio materials may contain limited speech
segments from a speaker of interest. A recognition system
operating in these circumstances must extract sufficient
speaker-discriminative information from the available
samples while reducing its dependence on large labeled
datasets.

Few-shot speaker recognition presents several difficulties
that are less pronounced in conventional speaker recognition
tasks. First, a limited number of reference utterances may not
adequately represent the variability of a speaker's voice across
different phonetic contexts and speaking conditions. Second,
differences in recording environments or speech duration can
produce substantial variation between the reference samples
and the speech to be classified. Third, when the training
samples are insufficient, a classification model with a large
number of parameters may overfit the available data. Finally,
the acoustic differences between certain speakers can be
relatively small, making it difficult to construct well-separated
speaker representations. These issues suggest that few-shot
recognition requires not only an appropriate classification
strategy but also input features that preserve meaningful
speaker information when labeled training data are scarce.

One direction for addressing the dependence on labeled
speech data involves learning general-purpose speech
representations from large quantities of unlabeled recordings.
Self-supervised learning (SSL) allows a neural network to
acquire useful information from speech signals without
requiring explicit speaker identity annotations for every
training sample. Instead of relying entirely on manually
labeled datasets, self-supervised models learn representations
through training objectives derived from the structure of the
input data. Such representations may contain information
about phonetic characteristics, temporal relationships, speaker
identity, and other acoustic properties. The resulting features
can subsequently be transferred to downstream speech
processing tasks using a relatively limited amount of task-
specific labeled data.

Self-supervised speech representations (S3Rs) have already
been investigated for conventional speaker recognition tasks
[18, 19]. These representations offer an alternative to
conventional acoustic features by using information learned
during pretraining on unlabeled speech signals. Their potential
applicability to speaker identification is particularly relevant
when the amount of labeled training data is limited.
Nevertheless, the suitability of a pretrained representation for
a particular recognition task depends on the information
retained during pretraining and the ability of the downstream
classifier to distinguish among speaker identities.

Recent studies have also explored different neural network
architectures and representation learning strategies for few-
shot speaker identification. For example, a channel-attention
convolutional recurrent neural network using three-
dimensional log-Mel spectrogram features was developed to
address feature extraction and overfitting problems in few-shot



speaker identification [20]. The method combines
convolutional and recurrent processing with an attention
mechanism to learn speaker-related information from limited
speech samples. A subsequent study investigated a low-
complexity speaker embedding module based on feature
segmentation, transformation, and reconstruction [21]. This
approach considered the computational requirements of few-
shot speaker identification and demonstrated the importance
of designing speaker representations that are suitable for
resource-constrained  applications. These investigations
illustrate the continuing interest in improving few-shot
speaker recognition through the design of specialized feature
extraction and classification architectures.

Related research has examined different strategies for
learning speaker embeddings without relying on extensive
identity annotations. Tao et al. [22] investigated self-
supervised training of speaker encoders using multimodal
diverse positive pairs, demonstrating an alternative approach
to constructing speaker representations without explicit
speaker labels. Ge et al. [23] proposed an isomorphic graph
attention network for pooling S3Rs, focusing on the
aggregation of speaker-related information. Han et al. [24]
investigated a cluster-aware self-distillation framework for
self-supervised speaker verification, incorporating strategies
to address unreliable pseudo-labels. These studies suggest that
self-supervised representation learning offers a practical
direction for reducing the dependence of speaker recognition
systems on manually annotated speech data.

Other investigations have concentrated on the quality of
pseudo-labels and the reliability of speaker embeddings
learned without direct supervision. Fathan and Alam [25]
analyzed the influence of clustering methods on self-
supervised speaker verification and reported that the quality of
generated pseudo-labels can substantially affect downstream
recognition performance. Gao et al. [26] further investigated
pseudo-label correction and clustering-based learning for
speaker verification. Liu et al. [27] examined the selection of
reliable pseudo-labels through confidence distribution
modeling in semi-supervised and self-supervised speaker
recognition. A recent study and review of SSL for speaker
recognition [28] also discussed the characteristics and
limitations of different representation learning frameworks.
Collectively, these investigations indicate that the quality of
learned speech representations and their adaptation to a
particular recognition task remain important research
considerations.

Among the available self-supervised speech models,
Mockingjay and WavLM provide two possible sources of
pretrained speech representations. Mockingjay adopts a
masked acoustic modeling strategy to learn contextual
information from speech sequences, while WavLM combines
masked speech prediction with denoising-oriented pretraining
to capture information relevant to different speech processing
tasks [18, 19]. Although their training strategies differ, both
models can generate contextual speech representations that
may contain information useful for distinguishing speakers.
Unlike conventional Mel-spectrogram features, these
representations are learned from speech data through
pretraining objectives rather than being determined solely by
predefined signal transformations. However, the information
contained in a pretrained representation is not necessarily
optimized for few-shot speaker identification. Its suitability
depends on whether the downstream recognition model can
extract and use speaker-discriminative characteristics from a
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small set of labeled utterances.

Yi et al. [29] further investigated the application of S3Rs to
speaker segmentation using a WavLM-based approach. This
investigation provides another example of the use of
pretrained speech representations in  speaker-related
processing tasks, although speaker segmentation and speaker
identification involve different recognition objectives.

In addition to the input representation, the architecture of
the classifier plays an important role in speaker recognition.
Speech signals contain temporal variations arising from
changes in phonetic content, articulation, and speaking style.
A classification model must therefore process sequences of
acoustic features and identify information that is relevant to
speaker identity. Transformer encoders provide a mechanism
for modeling relationships among different positions in an
input sequence through self-attention. Unlike architectures
that process temporal information primarily through local
operations or sequential recurrent updates, self-attention
allows the model to establish relationships between feature
representations at different temporal positions. This property
makes Transformer encoders suitable candidates for
processing contextual speech representations. Nevertheless,
their actual performance in few-shot speaker identification
must be established experimentally, particularly because a
limited number of labeled samples may restrict the effective
training of the classifier.

The combination of S3Rs and Transformer-based
classification offers a potential approach to the limited-data
problem. Pretrained representations can provide acoustic
information learned from speech data before the downstream
recognition stage, while a Transformer encoder can process
relationships within the resulting feature sequences. In
principle, these two components serve complementary
purposes: the pretrained model provides the input
representation, and the classifier learns to distinguish the
speaker identities represented in the labeled training samples.
The recognition performance of this combination, however,
cannot be inferred directly from the success of self-supervised
models in conventional speaker recognition. Few-shot
identification involves different constraints on the number of
labeled samples and may require the classifier to operate with
substantially less speaker-specific information.

Although self-supervised representations have been studied
in speaker recognition, the comparative behavior of different
pretrained speech representations when coupled with a
Transformer encoder for few-shot speaker identification still
warrants further investigation. In particular, it is useful to
determine whether such representations provide more
informative input features than conventional Mel-
spectrograms when the number of labeled speaker samples is
limited. It is also necessary to examine whether the choice of
pretrained representation affects the recognition performance
of the same classification architecture. Addressing these
questions can provide a clearer understanding of the
relationship between representation learning and Transformer-
based classification in few-shot speaker identification.

Motivated by these considerations, this study proposes a
few-shot speaker recognition framework that combines S3Rs
with a Transformer encoder. Two pretrained representations,
Mockingjay and WavLM, are considered separately as input
features, and a Transformer encoder is employed as the
principal component of the speaker classification model. The
study evaluates the recognition performance obtained using
these representations and compares it with the performance



achieved using conventional Mel-spectrogram features. The
objective is to investigate the applicability of pretrained
speech representations to few-shot speaker identification and
to examine their interaction with a Transformer-based
classifier. Since the task addressed in this paper is speaker
identification, the term speaker recognition in the following
sections refers specifically to speaker identification unless
otherwise stated.

The main contributions of this study are summarized as
follows:

(1) A few-shot speaker identification framework is
developed by combining pretrained S3Rs with a Transformer
encoder. The framework investigates the use of speech
features learned through self-supervised pretraining for
classification under limited labeled-data conditions.

(2) Two S3Rs, Mockingjay and WavLM, are examined
within the same Transformer-based classification framework.
Their respective recognition results are analyzed to investigate
the influence of the input representation on few-shot speaker
identification performance.

(3) The proposed framework is evaluated against a
conventional ~ Mel-spectrogram-based  approach.  The
experimental comparison provides evidence regarding the
suitability of S3Rs for few-shot speaker recognition and
identifies differences in recognition performance between the
selected representations.

The remainder of this paper is organized as follows. Section
2 reviews related studies on speaker recognition, few-shot
learning, and self-supervised speech representation learning.
Section 3 describes the proposed framework, including the
extraction of S3Rs and the Transformer-based classification
model. Section 4 presents the experimental setup, recognition
results, and corresponding analysis. Finally, Section 5
summarizes the findings and discusses possible directions for
future research.

2. RELATED WORK

The performance of a few-shot speaker recognition system
is closely related to two aspects: the quality of the speech
representations used to characterize individual speakers and
the ability of the classification model to distinguish speaker-
related information from variations caused by speech content
and recording conditions. Traditional acoustic features
provide useful spectral information, but their effectiveness
may be limited when only a small number of labeled speech
samples are available. Recent developments in SSL have
introduced alternative approaches to extracting speech
representations from large amounts of unlabeled data. At the
same time, Transformer-based architectures have provided
new methods for modeling relationships within sequential
acoustic features.

This section reviews the two principal components relevant
to the proposed framework. Section 2.1 discusses self-
supervised speech representation learning, with particular
attention to Mockingjay and WavLM. Section 2.2 introduces
the Transformer encoder and explains its main architectural
components and their relevance to speaker recognition.

2.1 Self-supervised speech representation

SSL has attracted considerable attention in speech
processing because it allows models to learn useful
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representations from speech data without requiring manually
assigned labels for every training sample. In conventional
supervised learning, the training process generally relies on
labeled speech recordings associated with specific phonetic
categories, speaker identities, or other target information.
Obtaining such annotations can be expensive, particularly
when large datasets are required. In contrast, SSL constructs
learning objectives from the input speech itself, allowing
neural networks to discover structural and contextual
information through pretraining on unlabeled recordings.

A variety of self-supervised speech representation models
have been developed using different learning objectives and
network architectures. Representative examples include
Mockingjay [18], WavLM [19], wav2vec 2.0 [30],
autoregressive predictive coding (APC) [31], and contrastive
predictive coding (CPC) [32]. These models differ in how they
process speech signals, construct training targets, and learn
relationships between acoustic observations. Nevertheless,
they share the general objective of obtaining representations
that can subsequently be used in downstream speech
processing tasks. Such representations have been applied to
automatic speech recognition, speaker recognition, speech
classification, and other applications involving acoustic
signals.

The main distinction between conventional acoustic feature
extraction and self-supervised representation learning lies in
how the features are obtained. Traditional features, such as
Mel-spectrograms and Mel-frequency cepstral coefficients,
are computed using predefined signal processing procedures.
They describe the spectral properties of speech but are not
directly optimized to represent contextual relationships within
an utterance. Self-supervised models, on the other hand, learn
feature transformations during pretraining. The resulting
representations may encode relationships among neighboring
or distant speech segments, depending on the architecture and
training objective. However, the presence of contextual
information does not necessarily mean that every
representation is equally suitable for identifying speakers.
Different pretraining methods may preserve different amounts
of speaker-specific and linguistic information.

One important category of SSL methods is based on
predictive learning. In autoregressive predictive coding, a
model is trained to predict future acoustic observations from
preceding speech segments [31]. By requiring the model to
estimate information that has not yet been observed, predictive
learning encourages the extraction of patterns that persist
across consecutive frames. CPC adopts a different strategy, in
which the model learns to distinguish representations
corresponding to actual future observations from negative
samples [32]. The contrastive objective encourages the model
to capture information useful for predicting the temporal
structure of the signal. Although these approaches differ in
their optimization procedures, both demonstrate how speech
representations can be learned without direct supervision from
speaker identity labels.

Another category of self-supervised approaches relies on
masked prediction. Instead of predicting only future
observations, masked prediction methods conceal or modify
portions of the input sequence and train the model to recover
information associated with the affected regions. This strategy
encourages the representation model to make use of contextual
information from the available speech segments. It also
provides a way to learn relationships among acoustic
observations without requiring explicitly annotated speaker



labels.

Mockingjay [18] is a representative model based on masked
acoustic modeling. It uses Mel-spectrogram features as input
and learns contextualized speech representations through a
bidirectional Transformer-based encoder. Unlike
unidirectional predictive models that rely primarily on
preceding observations, Mockingjay can use information from
both earlier and later frames to predict the acoustic content of
masked positions. This bidirectional processing allows the
model to learn relationships across the input sequence and to
construct representations that reflect the surrounding acoustic
context.

The encoding network of Mockingjay consists of multiple
Transformer encoder layers. Each layer contains a multi-head
self-attention mechanism and a position-wise feed-forward
network, together with residual connections and normalization
operations. The self-attention mechanism allows the model to
establish relationships among frames at different positions in
the speech sequence. The feed-forward network subsequently
transforms the contextualized representations, while residual
connections and normalization support information
propagation through the encoder layers. The output of the final
encoder layer provides a contextual representation for each
input time step.

During Mockingjay pretraining, a proportion of the input
frames is selected for modification. In the original masking
procedure, approximately 15% of the frames are selected, and
different masking operations are applied according to
predefined probabilities. These operations include replacing
selected frames with zero-valued inputs, substituting them
with randomly selected frames, or leaving them unchanged.
The network is then trained to reconstruct the original acoustic
information at the selected positions using the available
context. Because the model does not receive an unmodified
version of every selected frame, it must learn relationships
within the speech sequence rather than simply reproducing the
input.

After pretraining, the masking procedure is not required
when Mockingjay is used as a speech representation extractor.
An input utterance can be processed by the pretrained encoder
to obtain a sequence of contextual feature vectors. These
vectors can then serve as input to a downstream model
designed for a particular recognition task. For speaker
identification, the downstream classifier must determine
which characteristics of the extracted representations are
useful for distinguishing individual speakers. Although
Mockingjay was not originally designed exclusively for
speaker recognition, its contextual representations provide a
possible alternative to conventional acoustic features.

An important consideration is that the information required
for speaker recognition differs from that required for
automatic speech recognition. Speech recognition focuses
mainly on linguistic content, while speaker recognition
requires characteristics associated with the identity of the
speaker. A representation that performs well in one task may
not necessarily provide the most discriminative information
for another. Mockingjay representations therefore need to be
evaluated within the specific recognition framework rather
than assumed to be superior to conventional acoustic features.
This consideration is particularly important in few-shot
speaker recognition, where only a small amount of labeled
information is available for learning speaker-specific decision
boundaries.

WavLM [19] is another

self-supervised  speech
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representation model developed to support a broad range of
speech processing tasks. Unlike Mockingjay, which operates
on Mel-spectrogram features, WavLM processes speech
waveforms using a convolutional feature encoder followed by
Transformer-based contextual modeling. The convolutional
encoder transforms the input waveform into latent speech
representations, while the Transformer layers capture
relationships among the resulting acoustic features. This
architecture allows WavLM to learn speech representations
without depending on a predefined Mel-spectrogram input
representation.

The pretraining strategy of WavLM combines masked
speech prediction with denoising-oriented learning. During
training, the input speech may be modified through masking,
noise addition, or the introduction of overlapping speech. The
model is trained to predict discrete targets corresponding to the
original speech at masked positions. This procedure
encourages the network to learn information from speech
signals under different acoustic conditions. By incorporating
additional training conditions beyond clean speech
reconstruction, WavLM aims to obtain representations that
can support both linguistic and non-linguistic speech
processing tasks.

WavLM is relevant to speaker recognition because speaker
identity information must be extracted from signals that may
also contain phonetic variation, background interference, and
changes in speaking conditions. A model pretrained on varied
speech signals may learn representations containing
information relevant to these factors. However, pretrained
features can retain both speaker-related and speaker-
independent characteristics. Consequently, an additional
classification model is required to learn how the available
representations should be used for a particular set of speakers.

WavLM has been investigated in several downstream
applications, including automatic speech recognition, speaker
verification, and other speech analysis tasks. Its performance

across different tasks suggests that the pretrained
representations contain information that can be adapted to
multiple  recognition  objectives.  Nevertheless, the

effectiveness of these representations in few-shot speaker
identification depends on the available enrollment samples,
the classification architecture, and the experimental conditions.
A strong result in conventional speaker verification does not
automatically imply an equivalent result in speaker
identification with limited labeled samples.

Mockingjay and WavLM are selected in this study because
they represent two different approaches to self-supervised
speech representation learning. Mockingjay learns contextual
information from Mel-spectrogram inputs through masked
acoustic  reconstruction,  whereas =~ WavLM  learns
representations from speech waveforms using masked
prediction and denoising-oriented pretraining. Their
differences provide an opportunity to investigate how the
choice of pretrained representation influences the performance
of a common downstream classification model.

In the proposed framework, the two representations are
considered separately rather than combined into a single
feature vector. This arrangement makes it possible to examine
the recognition performance associated with each
representation under the adopted experimental setting. A
comparison with conventional Mel-spectrogram features is
also included to determine whether the use of pretrained
speech representations provides an advantage when only a
limited number of labeled utterances are available. The



effectiveness of these representations is assessed through the
experimental results presented in Section 4.

2.2 Transformer encoder

The Transformer is a neural network architecture designed
to process sequential information using attention mechanisms.
Unlike recurrent neural networks, which commonly update
hidden representations through a sequence of recurrent
operations, the Transformer uses self-attention to model
dependencies among elements of an input sequence. This
allows relationships between different positions to be
represented without relying exclusively on a recurrent
processing structure. As a result, Transformer-based models
have been widely investigated for sequential learning tasks,
including natural language processing and speech signal
analysis.

The Transformer architecture contains encoder and decoder
components in its original sequence-to-sequence formulation.
However, many classification and representation learning
tasks can be addressed using the encoder alone. The
Transformer encoder accepts a sequence of feature vectors and
produces a corresponding sequence of contextualized
representations. Each output vector contains information
derived from the associated input position and, through self-
attention, information from other positions in the sequence.
This characteristic makes the encoder suitable for processing
speech representations in which information is distributed
across multiple time steps.

Figure 1 illustrates the basic architecture of the Transformer
encoder considered in this study. The architecture includes
input embedding processing, positional information addition,
multi-head  self-attention, residual  connection and
normalization operations, and a position-wise feed-forward
network. These components work together to transform the
input feature sequence into representations that incorporate
contextual relationships. The following paragraphs describe
their respective functions.

Position
embedding

Input

Y

Embedding |, Multi-head Add &
extraction attention Norm
\ 4 A4
Norm forward

Figure 1. The architecture of Transformer encoder

The input embedding stage prepares the features for
processing by the Transformer encoder. In general, each input
element is represented as a vector with a predefined feature
dimension. When the original input feature dimension differs
from the hidden dimension required by the encoder, a
projection operation can be employed to obtain a compatible
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representation. In speech processing, the input may consist of
acoustic feature vectors or representations obtained from a
pretrained speech model. The embedding stage therefore
provides the feature sequence on which subsequent attention
operations are performed.

Since the self-attention mechanism does not inherently
distinguish the order of input elements, positional information
is introduced to describe their relative or absolute locations
within the sequence. In a conventional Transformer encoder,
positional embeddings or positional encodings can be added to
the input representations. The resulting vectors contain both
feature information and an indication of sequence position.
This is important for speech processing because acoustic
characteristics are not independent of their temporal
arrangement. The order of speech frames contributes to the
formation of phonetic patterns and other time-dependent
information within an utterance.

The multi-head self-attention module is the principal
component responsible for modeling relationships across the
input sequence. In self-attention, each input representation is
transformed into query, key, and value vectors. Attention
weights are determined from the relationships between queries
and keys, and these weights are used to aggregate information
from the corresponding value vectors. Consequently, the
representation at a particular time step can incorporate
information from other positions in the speech sequence. The
attention mechanism does not simply assign different weights
to feature dimensions; instead, it models relationships among
sequence positions according to the learned query and key
representations.

Multi-head attention extends this mechanism by performing
several attention operations in parallel using different learned
projections. Each attention head can capture relationships
under its own representation subspace. The outputs of the
individual heads are then concatenated and transformed to
form the output of the multi-head attention module. This
design allows the encoder to examine different relationships
within the same input sequence. In speech processing, such
relationships may involve nearby acoustic frames or more
distant segments of an utterance. The specific patterns learned
by the attention heads depend on the training data and
optimization objective.

After the multi-head self-attention operation, a residual
connection and normalization stage is applied. A residual
connection combines the input of a sublayer with its
transformed output, allowing information from earlier
representations to pass through the network. This operation
can reduce the difficulty of training deep networks by
providing a direct path for information and gradient
propagation. Layer normalization is then used to regulate the
distribution of the intermediate representations. Together,
these operations contribute to the stability of the encoder and
help preserve relevant information during successive feature
transformations.

The feed-forward network is another important component
of the Transformer encoder. It is applied independently to the
representation at each sequence position, using the same
network parameters across positions. In a conventional
Transformer encoder, the feed-forward network contains two
linear transformations separated by a nonlinear activation
function. The intermediate hidden dimension may differ from
the encoder dimension, allowing the network to transform the
information obtained from the attention module. Unlike self-
attention, which exchanges information across positions, the



position-wise feed-forward network processes the feature
representation at each position separately.

A second residual connection and normalization stage
follows the feed-forward network. This stage combines the
input to the feed-forward sublayer with its transformed output
and performs normalization according to the adopted encoder
configuration. In the conventional post-normalization
architecture, normalization follows the residual addition.
Other Transformer implementations may place normalization
before the attention or feed-forward operation. Although these
arrangements differ in computational order, both are intended
to support stable learning and information propagation
through the encoder.

The encoder can contain one or more stacked Transformer
layers. When multiple layers are used, the output of one layer
becomes the input to the next. Successive layers allow the
model to construct increasingly transformed contextual
representations from the original input sequence. The number
of layers, the number of attention heads, and the hidden feature
dimension determine important aspects of the encoder
architecture. These parameters influence the representational
capacity and computational requirements of the model. Their
selection is particularly relevant when the available labeled
training dataset is small.

For a standard Transformer encoder without temporal
pooling or sequence-reduction operations, the number of
sequence positions remains unchanged between the input and
output. The hidden feature dimension is also maintained across
the attention and feed-forward sublayers when the appropriate
output projections are used. Therefore, an input sequence of a
given length and encoder dimension produces an output
sequence with the same length and hidden dimension.
However, this property applies to the encoder layers
themselves and does not imply that the dimensionality of the
original acoustic features must be identical to the encoder
hidden dimension. Input projection, pooling, or subsequent
classification layers may change feature dimensions outside
the encoder.

In speaker recognition, a Transformer encoder can be used
to process sequential speech features and learn relationships
among representations extracted from different portions of an
utterance. Speech signals contain variations caused by
phonetic content, articulation, and changes in acoustic
conditions. Some of these variations may be unrelated to
speaker identity, while others may carry information useful for
distinguishing speakers. By processing the feature sequence
through self-attention and feed-forward transformations, the
encoder provides a mechanism for learning contextual
relationships that may contribute to speaker classification.

For few-shot speaker recognition, the use of a Transformer
encoder presents both opportunities and challenges. Its
attention mechanism can process information distributed
across a speech sequence, which is relevant when individual
utterances contain limited speaker-specific evidence. However,
the encoder must learn classification-related parameters from
the available training samples, and insufficient labeled data
may increase the risk of overfitting. The use of pretrained
speech representations as input provides an alternative to
relying entirely on features learned from a small speaker-
labeled dataset. The representations are obtained from a model
trained beforehand, while the Transformer-based classifier is
used to learn distinctions among the target speakers.

The present study adopts a Transformer encoder as the core
component of the classification framework. S3Rs extracted
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using Mockingjay or WavLM are supplied to the downstream
model, which processes the input features to support speaker
identification. The role of the Transformer encoder is to learn
relationships within the supplied representations and provide
information for the subsequent classification stage. This
arrangement allows the study to examine whether contextual
feature processing contributes to few-shot speaker recognition
when combined with different pretrained speech
representations.

The combination of SSL representations and a Transformer
encoder does not guarantee improved performance for every
recognition task. Its effectiveness depends on the information
preserved by the pretrained features, the design of the
classification model, and the characteristics of the available
speech samples. Accordingly, the framework is evaluated
experimentally rather than assuming that pretrained
representations or attention-based processing will necessarily
outperform conventional approaches. The detailed model
configuration and recognition procedure are presented in
Section 3, while Section 4 reports the experimental results and
corresponding comparisons.

3. THE PROPOSED METHOD

This section describes the proposed few-shot speaker
recognition framework, which combines S3Rs with a
Transformer encoder-based (TE-based) classifier. The
framework is designed to investigate whether pretrained
speech representations can provide effective input features for
speaker identification when only a limited number of labeled
speech samples are available. Rather than relying exclusively
on conventional acoustic features and a classifier trained from
labeled speech data, the proposed method uses representations
obtained from pretrained self-supervised speech models.
These representations are subsequently processed by a
Transformer-based classifier to distinguish among the target
speakers.

Speech
TE-based classifier

__________________________________________

Transformer
encoder

S3R
extractor

Spk1 Spk2

Spk N

Figure 2. Framework of the proposed speaker recognition
method based on self-supervised speech representations and a
Transformer encoder

As illustrated in Figure 2, the proposed framework consists
of two principal parts: an S3R extractor and a TE-based
classifier. The S3R extractor converts an input speech
utterance into a sequence of feature vectors, while the TE-
based classifier processes these vectors and produces
classification probabilities corresponding to the enrolled



speakers. The two parts are connected sequentially, with the
output of the representation extractor serving as the input to
the classification network.

The main functions of the two parts are described below.

(1) S3R extractor: This part extracts contextual speech
representations from the input utterance using a pretrained
self-supervised speech model. Two alternative extractors are
considered in this study, namely Mockingjay and WavLM.
Each extractor produces a sequence of acoustic representations
that can be supplied to the subsequent classification network.

(2) TE-based classifier: This part receives the extracted
speech representations and learns to distinguish the identities
of the speakers included in the classification task. It consists
of a feature projection layer, a Transformer encoder, a
temporal averaging operation, a second fully connected layer,
and a softmax operation. These components perform feature
transformation, contextual feature learning, sequence-level
aggregation, and speaker classification.

The proposed method separates the extraction of pretrained
speech representations from the learning of speaker-specific
classification information. This arrangement makes it possible
to examine different S3R models within a common
downstream classification framework. In particular,
Mockingjay and WavLM representations are evaluated
separately, allowing their recognition performance to be
compared using the same general classification architecture.

The overall processing procedure begins with an input
speech utterance. The S3R extractor first converts the
utterance into a sequence of feature vectors. These vectors are
then projected into the feature space required by the TE-based
classifier through the first fully connected layer. The
Transformer encoder processes the projected sequence and
produces contextualized representations. Subsequently,
temporal mean pooling aggregates the sequence-level
information into a fixed-length utterance-level feature vector.
This vector is passed through the second fully connected layer
to produce speaker-specific classification scores, which are
converted into probabilities by the softmax operation.

The two principal parts of the framework perform different
but connected functions. The S3R extractor provides
pretrained speech representations, while the TE-based
classifier learns to associate the extracted features with the
target speaker identities. The detailed implementation and
processing procedures of these two parts are described in
Sections 3.1 and 3.2, respectively.

3.1 S3R extractor part

The S3R extractor is responsible for converting an input
speech utterance into a sequence of learned acoustic
representations. In contrast to conventional feature extraction
methods, which obtain acoustic characteristics through
predefined signal processing operations, self-supervised
representation learning uses a pretrained neural network to
transform speech signals into contextual feature vectors. These
representations are learned from speech data through self-
supervised pretraining objectives and can subsequently be
used as inputs to different downstream recognition models.

The motivation for using an S3R extractor in the proposed
framework is closely related to the limited availability of
labeled speech samples in few-shot speaker recognition. When
only a small number of utterances are available for each
speaker, training a feature extraction network entirely from the
available labeled data may be difficult. A pretrained self-
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supervised model offers an alternative source of acoustic
representations learned before the speaker classification stage.
The downstream classifier can then operate on these
representations rather than relying exclusively on feature
patterns learned from a limited speaker-labeled dataset.

In this study, the S3R extractor can be implemented using
either the Mockingjay model or the WavLM model. The two
models are considered separately because they differ in their
input processing procedures and pretraining strategies. The
choice of extractor determines the form of the speech
representation supplied to the TE-based classifier, while the
subsequent classification procedure follows the same general
framework.

For the Mockingjay-based implementation, the input speech
is first represented using Mel-spectrogram features. These
features are processed by the pretrained Mockingjay encoder
to obtain contextualized speech representations. The encoder
uses information from different positions within the input
sequence to construct a feature vector for each time step.
Unlike the masked input sequences employed during self-
supervised pretraining, speech representations for downstream
recognition are extracted without applying the pretraining
masking procedure.

The resulting Mockingjay representations contain
information derived from the spectral characteristics of the
input utterance and the contextual relationships learned by the
pretrained encoder. Although the original Mel-spectrogram
describes acoustic information at individual time steps, the
extracted representation also incorporates information from
the surrounding speech sequence. This contextual processing
provides an alternative representation of the utterance for the
downstream speaker identification task.

For the WavLM-based implementation, the speech
waveform is processed by the pretrained WavLM model.
WavLM uses a convolutional feature encoder to generate
latent acoustic representations, followed by Transformer-
based contextual processing. The representations obtained
from the pretrained model are then used as input to the TE-
based classifier. Since WavLM is pretrained using masked
prediction and denoising-oriented learning objectives, its
extracted features may contain information related to different
acoustic characteristics and temporal relationships within the
speech signal.

The use of WavLM differs from that of Mockingjay
primarily in the representation extraction stage. Mockingjay
operates on Mel-spectrogram inputs, whereas WavLM
processes speech waveforms through its own feature encoding
architecture. Nevertheless, the output of either extractor can be
regarded as a sequence of feature vectors associated with the
input utterance. This common representation format allows
both models to be incorporated into the proposed speaker
classification framework.

For an input utterance, the S3R extractor produces a feature
sequence containing representations at successive temporal
positions. The number of extracted feature vectors depends on
the input utterance and the temporal resolution of the selected
representation model. Similarly, the dimensionality of each
vector is determined by the output configuration of the
pretrained extractor. Therefore, Mockingjay and WavLM do
not necessarily produce feature sequences with identical
temporal lengths or feature dimensions.

The TE-based classifier is designed to process these
representations through an initial feature transformation stage.
Consequently, the representations extracted from different



self-supervised models can be supplied to the same general
downstream architecture, provided that their input dimensions
are appropriately accommodated by the first fully connected
layer.

An important distinction should be made between
representation extraction and speaker classification. The S3R
extractor provides acoustic feature vectors, but these vectors
do not directly represent the final predicted speaker identities.
Speaker recognition requires an additional decision process
that maps the extracted features to the speaker classes defined
in the recognition task. This function is performed by the TE-
based classifier described in Section 3.2.

The two S3R extractors are evaluated independently in the
proposed framework. This arrangement allows the study to
investigate how representations obtained from different self-
supervised pretraining procedures affect few-shot speaker
identification. The extracted features are passed to the
subsequent classification stages, where they undergo
dimensionality ~ transformation, contextual processing,
temporal aggregation, and speaker probability estimation.

3.2 TE-based classifier part

The TE-based classifier is the second major component of
the proposed few-shot speaker recognition framework. Its
primary function is to transform the representations generated
by the S3R extractor into classification results corresponding
to the target speakers. Since the extractor produces a sequence
of feature vectors rather than a single speaker identity label,
the classifier must process the temporal information contained
in the sequence and obtain a fixed-length representation
suitable for classification.

As illustrated in Figure 2, the TE-based classifier consists
of five modules: the first fully connected layer (FC1), the
Transformer encoder, the mean operation, the second fully
connected layer (FC2), and the softmax operation. The
modules are arranged sequentially, and each performs a
different function in the classification process.

The FC1 module performs the initial feature transformation.
It receives the sequence of representations generated by the
S3R extractor and converts their feature dimensions to the
dimension used by the Transformer encoder. In the proposed
architecture, FC1 reduces the dimensionality of the extracted
S3R features before they are passed to the subsequent module.

This transformation serves two purposes. First, it allows
feature vectors generated by different S3R extractors to be
processed using a common encoder input dimension. Second,
reducing the feature dimension can decrease the amount of
computation required by the subsequent Transformer encoder.
Since the input representations may contain a relatively large
number of feature dimensions, the projection operation
provides a more compact representation for contextual feature
processing.

FCI is applied to the feature vectors associated with the
temporal positions of the input utterance. Therefore, the
operation transforms the feature dimension while retaining the
sequential organization of the extracted representations. The
output of FCI1 remains a sequence of feature vectors, with its
temporal structure preserved for processing by the
Transformer encoder.

The Transformer encoder is the principal feature learning
module of the TE-based classifier. It receives the projected
S3R feature sequence and processes the relationships among
representations at different temporal positions. Through the
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self-attention mechanism, each position can incorporate
information from other positions within the input sequence.
The resulting representations therefore contain contextual
information derived from the sequence rather than information
associated solely with individual feature vectors.

The attention mechanism is particularly relevant to speech
processing because the acoustic characteristics of an utterance
vary over time. Different segments may contain different
phonetic content, and the extent to which a segment provides
information useful for distinguishing speakers may also vary.
By modeling relationships among temporal positions, the
Transformer encoder provides a mechanism for learning
contextual patterns from the extracted speech representations.

The multi-head self-attention mechanism allows several
sets of relationships to be modeled through different learned
projections. The attention outputs are processed together and
transformed through the feed-forward sublayers of the encoder.
Residual connections and normalization operations support
information propagation through the network. As a result, the
output of the Transformer encoder consists of a sequence of
feature vectors that has undergone contextual feature
transformation.

In the proposed framework, the input and output of the
Transformer encoder maintain the same sequence length and
hidden feature dimension. This property applies to the encoder
itself, after the input representations have been transformed by
FC1. Although the encoder changes the numerical values and
contextual information contained in the feature vectors, it does
not change their overall sequence shape.

It should be noted that the Transformer encoder does not
directly produce the final speaker classification results. Its role
is to transform the projected speech representations into
contextualized features that can subsequently be aggregated
and classified. The sequence-level output must therefore be
converted into a fixed-length representation before it can be
supplied to the final classification layer.

The mean module performs this conversion through
temporal averaging. It computes the mean value of the
Transformer output feature vectors along the temporal
dimension. For each feature dimension, the values
corresponding to the different time steps are averaged to obtain
a single value. The resulting representation contains one
aggregated value for each hidden feature dimension.

This operation converts a sequence of contextualized frame-
level representations into an utterance-level feature vector.
Unlike the input to the mean module, which contains multiple
temporal positions, the output is a single fixed-length vector
representing the processed utterance. Consequently, the
classifier can obtain an utterance-level representation even
when the input sequences contain different numbers of
temporal positions.

Temporal averaging also provides a relatively simple
aggregation strategy. It does not require an additional trainable
attention-pooling network or a separate sequence modeling
module. Instead, information from the entire Transformer
output sequence contributes to the final aggregated
representation. However, the mean operation assigns equal
averaging weights to the temporal positions, and its
effectiveness depends on the quality of the features produced
by the preceding Transformer encoder.

The distinction between temporal feature processing and
utterance-level aggregation is important in the proposed
architecture. The Transformer encoder operates on the
sequence of feature vectors and learns contextual relationships



across positions, whereas the mean module reduces the
temporal dimension and generates a fixed-length
representation. These operations serve different purposes and
together establish the connection between sequential speech
feature learning and speaker classification.

The aggregated feature vector is subsequently passed to
FC2. This module maps the utterance-level representation to a
vector whose number of output nodes equals the number of
speaker classes in the recognition task. Each output node
corresponds to one enrolled speaker, and its value represents
the classification score assigned to that speaker before
probability normalization.

The output dimension of FC2 is therefore determined by the
number of target speakers. For a task involving a fixed set of
speaker identities, the corresponding classification layer
contains one output node for each identity. When the number
of speaker classes changes, the required output dimension of
FC2 must also be adjusted accordingly. This configuration is
consistent with the speaker identification objective adopted in
the present study, where the input utterance is assigned to one
of the predefined speaker classes.

Although FC1 and FC2 are both fully connected layers, they
operate on representations with different structural
characteristics. FC1 processes the feature vectors at individual
temporal positions and transforms their feature dimensions
before contextual learning. FC2, in contrast, processes the
fixed-length utterance-level representation obtained after
temporal averaging and maps it to the speaker classification
scores.

The softmax module is applied after FC2 to convert the
classification scores into a probability distribution over the
target speaker classes. Each output probability is nonnegative,
and the probabilities associated with all speaker classes sum to
one. The resulting values indicate the relative classification
probabilities assigned by the model to the different speakers.

During inference, the predicted speaker identity is
determined by the output node with the highest probability.
Thus, an input utterance is assigned to the speaker class
associated with the maximum softmax output. The classifier
operates within the predefined speaker set and produces a
speaker identification result based on the information learned
during training.

The TE-based classifier is trained using cross-entropy loss.
During the training stage, an input utterance is processed by
the S3R extractor and the subsequent classification modules to
obtain the predicted speaker probabilities. These probabilities
are compared with the corresponding ground-truth speaker
label through the cross-entropy objective. The loss measures
the discrepancy between the predicted probability distribution
and the target speaker identity.

The training process adjusts the parameters of the TE-based
classifier to reduce the classification loss. Through this process,
the classifier learns how to transform the extracted S3R
features into representations that distinguish among the target
speakers. The FCI layer learns the initial feature projection,
the Transformer encoder learns contextual transformations,
and FC2 learns the mapping between the aggregated utterance-
level representation and the speaker classes.

Once training is completed, the resulting classifier can be
used to identify speakers from input utterances according to
the learned classification parameters. Each test utterance is
processed through the same sequence of modules used during
training. The S3R extractor first generates the pretrained
speech representations, FC1 transforms their feature
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dimension, the Transformer encoder processes the contextual
relationships, and the mean operation produces a fixed-length
utterance-level representation. Finally, FC2 generates the
speaker classification scores, and softmax converts these
scores into probabilities.

The proposed framework is intended for few-shot speaker
identification, in which the classifier is trained using a limited
number of labeled speech samples for each speaker. The
pretrained S3R extractor provides acoustic representations
learned before the downstream classification task, while the
TE-based classifier learns to distinguish the available speaker
identities using those representations. This division between
representation extraction and classification is particularly
relevant when the labeled dataset is relatively small.

Nevertheless, the effectiveness of the framework depends
on the information contained in the extracted representations
and the ability of the classifier to learn appropriate decision
boundaries from the available samples. The use of a pretrained
representation does not eliminate the difficulties associated
with limited labeled data, and the Transformer encoder may
still be affected by the size and distribution of the training
dataset. Therefore, the proposed method is evaluated
experimentally using different input representations rather
than assuming that the combination will necessarily produce
superior recognition results.

In summary, the TE-based classifier transforms sequential
S3Rs into utterance-level speaker classification probabilities
through five successive processing modules. FC1 performs
feature projection, the Transformer encoder learns contextual
relationships, the mean operation aggregates temporal
information, FC2 maps the aggregated representation to the
speaker classes, and softmax produces the final probability
distribution. Together with the S3R extractor, these modules
form the complete few-shot speaker recognition framework
illustrated in Figure 2. The recognition performance of the
proposed method is examined in Section 4.

4. EXPERIMENTAL RESULTS AND ANALYSIS

This section presents the experimental evaluation of the
proposed speaker recognition framework using S3Rs and a
TE-based classifier. The experiments were conducted on the
VCTK speech corpus to examine the recognition performance
of different pretrained speech representations and
classification architectures. Mockingjay and WavLM were
evaluated as alternative input representations, and their results
were compared with those obtained using conventional Mel-
spectrogram features. In addition, a fully connected layer-
based classifier was introduced as a baseline to investigate the
influence of the Transformer encoder on recognition

performance.
The following subsections describe the dataset,
experimental configuration, recognition results, and

comparative analysis.
4.1 Datasets introduction

The proposed method was evaluated using the Centre for
Speech Technology Research Voice Cloning Toolkit (CSTR
VCTK) corpus, a speech dataset containing recordings from
English speakers with different accents. The experimental
dataset included 109 speakers, each contributing
approximately 400 spoken sentences. The speech recordings



contain variations in phonetic content and speaker
characteristics, making the corpus suitable for investigating
speaker identification using different acoustic feature
representations.

In this study, the task was formulated as closed-set speaker
identification. The objective was to classify each evaluation
utterance into one of the 109 speaker identities included in the
experimental dataset. Each speaker was represented in the
training, development, and evaluation subsets, allowing the
classification model to learn speaker-specific characteristics
from the training recordings and identify speakers from
separate evaluation utterances.

The dataset was divided into three subsets: training,
development, and evaluation. The approximate ratio among
the three subsets was 4:1:1. This partitioning strategy was
applied at the utterance level, with recordings from each
speaker distributed among the three subsets. The training set
contained 28,695 utterances, while the development and
evaluation sets each contained 7,306 utterances. The total
number of utterances used in the experiments was 43,307. The
distribution of utterances across the three subsets is
summarized in Table 1.

Table 1. Distribution of utterances in the VCTK
experimental dataset

Subset Utterance Number
Training set 28,695
Development set 7,306
Evaluation set 7,306

The training set was used to optimize the parameters of the
speaker classification model. During training, the
development set was used to evaluate the intermediate models
and select the model with the best development-set
performance. The selected model was subsequently evaluated
on the independent evaluation subset to obtain the reported
recognition results.

This division separates model training and model selection
from the final performance evaluation. Since the same speaker
identities were included in all three subsets, the experiments
assessed the ability of the classifier to recognize previously
registered speakers from utterances not used for model
training. The evaluation therefore represents a closed-set
speaker identification task rather than recognition of entirely
unseen speaker identities.

The use of the three subsets also makes it possible to
compare different representation and classification
configurations under a common experimental dataset. In the
following experiments, the performance of the proposed
framework was examined using Mockingjay and WavLM
representations, with additional comparisons involving Mel-
spectrogram features and an alternative classifier architecture.

4.2 Experimental setup

The experiments were implemented using PyTorch and
conducted on a computing platform equipped with an NVIDIA
RTX AS5000 GPU. The evaluation focused on speaker
identification  performance using different speech
representations and classification architectures.

Recognition accuracy was used as the evaluation metric,
defined as the proportion of evaluation utterances whose
predicted speaker identities matched their corresponding
ground-truth labels. For each input utterance, the classifier
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generated scores for the 109 target speaker classes, and the
speaker associated with the highest output probability was
selected as the predicted identity.

Two pretrained self-supervised speech models, Mockingjay
and WavLM, were used to obtain the input feature
representations. The pretrained models were employed as
feature extractors without fine-tuning their parameters during
the downstream speaker classification experiments.
Accordingly, the classification model was trained using
speech representations generated by the pretrained extractors.

WavLM consists of a convolutional feature encoder
followed by a Transformer-based contextual encoder. The
convolutional feature encoder contains seven temporal
convolutional layers with 512 channels. Their convolutional
strides are configured as (5, 2, 2, 2, 2, 2, 2), while the
corresponding kernel sizes are (10, 3, 3, 3, 3, 2, 2). The
Transformer-based component processes the resulting latent
acoustic features and incorporates contextual information
across the sequence. The model also employs convolution-
based relative positional information, with a kernel size of 128
and 16 groups. Further details of the WavLM architecture are
provided in reference [19].

Mockingjay employs a Transformer encoder to learn
contextualized representations from Mel-spectrogram features.
The model configuration considered in this study contains six
Transformer encoder layers. Each layer has a hidden
dimension of 768, a feed-forward network with 3,072 hidden
units, and 12 attention heads. Through masked acoustic
modeling during pretraining, Mockingjay learns relationships
among speech frames and produces contextual feature
representations. Additional architectural details can be found
in reference [18].

In the representation extraction stage, Mockingjay and
WavLM were applied separately to the input utterances. The
extracted Mockingjay representations had a feature dimension
of 768, while the WavLM representations had a feature
dimension of 1,024. These representations served as
alternative inputs to the TE-based classification network.

The TE-based classifier consisted of two fully connected
layers, a Transformer encoder, a temporal mean pooling
operation, and a softmax output layer. The first fully connected
layer (FCl1) projected the input features into a 512-
dimensional space. This operation reduced the feature
dimensions of Mockingjay and WavLM representations from
768 and 1,024, respectively, to a common dimension of 512.

The projected features were subsequently processed by the
Transformer encoder to learn contextual relationships within
the input sequence. Temporal mean pooling was then applied
to aggregate the sequence representations into a fixed-length
utterance-level feature vector. The second fully connected
layer (FC2) mapped this vector to 109 output nodes,
corresponding to the 109 speakers in the experimental dataset.
Finally, the softmax operation converted the output scores into
speaker classification probabilities.

The TE-based classifier was trained using the cross-entropy
objective, with the ground-truth speaker identities serving as
classification labels. The pretrained speech representation
extractors were not fine-tuned during this process. Thus, the
experimental framework examined the effectiveness of the
extracted speech representations when used with a separately
trained downstream classifier.

The same general TE-based classification architecture was
adopted for the comparisons involving Mockingjay, WavLM,
and Mel-spectrogram input features. The comparative



experiments were designed to examine the influence of the
input feature representation and the classification architecture
on recognition performance.

4.3 Experimental results

Table 2 presents the recognition results obtained on the
VCTK evaluation set using Mockingjay and WavLM
representations with the proposed TE-based classifier. The
performance of the two representations was evaluated in terms
of speaker identification accuracy.

Table 2. Experimental results on the evaluation set of VCTK
using S3R and TE-based classifier in terms of accurary

S3R Classifier Accuracy (%)
Mockingjay representation  TE-based 94.80
WavLM representation TE-based 92.29

As shown in Table 2, the proposed framework achieved an
accuracy of 94.80% using Mockingjay representations and
92.29% using WavLM representations. Both configurations
achieved recognition accuracy exceeding 90% on the VCTK
evaluation set, indicating that the extracted representations
could be used to distinguish among the 109 speaker classes
under the adopted experimental conditions.

Mockingjay achieved a recognition accuracy 2.51
percentage points higher than that obtained using WavLM.
Since both representations were processed using the same
general TE-based classification architecture, the results
indicate that the selection of input speech representation
influenced the recognition performance of the downstream
classifier.

The difference may be related to the distinct pretraining

objectives and feature extraction procedures of the two models.

Mockingjay learns contextual information from Mel-
spectrogram features, whereas WavLM processes speech
waveforms through convolutional feature extraction and
Transformer-based contextual learning. These differences
may affect the characteristics of the information retained in the
resulting feature representations. However, the experimental
results alone do not establish that Mockingjay contains more
speaker identity information than WavLM.

The results demonstrate that both pretrained speech
representations can be employed in the proposed speaker
identification framework. Among the two representations
considered, Mockingjay produced the higher recognition
accuracy on the evaluation set. This finding also indicates that
recognition performance depends not only on the classifier
architecture but also on the characteristics of the speech
representations supplied to it.

4.4 Comparison with Mel-spectrogram

To investigate the influence of self-supervised speech
representation learning on recognition performance, the
proposed framework was compared with a baseline using
conventional Mel-spectrogram features. The comparison was
conducted using the same general TE-based classification
architecture, with the input feature representation varied
among Mel-spectrogram, Mockingjay, and WavLM.

Table 3 presents the recognition accuracy obtained using the
three feature representations on the VCTK evaluation set.

As shown in Table 3, the TE-based classifier achieved an
accuracy of 89.09% when conventional Mel-spectrogram
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features were used as input. In comparison, the accuracy
increased to 94.80% with Mockingjay representations and
92.29% with WavLM representations. These results
correspond to improvements of 5.71 and 3.20 percentage
points, respectively, over the Mel-spectrogram baseline.

Table 3. Comparison of Mel-spectrogram and S3Rs on the
VCTK evaluation set

Feature Classifier Accuracy (%)
Mel-spectrogram TE-based 89.09
Mockingjay representation TE-based 94.80
WavLM representation TE-based 92.29

The results indicate that both S3Rs produced higher speaker
identification accuracy than the conventional Mel-
spectrogram features under the adopted experimental
conditions. The improvement was more pronounced for
Mockingjay, while WavLM also showed a measurable
increase over the baseline.

One possible explanation is that S3Rs incorporate
contextual information acquired during pretraining on speech
data. Unlike conventional Mel-spectrogram features, which
primarily describe local spectral characteristics, pretrained
representations contain transformed information derived from
the learning objectives and architectures of the respective
models. Such information may be useful for the downstream
classifier when distinguishing among speakers.

Nevertheless, the observed differences should not be
interpreted as direct proof that the pretrained representations
contain a greater quantity of speaker identity information. The
relative performance may also depend on differences in
feature dimensionality, pretraining strategies, and the
interactions between the extracted representations and the
classifier. The present comparison establishes the relative
recognition performance of the evaluated configurations rather
than identifying the precise representation properties
responsible for the differences.

Overall, the findings show that the use of Mockingjay and
WavLM representations was associated with higher
recognition accuracy than the Mel-spectrogram baseline.
These results support the use of pretrained S3Rs for speaker
identification under the experimental conditions considered in
this study.

4.5 Comparison with FC-based classifier

To examine the influence of the Transformer encoder on
classification performance, the proposed TE-based classifier
was compared with an alternative fully connected layer-based
(FC-based) classifier.

The FC-based classifier was constructed by replacing the
Transformer encoder module in the proposed framework with
a fully connected layer. The remaining general processing
structure was retained, allowing the two architectures to be
compared using the same input speech representations. The
framework of the FC-based classifier is illustrated in Figure 3.

For the FC-based classifier, the first fully connected layer
(FC1) and the intermediate fully connected layer were
configured with 512 output nodes. The final fully connected
layer (FC2) contained 109 output nodes, corresponding to the
number of speakers in the experimental dataset.

Both Mockingjay and WavLM representations were
evaluated using the FC-based and TE-based classification
architectures. Table 4 presents the corresponding recognition



results on the VCTK evaluation set.

Speech

FC-based classifier

S3R

extractor FC
Softmax FC2 Mean

Lon_n_}

Spk1 Spk2 SpkN

Figure 3. The framework of the FC-based classifier

Table 4. Comparison with FC-based classifier on evaluation
set using S3R in terms of accuary

Feature Classifier Accuracy (%)
Mockingjay representation FC-based 93.44
WavLM representation FC-based 89.71
Mockingjay representation TE-based 94.80
WavLM representation TE-based 92.29

As shown in Table 4, the FC-based classifier achieved an
accuracy of 93.44% with Mockingjay representations,
whereas the TE-based classifier achieved 94.80%. The
improvement associated with the TE-based classifier was
therefore 1.36 percentage points.

When WavLM representations were used, the FC-based
classifier achieved an accuracy of 89.71%, while the TE-based
classifier reached 92.29%. The corresponding improvement
was 2.58 percentage points, indicating a larger difference
between the two classification architectures for WavLM than
for Mockingjay.

These results show that the TE-based classifier
outperformed the adopted FC-based baseline for both input
representations. The improvement may be associated with the
ability of the Transformer encoder to model relationships
among features at different temporal positions through self-
attention. Unlike a conventional position-wise fully connected
transformation, the Transformer encoder can integrate
information across the input sequence before temporal
aggregation.

However, the observed performance differences cannot be
attributed exclusively to the self-attention mechanism. The
two classifiers differ in their internal architectures, and their
relative performance may also depend on model capacity and
parameter configurations. Therefore, the findings should be
interpreted as a comparison between the specific classifier
implementations considered in this study.

A comparison of the two speech representations across the
classification architectures provides an additional observation.
Mockingjay achieved higher recognition accuracy than
WavLM with both classifiers. Under the FC-based
architecture, Mockingjay exceeded WavlLM by 3.73
percentage points. With the TE-based classifier, the difference
decreased to 2.51 percentage points.
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This result indicates that the relative ranking of the two
input representations remained unchanged across the
evaluated classifiers, although the size of the performance
difference varied. The larger improvement obtained by
WavLM when replacing the FC-based classifier with the TE-
based classifier also suggests that the influence of the
classification architecture may differ according to the
characteristics of the input representations.

Taken together, the results indicate that the proposed TE-
based classifier achieved higher speaker identification
accuracy than the adopted FC-based baseline on the VCTK
evaluation set. Combined with the comparisons in Sections 4.3
and 4.4, these findings demonstrate the importance of both
input representation selection and classifier architecture in the
evaluated speaker identification framework.

5. CONCLUSIONS

This study proposed a few-shot speaker recognition
framework that combines S3Rs with a TE-based classifier.
Two pretrained speech representations, Mockingjay and
WavLM, were separately employed to extract acoustic
features from input utterances. The resulting representations
were processed by a classification network consisting of two
fully connected layers, a Transformer encoder, a temporal
mean pooling module, and a softmax layer. The first fully
connected layer projected the extracted representations into a
lower-dimensional feature space, while the Transformer
encoder learned contextual relationships within the feature
sequences. Temporal mean pooling subsequently aggregated
the learned features into fixed-length utterance-level
representations for speaker classification.

The experimental results demonstrated the feasibility of
applying pretrained S3Rs to few-shot speaker identification.
The proposed framework achieved recognition accuracy
values of 94.80% and 92.29% when using Mockingjay and
WavLM representations, respectively. Under the evaluated
experimental conditions, Mockingjay produced higher
recognition accuracy than WavLM. Furthermore, the
comparison with conventional Mel-spectrogram features
indicated that S3Rs provided more effective input features for
the proposed classification framework. These findings suggest
that pretrained speech representations can support speaker
discrimination when only limited labeled training samples are
available.

Nevertheless, the reported results are specific to the
experimental settings considered in this study. Further
investigation is required to assess the generalization of the
framework across different speech datasets, recording
conditions, and numbers of labeled samples per speaker.
Future work may also examine the computational
requirements of the classifier and the performance of
additional pretrained speech representation models under few-
shot recognition conditions.
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