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The abuse of synthetic speech poses significant threats to social security. However, existing detection models
often struggle with generalization, especially when confronted with novel and unknown attacks. To address
this challenge, we propose a novel method for audio deepfake detection called multi-feature wavelet attention
audio deepfake detection (MWAADD). Specifically, we first extract self-supervised speech sequence features
and emotional features using the wav2vec2 XLSR pre-trained model and an emotion recognition model. To
better understand and capture these features, we introduce wavelet transform into deep neural networks,
which enhances the model’s ability to capture detailed information. Additionally, we combine this with an
attention mechanism to focus on the most discriminative speech features. We further incorporate a Long
Short-Term Memory (LSTM)-attention module to capture temporal dependencies and selectively focus on key
features, ensuring the model highlights the most important clues. Experimental results show that our method
outperforms existing state-of-the-art techniques, particularly in terms of generalization and robustness. Notably,
on the ASVspoof 2019LA, ASVspoof 2021DF, and In-the-Wild datasets, our method achieves equal error rates

of 0.18%, 2.55%, and 9.08%, respectively, demonstrating its superior detection performance.

1. Introduction

The advancements in speech synthesis technology have led to in-
creasingly realistic synthesized speech, thereby presenting significant
challenges in distinguishing it from genuine speech [1-6]. Criminals
utilize the generated spoofed audio to commit crimes such as telephone
fraud and extortion, which directly endangers the property safety of
citizens [7-9]. At the same time, maliciously synthesized speeches
are widely spread on social media, potentially undermining personal
reputations and impacting social stability [10-13]. Furthermore, these
forged speeches pose a serious threat to automated speaker verification
(ASV) systems [14-16]. Therefore, the development of efficient audio
deepfake detection technology has become a critical priority.

To reduce the risks associated with fake audio, researchers have
proposed various detection approaches based on acoustic features and
deep learning models. Conventional handcrafted features, such as lin-
ear frequency cepstrum coefficient (LFCC) [17], constant Q transform
(CQT) [18], and Mel-frequency cepstrum coefficien (MFCC) [19], ex-
tract low-level time-frequency representations through signal process-
ing techniques. Meanwhile, convolutional neural networks (CNNs) have

been widely used due to their ability to learn complex patterns from
audio [20-22]. Although traditional cepstral features have been widely
used in spoof detection, they often fail to capture localized artifacts
introduced across different frequency bands by advanced forgery algo-
rithms, limiting robustness in real-world scenarios [23]. In addition, as
handcrafted representations, they inherently lack the ability to encode
high-level semantic cues, making it difficult to model the subtle charac-
teristics of synthetic speech. Meanwhile, traditional CNN-based models
also suffer from poor generalization, particularly under unseen or low-
quality conditions [24]. This is partly due to the merging operations
frequently adopted in CNNs, such as pooling or downsampling, which
may lead to the loss of temporal information that is crucial for audio
analysis.

Given the unknown forgery types and noise in real-world scenarios,
and the limited generalization of prior methods, enhancing the robust-
ness and adaptability of detection systems remains a critical challenge.
To address these limitations, recent studies have turned to features
extracted from self-supervised pre-trained models, such as wav2vec2
XLSR [25], which demonstrate strong generalization ability across
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diverse domains [26]. Another practice is to incorporate emotional
features into audio deepfake detection to enhance the discriminative
effect. Since existing speech synthesis technology has difficulty in gen-
erating high-level speech features, such as emotional features [27-29].
In parallel, multi-scale analysis has emerged as a promising direction,
which has proven effective in capturing inconsistencies across varying
temporal and frequency resolutions. In particular, wavelet transform
offers a powerful tool for such multi-scale analysis, enabling the ex-
traction of localized frequency components that are often indicative
of manipulation. Prior studies have shown that wavelet-based features
are capable of revealing subtle artifacts and enhance generalization to
unseen attacks [30-32].

In this paper, we propose a multi-feature wavelet attention neural
network for audio deepfake detection (MWAADD), which integrates
multi-features and multi-scale feature processing to enhance robustness
under unknown attacks and noisy conditions. Specifically, this work
utilizes the wav2vec2 XLSR (XLSR) and a speech emotion recognition
(SER) pre-trained model to extract multi-features, effectively capturing
both the acoustic sequence and emotional information. These features
are fused and fed into the proposed multi-scale wavelet attention
neural network (MWANN). Unlike conventional approaches that apply
wavelet transforms directly on raw signals, we use wavelets as an ana-
lytical tool to analyze mutational structures in deep representations in a
more fine-grained manner, which are key clues in synthesized speech.
This approach retains the semantic expression of pre-trained features
while introducing the multi-scale modeling capability of wavelets.
To overcome the lack of focus in traditional wavelet decomposition,
we introduce a self-attention mechanism after the transform to em-
phasize discriminative components, especially those in high-frequency
bands where artifacts often manifest [33]. This attention-enhanced
decomposition allows the model to adaptively focus on spoof-relevant
features. The resulting embeddings are passed to an LSTM-attention
classifier to model temporal dependencies and perform final classi-
fication. This architecture demonstrates superior generalization and
robustness across multiple benchmark datasets, especially under low-
quality and unseen spoofing conditions. The main contributions of this
work are summarized as follows:

» Developed a novel detection method that synergistically inte-
grates both acoustic sequences and emotional features, signifi-
cantly enhancing the ability to identify spoofed speech.

» Designed an advanced classification framework that combines
multi-scale attention mechanisms with the wavelet transformer,
markedly improving the model’s generalization and robustness.

» Sufficient experiments have been conducted on various public
datasets and the results confirm that our proposed method ex-
hibits outstanding detection capabilities.

This paper is organized as follows. Section 2 reviews the related
works, Section 3 outlines the proposed detection method, Section 4
details the experimental setup, and Section 5 analyzes the experimental
results in detail. Conclusions in Section 6.

2. Related work

With the rapid advancement of speech synthesis technologies, audio
deepfake detection has gradually evolved from traditional handcrafted
feature-based approaches to deep representation learning frameworks
[34-37]. Representative studies have explored different strategies for
improving detection performance. For instance, RawNet2 [38] directly
learns discriminative representations from raw speech waveforms with-
out relying on handcrafted frontends, whereas AASIST [39] employs
integrated graph attention mechanisms to capture spectro-temporal
dependencies for robust spoofing detection. Other studies have further
incorporated pitch-related subband representations to enhance forgery-
sensitive cues [40], systematically investigated the effectiveness of self-
supervised pre-trained frontends [41], and improved robustness against
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noisy synthetic speech through knowledge distillation [3]. These ad-
vances demonstrate that robust feature representation learning has
become a central research focus in modern audio deepfake detec-
tion. Building upon this trend, the following subsections review recent
progress in self-supervised feature extraction and wavelet-based rep-
resentation learning, which are most closely related to the proposed
framework.

2.1. Self-supervised pre-trained feature extraction

Recent developments in large-scale pre-trained speech models have
significantly promoted the application of self-supervised representa-
tions in audio deepfake detection. Trained on massive amounts of
unlabeled speech data, these models are capable of learning rich con-
textual and phonetic representations with strong generalization ability.
Recent benchmark studies have also systematically investigated differ-
ent self-supervised frontends for speech spoofing countermeasures and
demonstrated that pre-trained representations consistently outperform
conventional handcrafted acoustic features under both in-domain and
cross-domain evaluation settings.

Xiao et al. [42] proposed a dual-column Mamba architecture com-
bined with the pre-trained wav2vec 2.0 model for spoofing detection,
achieving significant improvements on challenging datasets. Similarly,
Rosello et al. [43] employed Conformer networks with wav2vec 2.0 fea-
tures, demonstrating strong performance in synthetic speech detection.
Zhang et al. [44] fused XLSR and HuBERT representations to obtain
more robust speech embeddings. Yang et al. [45] compared fourteen
different speech representations and showed that features extracted
from pre-trained models exhibit substantially better cross-dataset gen-
eralization than conventional handcrafted features. Wu et al. [46]
further introduced self-supervised learning into adversarial defense for
automatic speaker verification systems, demonstrating the robustness
of pre-trained speech representations against adversarial attacks.

Overall, self-supervised pre-trained models have significantly im-
proved feature representation and model generalization in audio deep-
fake detection. Nevertheless, these representations mainly focus on
linguistic and acoustic information while overlooking certain high-level
semantic cues, such as emotional characteristics [47,48]. Motivated
by this observation, our method combines emotional features with
contextual embeddings extracted from a self-supervised speech model,
enabling the network to simultaneously capture high-level semantic
information and deep phonetic representations. Such complementary
feature fusion enhances discriminative capability while improving ro-
bustness against unseen synthetic attacks.

2.2. Wavelet transform for audio deepfake detection

Wavelet transform has attracted considerable attention owing to
its excellent capability for multi-scale time-frequency analysis [49-
51]. Leveraging this property, a number of studies have incorporated
wavelet analysis into audio deepfake detection to enhance the char-
acterization of subtle synthesis artifacts. Novoselov et al. [30] first
introduced wavelet transform into audio deepfake detection,comparing
the effectiveness of phase, MFCC, and wavelet-based semantic repre-
sentations. Fathan et al. [23] further investigated multiple wavelet de-
composition strategies on Mel-spectrograms and proposed WaveletCNN
to improve spectral feature modeling. Gupta et al. [31] employed
the continuous wavelet transform with generalized Morse wavelets to
capture transient cues like signal bursts, which are key for detecting
spoofed speech. Their study showed that Morse wavelet-based fea-
tures outperformed short-time Fourier transform (STFT) and CQT in
detection accuracy. Similarly, Avaiya et al. [32] introduced scattering
transform to extract stable, multi-scale time-frequency representations,
enhancing sensitivity to subtle signal inconsistencies and improving
cross-domain robustness.
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Fig. 1. The overall framework of MWAADD. This framework extracts semantic features from XLSR and SER. Then, it uses multi-scale attention wavelet transform
layers to capture spoofing clues and performs final classification through LSTM-attention module. The light yellow box at the bottom represents the attention

wavelet block and the green box represents the self-attention module. Here L is 4.

Although existing wavelet-based approaches have achieved promis-
ing performance, most of them apply wavelet transform directly to
raw waveforms or spectrograms, which primarily capture low-level
acoustic details while insufficiently exploiting high-level semantic rep-
resentations. With the emergence of large-scale self-supervised speech
models, pre-trained embeddings have become substantially richer and
more robust than conventional handcrafted features. Therefore, rather
than applying wavelet transform directly to the input speech signal,
we introduce a wavelet-based attention mechanism into the embedding
space of pre-trained representations to enhance temporal-frequency dis-
crimination while preserving semantic information. Similar ideas have
been successfully explored in computer vision, where WaveMix [52]
and WaveMixSR [53] employ wavelet transforms as feature-space token
mixers instead of operating on raw inputs. Inspired by these studies, our
design combines the semantic richness of pre-trained representations
with the multi-scale modeling capability of wavelet transform, leading
to more discriminative and generalizable representations for audio
deepfake detection.

3. Proposed method

In this session, we elaborate on the overall framework of the
MWAADD, as shown in Fig. 1. The detection framework comprises
feature extraction and the MWANN. Specifically, MWANN consists
of multi-scale attention wavelet transform layers and LSTM-attention
back-end classifiers. Together, these components provide a comprehen-
sive approach for audio deepfake detection.

3.1. Overview

As demonstrated in Fig. 1, the SER module and the XLSR module re-
ceive the audio data simultaneously for fine-tuning, yielding emotional
and sequence features. Subsequently, these extracted features are input
into the multi-scale attention wavelet transform layers to capture more
detailed embedding information. Then, MWAADD employs a LSTM-
attention mechanism to concentrate on relevant characteristics across
various time steps, thereby improving the overall feature representation

capability. The output embeddings are subsequently processed by the
multi-layer perceptron (MLP) for final classification. Overall, MWAADD
integrates sequence and emotional features, employing wavelet at-
tention, LSTM, and self-attention mechanisms, ultimately executing
classification via fully connected layers.

3.2. Feature extractors

3.2.1. wav2vec2 XLSR

Based on wav2vec 2.0, XLSR is a large-scale model for learning
cross-lingual speech representations. It has demonstrated strong per-
formance in spoofed audio detection tasks. Its ability to capture rich
phonetic and structural information makes it particularly suitable for
identifying subtle artifacts and inconsistencies in synthesized speech.
Fig. 2 illustrates the architecture of the network, which is composed of
multi-layer CNNs and a transformer network. In the pre-training phase,
the model undergoes training utilizing a contrastive loss function. XLSR
transforms the input audio X,.; into latent speech representations
Z,.r using a convolutional feature encoder network. The convolutional
feature encoder network is composed of multiple CNN modules. The
modules collaboratively process the input audio to extract its latent fea-
ture representation incrementally. At the same time, Z,.; is discretized
into a finite set of speech representations, denoted as q,.,. The feature
Z,.r is simultaneously masked and input into a transformer network
to generate contextualized representations c¢,.;. In this study, we select
the pre-trained Wav2Vec 2.0 XLSR 300M model. It was pre-trained with
up to 2 billion parameters on 436K hours of publicly available speech
audio across 128 languages.

Given that the pre-training phase utilizes only unlabeled bonafide
audio, it is essential to fine-tune the detection system with both spoof
and bonafide training data. As illustrated in Fig. 2(b), in the fine-tuning
process, the original speech X,.; is also input into the convolutional
feature encoder network. The resulting feature vector Z,.r is then
passed into a transformer network, which produces the output sequence
o,.7. We treat the output of the final transformer layer as the embed-
ding feature, as it captures rich contextual and semantic information
suitable for downstream classification tasks. The entire classification
model is fine-tuned using the ASVspoof 2019 LA training data.
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Fig. 3. The overall framework of SER. It extracts the log-mel spectrogram from
the audio, which is then input into the convolutional recurrent neural net-
works. Finally, sentiment classification is performed using the fully connected
layer. The light yellow box shows the emotional feature extraction part we
used.

3.2.2. SER

Recent speech synthesis technology encounters significant diffi-
culties in the precise generation of natural emotional expressions.
Consequently, the extraction of emotional features can facilitate the
effective classification of speech authenticity. The emotional features
utilized in this study are derived from the 3D convolutional recurrent
neural network proposed in the literature [54]. The network structure is
illustrated in Fig. 3. To address the speech emotion recognition task, the
author defines it as a multi-category classification problem, assuming
the existence of N potential emotion categories in the speech. For the
given speech signal X, the output of the network is the emotion cate-
gory set Ex € {ey, e,,..., ¢;,..., e,}, where e; represents the specific
emotion category. They proposed that input speech signal X needs to
be preprocessed before entering the emotion classification network. The
spectrum of X is initially computed using the STFT, followed by a loga-
rithmic transformation of the STFT amplitude to produce a logarithmic
spectrogram. Subsequently, the logarithmic spectrogram is processed
through a series of 3D convolutional layers, followed by linear layers.
After that, bidirectional long short-term memory networks (Bi-LSTM)
are employed, along with an attention layer. Finally, the probability
distribution of each emotion category is output through a softmax layer.
To prepare for deepfake detection, we extract the output from the final
attention layer, which captures the utterance-level sentiment features.
The model is pre-trained on the IEMOCAP dataset [55] and then fine-
tuned to adjust to the audio spoofing detection task. As a result, the
extracted emotion vector could be used to recognize synthetic speech
as well as categorize emotions.

3.3. Multi-scale attention wavelet neural network
The XLSR and SER features are first concatenated along the channel

dimension, after which the fused representation is passed into the
proposed multi-scale attention wavelet neural network. This network is
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composed of two main components: the multi-scale attention wavelet
transform layer and the LSTM-attention back-end classifier.

3.3.1. Multi-scale attention wavelet transform layer

The wavelet transform is an effective multi-scale analytic tool
that has typically been used to divide raw signals into components
with varying temporal and frequency resolution. Instead of apply-
ing wavelets to raw audio, we use this capability within the neural
embedding space, specifically the feature representations generated
by pre-trained models. By applying the wavelet transform to these
embeddings, we enable multi-resolution decomposition of high-level
semantic features, which facilitates the detection of subtle, localized
artifacts that may be blurred or lost in traditional feature spaces. This
design leverages the semantic richness of neural embeddings while
benefiting from the multi-scale analysis capability of wavelets. To
further enhance the model’s ability to identify spoof-specific cues, we
propose the multi-scale attention wavelet neural operator (MAWNO),
which adopts a structured pipeline composed of discrete wavelet trans-
form (DWT), the self-attention module, and inverse discrete wavelet
transform (IDWT). First, the DWT enables multi-scale decomposition
along the temporal axis of neural embeddings, which allows the model
to capture fine-grained temporal variations that frequently character-
ize synthetic speech. Second, conventional wavelet filtering is static
and lacks adaptability [56]. To overcome this, we introduce a self-
attention mechanism to selectively refine the high-frequency wavelet
coefficients, enabling the model to dynamically focus on regions that
are more likely to contain discriminative artifacts. Finally, the IDWT
reconstructs the modified frequency components back into the tempo-
ral feature space, effectively preserving local discriminative. Through
this integration of multi-scale analysis and deep semantic modeling,
the MAWNO module significantly boosts the model’s discriminative
capacity to detect artifacts in challenging audio deepfake scenarios.

Fig. 1 illustrates the overall structure of the multi-scale attention
wavelet transform layer. First, the input features are processed through
the linear layer to map the features into a higher-dimensional space.
This process enables the model to capture complex patterns and rela-
tionships within the audio. The transformed features are subsequently
processed by L stacked MAWNO blocks, and then restored to their
original dimensionality using another linear layer. Each MAWNO block
consists of three core steps: wavelet decomposition, attention-enhanced
processing, and inverse wavelet reconstruction. As shown in Fig. 1,
the input I(X) is first decomposed into multi-scale coefficients using
the DWT, denoted by W. Specifically, DWT decomposes the input
feature sequence into m levels (APX,, DET,, ..., APX,,, DET,,). Con-
trary to classical assumptions, the lower-level coefficients (e.g., DET)
capture high-frequency details that may contain critical manipulation
traces as well as noise, while higher-level coefficients correspond to
progressively lower-frequency bands. In our wavelet attention Mod-
ule, we do not impose a priori assumptions on which sub-bands are
informative. Instead, we apply a self-attention mechanism to the high-
frequency coefficients at the final decomposition level (e.g., DET,,)
to adaptively emphasize regions likely to contain subtle manipulation
artifacts. Subsequently, a convolutional operation further enhances
discriminative patterns before recombining all sub-bands via the IDWT,
yielding a representation that integrates complementary information
across scales. The self-attention mechanism is applied to the DET,,
using the following formula:

Q =DET,, - W,
K =DET,,- W, @
V =DET,,- W,

where W, W, and W, are learnable parameter matrices that define
the attention formula.

T
Attention(Q, K, V') = Softmax < 0-K ) V. 2
Vd
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By combining Eqgs. (1) and (2), DET}, is simply obtained:
DET:n = Conv1D (Attention(Q, K, V)). 3)

Meanwhile, to enhance the spoof-awareness of the low-frequency
components extracted via wavelet decomposition, the approximation
coefficients APX,, are processed through a convolutional transforma-
tion to yield APX’ . These modified coefficients are then recombined
using the IDWT to reconstruct a refined features that retain both the
original resolution and enhanced spoof-awareness. In parallel, the input
I(X) is processed through a 1 x 1 convolution path. This branch
facilitates cross-channel feature fusion and introduces nonlinearity,
which serve as a supplementary path to avoid the loss of useful orig-
inal features. The final output O(X) is obtained by concatenating
both branches. This dual-branch structure promotes a richer and more
robust feature representation by effectively integrating the enhanced
features with the original input features, thereby improving the model’s
generalization and spoof detection performance.

In our implementation, we adopt the Daubechies 6 (db6) wavelet
family for both DWT and IDWT operations. This family offers a good
trade-off between time localization and frequency smoothness, which
is crucial for capturing transient anomalies introduced by spoofing
techniques. Overall, the MAWNO module equips the model with the
ability to analyze speech signals across multiple resolutions while
adaptively focusing on discriminative patterns, thereby improving ro-
bustness against unseen and noisy forgeries.

3.3.2. LSTM-attention back-end classifier

The resulting feature vectors are then processed by LSTM models.
LSTM can extract higher-level features from speech data [57]. To
improve the model’s processing of temporal information, we add an
attention mechanism to improve performance by understanding context
and dependencies. Specifically, [58,59] demonstrate the efficacy of
self-attention in language modeling and enhancement. These findings
highlight the powerful potential of attention mechanisms in speech
signal processing. Let the output of the multi-scale attention wavelet
neural layers be denoted as O € REXT%F where B is the batch size, T
is the frame number, and F is the feature dimension. The equations for
the LSTM-Attention module are given as follows:

0 € RBXTXF (C))

h, = LSTM(O[t — 1], O[1)), ()
T

Otgmrate = 2 ahy, 6

t=1

where the attention weight «, is calculated by:
exp (w;'; h,)

Ticiexp (wlhy)’
where w, is a learnable parameter vector.

Eq. (5) represents the recursive formulation of the LSTM module,
where the input feature at the tth time step, denoted as O[r], is com-
bined with the previous state O[f — 1] to compute the new hidden state
h,. This formula describes the core mechanism of LSTM, which pro-
cesses sequence data by leveraging the temporal dependencies between
time steps. Eq. (6) denotes the final output resulting from the combi-
nation of LSTM and the attention mechanism. Specifically, O 0 €
REXTXF denotes the aggregated sequence output, obtained by com-
puting a weighted summation over all LSTM hidden states h,. The
attention weights «, are dynamically computed to reflect the relative
importance of each time step in contributing to the final representation.
To obtain optimal classification performance, the attention-enhanced
features are passed through a three-layer multilayer perceptron with
batch normalization and dropout applied to reduce overfitting. The
fully connected process is described as:

)

L

x; =Wy Ogmpan + b1, ®
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x, = W, - Dropout(x;) + b,, 9
y = W3 - Dropout(x,) + b;. (10)

Here, W, W, and W ; are learnable weight matrices, and b, b, and
b; are the corresponding bias vectors. The final output y represents the
classification logits used for prediction.

4. Experiments
4.1. Experimental settings and metrics

4.1.1. Datasets

To assess the proposed method, we conducted experiments on mul-
tiple public audio spoofing datasets. These datasets generate forged
audio using a variety of text-to-speech (TTS) and voice conversion (VC)
algorithms, as well as their hybrids. This study utilized the ASVspoof
2019LA (19LA) training dataset [60] for training and assessed perfor-
mance using the 19LA evaluation dataset, ASVspoof 2021LA (21LA)
[61], ASVspoof 2021DF (21DF) [61], and an unseen dataset called
In-the-Wild (ITW) [62]. Table 1 presents the detailed statistics of
the experimental datasets, which are described as follows. The 19LA
dataset, based on VCTK [63], includes speech forged by 19 TTS and
VC algorithms. It integrates spoofing attacks created by 13 different al-
gorithms, identified as A07 to A19. Among these, there are 11 unknown
spoofing algorithms and 2 known algorithms (A16 and A19, using the
same methods as A04 and A06). 21LA, derived from 19LA, simulates
real-world transmission scenarios with varying codecs, bit rates, and
sampling rates. 21DF is part of ASVspoof 2021, featuring spoofed
audio from over 100 TTS and VC systems across three source domains
(VCTK, VCC2018 [64], VCC2020 [65]), along with diverse compression
schemes. The ITW dataset consists of real-world English audio collected
from online media, including public speeches with various background
conditions such as noise, reverberation, and streaming artifacts.

4.1.2. Evaluation metrics

This paper evaluates the effectiveness of the model and its impact
on the ASV system using equal error rate (EER) and minimum tandem
detection cost function (mt-DCF) as the primary indicators in the two
datasets 19LA and 21LA. However, in the 21DF and ITW datasets,
which focus exclusively on forged voice detection without considering
the integration with the ASV system, the evaluation metric is limited
to the EER.

EER. The EER is a widely used metric in audio deepfake detection. It
refers to the error rate at the threshold where the false acceptance rate
(FAR) equals the false rejection rate (FRR). A lower EER indicates better
detection performance. Let # denote the decision threshold, then:

EER = Py 4z(0) = Prgg(0). an

mt-DCF. To assess the reliability of detection systems in practical ASV
scenarios, the mt-DCF is introduced. It jointly considers detection errors
and their cost impact on the ASV system. Defined as:

mt-DCF = min{fPrrr(0) + Pr4r(0)}, (12)

where g reflects the relative cost and prior probabilities in a specific
ASV configuration. A lower min t-DCF indicates better performance in
real-world integration with speaker verification systems.

4.1.3. Implementation details

During the training phase, input audio was preprocessed at a sam-
pling rate of 16 kHz, and the first 64,600 samples were selected through
truncation or repetition. All models were trained using a batch size
of 12 and optimized with the Adam optimizer, and weight decay
of 10~4. The loss function utilized was cross entropy loss, and the
learning rate was set to 1 x 107°. Training was conducted for 100
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Table 1

Summary of the dataset and detailed statistics.
Datasets Genuine Spoofed Total
Train 2580 22,800 25,380
Dev 2548 22,296 24,844
Eval(19LA) 7355 63,882 71,237
Eval(21LA) 18,452 163,114 181,566
Eval(21DF) 22,617 589,212 611,829
Eval(ITW) 19,963 11,816 31,779

epochs with a warm-up period of 3 epochs, where only the training
loss was monitored. Early stopping was implemented with a patience
of 10 epochs. The entire framework was developed in Python 3.8 with
PyTorch 1.8, and the wavelet transform operations were implemented
using the pytorch_wavelets library. All experiments were carried out on
a Linux operating system equipped with an NVIDIA GeForce RTX 4090
GPU and 128 GB RAM, with CUDA version 12.2 for GPU acceleration.
To ensure temporal alignment between the two feature streams, we
perform frame rate synchronization. The raw outputs from XLSR and
SER differ in temporal resolution due to differences in architecture and
preprocessing. To resolve this, both embeddings are passed through
fixed max-pooling operations followed by BatchNorm1d over a unified
frame number of 50. This normalizes both views to the same temporal
resolution, allowing for concatenation along the feature dimension
and enabling synchronized multi-feature learning. We used 4 stacked
MAWNO Blocks to construct the multi-scale attention wavelet trans-
form layer. During evaluation, t-SNE plots were generated to visualize
feature embeddings, and normalized confusion matrices were plotted
to assess classification performance. All the experiments are conducted
on the same platform with a single NVIDIA GeForce RTX 4090 GPU.

5. Experimental results
5.1. Comparative experiments

5.1.1. Experimental results on ASVspoof 2019LA

First, we conducted tests on the evaluation set of 19LA. The results
of the experiment are presented in Table 2. We assessed the detection
models utilizing manual features, emotional features, original speech,
and various pre-trained features as front-end features. Ref. [66] serves
as the baseline model for ASVspoof 2019. The LFCC features of the
speech signal are extracted and subsequently input into the GMM back-
end classifier. The EER calculated for 19LA is 8.09%, while the mt-DCF
is 0.2116. The effectiveness of this detection model is unsatisfactory.
The performance of the two counterfeiting algorithms, A10 and A19, is
notably inferior. Subsequently, Conti et al. [28] evaluated the detection
model utilizing emotional features in the front-end and a random forest
(RF) classifier in the back-end. Its detection performance on 19LA is
better than that of [66], with an EER of 7.14%, which is 0.95% lower.
Graph neural networks were introduced into speech detection by Jung
et al. [39]. The EER on 19LA is 0.82%. The proposed lightweight
graph neural network attained an EER of 0.99%. In comparison to
traditional neural networks, graph neural networks demonstrate supe-
rior classification capabilities. Tak et al. [67] integrated features from
XLSR pre-trained model with graph neural networks, demonstrating
significantly enhanced classification performance. Their research in-
corporated data augmentation techniques. For a fair comparison, their
model was retrained without augmentation, achieving an EER of 0.25%
on the 19LA dataset.

Subsequently, we chose the detection network that performed the
feature fusion. The pre-trained features XLSR and WavLM were fused,
and the resulting features were input into LCNN for classification [44].
In comparison to graph neural networks, the detection performance of
the simple convolutional network LCNN was diminished and struggle
to adequately capture the features of XLSR and WavLM. In conclusion,
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pre-trained features, developed using extensive real-world data, demon-
strate superior detection capabilities compared to handcrafted features.
It is also equally essential to design a network that makes full use of
these pre-trained features. We integrated the pre-trained features of
XLSR with SER features and conducted back-end classification using a
multi-scale attention wavelet neural network. The experimental results
indicate that the proposed method demonstrates effective detection
performance. The EER and mt-DCF for 19LA are 0.18% and 0.005,
representing reductions of 0.62% and 0.016 compared to the previous
state of the art. This demonstrates that our proposed MWANN can
effectively and comprehensively understand the pre-trained features
and apply them to the classification of genuine and spoofed audio.

5.1.2. Experimental results on ASVspoof 2021LA and ASVspoof 2021DF

In order to assess the detection performance of the proposed system
in real-world scenarios, we conducted experiments on the 21LA and
21DF datasets. The experimental results of specific attack types were
detailed. LO3, LO4, LO5, L06, and LO7 in 21LA correspond to the pstn,
g722, ulaw, gsm, and opus codecs, respectively. D02, D03, D04, D05,
and D06 in 21DF correspond to the low_mp3, high mp3, low_m4a,
high_m4a, and low_ogg compression formats, respectively. The com-
pression scenario poses a considerable challenge for the audio spoofing
detection task. Table 3 shows the detection performance under various
attack modes in detail. Classical classification networks may struggle
to show better detection performance. For instance, the TSSDNet [68]
method demonstrates strong performance against certain forgery at-
tacks (notably L04 and L05), but its overall detection efficacy across the
complete 21LA and 21DF datasets is suboptimal. Rawnet2 [38], while
effective as a classification network, demonstrates insufficient detection
performance when exposed to speech subjected to varying transmission
noise and compression coding conditions. Furthermore, while the graph
neural network AASIST demonstrates strong performance on the 19LA
dataset [39], it exhibits limitations in detecting speech that has been
compressed or influenced by the transmission channel.

By fine-tuning the pre-trained XLSR and applying it to the forgery
detection task, the detection performance is significantly improved.
XLSR employs millions of hours of speech data during the pre-training
phase to enhance the analysis and feature extraction of speech sig-
nals. [67] employs XLSR as the front-end feature extractor, while the
back-end utilizes the advanced graph neural network AASIST. The
training process enhances model performance via data augmentation.
To ensure fairness, the data augmentation component was eliminated
from the comparative experiment. As indicated in Table 3, the model
proposed by [67] attained the EER of 8.13% and 7.36% for the 21DF
and 21LA datasets [27], respectively. In comparison to prior state-of-
the-art techniques, the EER shows a reduction of 12.12% and 5.46%
for the 21DF and 21LA datasets, respectively.

Conversely, we integrated pre-trained XLSR features with emotional
features and employed the MWANN. We investigated the application of
wavelet transform within deep neural networks for forgery detection
tasks, focusing on the enhancement of speech detail capture, which
resulted in superior classification outcomes. In the 21DF and 21LA
datasets, our model attained an EER of 2.55% and 4.15%, respectively,
representing reductions of 5.58% and 3.21% compared to the previous
best model, indicating superior detection performance.

5.1.3. Experimental results on In-the-Wild

Finally, We also conducted cross-database experiments on the ITW
dataset. The attack types of the ITW dataset remains invisible to the
model, and the dataset exhibits substantial variation in source domains,
encompassing various recording devices, reverberation conditions, and
background noise. Due to the diversity of these source domains, tradi-
tional detection networks exhibit inadequate efficiency on ITW. Table 4
indicates that the EER of the model on the ITW dataset is approximately
30% when employing original input speech. Detection algorithms de-
pendent on raw audio exhibit limited generalization and robustness
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Table 2

Comparison of detection performance based on EER(%) and mt-DCF on the ASVspoof 2019LA evaluation dataset.
Feature Back-end A07 A08 A09 A10 All Al12 Al3 Al4 Al5 Ale6 A17 Al18 Al19 EER mt-DCF
LFCC GMM [66] 12.86 0.37 0.00 18.97 0.12 4.92 9.57 1.22 2.22 6.31 7.71 3.58 13.94 8.09 0.2116
Emotion RF [28] 0.22 3.42 0.11 0.45 0.33 0.19 0.19 0.42 0.38 0.75 20.51 17.2 6.24 7.14 0.1691
Raw audio AASIST [39] 0.47 0.41 0.00 0.79 0.16 0.67 0.12 0.16 0.51 0.65 1.28 2.65 0.67 0.82 0.0272
Raw audio AASISTL [39] 0.61 0.20 0.00 1.06 0.16 0.77 0.20 0.06 0.61 0.65 1.91 3.03 0.69 0.99 0.0317
XLSR AASIST [67] 0.06 0.06 0.02 0.40 0.10 0.14 0.00 0.06 0.24 0.06 0.37 0.84 0.35 0.25 0.0071
XLSR+WavLM LCNN [44] 0.69 1.04 0.76 1.79 0.76 0.76 0.68 1.69 2.28 0.71 0.81 1.85 4.78 1.67 0.0537
XLSR+SER MWANN 0.02 0.06 0.00 0.32 0.22 0.02 0.00 0.02 0.02 0.08 0.24 0.19 0.01 0.18 0.0050

Table 3

Robust performance comparison results based on EER(%) and mt-DCF on the ASVspoof 2021LA dataset, and comparison of detection performance based on

EER(%) on the ASVspoof 2021DF dataset.

Feature Model 21LA 21DF

LO3 L04 LO5 LO6 LO7 EER mt-DCF D02 D03 D04 DO5 D06 EER
Raw audio TSSDNet [68] 36.94 3.42 3.10 11.20 4.92 13.86 0.5743 36.31 35.77 35.34 35.36 24.72 29.98
Raw audio Rawnet2[38] 16.72 6.41 6.33 10.66 7.95 9.50 0.4257 27.63 27.49 26.72 27.23 18.74 22.38
Raw audio AASIST [39] 13.82 7.89 6.32 9.55 12.14 10.91 0.4931 24.75 23.88 23.73 24.20 18.49 20.96
Raw audio AASISTL [39] 19.30 7.79 6.03 11.76 11.88 12.82 0.5468 24.12 23.79 23.46 23.47 17.40 20.25
XLSR AASIST [67] 11.76 1.50 3.15 8.61 4.37 7.36 0.3769 8.99 9.74 8.63 8.99 7.50 8.13
XLSR+SER MWANN 6.54 0.87 1.44 5.00 2.93 4.15 0.2900 4.73 2.11 2.07 1.97 2.08 2.55

Table 4 Table 5

Generalization comparison results of detection performance based on EER (%)
on the In-the-Wild dataset.

Features Model EER

Raw audio TSSDNet [68] 34.16
Raw audio AASIST [39] 43.50
Raw audio AASISTL [39] 44.64
XLSR, WavLM, Hubert Fusion (concat) [45] 24.27
XLSR AASIST [67] 18.67
XLSR+SER MWANN 9.10

in cross-database evaluations, struggling to identify previously unseen
attack types.

The implementation of large pre-trained models has effectively im-
proved this problem. However, traditional neural networks encounter
challenges in processing pre-trained features, making it difficult to fully
extract the effective information contained within these features. Just
demonstrated as [45], they employed three widely used pre-trained
models for feature extraction, but the lack of an appropriate classifier
resulted in a final EER of 24.27% on the ITW dataset. Much im-
proved results when using graph neural networks [67]. Consequently,
designing a more robust back-end classification network is essential.
Experimental results show that the EER of the proposed MWANN on
the ITW dataset is only 9.10%, which is 9.57% lower than the previous
optimal method, demonstrating the effectiveness of our method. It is
demonstrated that MWAADD has significant advantages in handling
cross-database data and addressing source domain diversity.

5.2. Ablation experiment

To assess the necessity of each module in the proposed WMAADD,
we performed ablation experiments using the 19LA, 21LA, and 21DF
datasets. Table 5 shows the detailed results of each model. We first
evaluate the impact of different front-end features. Specifically, we feed
the XLSR features into the proposed MWANN architecture, denoted as
Model I. Experimental results demonstrate that fine-tuning the XLSR
pre-trained model enables Model I achieves superior detection perfor-
mance across all four datasets, attributed to the strong generalization
capability of the XLSR features. Then, we replace the input with SER
features alone, yielding Model II, and the results show that rely solely
on emotional features resulted in a sharp decline in detection per-
formance, highlighting the emotion model’s limited ability to process
speech features compared to the XLSR pre-trained model. Compared

Ablation experiment results measured by EER (%) and mt-DCF on the 19LA,
21LA, and 21DF datasets. The compared models are defined as follows: Model
I uses fine-tuned XLSR features with MWANN; Model II uses SER features
with MWANN; Model III concatenates XLSR and SER features followed by
a fully connected layer; Model IV applies the LSTM-attention module to the
concatenated features; Model V integrates the concatenated features into the
proposed multi-scale attention wavelet transform layer. The final MWAADD
model concatenates XLSR and SER features and feeds them into the MWANN
classifier. For clarity, all XLSR settings refer to fine-tuned weights, except
where explicitly noted as frozen (see Table 6).

Model 2019LA 2021LA 2021DF
EER mt-DCF EER mt-DCF EER
Model I 0.35 0.0118 5.21 0.3180 6.75
Model II 14.09 0.3636 17.85 0.5110 47.42
Model III 17.36 0.2900 14.67 0.4700 6.49
Model IV 0.24 0.0070 8.62 0.4300 3.73
Model V 0.37 0.0120 4.89 0.3200 3.43
MWAADD 0.18 0.0050 4.15 0.2900 2.55

with WMAADD and Model I, we discovered that, while emotional
characteristics alone may not improve forgery detection, combining
emotional features with XLSR substantially improves detection results
by providing complementing high-level semantic cues that XLSR may
not fully capture.

Subsequently, we conduct ablation studies on each component
within MWANN to assess their individual contributions. First, we
defined the baseline model without the multi-scale attention wavelet
transform layer and the LSTM-attention module as Model III, and only
input the fusion of XLSR and SER features into the fully connected
layer. We deliberately chose a simple fully connected backend as
a baseline to evaluate raw feature concatenation without additional
modeling. The fair comparison using the same MWANN backend is
presented in the final MWAADD model. The EER of Model III on the
19LA dataset is 17.36%. Interestingly, the detection effect of this model
on the 21LA and 21DF datasets is better than that of 19LA, indicating
that it has a certain generalization ability. This may be attributed to the
robust feature extraction capabilities of the XLSR pre-trained model.

Based on Model III, we added the LSTM-attention module and
built Model IV. By introducing this module, the performance of the
model has been significantly improved. On the 19LA, 21LA, and 21DF
datasets, the EER is reduced by 17.12%, 6.05%, and 2.76%, respec-
tively. Additionally, in the 19LA and 21LA datasets, the mt-DCF is
reduced by 0.283 and 0.04, respectively. The findings indicate that the
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Table 6

Results of module comparison experiments in terms of EER (%) and mt-DCF
on the 19LA, 21LA, and 21DF datasets. The compared models are defined as
follows: Model I: XLSR (frozen) + SER features input to MWANN, Model II:
Attention-based XLSR + SER features input to MWANN, Model III: XLSR +
SER features with Haar wavelet replacing db6 in MWANN, Model IV: XLSR +
SER features with db4 wavelet replacing db6 in MWANN, Model V: XLSR +
SER features with LSTM module replaced by GRU in MWANN and Model VI:
XLSR + SER features with LSTM module replaced by ResNet in MWANN.

Model 2019LA 2021LA 2021DF
EER mt-DCF EER mt-DCF EER
Model I 8.95 0.2313 17.53 0.5535 16.97
Model II 0.19 0.0061 7.45 0.3949 5.31
Model III 0.54 0.0184 9.79 0.4413 5.31
Model IV 0.37 0.0096 7.01 0.3725 3.27
Model V 0.26 0.0088 7.05 0.3642 3.92
Model VI 0.24 0.0069 7.32 0.3912 6.25
MWAADD 0.18 0.0050 4.15 0.2900 2.55

LSTM-attention backend is capable of effectively processing pre-trained
features, thereby improving the model’s performance in speech forgery
detection.

Model V was constructed following the incorporation of the multi-
scale attention wavelet Transform layer into Model III. Experimental
results indicate a notable enhancement in the detection performance
of Model V, with an EER of 0.37%, 4.89%, and 3.43% on the 19LA,
21LA, and 21DF datasets, respectively. In comparison to Model III, the
EER decreases by 16.99%, 10.52%, and 3.19%, respectively. The multi-
scale attention wavelet transform layer effectively utilizes pre-trained
features, thereby enhancing detection performance significantly. It is
worth noting that Models IV and V were designed to illustrate the
individual contributions of the LSTM-attention module and the multi-
scale attention wavelet transform layer, rather than to serve as a direct
pairwise comparison. The integration of both modules is evaluated in
our final model.

Finally, we combined the MWANN with pre-trained features to
construct the final MWAADD model. MWANN consists of the LSTM-
attention module and the proposed multi-scale attention wavelet trans-
form layer, which together provide complementary modeling capacity.
As shown in the last row of Table 5, MWAADD shows excellent perfor-
mance on all three datasets. The EER achieved on the 19LA, 21LA, and
21DF datasets are 0.18%, 4.15%, and 2.55%, respectively, while the
mt-DCF for the 19LA and 21LA datasets are 0.005 and 0.29, respec-
tively. The proposed model demonstrates strong detection capabilities
on the high-quality 19LA dataset, as well as notable generalization and
robustness on the more challenging datasets, 21LA and 21DF. Overall,
our experiments verified the effectiveness of the each pre-trained fea-
tures, multi-scale attention wavelet transform layer and LSTM-attention
modules, which cooperate with each other to significantly improve the
performance of the speech forgery detection system, especially under
compressed or transmission conditions. It shows good robustness and
wide adaptability.

5.3. Comparative analysis of various components in proposed framework

In order to verify the irreplaceability and superiority of the core
modules in the proposed MWAADD network, we conducted comprehen-
sive module comparison experiments. The detailed experimental results
are shown in Table 6.

To assess the impact of fine-tuning the XLSR encoder, we construct
Model I by freezing the XLSR extractor and fusing its outputs with
SER into the MWANN framework. Experimental results indicate that
the sharp decline in detection performance caused by freezing XLSR
highlights the importance of fine-tuning in enabling the model to
effectively adapt to the audio deepfake detection.
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Fig. 4. Attention-based feature fusion framework. The original speech is input
into wav2vec 2.0 (W2V2) and the speech emotion recognition (SER) module,
which extract their respective features. These features are then fused using a
self-attention mechanism to obtain the final feature representation.

This work employs a direct fusion method for processing front-end
features while also investigating the alternative of feature fusion via the
attention mechanism. Model II in Table 6 employs the attention mech-
anism (ATT-fusion) to integrate XLSR with SER features, subsequently
feeding the combined features into the MWANN back-end network.

Fig. 4 illustrates the structure of attention-based fusion, where the
query (Q), key (K), and value (V) vectors are defined as follows. For
wav2vec2 XLSR features, we set Q,, = F,,,, K,, = Fg,and V,, = F. For
emotion-based features, we set 9, = F, K, = F,,, and V = F,,, where
F,, and F denote the features extracted from wav2vec2 XLSR and SER
modules, respectively. The attention-based outputs are computed using
the standard scaled dot-product attention mechanism:

Q. K]
0,, = Softmax (% vV, 13)
D

0.k,
Vi (14)
%)

where D is the dimensionality of the key vectors, set to 128. The final
representations O,, and O are concatenated and subsequently passed
to the backend classifier.

To investigate the influence of different wavelet bases on model
performance, we replace the default wavelet (db6) with Haar and db4
wavelets, denoted as Model III and Model IV, respectively. Experi-
mental results show that Haar and db4 wavelets perform worse in
detection than db6 wavelets, mostly because db6 provides smoother
basis functions and greater time-frequency localization, which make
it easier to extract subtle deepfake-related clues. Subsequently, we
conducted a comparative experiment on the LSTM-attention module
of the backend classifier, where in Model V substituted LSTM with
GRU. The findings indicate that LSTM outperforms GRU in terms of
detection performance. LSTM excels in capturing long-term dependen-
cies, resulting in superior performance on tasks that require sensitivity
to long sequence features. Ultimately, the traditional RNN model was
substituted with the convolutional network resnet as the backend clas-
sifier. The findings indicate that the detection performance of Model
VI is inferior to that of the RNN network. This indicates that RNN-type
networks are more effective than CNNs in capturing time-dependent
features when processing complex speech signals.

O = Softmax<

5.4. T-SNE visualization

To qualitatively assess the discriminative capability of the proposed
MWAADD model, we employ t-SNE to visualize the distribution of
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Fig. 5. t-SNE visualization of MWAADD on four datasets: (a) ASVspoof 2019 LA evaluation dataset, (b) ASVspoof 2021 LA dataset, (c) ASVspoof 2021 DF dataset,
and (d) In-the-Wild dataset. Each plot is generated by randomly selecting 1000 samples from each class, where bonafide samples are shown in blue and spoof

samples in orange.
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Fig. 6. Confusion matrices of MWAADD on four datasets: (a) ASVspoof 2019 LA evaluation set, (b) ASVspoof 2021 LA dataset, (c) ASVspoof 2021 DF dataset,
and (d) In-the-Wild dataset. Each confusion matrix is normalized to display the ratio of correct and incorrect predictions for each class, where the cells represent

true positives, false positives, true negatives, and false negatives.

learned representations in a two-dimensional space. Fig. 5 illustrates
the visualization results across four test sets: 19LA, 21LA, 21DF, and
ITW(Fig. 5(a), Fig. 5(b), Fig. 5(c), Fig. 5(d)). For each dataset, we
randomly sample 1000 bonafide and 1000 spoofed utterances to en-
sure balanced class representation. These embeddings are extracted
from the penultimate layer of the MWAADD model and projected
into 2D space via t-SNE with fixed parameters and random seed to
ensure reproducibility and visual consistency. In the resulting plots,
bonafide samples are marked in blue and spoofed samples in orange.
We observe a clear separation between the two classes across all
test sets, indicating that the model learns distinct embedding patterns
for genuine and forged speech. Notably, spoofed samples exhibit a
more scattered distribution, which may reflect the model’s ability to
capture variations introduced by diverse synthesis and compression
techniques. In contrast, the bonafide samples are more tightly clustered,
suggesting the extraction of consistent and compact representations
from natural speech. Although t-SNE offers only a coarse visualization
of the embedding space, it serves as a complementary analysis tool,
supporting our quantitative results by providing intuitive evidence of
the model’s robustness and generalization. This visualization provides
insight into the interpretability of the learned representations, showing
that MWAADD captures distinguishable patterns between bonafide and
spoofed speech.

5.5. Confusion matrices

We use the confusion matrix to evaluate the classification model’s
performance because it summarizes the model’s predictions for each
class in a detailed manner. The confusion matrix is normalized to
show the proportion of correct and incorrect predictions for each class,
providing insights into how well the model distinguishes between the
bonafide and spoof categories. In the visualization, the matrix cells dis-
play the ratio of true positives, false positives, true negatives, and false

Table 7
Impact of the number of multi-scale attention wavelet neural operator
(MAWNO) modules on detection performance (EER%).

Model 2019LA 2021LA 2021DF
EER mt-DCF EER mt-DCF EER
L=1 0.76 0.3563 6.92 0.3556 3.39
L=2 0.64 0.0200 6.45 0.3556 3.96
L=6 0.36 0.0125 6.00 0.3529 3.32
L=38 0.46 0.0147 5.81 0.3471 3.31
L=4 0.18 0.0050 4.15 0.2900 2.55

negatives for both classes. As shown in Fig. 6, we plot the confusion
matrix of MWAADD on the four test sets of 19LA, 21LA, 21DF and ITW.
It is clearly found that our proposed model achieves lower false positive
rate and false negatives rate in the four test machine evaluations,
proving that our framework has efficient detection performance.

5.6. The impact of the number of mawno modules

We performed extensive ablation studies by varying L in 1,2,4,6,8
to support the choice of the number of MAWNO blocks L = 4. The
19LA, 21LA, and 21DF datasets were used in these experiments, and
as Table 7 illustrates, the detection performance peaked at L = 4. The
findings imply that using too few MAWNO blocks leads to suboptimal
performance due to inadequate feature representation, while increasing
the number of blocks beyond 4 does not further improve detection
accuracy but rather degrades performance, most likely because of
increased model complexity that introduces overfitting or prevents
efficient optimization.
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6. Conclusion

In this study, we propose a novel multi-feature wavelet attention
neural network for audio deepfake detection. We integrate wav2vec2
XLSR (XLSR) with speech emotion recognition (SER) pre-trained fea-
tures to serve as the input for multi-scale wavelet attention neural
network (MWANN). XLSR extracts comprehensive speech sequence
features, whereas the SER module captures the absent emotion features
in the manipulated speech. By combining these two feature types,
we obtain more discriminative and comprehensive representations,
which are then fed into MWANN for classification. MWANN comprises
multi-scale attention wavelet transform layers and an LSTM-attention
back-end classifier. We apply wavelet transform to audio forgery de-
tection to enhance the classification capability through the extraction
of more detailed information. Following the wavelet transform, the
attention mechanism is applied to emphasize high-frequency regions
that may contain forged artifacts. Finally, the LSTM-attention module
uses the information extracted in the early stage to further improve
the classification performance of real and fake speech. However, the
performance of this method on the ASVspoof 2021LA dataset is not
ideal, which may be due to the model’s sensitivity to transmission
noise. Future research will improve forgery detection methods targeting
channel effects to enhance the robustness and adaptability of the model.
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