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Recent advances in deep learning have led to the widespread use of pre-trained large-scale speech 
models, such as wav2vec 2.0 (w2v2), in voice spoofing detection. However, the interpretability of 
such models remains a critical challenge due to their complex internal representations. In this paper, 
we propose iWAX, an interpretable voice spoofing countermeasure that combines a fine-tuned w2v2 
front-end with the AASIST back-end, and an XGBoost classifier. iWAX leverages the feature importance 
mechanism of XGBoost to identify which temporal segments and frequency bands of the audio w2v2 
prioritizes during spoofing detection. To enable frequency-based interpretability, we apply sinc filters 
to isolate specific spectral regions of input raw waveforms. Temporal analysis is conducted by selecting 
key features extracted from w2v2 and analyzing their contribution across time. Experimental results 
on the ASVspoof 2019 LA dataset demonstrate that iWAX not only outperforms baseline models such 
as AASIST and w2v2-AASIST but also provides human-understandable explanations of its predictions. 
Further analysis with LightGBM validates the robustness of our approach across different boosting 
models. Overall, iWAX offers a compelling balance between interpretability and performance, 
addressing the limitations of both traditional machine learning and modern deep learning-based 
countermeasures.
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Voice spoofing countermeasures based on classical machine learning models, such as Gaussian Mixture Models 
(GMM) and Support Vector Machines (SVM), typically rely on handcrafted acoustic features1–3. Especially, 
Rahmeni et al.4,5 proposed interpretable and lightweight countermeasures by integrating handcrafted features 
like Mel-Frequency Cepstral Coefficients (MFCC) and Linear Prediction Coefficients (LPC) with XGBoost. 
With the advancement of deep learning, mel-spectrogram and Constant-Q Transforms (CQT), which lie closer 
to raw audio than MFCC or LPC, are merged with deep learning-based countermeasures for voice spoofing 
detection6,7. While handcrafted features offer the advantage of computational simplicity, they typically require 
extensive hyperparameter tuning and are limited in their ability to capture diverse acoustic patterns. To address 
these limitations, models such as SincNet8, RawNet9, RawNet210, and AASIST11 adopt end-to-end deep learning 
architectures that operate directly on raw waveforms as input, shifting away from handcrafted features and laying 
the groundwork for more data-driven approaches to spoofing detection.

More recently, the field has seen significant progress through the development of pre-trained large-scale 
speech models such as wav2vec 2.012,13, Whisper14, and WavLM15. Among these, wav2vec 2.0 (briefly, w2v2), 
originally designed for speech recognition, has demonstrated strong transferability across various speech-related 
tasks. Lee et al.16 employed w2v2 for feature extraction in spoofing-aware speaker verification, while Tak et 
al. utilized w2v2 front-end with fine-tuning to enhance voice spoofing detection performance17. Additionally, 
Tak et al.18 combined a w2v2 front-end with the AASIST countermeasure to detect spoofed speech, and Kang 
et al.19 conducted an empirical study on optimizing the w2v2-AASIST framework by adjusting the total and 
frozen layers within the pre-trained w2v2 model. They found that a variant of w2v2, XLS-R(1B), when paired 
with AASIST, significantly improved the equal error rate (EER) performance compared to conventional AASIST 
models. These recent studies illustrate the effectiveness of using pre-trained large-scale speech models as front-
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end feature extractors, which can be integrated with existing deep learning models to enhance downstream task 
performance.

However, large-scale deep learning models often suffer from limited interpretability due to their large number 
of parameters. Recent efforts have aimed to interpret the internal representations of w2v2. Singla et al.20 analyzed 
high-dimensional embeddings extracted from audio transformer models, demonstrating that such models can 
capture high-level linguistic features, including fluency and pronunciation. Grosz et al.21 explored the impact of 
fine-tuning w2v2 on Finnish speech data, employing visualization and latent embedding clustering techniques 
to better understand the model’s behavior. Dieck et al.22 investigated w2v2 from the perspectives of frequency 
and phonetic information. However, these studies have primarily focused on speech recognition and phonetic 
analysis, and lack interpretability analysis in the context of voice spoofing detection.

In a separate line of research, Li et al.23 incorporated interpretability into the model architecture by combining 
w2v2 with utterance-level attentive features, thereby enhancing transparency in the decision-making process. 
They introduced a class activation-based representation that highlights the key audio frames most relevant to 
spoofing detection. However, in the audio domain, frame-level attention may not be sufficient for meaningful 
interpretation. In computer vision, techniques such as Grad-CAM24 and attention map25 are widely used to 
identify salient regions that influence model predictions, often aligning with human intuition, for instance, 
distinguishing a dog from a cat based on visible characteristics. In contrast, for raw audio waveforms, even 
when a model highlights a particular segment as important for spoofing detection, it is often unclear to human 
listeners what makes that segment suspicious. In other words, the connection between model attention and 
interpretable acoustic cues is not always apparent. This highlights the need for modality-aware interpretability 
techniques that account for the unique challenges of the audio domain, particularly in voice spoofing detection.

The next key question is determining which features of the audio should be prioritized when developing 
an interpretability framework. Recently, Grinberg et al.26 proposed an explainable AI method to reveal which 
temporal regions that transformer-based audio deepfake detection models rely on. Chhibber et al.27 developed 
a probabilistic attribute embedding approach based on interpretability AI for spoofed speech characterization. 
In the context of voice spoofing detection, Choi et al.6 split audio spectrograms along the frequency axis to 
extract frequency features from distinct spectral regions. Similarly, Kwak et al.28 employed a data augmentation 
technique known as Frequency Feature Masking (FFM), which randomly masks frequency bands to enhance 
model robustness against noise in specific frequency ranges. In addition, Salvi et al.29 highlights the importance 
of frequency subband-based analysis for voice spoofing detection. These studies demonstrated the effectiveness 
of frequency-based analysis in improving spoofing detection performance, underscoring the importance of 
considering spectral characteristics in model design. Building on these insights, we propose the incorporation of 
frequency-resolved features into our interpretability framework. By identifying discriminative frequency bands, 
our approach enables more meaningful and human-understandable explanations of why specific audio segments 
are classified as spoofed, thereby improving both interpretability and detection performance.

In the context of the preceding research, this study seeks to address the following three key questions:

•	 How can we build an interpretable model that leverages the representational power of a pre-trained large-
scale speech model as a feature extractor while also improving performance?

•	 How can we identify the specific regions within an audio sample that the model attends to during spoofing 
detection?

•	 How can we interpret the internal representations of large-scale deep learning-based countermeasures, par-
ticularly in the frequency domain, using feature importance mechanisms from traditional machine learning 
models?

To address these questions, we propose a novel framework iWAX—an interpretable voice spoofing countermeasure 
that combines wav2vec 2.0 fine-tuned with AASIST, and XGBoost classifier–that:

•	 integrates a pre-trained speech model (wav2vec 2.0) with temporally and spectrally resolved interpretability, 
enhancing transparency;

•	 and simultaneously achieves improved performance and interpretability compared to baseline models.

The code of our proposed method is publicly available ( https://github.com/duneag2/iwax).

Backgrounds
XGBoost
Extreme Gradient Boosting (XGBoost) is a gradient boosting framework that augments conventional Gradient 
Boosting Machines (GBM) by incorporating both L1 and L2 regularization terms, thereby effectively controlling 
model complexity and mitigate overfitting30. In each boosting iteration, XGBoost constructs a new decision tree 
aimed at minimizing the residual error, while applying a shrinkage factor to modulate the contribution of each 
tree. This process of iterative refinement, combined with column subsampling where a random subset of features 
is selected at each split, enhances the model’s generalization ability and computational efficiency.

Within the iWAX framework, XGBoost plays a critical role in ensuring both model interpretability and 
computational efficiency. Its intrinsic feature importance mechanism enables a systematic analysis of key 
features, such as specific frequency bands and temporal intervals, that most significantly influence the model’s 
decision-making process.
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Wav2vec 2.0
Wav2vec 2.0 is a self-supervised learning framework for speech representation, initially developed for automatic 
speech recognition (ASR) tasks12,13. It processes raw audio waveforms through a series of Transformer layers 
to extract high-dimensional feature representations that capture salient characteristics of speech signals. 
Although originally designed for ASR, the model’s strong transfer learning capabilities have enabled its 
successful adaptation to a variety of downstream tasks, including voice spoofing detection16,18,19. By fine-tuning 
wav2vec 2.0 on task-specific datasets, the model can effectively capture complex acoustic patterns that are often 
imperceptible through traditional handcrafted features19, thereby improving performance in scenarios requiring 
robust and discriminative speech feature extraction.

AASIST
Audio Anti-Spoofing using Integrated Spectro-Temporal Graph Attention Networks (AASIST) is an end-to-
end deep learning framework specifically designed for voice spoofing detection proposed by Jung et al.11. This 
architecture directly accepts raw waveforms as input and employs integrated spectro-temporal graph attention 
mechanisms to learn discriminative features across both time and frequency domains. The AASIST backend is 
initially randomly initialized and subsequently fine-tuned on spoofing detection tasks, thereby optimizing its 
capacity to distinguish between genuine and spoofed audio signals. When integrated with the robust feature 
extraction capabilities of wav2vec 2.0, AASIST significantly improves the overall detection performance19. 
Moreover, it facilitates interpretability by enabling analysis of the specific temporal and spectral attributes that 
influence the classification outcomes.

Methods
This section presents iWAX, an interpretable framework that integrates wav2vec 2.0 (w2v2), AASIST, and 
XGBoost for voice spoofing detection. Overall, the framework fine-tunes w2v2 for voice spoofing detection 
through integration with AASIST, and then connects the tuned w2v2 to XGBoost to perform the final 
classification task. We describe the overall iWAX framework, as illustrated in Fig. 1, and detail its analytical 
methodology.

Fine-tuning wav2vec 2.0 within the w2v2-AASIST framework
The iWAX architecture begins with joint fine-tuning the w2v2 front-end and the AASIST back-end for voice 
spoofing detection. We initialize both components using publicly available pre-trained weights: w2v2 from 
Hugging Face (https://huggingface.co/facebook/wav2vec2-xls-r-1b) and AASIST from its official GitHub 
repository (https://github.com/clovaai/aasist). These modules are integrated and trained end-to-end to optimize 
performance on our target task.

We employ XLS-R(1B), a large-scale pre-trained variant of w2v2 consisting of 48 Transformer layers and 
approximately 965 million parameters. Following the strategy proposed by Kang et al.19, we reconfigure the 
model by selecting the first (leftmost) 12 Transformer layers. Among these, the first 9 layers are frozen to retain 
general speech representations, while the remaining 3 layers are fine-tuned together with the AASIST back-end. 
This partial fine-tuning strategy enables the model to preserve foundational acoustic features from pre-training 
while adapting effectively to spoofing-specific patterns.

Fig. 1.  iWAX framework.
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Importance of fine-tuning wav2vec 2.0
We observed that directly employing the original pre-trained w2v2 model in conjunction with the XGBoost-
based countermeasure, without task-specific fine-tuning, resulted in suboptimal performance. This observation 
underscores the domain gap between the general-purpose speech representations learned during pre-training 
and the specific requirements for spoofing detection. Based on these findings, we conclude that fine-tuning 
w2v2, particularly in conjunction with the AASIST back-end, is essential for bridging this gap. This process 
effectively aligns the model’s learned features with the specific characteristics of spoofed speech, resulting in a 
substantial performance improvement.

Interpreting wav2vec 2.0 via the feature importance mechanism of XGBoost
XGBoost is a scalable and efficient gradient tree boosting framework that incorporates regularization techniques. 
One of its key strengths is the built-in feature importance mechanism, which provides insight into the relative 
contribution of each input variable. In particular, feature importance is quantified using the F-score, which 
reflects the frequency with which a feature is used to split data across all boosting rounds. This metric enables 
us to interpret how different features, extracted from the w2v2 front-end, affect the model’s predictions, thereby 
enhancing the explainability of the overall iWAX framework.

Temporal analysis
Utilizing XGBoost’s feature importance mechanism, we analyze which temporal segments of the input most 
influence the model’s predictions. This analysis involves two main steps: feature selection and temporal 
importance extraction, as illustrated in Fig. 2a. The output of the final Transformer layer in w2v2 is an extracted 
audio feature matrix of shape RT ×F , where T denotes the time dimensions and F the feature dimensions.

In the feature selection step, we first select three intermediate row vectors of shape R1×F  from the output 
of the fine-tuned w2v2 model. These vectors are chosen at fixed relative positions corresponding to time points 
T = 1

4 , 2
4 , 3

4 , avoiding the very beginning and end of the utterance, where silence is often observed in the 
ASVspoof 2019 dataset. This choice is also supported by prior work suggesting that silence may affect spoofing 
detection performance31. Importantly, these vectors are not sampled from the raw waveform but from high-level 
representations produced by the w2v2. This captures global audio context through receptive fields and self-
attention mechanisms within w2v2 architecture. Consequently, we assume that our analysis is less sensitive to 
the exact sampling positions.

These vectors are then used to train an XGBoost classifier. From this model, we identify the top three 
features that are most frequently selected across these time points, indicating consistent importance. Next, in 
the temporal importance extraction step, we select three column vectors of shape RT ×1 corresponding to the 
identified top three features. A second XGBoost model is trained using these three temporal trajectories as input. 
By examining the resulting feature importances, we infer which specific time intervals are most critical for the 
classification decision.

Frequency band-based analysis
Our hypothesis is inspired by the work of Choi et al.6 and Kwak et al.28, who highlight the significance of 
analyzing audio signals in terms of frequency bands. We expect that the model attends to specific frequency 
bands and aim to investigate how manipulating these frequency bands influences detection outcomes. Since 
w2v2 operates on raw waveform inputs, we utilize sinc filters8 to filter out particular frequency ranges of the 
audio samples. SincNet, a CNN architecture, uses band-pass filters, called sinc filters, based on the sinc function, 
defined as sinc(x) = sin(x)/x. The filtering operation is expressed as:

	 2f2sinc(2πf2n) − 2f1sinc(2πf1n)� (1)

where f1 and f2 represent the low and high cutoff frequencies, respectively. Here, n denotes the discrete 
time index of the filter kernel, which is symmetric around zero. We set the kernel size to 513, resulting in 
n ∈ [−256, 256] where n ∈ Z.

Unlike the original SincNet implementation where cutoff frequencies are learned during training, we fix 
the filter parameters manually to target specific frequency ranges of interest. In accordance with the Nyquist-
Shannon sampling theorem, for accurate signal representation, the sampling rate must be at least twice the 
highest frequency contained in the signal. Consequently, the cutoff frequencies of sinc filters are constrained to 
not exceed half the audio sampling rate, i.e., 8,000 Hz for a 16,000 Hz sample rate. Frequency bands are selected 
on a logarithmic scale to align with the perceptual scale of pitch. We would like to note that we used manually 
defined ranges to avoid the computational overhead of optimizing frequency bands.

We compare model performance using sinc-filtered inputs against the baseline model that operates on the 
full frequency spectrum, as illustrated in Fig. 2b. If the equal error rate (EER) and feature importance scores 
obtained from the frequency-limited inputs are comparable to those derived from the full-spectrum baseline, 
this strongly indicates that the model does not rely uniformly on the entire frequency range. Instead, it inherently 
focuses on the specific frequency band under analysis. Such a result not only validates the effectiveness of 
the selected spectral region but also provides empirical evidence that the model’s decision-making process is 
predominantly influenced by acoustic cues within that band.

Experiments
Experimental setup
We conducted experiments using ASVspoof 2019 Logical Access (LA) dataset32. The dataset is divided into 
training, development, and evaluation sets. Specifically, the training set consists of 22,800 spoof and 2580 
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bonafide samples, while the development set includes 22,296 spoof and 2548 bonafide samples. The evaluation 
set comprises 63,882 spoof and 7355 bonafide samples. Our model is trained using the training set and assessed 
with the development and evaluation sets. Following the ASVspoof 2019 competition criterion, we use EER to 
evaluate model performance. Each audio sample is approximately 4 s long and consists of 64,600 data points 
recorded at a sampling rate of 16,000 Hz.

It is noteworthy that during the fine-tuning of w2v2 within the w2v2-AASIST framework, only the training 
set was utilized to avoid any data leakage. The XLS-R(1B) model contains approximately 965 million parameters, 
while AASIST has 297 thousand. In contrast, XGBoost is remarkably lightweight, with the entire model size 
measured in kilobytes. Using a GPU server equipped with two TESLA V100 graphics cards, training and 
evaluating the w2v2-AASIST model takes approximately 6 hours. After fine-tuning w2v2, feature extraction 
for the entire ASVspoof 2019 LA dataset takes 40 min, and final decision-making using XGBoost requires an 
additional 3 min. All experiments, except those involving frequency band analysis, were repeated five times, 
and the mean and standard deviation were subsequently computed. We additionally note that the model’s final 
training performance on EER was consistently 0%, so we mainly report Dev and Eval EER.

Fig. 2.  Temporal and frequency band-based analysis in iWAX.
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iWAX evaluation
We conducted experiments corresponding to the feature selection step. As shown in Table 1, XGBoost achieved 
an evaluation EER of 0.3136% at the time point of 2

4  and 0.3141% at 3
4 . Additionally, we performed a re-

evaluation based on the methodology proposed by Kang et al.19, and obtained an evaluation EER of 0.3975%. 
While Kang et al. showed outstanding performance on the development set, their model showed a slight drop in 
adaptability to the evaluation set. In contrast, our model maintained a balanced performance across both sets.

Our approach also outperformed the w2v2-AASIST counterpart on the evaluation set (Wilcoxon rank-
sum test followed by Bonferroni correction, p < 0.05). Furthermore, compared to the method of Li et al.23, 
which focuses on marking salient segments of the audio, our model achieved better detection performance 
while providing interpretability in both temporal and frequency domains. Another notable observation is that 
the top three significant features identified through the XGBoost feature importance mechanism remained 
consistent. This stability across various audio extraction points enables feature-based interpretation. The three 
features, f85, f1000, and f1001 exhibited high F-scores as shown in Table 1, and we further analyze the 
corresponding audio time intervals.

iWAX interpretation
Temporal interpretation
The temporal importance extraction step was applied to further interpret the model’s behavior. From previous 
experiments, we identified that three features including f85, f1000, and f1001 play a significant role in voice 
spoofing detection. Accordingly, we used these features to construct three corresponding vectors spanning the 
entire temporal dimension, which served as inputs for the XGBoost countermeasure. The resulting evaluation 
EERs, ordered by feature importance (f1000, f1001, f85) at T = 1

4 , 2
4 , were 0.3612%, 0.6388%, and 

2.0992%, respectively, as shown in Table 2. The performance using f1000 was statistically significantly better 
than the other features, confirmed by the Wilcoxon rank-sum test followed by Bonferroni correction (p < 0.05). 
It is noteworthy that Fig. 5 visualizes the results from Tables 1 and 2 as bar plots, comparing Dev and Eval EER 
of XGBoost-based iWAX variants across three temporal sampling points (1/4, 2/4, 3/4) and three single-feature 
choices (f85, f1000, f1001).

Using XGBoost’s feature importance mechanism, we also investigated the specific temporal intervals that 
the model focuses on. Figure 3 describes the temporal importance across the full input sequence, as well as the 
average importance within 10 segmented intervals. Overall, the model predominantly attends to the beginning 
and middle portions of the audio samples. This tendency can be attributed to the preprocessing method, where 
audio clips shorter than the target length of 4 s are padded by repeating their initial segments to fill the gap. 
As such padding introduces unnatural discontinuities, the model appears to avoid these artificial regions and 
instead prioritizes continuous sections, primarily at the beginning and middle. This pattern was consistently 
observed across all three models, offering meaningful insight into which temporal regions are most critical for 
voice spoofing detection.

Frequency band-based interpretation
To enable frequency band-based interpretation of iWAX, we first apply a sinc filter to raw waveforms. By 
manually specifying low and high frequency cutoffs, we compare EER and feature importance across different 
frequency bands. We also examine whether f85, f1000, or f1001 appear within the top 30 features ranked 
by XGBoost, with the audio extraction point fixed at T = 2

4 .
As described in Table 3, the frequency range between 0 and 128 Hz yielded a high evaluation EER of 13.9095%, 

and none of the three key features, f85, f1000, nor f1001, appeared in the top 30 features. When setting the 
lower frequency boundary to 64 or 128 Hz and progressively expanding the upper limit, the model achieved EER 
and feature importance values comparable to the baseline model that utilized the entire frequency spectrum.

Model Feature # Dev EER (%) Eval EER (%)

f85 0.5602±0.0468 2.0992±0.0304

XGBoost f1000 0.2176±0.0245 0.3612±0.0212

f1001 0.2742±0.0278 0.6388±0.0347

Table 2.  Analysis of single features across the entire temporal direction.

 

Model Time point Dev EER (%) Eval EER (%) Features (top 3)

1/4 0.2561 ± 0.0170 0.3162 ± 0.0128 f85,

XGBoost 2/4 0.2560 ± 0.0151 0.3136 ± 0.0190 f1000,

3/4 0.2516 ± 0.0374 0.3141 ± 0.0228 f1001

Kang19 N/A 0.1900 ± 0.0000 0.3975 ± 0.0000 N/A

AASIST11 N/A N/A 0.83 N/A

Li23 N/A N/A 0.51 N/A

Table 1.  Comparative analysis of iWAX.
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From these experiments, we derive insights into the spectral focus of w2v2. The line graph in Fig. 6 illustrates 
the trend of model performance across different frequency ranges. First, the model tends to concentrate on the 
frequency range from 128 to 8000 Hz, indicating that the lower band between 0 and 128 Hz is less informative 
for voice spoofing detection. Second, selecting an appropriate frequency range can improve performance 
compared to using the full spectrum. For example, using the range from 128 to 8000 Hz resulted in an evaluation 
EER of 0.2883%, which is lower than the baseline model’s EER of 0.3136%. Notably, 14 of the top 30 features 

Frequency band (Hz) Dev EER Eval EER Feature # (ranking)

0–64 11.4973 18.4083 N/A

0–128 5.9345 13.9095 N/A

64–128 6.2838 14.4555 N/A

64–256 5.6844 7.8877 N/A

64–512 1.8395 3.5740 N/A

64–1024 0.7143 0.8410 1000 (2)

64–2048 0.6347 0.5589 85 (1),  1000 (2),  1001 (4)

64–4096 0.2719 0.4375 1000 (1),  85 (2),  1001 (3)

64–8000 0.2388 0.3390 1000 (1),  85 (2),  1000 (3)

128–256 6.7435 8.1836 N/A

128–512 2.0851 3.8608 N/A

128–1024 0.6677 1.0079 1000 (3),  85 (5)

128–2048 0.5550 0.6005 1000 (1),  85 (2),  1001 (4)

128–4096 0.3627 0.4743 1001 (1),  85 (2),  1000 (4)

128–8000 0.2742 0.2883 85 (1),  1001 (2),  1000 (3)

256–512 4.0815 6.4478 N/A

256–1024 1.2957 2.5032 1000 (3)

256–2048 0.5792 1.3169 1000 (1),  85 (2),  1001 (4)

256–4096 0.3448 0.6934 1000 (1),  85 (2),  1000 (3)

256–8000 2.9406 3.9869 N/A

512–1024 5.2113 6.9205 N/A

512–2048 2.2819 3.7623 85 (2),  1000 (3)

512–4096 1.2099 1.6575 85 (2),  1000 (3),  1001 (5)

512–8000 0.8270 0.8817 1000 (3),  1001 (5),  85 (9)

1024–2048 5.0896 6.8022 N/A

1024–4096 3.0645 3.6140 1000 (18)

1024–8000 1.4347 2.4209 1000 (3)

2048–4096 5.2954 6.3201 N/A

2048–8000 2.9406 3.9869 N/A

4096–8000 4.8620 7.0898 N/A

Table 3.  Analysis of iWAX across frequency bands. The case yielding the best performance is highlighted in 
bold.

 

Fig. 3.  Temporal importance colormaps.
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in this range overlapped with those of the baseline model, while the 64 to 8000 Hz range shared 16 features in 
common. Additionally, Fig. 4 presents the top 10 features identified by the XGBoost model for each time point 
and frequency band. Although the analysis was conducted using the top 30 features, only the top 10 are shown 
for clarity.

Discussion
iWAX addresses the interpretability challenge inherent in pre-trained large-scale deep learning models for voice 
spoofing detection by offering a novel interpretation approach that also enhances detection performance. The 
key innovation lies in leveraging XGBoost’s feature importance mechanism to analyze the temporal segments 
within audio samples that w2v2 prioritizes during spoofing detection. In addition, by applying sinc filters to raw 

Fig. 6.  EER across different frequency bands for iWAX. Vertical dashed lines denote the starting points of 
specific frequency ranges used in the analysis.

 

Fig. 5.  Comparative analysis of XGBoost-based iWAX variants. Dev and Eval EER values with standard 
deviations are reported for three temporal sampling points (1/4, 2/4, 3/4) and three single-feature choices 
(f85, f1000, f1001).

 

Fig. 4.  Top 10 features identified by the XGBoost model for each time point and frequency band.
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waveforms, iWAX identifies specific frequency bands that w2v2 focuses on. This dual analysis of temporal and 
spectral features provides meaningful insight for a comprehensive interpretation of w2v2’s behavior and the role 
of specific speech features in its decision-making process.

Another strength of iWAX is its integration of w2v2, a model that extracts features directly from raw 
waveforms, thereby capturing a broader range of acoustic information compared to traditional feature extraction 
techniques such as mel-frequency cepstral coefficients (MFCC) and linear prediction coefficients (LPC). As a 
self-supervised learning-based speech recognition model, w2v2 also maintains high performance with limited 
labeled data. By combining the features extracted by w2v2 with AASIST and XGBoost, the model performance 
can be further improved, particularly in capturing long-term speech patterns.

To further validate the framework, we conducted an ablation study using LightGBM33 classifier instead of 
XGBoost. LightGBM is a gradient boosting framework that employs histogram-based learning and a leaf-wise 
tree growth strategy. Like XGBoost, it offers a feature importance mechanism to evaluate the contribution of 
each feature to the model’s predictions. As shown in Table 4, LightGBM achieved slightly better performance 
than XGBoost and consistently highlighted the same top three features. This difference was found to be 
statistically significant based on a t-test, indicating the potential for further improvements through model 
selection and hyperparameter tuning. While XGBoost’s feature importance mechanism provides overall dataset 
understanding, it lacks the ability to capture instance-specific importance unlike interpretable models such 
as TabNet34 or SHAP35 and integrated attention visualization methods. Future work will focus on developing 
an enhanced interpretability framework capable of per-instance analysis. We would like to note that our work 
primarily focuses on analyzing the global tendencies of the model, since understanding the overall decision 
process and dataset-level tendency of voice spoofing detection was our first step. For future work, we plan 
to extend the analysis to the local level and employ various methods to enable comparison across different 
approaches.

Additionally, exploring a wider variety of filters for raw waveform transformation will support more diverse 
interpretations of w2v2 beyond frequency-based features. Ablation study on multi-feature combinations will 
also be necessary to better understand their individual and joint contributions. Further evaluation on diverse 
datasets including ASVspoof 2021 and WaveFake will be required to assess the generalization capability of the 
proposed approach. Moreover, while this work primarily focused on building an interpretable and effective 
framework, future research will explore parameter-efficient fine-tuning methods such as LoRA so that reduce 
the computational burden of the large model.

As another possible direction, future work will explore trainable filter banks to optimize frequency ranges 
beyond the manually defined, perceptually motivated bands. One more interesting extension is designing an 
end-to-end trainable framework, possibly in combination with tabular deep learning architectures, such as 
TabNet or FT-Transformer.

Full frequency-band inference yields an Eval EER of 0.3136%, which is much closer to that of 128-8000 Hz 
(0.2883%) than to 0-64 Hz (18.4083%) or 0-128 Hz (13.9095%), as shown in Table 3. This indicates that the 
iWAX decision process effectively discounts the least informative low-frequency band, which may act as noise, 
thereby contributing to more stable performance under potential degradations. We can also observe that same 
top features (f1000, f1001, f85) consistently dominate XGBoost’s feature importance. This stability suggests 
that our proposed model relies on robust and repeatedly selected cues rather than instance-specific artifacts. 
Taken together, subband-based design and stable feature selection choice of iWAX suggest robustness of the 
framework. For future work, we plan to validate our framework on noisy datasets or employ noise augmentation 
and reverberation simulation to validate resilience which could align with real-world deployment scenarios.

Prior research has also explored Visual Speech Recognition (VSR), showing that visual information alone can 
help mitigate voice spoofing36,37. If these visual features are combined with audio features, Audio-Visual Speech 
Recognition (AVSR) can be constructed. Building on this, integrating feature importance or attention maps from 
both audio and visual modalities could yield more meaningful and interpretable results.

Conclusion
iWAX presents a novel approach to voice spoofing detection by combining the strengths of wav2vec 2.0 and 
XGBoost. Traditional machine learning models are lightweight and offer some degree of interpretability, but are 
limited by the need for manually engineered features. In contrast, deep learning-based audio representations 
capture a wide range of acoustic characteristics, but often involve substantial computational resources and 
present challenges in interpretability. iWAX addresses these limitations by integrating wav2vec 2.0 with XGBoost, 
providing an interpretable and effective voice spoofing countermeasure. To further validate the robustness of our 
framework, we also conducted experiments using LightGBM as an alternative classifier, confirming consistent 
trends.

The primary contribution of this study lies in the integration of temporal and frequency-based feature 
analyses to enhance model interpretability. The temporal analysis identifies key features and the corresponding 

Model Time point Dev EER Eval EER Features (top 3)

1/4 0.2477±0.0168 0.3032±0.0259 f85,

LightGBM 2/4 0.2386±0.0192 0.2755±0.0242 f1000,

3/4 0.2516±0.0200 0.2793±0.0077 f1001

Table 4.  Ablation study with LightGBM.
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time intervals they influence. Meanwhile, the frequency-based analysis employs sinc filters applied to raw 
waveforms to concentrate on specific frequency bands. These dual perspectives enable iWAX to reveal which 
time segments and frequency bands the model emphasizes when making decisions. In terms of performance, 
iWAX outperforms both AASIST and w2v2-AASIST in terms of EER evaluation. Moreover, by selectively 
applying frequency band filtering, iWAX achieves improved performance compared to models trained on the 
full frequency spectrum. Overall, the proposed framework delivers a computationally efficient and interpretable 
model for voice spoofing detection, addressing key limitations of prior methods in this domain.

Data availability
The datasets analyzed during the current study are available in the ASVspoof 2019 LA repository, which can be 
found from Todisco, M. et al. (2019)32. The code and pretrained models used for iWAX are available at ​h​t​t​p​s​:​/​/​
g​i​t​h​u​b​.​c​o​m​/​d​u​n​e​a​g​2​/​i​w​a​x​​​​​.​​
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