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Abstract—Robust spoofed speech detection hinges on general-
ization to unseen spoofing attacks and adverse acoustic conditions
(e.g., noise and channel mismatch), where the quality of different
representations can vary substantially across utterances. We
propose an uncertainty-driven multi-view framework that fuses
raw-waveform and LFCC-based spectral representations by esti-
mating per-view evidential uncertainty with a Beta distribution,
converting it into utterance-level credibility weights, and using
these weights to condition a lightweight multi-head self-attention
fusion module; we further introduce a conflict-aware objective
to explicitly discourage inconsistent view opinions. Experiments
on ASVspoof 2019 LA and cross-dataset evaluation on ASVspoof
2021 LA show consistent improvements over strong single-view
baselines and fixed fusion strategies, and controlled SNR cor-
ruption tests further confirm that uncertainty-guided credibility
weighting yields more stable performance under severe noise.

Index Terms—spoofed speech detection, multi-view feature
fusion, uncertainty estimation, evidential deep learning, Beta
distribution

I. INTRODUCTION

Voice has become one of the most widely adopted interfaces
for human–computer interaction in the era of artificial intelli-
gence. Automatic Speaker Verification (ASV) systems rely on
speaker-specific voiceprint characteristics to secure access to
smart devices and online services. However, recent advances
in text-to-speech (TTS), voice conversion (VC), and replay
technologies have enabled attackers to generate highly realistic
spoofed speech, posing a serious threat to the security of ASV
systems [1]. Spoofed speech detection aims to distinguish
bona fide speech from spoofed speech, thereby preventing
unauthorized access [2].

A key challenge in practical deployments is generalization:
models trained on limited attack types often degrade when
faced with unseen spoofing algorithms or adverse acoustic
conditions. Many existing approaches extract features from a
single representation of the speech signal and train a detector
on top of that representation [3]–[5]. Although effective in
controlled settings, single-view detectors may miss comple-
mentary spoofing cues that are present in other representations
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of the same utterance. In this work, we consider two com-
plementary views that are widely used in anti-spoofing sys-
tems: (i) raw waveforms, which preserve fine-grained temporal
structure, and (ii) frequency-domain features, which highlight
spectral artifacts introduced by generation algorithms [6].

Recent end-to-end anti-spoofing systems further confirm the
value of exploiting complementary cues from multiple repre-
sentations, including dual-branch and raw-waveform-oriented
architectures [7]–[9].

Multi-view fusion can exploit complementary cues, but
fixed aggregation often treats all views equally and may
amplify corrupted representations [10], [11]. We therefore pro-
pose an uncertainty-driven multi-view spoofed speech detector
that estimates the credibility of raw-waveform and LFCC
views, uses these credibility scores to reweight the views,
and performs lightweight self-attention fusion. Experiments on
ASVspoof 2019 LA and cross-dataset evaluation on ASVspoof
2021 LA show improved accuracy and better robustness under
additive noise [12].

The key motivation is that view quality is inherently
utterance-dependent. Under some conditions, waveform fea-
tures retain useful temporal cues, whereas under others LFCC
features reveal synthesis artifacts more clearly. A practical
fusion model should therefore decide which view deserves
more trust for each input rather than applying one fixed
aggregation rule to all samples.

In summary, the main contributions of our paper are as
follows:

• We propose a multi-view spoofed speech detection frame-
work that jointly leverages raw-waveform and frequency-
domain representations.

• We introduce an uncertainty-driven dynamic fusion
strategy that estimates view credibility and adaptively
reweights different views to mitigate noise accumulation.

• We validate the proposed method on public benchmarks
and demonstrate improved performance over strong base-
lines and existing fusion approaches.



(a) Overall framework

(b) Credibility estimation block

Fig. 1. Overall structure of proposed method: (a) overall framework; (b) credibility estimation block.

II. RELATED WORK

A. Single-view spoofed speech detection

Many spoofed speech detectors rely on a single represen-
tation of the input utterance. Spectral-feature-based systems
typically operate on cepstral or spectrogram-like inputs and
use CNN backbones to capture spoofing artifacts [6], [14],
[31], while waveform-based systems directly model temporal
cues from the raw signal using architectures such as RawNet2
and its variants [9], [25], [30]. These approaches have achieved
strong performance on standard benchmarks, but their robust-
ness often depends on how well the selected view matches the
acoustic condition and spoofing pattern at test time.

B. Fusion and uncertainty-aware learning

To exploit complementary information, recent fusion-based
systems combine spectral, prosodic, and waveform cues
through concatenation or heuristic aggregation [7], [8], [13].
Such fusion strategies improve robustness, but fixed weighting
may over-emphasize noisy views and underuse cleaner ones.
This limitation becomes especially visible when one repre-
sentation is more vulnerable to channel mismatch or additive
noise than another.

Uncertainty-aware multi-view learning addresses this issue
by estimating evidence reliability and dynamically weighting
each view [19]–[21]. In spoofed or deepfake speech detec-
tion, uncertainty estimation and robust end-to-end modeling
have also been explored in anti-spoofing backbones such as
AASIST and RawNet-style systems [22]–[25]. Related work

has also examined robustness from other perspectives, such
as manipulation attacks, adversarial threats, privacy-preserving
detection, and cross-bona-fide generalization [26]–[29]. Our
work combines these directions by using uncertainty explicitly
as a view-credibility signal for fusion.

III. PROPOSED METHOD

Fig. 1 illustrates the proposed uncertainty-driven multi-view
spoofed speech detection framework. As shown in Fig. 1(a),
the overall pipeline consists of two view-specific encoders
and a fusion/classification head. The raw-waveform encoder
Eraw extracts a temporal representation from the waveform,
while the frequency-domain encoder Espec extracts a spectral
representation from LFCC features; together they provide
complementary cues.

As shown in Fig. 1(b), we introduce a dedicated credibility
estimation block to quantify the reliability of each view.
Following [21], we model the evidence of each view with
a Beta distribution and derive an uncertainty score, which
is then converted into a credibility weight for feature fu-
sion. Using these credibility weights, we perform uncertainty-
guided fusion to suppress unreliable view representations. We
further employ a lightweight self-attention module to facilitate
information interaction across views and enhance integration.

Finally, the fused representation is fed into a classifier to
determine whether an utterance is bona fide or spoofed.



A. Multi-view modeling layer

Raw waveform encoder:RawNet2 has demonstrated excel-
lent performance in processing raw speech waveform signals
[30]. Given an input utterance (sample) indexed by k, we
denote the raw waveform as ark and the extracted LFCC feature
as ask. We use RawNet2 to extract features from the raw
waveform:

xrk = Eraw(a
r
k). (1)

Speech frequency-domain encoder:ResNet-18 has shown
good performance in processing speech frequency-domain
features [31]. In this paper, we use ResNet-18 to encode the
frequency-domain features of speech. Specifically, we first
extract the Linear Frequency Cepstral Coefficients (LFCC)
[32] features ask from the raw speech waveform signal ark.
LFCC compresses the information in the spectrogram and
removes redundancies, effectively reducing dimensionality and
improving computational efficiency. Therefore, in this paper,
we treat LFCC as a low-dimensional representation of the
spectrogram and feed it into ResNet-18 to extract spoofing
cues from the frequency domain perspective, i.e.,

xsk = Espec(a
s
k). (2)

B. Single view credibility calculation

In various spoofed speech detection scenarios, the credibil-
ity of different feature views (waveform features and spectral
features) can vary considerably. By estimating and combining
the credibility of each view, detection performance can be
improved.

TMC [33] shows that evidential distributions can quantify
view reliability. Following [21], and grounded in subjective
logic [34], we adapt this idea to binary spoofed speech
detection. For sample k and view v ∈ {r, s}, let xvk,c denote
the logit for class c ∈ {1, 2}. We map logits to non-negative
evidence via

evk,c = Softplus(xvk,c), (3)

and parameterize a Beta distribution by

αv
k,c = 1 + evk,c, (4)

Let Sv
k = αv

k,1 + αv
k,2 denote the strength of the Beta

distribution. Under the subjective logic constraint for binary
classification, we define the belief masses and uncertainty as

bvk,c =
evk,c
Sv
k

, uvk =
2

Sv
k

, (5)

which satisfies bvk,1 + bvk,2 + uvk = 1 for each view v.
Based on the estimated uncertainty, we first define the

unnormalized credibility score of each view as

qvk = 1− uvk, v ∈ {r, s}. (6)

This formulation assigns lower credibility to views with higher
uncertainty.

We convert uncertainty into normalized reliability weights
by

q̄vk =
qvk

qrk + qsk
, v ∈ {r, s}. (7)

where q̄rk + q̄sk = 1 for each sample k.

C. Multi-view Fusion

Similarly, for multi-view fusion, we refer to the method
proposed in [21], with the key distinction that our approach
explicitly considers the impact of opinion conflicts between
different views.

First, after obtaining per-view credibility estimates, we em-
ploy a Multi-Head Self-Attention (MHSA) module to fuse the
encoder features conditioned on their credibility scores. This
design enables information exchange across views while sup-
pressing unreliable representations. Given the view-reliability
weights, we first perform view-wise scaling:

x̂vk = q̄vk x
v
k, v ∈ {r, s}. (8)

Then, we treat the two scaled view features as a length-2 token
sequence and apply a Multi-Head Self-Attention (MHSA)
module. We use mean pooling over the two output tokens to
obtain an utterance-level fused vector:

xk = MeanPool(MHSA([x̂rk, x̂
s
k])). (9)

To preserve structural interaction information between the
two views, we additionally keep the token-level MHSA output
matrix

Mk = MHSA([x̂rk, x̂
s
k]), (10)

and convert it into a compact auxiliary feature by flattening
and dimension reduction:

x̃k = DownSample(Flatten(Mk)). (11)

The pooled vector xk captures the global fused representa-
tion, while x̃k preserves finer cross-view interaction patterns
produced by the attention module.

When addressing multi-view opinion conflicts, the uncer-
tainty of multi-view learning results should not automatically
decrease with an increase in the number of views. Instead, it
should depend on the quality of the fused views, particularly
when conflicts arise among the outputs of different views. To
tackle this issue, we introduce a conflict opinion aggregation
method [20].

In [20], the conflictive degree is defined to quantify dis-
agreement between two views. In our notation, for sample
k and view v ∈ {r, s}, we define the view opinion as
wv

k = (bv
k, u

v
k), where bv

k = [bvk,1, b
v
k,2] is the belief mass

vector and uvk is the corresponding uncertainty. In our two-
view setting, we compute the conflictive degree between the
raw view (r) and the spectral view (s) as:

c(wr
k,w

s
k) = cp(w

r
k,w

s
k) · cc(wr

k,w
s
k), (12)

where cp(wr
k,w

s
k) represents the projected distance between

wr
k and ws

k, and cc(w
r
k,w

s
k) represents their conjunctive

certainty.



The formulas for these components are as follows:

cp(w
r
k,w

s
k) =

1

2

∑
c∈{1,2}

∣∣brk,c − bsk,c
∣∣ , (13)

cc(w
r
k,w

s
k) = (1− urk)(1− usk). (14)

By quantifying the degree of divergence between two opin-
ions, the conflictive degree effectively resolves conflicts during
multi-view feature fusion, thus enhancing the accuracy and
robustness of the detection system.

D. Loss Function

After fusion, we apply a linear layer to obtain the logits zk:

zk =Wo · [xk, x̃k] + bo, (15)

The predicted posterior is computed by

pk = Softmax(zk), (16)

and we use the standard cross-entropy loss Lce(zk, ŷk).
During training, we follow evidential learning [35] and

introduce a credibility (uncertainty) loss Lu for each view to
encourage calibrated evidence estimation:

Lu(x
v
k) =

∑
c∈{1,2}

ŷk,c ·
(
ψ (Sv

k)− ψ
(
αv
k,c

) )
, (17)

where xv
k = [xvk,1, x

v
k,2] collects the two class logits for view

v, ŷk,c is the one-hot label for class c, and ψ(·) denotes the
digamma function.

To ensure consistency among the results of different views
during training, we minimize the conflict between views. In
our two-view setting (v ∈ {r, s}), the conflict loss for sample
k is defined as follows:

Lc,k = c(wr
k,w

s
k). (18)

The overall loss function can be expressed as:

L =
∑
k∈Y

Lce(zk, ŷk) + λ1
∑
k∈Y

∑
v∈{r,s}

Lu(x
v
k)

+ λ2
∑
k∈Y

Lc,k,
(19)

where λ1 and λ2 are hyperparameters used to balance
these components, and Y denotes the index set of training
samples (e.g., a mini-batch) used to compute the loss. The
three terms play complementary roles during optimization: Lce

supervises spoof/bona fide discrimination in the fused space,
Lu encourages each view to produce calibrated evidence, and
Lc,k discourages confident but inconsistent opinions across
views. Jointly optimizing these losses enables the model to
learn not only discriminative representations, but also a more
reliable and stable fusion behavior.

TABLE I
THE DATASET PARTITION OF ASVSPOOF 2019 LA.

Set #Samples Attacks
Train 25,380 A01–A06

Development 24,844 A01–A06
Evaluation 71,237 A07–A19

Fig. 2. Accuracy (%) under different signal-to-noise ratio (SNR) conditions
for single-view baselines (ResNet18-only and RawNet2-only) and our fusion
model.

IV. EXPERIMENTS

A. Experimental settings

We use the ASVspoof 2019 LA dataset for in-domain
evaluation and train on the official train and development
sets while testing on the evaluation set, where attacks A07–
A19 are unseen during training [12], [40]. Table I summarizes
the dataset partition. Cross-dataset generalization is evaluated
on ASVspoof 2021 LA using the same model trained on
ASVspoof 2019 LA. EER is the primary metric. For robustness
analysis, we additionally report classification accuracy under
additive Gaussian noise at multiple SNR levels.

Each utterance is standardized to 64,600 waveform samples
(about 4 seconds). The spectral branch uses 60-dimensional
LFCC features extracted with the official ASVspoof 2019
implementation. We train all models jointly with Adam (learn-
ing rate 10−4, weight decay 10−4, batch size 14) for up
to 100 epochs and select checkpoints on the development
set. We compare with two reproduced single-view baselines,
Wav+RawNet2 and LFCC+ResNet-18, and report external
baselines from the corresponding papers. For noisy-condition
analysis, additive Gaussian noise is injected into the evaluation
utterances at multiple SNR levels for robustness comparison
only.

B. Results

Table II reports the main ASVspoof 2019 LA results. Our
method achieves the lowest EER (1.02%), outperforming the
reproduced single-view baselines Wav+RawNet2 (3.14%) and
LFCC+ResNet-18 (4.75%) as well as representative fusion
systems. These results indicate that uncertainty-guided credi-
bility weighting can better suppress unreliable views than fixed
fusion.



Fig. 3. Accuracy (%) under different signal-to-noise ratio (SNR) conditions
for the full model and fusion ablations (Only Concat and Only Add).

TABLE II
EERS (%) ON THE ASVSPOOF 2019 LA EVALUATION SET.

Method EER
(%)

Baseline Wav+RawNet2 [30] 3.14
Baseline LFCC+ResNet-18 [31] 4.75
Spec+CQCC+ResNet+SE [14] 5.56

8 Features+MLP [36] 4.25
MFCC+Mel-Spec+ECAPA-TDNN+Prosody

Encoder [13]
5.39

Wav+Spec-Res-TSSDNet [6] 3.39
Ours 1.02

Cross-dataset results on ASVspoof 2021 LA are shown in
Table III. Training only on ASVspoof 2019 LA, our method
achieves 4.85% EER, better than the reproduced single-view
baselines and competitive external systems, indicating im-
proved generalization to unseen attacks and conditions.

This cross-dataset result suggests that the proposed fusion
does not merely overfit the in-domain benchmark. By estimat-
ing the reliability of each view for each utterance, the model
can better preserve useful spoofing cues under mismatched
conditions and suppress less informative representations when
the test distribution shifts.

The ablation study in Table IV confirms that each com-
ponent contributes to performance. Replacing the proposed
fusion with concatenation or addition degrades EER to 1.24%
and 1.40%, respectively, while removing the uncertainty or
conflict loss further increases EER to 1.78% and 1.66%. Fig. 3
shows the same trend under noise, where the full model
remains consistently stronger than the two ablations across
SNR levels.

Fig. 4 visualizes the fused embedding space and shows
clearer bona fide/spoof separation for the full model than for
the two simplified fusion variants. Fig. 5 further indicates that
attack conditions with larger estimated uncertainty tend to have
higher EER, supporting uncertainty as a meaningful reliability
signal.

Noise robustness. Fig. 2 compares our model with the
two single-view branches under additive Gaussian noise. All

TABLE III
EERS (%) ON THE ASVSPOOF 2021 LA EVALUATION SET, WITH SYSTEMS
TRAINED ON THE ASVSPOOF 2019 LA TRAIN AND DEVELOPMENT SETS.

Method EER (%)
Baseline Wav+RawNet2 [30] 9.50

Baseline LFCC+ResNet-18 [31] 5.75
AASIST [37] 8.08

AASIST + FADEL [37] 5.60
UR-AIR [38] 5.46

DeepLASD [39] 12.76
Ours 4.85

TABLE IV
ABLATION STUDY RESULTS ON THE ASVSPOOF 2019 LA EVALUATION

SET (EER, %).

Category Ablation Settings EER (%)

Fusion Method Only Concat 1.24
Only Add 1.40

Loss w/o Lu 1.78
w/o Lc 1.66

Full Model Ours 1.02

systems improve as SNR increases, but the spectral-only
model degrades more sharply at low SNR. Across the entire
range, the proposed fusion model remains the most accurate,
showing that uncertainty-guided view reweighting improves
robustness when one representation is heavily corrupted.

The visualization results support the same conclusion from
a representation-learning perspective. Compared with concate-
nation and addition baselines, the full model forms a more
compact bona fide cluster and a clearer spoof boundary in
the embedding space, indicating that uncertainty-aware fusion
improves not only the final classifier score but also the
geometry of the fused representation.

C. Discussion

The experimental results show that the proposed method
benefits from both adaptive weighting and explicit disagree-
ment modeling. Credibility weights help the model avoid
blindly trusting a corrupted view, while the conflict term
encourages the two branches to produce compatible opinions
when reliable complementary evidence exists. These com-
ponents therefore address different failure modes and work
best together, which is consistent with the ablation results in
Table IV.

Another useful observation is that uncertainty plays a dual
role in the framework. On the one hand, it serves as a
direct reliability indicator that modulates the contribution of
each view during fusion. On the other hand, it provides an
interpretable signal for understanding difficult attacks and
mismatch conditions. The positive relationship between un-
certainty and EER in Fig. 5 suggests that the model is not
only accurate, but also reasonably aware of when the decision
problem becomes harder.



(a) Full Model (b) Only Concat (c) Only Add

Fig. 4. Visualization of the embedding space using t-SNE on the ASVspoof 2019 LA evaluation dataset.

Fig. 5. Scatter plot of attack-wise uncertainty versus EER on the ASVspoof
2019 LA evaluation set.

From a deployment perspective, this property is valuable
for practical spoofed speech detection systems. In real appli-
cations, the detector may encounter channel distortion, novel
synthesis algorithms, or recording conditions that differ from
those seen during training. A fusion framework that can
adapt its reliance on different views and expose uncertainty
information is more suitable for such open-world settings than
a fixed fusion strategy that assumes all views are equally
trustworthy.

An additional practical advantage is that the proposed
system does not rely on a large ensemble of heterogeneous
branches. Instead, it combines two complementary views with
an explicit credibility mechanism, which keeps the model
comparatively simple while still improving robustness and
interpretability. This balance is useful for real deployment sce-
narios where computational budget and decision transparency
matter alongside raw benchmark performance.

More broadly, the results suggest that the fusion stage in
spoofed speech detection should be treated as a reliability-
allocation problem rather than a simple feature-combination
step. Even with only two views, uncertainty-aware weighting
yields consistent gains over stronger fixed aggregation base-
lines, which indicates that modeling when a representation
should dominate the final decision is itself an important source
of improvement.

This sample-level adaptability is particularly relevant for

benchmark conditions in which spoofing algorithms, channels,
and recording quality vary substantially across trials. A fusion
rule that changes with the input is therefore better matched
to the task than one global weight configuration learned once
and applied uniformly to all samples.

V. CONCLUSION

This paper proposes an uncertainty-guided multi-view fea-
ture fusion framework for spoofed speech detection. By
combining raw-waveform and LFCC representations with
credibility-weighted fusion, the proposed method achieves
lower EER than strong single-view and fusion baselines on
ASVspoof 2019 LA and improves cross-dataset generalization
on ASVspoof 2021 LA. The results confirm that uncertainty-
aware view reweighting is effective for robust spoofed speech
detection. The framework is also practically attractive because
it uses only two complementary views and a lightweight cred-
ibility mechanism, providing a reasonable balance between
robustness, interpretability, and implementation complexity.
Overall, the results support reliability-aware fusion as a princi-
pled and effective design choice for building more dependable
anti-spoofing systems, especially when acoustic conditions
vary across utterances and the usefulness of each view is
no longer constant. These findings also show that improving
anti-spoofing performance is not only a matter of stronger
encoders, but also of learning how much each representation
should be trusted for each input sample.
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