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Abstract
Recently, speech deepfake detection (SDD) has achieved signifi-
cant progress. However, its robustness evaluation remains largely
confined to controlled additive noise scenarios, lacking systematic
investigation of the complex distortions introduced by acoustic
front-end (AFE) processing pipelines in real-world deployments. In
this work, we simulate a unified AFE pipeline comprising acous-
tic echo cancellation, noise suppression, automatic gain control,
and voice activity detection (VAD), and conduct a comprehensive
evaluation of current state-of-the-art models. The results show that
the nonlinear and time-frequency coupled distortions introduced
by AFE significantly degrade detection performance. To address
this issue, we propose a Time-Frequency Consistency Learning
(TFCL) framework, which aims to learn invariant spoofing rep-
resentations that remain stable before and after AFE processing.
We observe that AFE not only introduces temporal misalignment
(e.g., segment-level shifts caused by VAD), but also weakens or
distorts critical frequency-domain cues. To this end, TFCL employs
an attention-driven soft alignment mechanism to capture cross-
temporal dependencies, along with frequency-domain structural
consistency constraints to enforce feature invariance. As a result,
the model is able to maintain stable representations under both
temporal perturbations and spectral distortions. Extensive experi-
mental results demonstrate that the proposed method effectively
mitigates the performance degradation caused by AFE processing,
significantly improving the robustness of SDD in real-world scenar-
ios. The code is available at https://github.com/JunXue-tech/TFCL.
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1 Introduction
With the advancement of generative models, text-to-speech (TTS)
[35] and voice conversion (VC) [9] techniques are now capable of
producing highly realistic speech signals, enabling speech deep-
fakes to be used in real-world attacks.While these technologies offer
significant benefits, they have also been exploited for fraudulent
activities, identity impersonation, and other malicious purposes,
posing substantial risks to individual security and social trust. In
this context, speech deepfake detection (SDD) has emerged as an
important research topic. In recent years, benchmark initiatives
such as ASVspoof [17, 23, 27] and ADD [32, 33] have driven the
development of detection methods, leading to continuous perfor-
mance improvements under controlled conditions.

To improve the applicability of SDD models in real-world sce-
narios, existing studies have begun to investigate robustness under
noisy conditions [4, 6]. For instance, ADD 2022 [32] introduces
real-world environmental noise and background music to evalu-
ate model performance under complex acoustic conditions. At the
methodological level, Fan et al. [10] enhance robustness in noisy
scenarios through a dual-branch distillation strategy, while Sen
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et al. [19] systematically analyze performance variations across
different signal-to-noise ratio (SNR) levels, revealing the impact
of environmental noise on detection performance. However, these
works primarily model speech degradation as additive noise, over-
looking the complex signal processing pipeline that noisy speech
undergoes in real-world communication systems.

In practical applications, speech deepfake threats have expanded
to real-time communication (RTC) platforms [30], with their latent
risks manifesting in high-profile security incidents. A prime exam-
ple [5] is a 2025 case where attackers utilized AI-generated voices
during a Zoom meeting to successfully impersonate a corporate
CEO, executing a $499,000 fraud. Such incidents underscore the ne-
cessity for Speech Deepfake Detection (SDD) methods to maintain
high reliability in authentic communication deployments. However,
within mainstream communication applications, speech signals are
not transmitted directly but are processed by an acoustic front-end
(AFE) pipeline, including acoustic echo cancellation (AEC), noise
suppression (NS), automatic gain control (AGC), and voice activ-
ity detection (VAD). This pipeline introduces complex nonlinear
transformations due to the cascading of multiple modules. As a
result, critical acoustic artifacts of spoofed speech may be distorted
or suppressed. Unfortunately, existing research lacks a thorough
investigation of this issue.

To address these challenges, we first simulate the acoustic front-
end processing and conduct a systematic evaluation of state-of-the-
art detection models. Experimental results reveal a severe perfor-
mance degradation across existing models following AFE process-
ing. By further analyzing the underlying impact of AFE on speech
signals, we observe two critical phenomena: in the time domain,
VAD and AGC introduce segment-level clipping and nonlinear gain
variations, leading to significant temporal misalignment; in the fre-
quency domain, NS and AEC inevitably suppress or distort essential
spectral cues while mitigating interference.

Motivated by these findings, we propose a Time-Frequency Con-
sistency Learning (TFCL) framework, designed to learn invariant
forgery representations across the AFE pipeline. Specifically, TFCL
addresses two types of AFE-induced distortions. In the time do-
main, an attention-driven soft alignment mechanism is employed
to mitigate temporal inconsistencies by modeling cross-temporal
dependencies. In the frequency domain, we introduce structural
consistency constraints to preserve stable discriminative represen-
tations under spectral distortions. By jointly enforcing temporal
dependency alignment and frequency structural consistency, the
proposed framework is able to learn robust representations that
remain stable before and after AFE processing. Extensive experi-
mental results demonstrate that the proposed method significantly
enhances the robustness of SDD models against distortions intro-
duced by AFE processing chains.

The main contributions of this work are summarized as follows:

• We move the robustness evaluation of SDD beyond additive-
noise settings to realistic AFE distortions, and demonstrate
their significant impact on detection performance.

• We show that AFE degradation is not a single corruption
type, but can be characterized as a coupled shift in temporal
dependency and frequency structure, which challenges the
stability of spoofing representations.

• We propose a time-frequency consistency learning frame-
work that addresses these two shifts through temporal soft
alignment and frequency structural consistency regulariza-
tion, yielding consistent improvements across different AFE
conditions and model backbones.

2 Related Work
Speech Deepfake Detection Datasets. In recent years, a vari-
ety of datasets and benchmarks have been developed for SDD,
primarily focusing on robustness from the perspectives of input
degradation and transmission processes. On the one hand, datasets
such as ADD 2022 [32] introduce real-world environmental noise
and background music to evaluate model robustness under low SNR
and complex acoustic conditions. On the other hand, some studies
further consider factors in the communication pipeline, including
speech codecs [17], compression artifacts [27], and bandwidth con-
straints [27], and even extend to neural codec [7, 29] scenarios to
simulate realistic speech transmission in modern communication
systems. These efforts have systematically expanded the evaluation
scope of SDD at the data level. However, existing work mainly
focuses on input signal degradation or transmission compression,
and lacks systematic investigation and modeling of the complex dis-
tortions introduced by AFE processing pipelines, which are widely
present in RTC systems.
Speech Deepfake Detection Methods.Mainstream SDD systems
typically combine a front-end feature extractor with a back-end
classifier. Wav2vec 2.0-based representations [2] have been widely
adopted for modeling spoofing artifacts [31], while back-end ar-
chitectures such as AASIST [15], Mamba [8], and Nes2Net [16]
improve detection through enhanced structural and temporal mod-
eling. Robustness has also been explored through training strategies.
For example, DBKD [10] employs knowledge distillation to improve
stability under noisy conditions, whereas RawBoost [21] simulates
signal degradation to enhance robustness against codec and channel
variations.

Nevertheless, existing methods mainly target additive noise or
transmission-related distortions, with limited attention to AFE pro-
cessing in real-world communication systems. Unlike a single cor-
ruption, AFE comprises cascaded modules that introduce accumu-
lated nonlinear and time-frequency coupled distortions, making
spoof-discriminative representations difficult to preserve. To ad-
dress this issue, we construct a unified AFE simulation pipeline,
systematically evaluate its impact on existing SDD models, and
propose a TFCL framework to mitigate temporal dependency dis-
ruption and frequency structural distortion.

3 Methodology
3.1 Problem Formulation
Given a clean speech signal 𝑥𝑐 and its corresponding distorted ver-
sion 𝑥𝑑 = A(𝑥𝑐 ) processed by the AFE pipeline A(·), our goal is
not to enforce strict signal-level or frame-wise equivalence between
𝑥𝑐 and 𝑥𝑑 . Instead, we aim to learn AFE-invariant spoofing represen-
tations that preserve spoof-discriminative semantics while being
robust to AFE-induced nuisance variations.
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(a) clean speech

(c) NS

(d) AGC

(e) VAD

(b) AEC

Figure 1: Spectrogram visualization of the utterance
LA_E_1184038.wav across different front-end processing
stages. The detailed processing pipeline is described in Sec-
tion 4.1.

Specifically, we focus on enforcing discriminative representation
consistency between clean and distorted speech, rather than wave-
form identity or exact temporal alignment. This formulation allows
themodel to maintain stable spoofing cues under complex front-end
processing distortions.

3.2 Acoustic Front-end Pipeline
In modern real-time speech communication systems (e.g., VoIP,
video conferencing, and WebRTC-based applications), the acoustic
front-end typically consists of a cascade of speech enhancement
modules, including AEC, NS, AGC, and VAD. This modular archi-
tecture has become a de facto standard in industrial systems. For
instance, the Audio Processing Module (APM) inWebRTC explicitly
integrates AEC, NS, and AGC as core components for real-time pro-
cessing of microphone signals [13]. These processing modules are
generally applied after audio capture and before encoding, forming
a complete acoustic front-end processing pipeline [3].

From a processing perspective, mainstream systems typically
organize these modules in the order of “AEC → NS → AGC →
VAD”. This ordering is motivated by the dependency among differ-
ent types of distortions: acoustic echo is a structured interference
that is highly correlated with the far-end signal and therefore must
be removed first; background noise is largely uncorrelated and its
suppression benefits from prior echo reduction; AGC is then applied
to normalize signal amplitude for stable downstream processing;
finally, VAD operates on relatively clean and amplitude-stabilized
signals to detect speech activity. In communication systems, VAD
is further used to identify active speech segments, thereby avoiding

redundant encoding and transmission of silent intervals and im-
proving bandwidth efficiency. Similar module configurations and
processing paradigms have been widely adopted in real-time speech
communication research [28].

3.3 Analysis and Motivation
From the spectrogram visualization in Figs. 1, it can be observed
that due to distortion accumulation introduced by the speech front-
end processing pipeline, the spectral characteristics and temporal
prosody of the original speech signal are irreversibly degraded. This
degradation manifests in different forms across each processing
stage:

In the AEC stage, although echo components are effectively
suppressed, it simultaneously introduces substantial semantic in-
formation loss. As observed in the highlighted regions, portions
of continuous speech energy are significantly attenuated or even
completely removed, resulting in the emergence of extended silent
segments. Moreover, AEC fails to fully eliminate background in-
terference, leaving a noticeable level of residual noise. This combi-
nation of “over-suppression and residual noise” introduces latent
risks for subsequent processing stages.

The NS stage effectively suppresses high-frequency background
noise, resulting in a cleaner spectral structure in the high-frequency
regions of the spectrogram. However, this process also introduces
a certain degree of spectral variation. As observed in Fig. 1 (c),
parts of the spectral structure exhibit mild distortion, manifested as
reduced harmonic continuity and uneven local energy distribution.
In addition, noticeable residual noise remains in the low-frequency
region.

Subsequently, AGC adjusts the gain to constrain the speech sig-
nal within a certain dynamic range. However, since distortions
have already been introduced in the preceding stages, AGC may
further amplify these artifacts. On the one hand, previously attenu-
ated or already distorted spectral components can be nonlinearly
enhanced under dynamic gain adjustment, making the distortions
more pronounced. On the other hand, the energy distribution across
different temporal segments is rebalanced, thereby weakening the
natural dynamic variations of speech and exacerbating temporal
inconsistencies.

Finally, in the VAD stage, the system detects and segments speech
activity regions based on energy or statistical features, and typically
removes non-speech segments (e.g., silence) to reduce redundancy
and lower transmission or storage costs. However, since preceding
processing stages (e.g., AEC) may introduce non-natural silence or
speech loss, VAD-based segmentation on such inputs can further
alter the temporal structure of the speech, thereby introducing
additional effects on speech rhythm (prosody) and overall prosodic
patterns.

Overall, the above analysis indicates that the speech front-end
processing pipeline introduces progressively accumulated pertur-
bations to the intrinsic structure of speech in both temporal and
frequency domains. These perturbations are not only reflected in
local information loss or energy variation, but more importantly in
the disruption of temporal dependencies and alterations of spectral
structural relationships. Based on these observations, we identify
two key representation-level effects introduced by AFE processing:
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Figure 2: Overview of the proposed framework. The distorted speech is generated by passing clean speech through the AFE
pipeline. The backend classifier adopts the AASIST architecture. Note: The dual-input design and the TFCL module are used
only during training for consistency learning, and are removed during inference without introducing additional computational
overhead.

(1) temporal dependency disruption, and (2) frequency struc-
tural distortion. These two effects call for alignment at different
granularities: in the time domain, relation-aware soft alignment is
required to handle non-rigid temporal mismatch; in the frequency
domain, global structural consistency is needed to preserve discrim-
inative spectral relationships. Motivated by this decomposition,
we propose a time-frequency consistency learning framework, as
illustrated in Fig. 2, which jointly addresses temporal and frequency-
domain distortions.

3.4 Overview of the Proposed Framework
Given clean and distorted speech, we first extract frame-level rep-
resentations using a shared feature encoder, denoted as 𝑭𝑐 and 𝑭𝑑 .
To address the two types of AFE-induced distortions, we introduce
a dual-branch consistency learning framework.

In the time domain, a temporal dependency consistency module
is designed to mitigate temporal misalignment by modeling cross-
temporal dependencies through soft alignment. In the frequency
domain, a structural consistency module is introduced to preserve
global spectral relationships under front-end processing.

The two consistency objectives are jointly optimized together
with the classification loss, enabling the model to learn spoof-
discriminative representations that remain stable before and after
AFE processing.

3.5 Temporal Dependency Consistency
Learning

Motivated by the temporal dependency disruption introduced by
AFE processing (e.g., segment-level shifts and non-rigid temporal

mismatch caused by VAD and AGC), we propose a temporal depen-
dency consistency learning mechanism to align clean and distorted
speech representations.

Specifically, clean and distorted speech signals are first processed
by a shared feature extractor to obtain frame-level representations.
Let 𝑭 = [𝒇1,𝒇2, . . . ,𝒇𝑇 ] ∈ R𝑇×𝐷 denote the sequence of frame-
level features, where 𝑇 is the number of time steps and 𝐷 is the
feature dimension. The corresponding representations for clean
and distorted speech are denoted as 𝑭𝑐 and 𝑭𝑑 , respectively.

Due to the non-rigid temporal distortions introduced by AFE pro-
cessing, strict frame-wise alignment is not appropriate. Therefore,
we employ a bidirectional cross-attention mechanism to perform
relation-aware soft alignment between 𝑭𝑐 and 𝑭𝑑 .

For notational convenience, let (𝑭𝑠 , 𝑭𝑟 ) ∈ {(𝑭𝑐 , 𝑭𝑑 ), (𝑭𝑑 , 𝑭𝑐 )}
denote the source-target feature pair for each direction. The cross-
attention aligned representation is then formulated as:

𝑭𝑠→𝑟 = Softmax
(
𝑸𝑠𝑲⊤

𝑟√
𝐷

)
𝑽𝑟 , (1)

To enforce temporal consistency, we measure the discrepancy
between the aligned feature and its corresponding original feature
using cosine distance:

L𝑡
𝑠→𝑟 = 1 − 𝑭𝑠→𝑟 · 𝑭𝑠

∥𝑭𝑠→𝑟 ∥ ∥𝑭𝑠 ∥
. (2)

The final temporal consistency loss is defined as:

L𝑡 =
1
2
(
L𝑡

𝑐→𝑑
+ L𝑡

𝑑→𝑐

)
. (3)

The aligned representation aggregates supportive evidence from
the counterpart domain, while preserving the source-domain spoof
semantics, rather than collapsing the two domains into identical
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Figure 3: General acoustic front-end processing pipeline

embeddings. This design allows the model to learn temporally
robust representations under AFE-induced distortions.

3.6 Frequency Structural Consistency Learning
Motivated by the frequency structural distortion introduced by
AFE processing, we further propose a frequency structural consis-
tency learning mechanism to preserve stable discriminative spectral
relationships.

Unlike temporal distortions, frequency-domain perturbations
mainly affect the structural relationships across feature channels,
rather than introducing simple point-wise shifts. Therefore, instead
of enforcing strict feature matching, we aim to preserve second-
order relational structures in the frequency domain.

Specifically, given the frame-level features 𝑭𝑐 , 𝑭𝑑 ∈ R𝑇×𝐷 , we
first reorganize them into frequency-oriented representations:

𝑭 𝑓
𝑐 = 𝜙 (𝑭 𝑓

𝑐 ), 𝑭 𝑓

𝑑
= 𝜙 (𝑭 𝑓

𝑑
), (4)

Subsequently, the projected features are flattened:

𝑿𝑐 = Flatten(𝑭 𝑓
𝑐 ), 𝑿𝑑 = Flatten(𝑭 𝑓

𝑑
), (5)

We then adopt linear CKA to measure the similarity of second-
order structures:

CKA(𝑿𝑐 ,𝑿𝑑 ) =
HSIC(𝑲𝑐 ,𝑲𝑑 )√︁

HSIC(𝑲𝑐 ,𝑲𝑐 )HSIC(𝑲𝑑 ,𝑲𝑑 )
. (6)

The corresponding loss is:

L𝑓 = 1 − CKA(𝑿𝑐 ,𝑿𝑑 ). (7)

CKA provides a practical surrogate for preserving second-order
frequency-domain structure, enabling the model to maintain stable
spectral relationships under AFE-induced distortions.

3.7 Training Objective
The overall training objective combines classification and consis-
tency constraints:

L = L𝑐
𝑐𝑒 + L𝑑

𝑐𝑒 + 𝜆(L𝑡 + L𝑓 ). (8)

Here, L𝑐
𝑐𝑒 and L𝑑

𝑐𝑒 denote the cross-entropy losses for clean
and distorted speech, respectively, which preserve spoof discrim-
inability. L𝑡 is the temporal consistency loss that reduces temporal
dependency shift, while L𝑓 is the frequency structural consistency
loss that mitigates frequency structural distortion. The hyperparam-
eter 𝜆 balances the contribution of the consistency constraints. By
jointly optimizing these objectives, the model learns spoofing repre-
sentations that are both discriminative and robust to AFE-induced
distortions.

4 Experimental Setup and Results Analysis
4.1 Dataset and acoustic front-end simulation
To thoroughly analyze the impact of environmental noise and indi-
vidual components of acoustic front-end processing for SDD, we
adopt the ASVspoof2019 LA [23] dataset as the research benchmark.
This dataset is constructed from high-quality clean speech data. It
is divided into three subsets: training, development, and evaluation.
Notably, the evaluation set introduces unseen conditions in both
speaker identity and spoofing algorithms.

We follow the processing pipeline illustrated in Fig. 3 to sequen-
tially process the original speech data. First, in the echo simulation
stage, for the training and development sets, we adopt a room acous-
tics simulation-based method1 [18]. Specifically, a virtual acoustic
environment is constructed, and the multi-path propagation from
the sound source to the microphone is simulated to generate speech
signals with echo effects. This process can be approximately for-
mulated as:

𝑥echo (𝑡) =
∑︁
𝑘

𝛼𝑘 𝑥 (𝑡 − 𝜏𝑘 ), (9)

where 𝜏𝑘 and 𝛼𝑘 denote the delay and attenuation associated with
the 𝑘-th propagation path, respectively.

For the evaluation set, to more realistically simulate echo effects
in practical scenarios, we adopt a room impulse response (RIR)-
based2 echo simulation method. Specifically, the original speech
signal is convolved with the RIR to generate the echo component,
followed by introducing temporal delay and energy attenuation.
The processed echo signal is then superimposed onto the original
speech to form the final microphone signal. The process can be
formulated as:

𝑥mic (𝑡) = 𝑥 (𝑡) + 𝛽 (𝑥 ∗ ℎ) (𝑡 − 𝜏), (10)

where ℎ(𝑡) denotes the room impulse response, ∗ represents convo-
lution, 𝜏 is the echo delay, and 𝛽 is an attenuation factor controlling
the echo energy. The resulting 𝑥mic (𝑡) corresponds to the simulated
speech signal with echo effects.

In the noise addition stage, for the training and development
sets, we employ the MUSAN3 [20] noise corpus and perform data
augmentation by randomly sampling the SNR within the range of
5–20 dB. For the evaluation set, to more comprehensively assess
the model’s robustness under realistic and complex acoustic con-
ditions, we adopt the DNS4 noise dataset, which consists of two
noise sources: AudioSet [12] and Freesound [11]. A round-robin
strategy is applied to traverse different noise samples, while the
SNR is controlled to follow a uniform distribution.

Finally, we adopt the standard implementations provided by We-
bRTC5 to simulate the aforementioned acoustic front-end modules
in a cascaded manner, thereby constructing a speech processing
pipeline that closely resembles real-world communication systems.
This design not only more faithfully reflects the distortion processes
encountered in practical applications, but also provides a controlled
and unified experimental framework for analyzing the impact of

1https://github.com/LCAV/pyroomacoustics
2https://openslr.org/
3https://www.openslr.org/17/
4https://github.com/microsoft/DNS-Challenge
5https://github.com/mail2chromium/Android-Audio-Processing-Using-WebRTC
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Table 1: Performance comparison of different SDD models under various acoustic front-end (AFE) conditions. The settings
from echo to vad correspond to intermediate stages of the AFE pipeline illustrated in Fig. 3. Bold indicates the best result, and

::::
wavy

:::::::::
underline indicates the second-best result.

Model Pub clean AFE pipeline
echo aec noisy ns agc vad

EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑
AASIST [15] ICASSP 2022 0.83 99.93 10.23 95.41 5.20 98.75 17.55 90.41 15.22 92.16 43.56 60.09 47.11 54.97

XLSR_AASIST [22] Odyssey 2022 0.23 99.97
::
2.20

::::
99.68

::
2.34

::::
99.54

:::
6.31

::::
97.84

::
5.81

::::
97.84

::::
12.70

::::
93.69 22.20 86.59

XLSR_TCM [25] Interspeech 2024 0.23 99.99 5.44 98.45 17.61 90.06 25.37 81.90 22.73 84.51 30.46 75.71 38.41 66.35
XLSR_SLS [34] ACM MM 2024

::
0.23

::::
99.99 3.95 99.26 9.46 96.71 11.11 95.56 10.80 95.73 14.34 92.64 20.27 86.90

XLSR_Nes2Net [16] TIFS 2025 0.17 99.99 3.75 99.31 4.17 99.12 7.02 97.49 6.91 97.63 14.41 92.04 24.83 82.11
XLSR_MultiConv [24] ACM MM 2025 0.87 99.94 6.09 98.88 6.59 98.32 8.78 97.15 8.18 97.47 14.40 93.36

::::
16.83

::::
91.29

ALLM4ADD* [14] ACM MM 2025 0.67 99.84 16.46 91.44 45.16 56.71 37.78 65.32 38.72 65.32 42.62 59.81 45.26 56.14
Ours – 0.55 99.96 1.77 99.80 2.19 99.68 3.87 99.14 3.91 99.20 4.84 98.79 9.78 96.40

∗ denotes reproduced results; all other results are obtained using publicly available pretrained weights.
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Figure 4: PerformanceComparison ofDifferentModels under
Independent and Cascaded AFE Modules.

different front-end processing stages on spoofing detection perfor-
mance.

4.2 Model setup
To evaluate the performance of deepfake speech detection, we adopt
three advanced models as baseline systems, namely XLSR-AASIST6

[22], XLSR-MultiConv7 [24], and XLSR-Nes2Net8 [16]. Specifically,
XLSR [1] serves as the front-end feature extractor to capture general
speech representations, while AASIST, MultiConv, and Nes2Net
are employed as back-end classifiers for spoofing detection. During
training, RawBoost [21] is applied to the clean speech branch as a
data augmentation strategy to enhance robustness under complex
acoustic conditions.

All models are optimized using the Adam optimizer, with a learn-
ing rate of 1 × 10−6 and a weight decay of 1 × 10−4. Training is
conducted for up to 100 epochs with an early stopping strategy,
where training is terminated if no performance improvement is
observed for 10 consecutive epochs. During evaluation, Equal Er-
ror Rate (EER) and Area Under the Curve (AUC) are adopted as
performance metrics. Hyperparameter 𝜆 is 0.3. All experiments are
conducted on an NVIDIA RTX 4090 GPU.

6https://github.com/TakHemlata/SSL_Anti-spoofing
7https://github.com/hoanmyTran/dissimilarity_deepfake_detection
8https://github.com/Liu-Tianchi/Nes2Net_ASVspoof_ITW

4.3 Robustness of state-of-the-art models under
AFE-Induced degradations

Table 1 presents a performance comparison of various state-of-
the-art (SOTA) SDD models under different AFE processing stages.
The evaluation covers scenarios ranging from the clean condition
to intermediate stages of the AFE pipeline (corresponding to the
stages from Echo to VAD in Fig. 3), enabling a systematic analysis
of model robustness under real-world communication processing
pipelines.

Significant performance gap: robustness degradation from
ideal to real-world conditions. The experimental results show
that although existing models achieve excellent performance under
the clean condition (with very low EER and near-saturated AUC),
their performance degrades significantly and consistently once
AFE processing is introduced. As the processing progresses from
Echo to VAD, this degradation exhibits a clear accumulative trend.
For instance, the EER of AASIST increases from 0.83% to 47.11%,
while that of the SSL-based XLSR_AASIST rises from 0.23% to
22.20%. These observations indicate that the high performance
achieved under ideal conditions does not directly transfer to real-
world communication scenarios, and AFE processing has become a
key factor limiting the practical deployment of SDD models.

Cascaded distortion effect: cumulative degradation of dis-
criminative features under AFE processing. Further analysis
reveals that the performance degradation is not caused by indi-
vidual processing modules independently, but rather results from
the cascaded effect of the AFE pipeline. The stage-wise results in
Table 1, from AEC and NS to AGC and VAD, already exhibit a clear
accumulative degradation trend. To further investigate the source
of this cascaded effect, Fig. 4 compares model performance under in-
dependent AFE modules and cascaded processing conditions. It can
be observed that when individual AFE modules are applied indepen-
dently, the performance degradation remains relatively limited. In
contrast, under cascaded processing, the degradation is significantly
amplified, far exceeding the simple sum of individual effects. For
example, under AGC and VAD conditions, the EER increase caused
by cascaded processing is substantially larger than that induced
by the corresponding independent modules, indicating strong cou-
pling effects across processing stages. These observations suggest
that AFE processing not only introduces local perturbations, but
also progressively amplifies and accumulates distortions through



Time-Frequency Consistency Learning for Robust Speech Deepfake Detection MM ’26, November 10–14, 2026, Rio de Janeiro, Brazil.

Table 2: Ablation study under different AFE conditions. Bold values denote the best performance within each group.

Model clean AFE pipeline
echo aec noisy ns agc vad

EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑ EER↓ AUC↑
XLSR-AASIST backbone with different training data

Clean-only 0.23 99.97 2.20 99.68 2.34 99.54 6.31 97.84 5.81 97.84 12.70 93.69 22.20 86.59
AFE-only 7.06 97.30 8.22 96.58 6.13 97.96 9.92 95.92 9.75 95.99 9.12 96.36 11.84 94.81

Mix 0.52 99.95 2.62 99.46 5.01 98.99 6.95 97.93 6.31 98.31 7.15 97.83 17.39 90.33
Ours 0.55 99.96 1.77 99.80 2.19 99.68 3.87 99.14 3.91 99.20 4.84 98.79 9.78 96.40

Other backbones trained on mixed data
XLSR_Nes2Net w/ TFCL 0.56 99.97 1.89 99.78 2.44 99.66 4.61 98.98 5.04 98.76 5.91 98.32 11.08 95.59
XLSR_Nes2Net w/o TFCL 0.46 99.98 4.35 99.12 11.98 95.26 15.82 92.13 14.49 93.26 12.17 94.92 15.58 92.32
XLSR_MultiConv w/ TFCL 0.76 99.86 2.80 99.50 3.49 99.27 5.95 98.33 5.44 98.56 7.12 97.88 11.76 94.61
XLSR_MultiConv w/o TFCL 0.91 99.90 4.30 99.12 5.94 98.64 8.73 97.42 8.49 97.43 9.37 96.85 14.76 92.82
Ablation experiments (XLSR-AASIST)

TFCL 0.55 99.96 1.77 99.80 2.19 99.68 3.87 99.14 3.91 99.20 4.84 98.79 9.78 96.40
w/o TACL 0.71 99.92 2.12 99.59 3.10 99.40 5.29 98.44 5.15 98.64 5.78 98.24 10.48 95.31

w/o Bi_attention 0.58 99.97 2.19 99.65 2.80 99.53 7.08 97.66 5.22 98.62 5.91 98.23 11.37 94.91
w/o Attention 0.45 99.96 1.59 99.80 2.05 99.70 4.56 98.94 5.03 98.90 5.85 98.52 11.56 95.39
w/o FSCL 0.72 99.92 2.58 99.63 3.26 99.49 5.33 98.66 5.18 98.73 6.15 98.30 10.99 96.16

cross-module interactions. For instance, AEC may introduce resid-
ual artifacts or information loss, NS alters local spectral structures,
AGC redistributes energy and amplifies existing distortions, while
VAD further modifies temporal structures. Under cascaded condi-
tions, these effects interact and compound, ultimately disrupting
the subtle discriminative cues in spoofed speech, making it difficult
for methods relying on single-feature patterns or local structures
to maintain stable performance.

Robustness improvement: stability of the proposedmethod
under AFE conditions. In contrast, the proposed method exhibits
more stable performance across all AFE conditions. It effectively
mitigates performance degradation both in the early stages of the
processing pipeline (Echo, AEC) and in more challenging later
stages (AGC, VAD), maintaining lower EER and higher AUC. This
suggests that, by jointly modeling temporal dependency consis-
tency and frequency structural consistency, the model is able to
learn robust spoof-discriminative representations that remain in-
variant before and after AFE processing, thereby improving stability
under cascaded distortions.

4.4 Ablation study analysis
Table 2 presents the ablation results under different AFE condi-
tions, covering various training data strategies, model frameworks,
and component-level designs. The evaluation spans from the clean
condition to different stages of the AFE pipeline, providing a com-
prehensive analysis of how each factor contributes to robustness.
Based on these results, several key observations can be drawn:

(1) Impact of training data strategies.Under the XLSR-AASIST
framework, different training data strategies lead to significantly dif-
ferent behaviors. The model trained with clean-only data achieves
the best performance under the clean condition, but degrades se-
verely under AFE processing. The AFE-only strategy improves
performance under certain AFE conditions but remains unstable
overall. The Mix strategy partially alleviates the degradation, yet
still suffers noticeable performance drops under more severe dis-
tortions (e.g., AGC and VAD). In contrast, the proposed method

achieves consistently stable performance across all AFE conditions,
indicating that simple data augmentation or mixing is insufficient
to address the distribution shift introduced by AFE processing.

(2) Effectiveness across different frameworks. The proposed
TFCL framework consistently improves performance across differ-
ent model frameworks, such as Nes2Net and MultiConv. Compared
to their corresponding w/o TFCL counterparts, models equipped
with TFCL achieve lower EER under all AFE conditions. Notably,
the improvement becomes more pronounced as distortions accumu-
late along the AFE pipeline. This demonstrates that the proposed
method is not tied to a specific architecture, but generalizes well
across different frameworks.

(3) Contribution of individual components. Further abla-
tion results highlight the roles of different components. Removing
temporal consistency learning (w/o TACL) leads to a clear per-
formance drop. Additionally, removing the attention mechanisms
within TACL (w/o Bi-attention and w/o Attention) also results in no-
ticeable degradation, indicating that attention-based soft alignment
is essential for cross-condition feature matching. On top of this,
removing frequency structural consistency learning (w/o FSCL) fur-
ther degrades performance, demonstrating that frequency-domain
constraints provide complementary benefits. Overall, TACL and
FSCL operate on temporal dependency and frequency structure,
respectively, enabling the model to maintain stable representations
under AFE-induced distortions.

4.5 t-SNE visualization analysis
Figs. 5 presents the t-SNE visualization of feature distributions for
the baseline model (XLSR-AASIST) and the proposed method under
different AFE processing stages. The figure intuitively illustrates
how model representations evolve in the feature space as the AFE
pipeline progresses from echo to vad.

For the baseline model, under the clean condition, the feature dis-
tributions exhibit relatively compact cluster structures, indicating
that the model is able to learn clear decision boundaries in ideal sce-
narios. However, as AFE processing is introduced and progressively
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Figure 5: t-SNE [26] visualization of feature distributions across different AFE stages, with XLSR+AASIST as the baseline model.
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Figure 6: Results of hyperparameter 𝜆 under various AFE
conditions.

intensified, these structures rapidly deform and undergo notice-
able distribution shifts. The feature clusters become increasingly
stretched and even overlap, leading to a significant degradation in
class separability. This suggests that the baseline model tends to
fit decision boundaries under specific data distributions, and the
learned discriminative patterns are highly sensitive to perturba-
tions introduced by AFE processing. Once the input distribution
changes, the model performance becomes difficult to maintain.

In contrast, the proposed method exhibits more stable feature dis-
tribution structures across different AFE conditions. Although the
feature distributions are relatively more dispersed under the clean
condition, their overall structure changes less as the processing
pipeline progresses, and the relative arrangement between different
classes is better preserved. This observation indicates that the pro-
posed method is more inclined to learn representation spaces that
remain invariant across conditions, rather than relying on decision
boundaries tailored to specific input distributions.

In summary, the proposed time-frequency consistency learning
framework effectively mitigates the distribution shift induced by
AFE processing, enabling the model to maintain stable discrimina-
tive capability under cascaded distortions and thereby improving
robustness in real-world communication scenarios.

4.6 Hyperparameter experimental analysis
Fig. 6 illustrates the performance of different consistency weights
𝜆 under various AFE conditions. Overall, the model performance is
clearly influenced by the choice of 𝜆. When 𝜆 is small, the consis-
tency constraint is insufficient, and the model tends to rely more on
the classification objective, making it less effective in mitigating the
distribution shift introduced by AFE processing. In contrast, when 𝜆

is too large, the overly strong constraint restricts the discriminative
capability of the model, leading to performance degradation. Across
different AFE conditions, 𝜆 = 0.3 achieves the most stable perfor-
mance, maintaining low EER while balancing robustness across all
processing stages.

5 Conclusion
In this work, we revisit the robustness problem of SDD from a more
realistic deployment perspective. While prior studies primarily fo-
cus on additive noise and communication-related degradations,
they largely overlook the impact of AFE processing pipelines that
are ubiquitous in modern RTC systems. To bridge this gap, we
construct a unified AFE simulation pipeline and systematically
evaluate existing SDD models across different processing stages.
Our analysis reveals that AFE-induced distortions exhibit strong
time-frequency coupling characteristics and are progressively am-
plified through cascaded processing, leading to severe degradation
in spoof-discriminative representations.

To address these challenges, we propose a TFCL framework that
explicitly models the invariance of spoof-discriminative represen-
tations before and after AFE processing. Specifically, the proposed
method mitigates temporal dependency disruption via attention-
based soft alignment and alleviates frequency structural distortion
through consistency constraints in the spectral domain. By jointly
enforcing temporal and frequency consistency, the model learns
more robust representations that generalize across AFE-induced
distribution shifts. Extensive experiments demonstrate that the pro-
posed approach consistently improves robustness under various
AFE conditions and across different model frameworks.

Despite these improvements, this work represents an initial
step toward understanding SDD under realistic communication
pipelines. In this paper, we focus on modeling the AFE processing
as a unified module and systematically analyze its impact in isola-
tion. However, in practical RTC systems, AFE processing is further
coupled with network transmission effects, such as codec compres-
sion, packet loss, and bandwidth constraints, which may introduce
more complex and intertwined distortions. Modeling such joint
effects remains a challenging and important direction for future
research.
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