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ABSTRACT Foundation models (FM) have proven effective in many speech applications except for
speech enhancement (SE), where FM-based SE solutions still fall short with respect to specialized deep
architectures. This work seeks to close this gap by systematically assessing and contrasting leading pre-
trained FM architectures on a commonly used SE task, namely VoiceBank-Demand, and on the complex
Deep Noise Suppression (DNS) challenge. Furthermore, three main ideas will be leveraged to boost FM-
based SE models, namely: 1) Attention-based mask generation, 2) consistency-preserving loss, and 3)
perceptual contrast stretching (PCS). Specifically, frame-level representations are effectively modeled using
conformer layers, which leverage an attention mechanism. Inconsistency effects of signal reconstruction
from the spectrogram are mitigated by incorporating consistency in the loss function. Finally, PCS is
employed to improve the contrast of input and target features according to perceptual importance. All FM-
based models generate an Ideal Ratio Mask (IRM) from which the estimated clean speech is obtained.
Experimental results on the VoiceBank-DEMAND task demonstrate that our approach helps close the gap
between FM-based and SOTA SE solutions. When tested on the DNS challenge, the proposed FM-based
SE solution compares favorably with previously proposed approaches on perceptual quality metrics, using
only 10% of the available training material, though with a trade-off in signal fidelity (SI-SDR) when PCS
preprocessing is applied.

INDEX TERMS Speech enhancement, foundation models, consistency loss.

I. INTRODUCTION
Background noise is known to potentially severely degrade
both quality and intelligibility of the audible speech [1]
and negatively affects the accuracy of human and automatic
speech recognition systems [2]. Therefore, it is not surprising
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that speech enhancement (SE) has attracted considerable
research attention for decades [3] as an important front-
end of speech processing systems. SE is a complex task
focused on improving intelligibility and quality of the signal
by eliminating undesired background noise [4], [5], [6], [7].
The handling of the SE task is indeed important, as it plays a
key role in applications targeting (i) human-auditory-related
tasks, such as communications, e.g. [8], hearing aids, e.g. [9],
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and cochlear implants [10], [11], and (ii) automatic speech
recognition (ASR), e.g., [12], [13], [14], [15], [16], [17], [18],
[19].

Conventional SE techniques, such as Wiener filtering [20],
spectral subtraction [21], and minimum mean squared error
(MMSE) estimation [22], struggle to adapt to non-stationary
noise in real-world environments with unpredictable acoustic
conditions. Additionally, they often introduce an undesirable
artifact known as musical noise [23]. In contrast, SE models
based on neural architectures have demonstrated significantly
superior performance compared to classical methods [24],
[25], [26]. However, their effectiveness in addressing the
musical noise issue and outperforming traditional signal
processing techniques has only been widely recognized in
recent years, driven by advancements in high-performance
computing and breakthroughs in deep learning training
methodologies [27], [28], [29]. Over the years, various deep
neural network models have been proposed for SE, including
(i) feed-forward deep neural networks (DNNs) [7], [24],
[30], (ii) recurrent neural networks (RNNs) [31], [32], [33],
and (iii) convolutional neural networks (CNNs) [34], [35].
Regardless of the specific architecture, deep SE models can
generally be classified into two categories: discriminative and
generative.

In the discriminative approach, models are trained to
minimize the discrepancy between enhanced and clean
speech using either a masking-based or a mapping-based
strategy. In masking-based methods, an ideal binary mask
(IBM) or a smoothed ideal ratio mask (IRM) [7] is estimated
from a set of complementary features extracted from noisy
speech. The noisy features are then modified using the
predicted mask to obtain enhanced features [36]. Conversely,
in the mapping-based approach, a deep model learns a high-
dimensional vector-to-vector transformation and is trained
in a regression framework [24], [37]. In both methods, the
difference between the enhanced and reference speech is
typically measured using a point-wise Lp-norm distance [38]
or a perceptual metric [39]. In the second category, the clean
speech distribution is incorporated into the objective function.
Specifically, generative approaches focus on aligningwith the
speech signal’s distribution rather than minimizing a point-
wise loss, aiming to produce more natural-sounding speech.
In recent years, several deep generative models have been
explored for SE. For instance, SEGAN [40], CMGAN [41],
and SCP-GAN [42] utilize generative adversarial networks
(GANs) [43] for implicit density estimation. Alternatively,
explicit density estimation has been investigated in works
such as [44] and [45], where a variational autoencoder (VAE)
[46] is employed. Diffusion-based generative models [47]
have also been studied to address SE, e.g., [48], [49], [50];
the key idea is to gradually transform clean speech into noise,
and training a deep model to invert this process for different
noise scales. Flow matching generative models have been
successfully tested in [51]. Current generative approaches,
though aimed at estimating clean speech distributions for

robustness to unseen noise, fall short compared to discrim-
inative solutions. It should also be mentioned that deep SE
models for processing both magnitude and phase information
have also been proposed, e.g., [52], [53].

Despite the significant advancements and active research in
deep SE models, developing effective SE solutions remains
an ongoing challenge. This is highlighted by the continual
release of novel speech datasets, such as VoiceBank-
DEMAND [54], created to benchmark SE techniques, and the
recurring organization of specialized competitions, like the
Deep Noise Suppression (DNS) Challenge [26], now in its
fifth edition. Furthermore, the increasing complexity of deep
SE architectures poses additional difficulties, particularly
in reproducing results when the associated source code is
not publicly accessible. Foundation models (FM) comprise
both self-supervised learning (SSL) approaches, such as
Wav2vec2.0 [55], HuBERT [56], and WavLM [57], and
weakly supervised learning (WSL) solutions like Whis-
per [58]. These deep neural architectures are pre-trained on
diverse acoustic data and can extract speech representations
without requiring detailed knowledge of their internal
configuration and training process.

FMs have attracted a lot of interest in the speech commu-
nity and have been successfully used in downstream speech
tasks, as demonstrated on several benchmarks [59], [60], [61].
They have shown strong performance across diverse speech
applications, including speech emotion recognition [62],
[63], [64], [65], speaker and language identification [66],
[67], and language understanding tasks [68], [69].

Nevertheless, those FMs attained poor results on the SE
task, which were not as good as those attained in the
other speech tasks. The underperformance of FMs in SE
tasks stems from several fundamental challenges. First, most
SSL models are pre-trained with objectives focused on
high-level semantic representations (e.g., phonetic content,
speaker identity) rather than the fine-grained spectral details
crucial for noise suppression. Second, the temporal resolution
mismatch between FM outputs (typically 20ms frames)
and the precise spectral information needed for SE creates
alignment issues. Third, SE requires modeling complex
spectro-temporal relationships between clean speech and
noise, which differs significantly from the contrastive or
reconstruction objectives used in FM pre-training. Finally,
the magnitude-phase decomposition inherent in SE is not
explicitly addressed in current FM architectures, limiting
their direct applicability to enhancement tasks.

In [70], the authors analyzed SSL-based solutions and
argued that the key issue was the lack of fine-grained
information in speech embeddings and tried to address the
problem by introducing cross-domain features. In [71] several
data-strategies have been evaluated to improve the system
performance. In [72], clean SSL were used for latent space
modeling within the Conditional Variational Autoencoder
(CVAE) framework, ensuring themodel fully utilizes existing
knowledge without noise interference. Despite the above
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efforts, FM-based SE solutions still lag behind state-of-the-
art (SOTA) SE methods.

In this work, we provide a systematic evaluation of FM-
based SE models, both SSL andWSL, with the aim at closing
the gap with SOTA SE solutions. While it is known that
SSL models are effective in learning representations from
large amounts of unlabelled data [55], [57], [73], WSL-
based foundational models have also recently shown to learn
generalizable representations from large amounts of curated
data [58], [74]. Specifically, we first consider the following
backbones: (i) Wav2Vec2.0 [55], (ii) WavLM [57], (iii)
HuBERT [56], (iv) UniSpeech [75], (v) Mockingjay [76],
(vi) Tera [77], and (vii) Whisper [58] encoder. Then we
assess SE based on those FMs on both the VoiceBank-
DEMAND task [54], and the DNS Challenge [26]. Finally,
we deploy a FM-based SE model based on the recently
proposed BEST-RQ architecture [78]. Our BEST-RQ model
is the first version adapted for magnitude Short-time Fourier
Transform (STFT) processing. To further boost FM-based
SE, we introduce specific architectural solutions along
with an ad-hoc consistency-preserving loss when deploying
our solutions. In particular, perceptual contrast stretching
(PCS) is applied as a spectral pre-processing step on both
noisy and target speech data before training our models to
enhance perceptually important frequency regions. As a key
architectural choice, we employ the convolution-augmented
Transformer (Conformer) [79] to generate the ideal ratio
mask needed in the enhancement stage. Conformers have
proven effective across various speech applications [79],
[80], including speech enhancement [81], [82]. Specifically,
Conformer-based heads have demonstrated superior perfor-
mance in modeling contextual information within speech
signals compared to both bidirectional LSTM (biLSTM) and
standard Transformer-based architectures [83]. To optimize
the neural parameters, consistency-preserving training [42]
is leveraged. More specifically, the effect of the inverse
STFT (iSTFT) reconstruction, which causes inconsistencies
between signals, is taken into account when computing the
loss, e.g., [42], [84]. Finally, perceptual contrast stretching
(PCS) [85] was employed as a pre-processing step on both
the noisy and target waveforms before training our model to
better exploit the peculiar sensitivity of the human auditory
systems and improve the final speech perceptual quality.
In testing, PCS was applied only on the noisy waveform.
Experimental evidence on the VoiceBank-DEMAND dataset
reveals that a careful design of FM-based SE models closes
the gap with SOTA SE solutions. Most importantly, the
FM-based SE solution trained only on 300-hour material
outperforms SOTA SE models trained on the entire 3000-
hour material provided with the DNS task. In more detail, the
proposed WavLM-Large-based SE solution achieves SOTA
performance on VoiceBank-DEMAND with a PESQ score
of 3.54, while on the DNS Challenge, it attains a WB-
PESQ of 3.55 and NB-PESQ of 3.89, surpassing specialized
architectures like MFNET (WB-PESQ: 3.43) and HPNET

(WB-PESQ: 3.40) that were trained on significantly more
data.

Our preliminary results reported in [83], limited to
the WavLM backbone, are expanded and systematically
organized, leading to the following core contributions:

• We provide a comprehensive evaluation framework for
adapting foundation models to speech enhancement,
systematically comparing SSL and WSL approaches
across multiple architectures and identifying the key
factors limiting their performance.

• We demonstrate that properly designed FM-based SE
models can achieve state-of-the-art results while using
only 10% of typical training data, with the proposed
WavLM-Large solution achievingWB-PESQ of 3.55 on
DNS Challenge, outperforming specialized architec-
tures trained on 10× more data.

• We introduce a dual-stream architecture combining
foundation model representations with spectral fea-
tures, enhanced by consistency-preserving training and
perceptual contrast stretching, along with the first
BEST-RQ adaptation for magnitude STFT processing.
Unlike previous approaches that apply these techniques
independently, our framework systematically integrates
them within a unified FM adaptation strategy.

Furthermore, our systematic evaluation demonstrates that
foundation models are particularly effective in limited data
scenarios. The proposed framework is evaluated using at
most 300 hours of training data (i.e., on DNS dataset) to
achieve state-of-the-art performance, making it practical for
domains where large-scale labeled datasets are unavailable.
We speculate that this data efficiency stems from the rich
speech representations learned during pre-training, which
transfer effectively to the enhancement tasks.

The rest of the work is organized as follows. Section II
introduces the self-supervised and weakly supervised foun-
dation models used in our study. The proposed enhancement
architecture is detailed in Section III. Section IV describes
the datasets and experimental setup. Results and analysis are
presented and discussed in Section V. Finally, Section VI
concludes our work.

II. SSL AND WSL BACKBONE
The foundation models employed in this work can be
broadly categorized into two groups based on their training
paradigm: SSL and WSL models. Both types learn speech
representations that can be leveraged for SE, though they
differ in their architectures and training objectives.

A. SELF-SUPERVISED MODELS
Several SSL models in our study share a common architec-
tural foundation: a CNN-based feature extractor processing
raw waveforms, followed by a stack of specialized encoder
layers. The original architecture, introduced by Wav2vec 2.0
[55], employs transformer encoder layers and a contrastive
learning approach, where frames are masked and replaced
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FIGURE 1. Overall architecture of the proposed foundation model-based SE framework. Input noisy speech xN (t) is processed through two parallel
streams: the foundation model extracts frame-wise feature representations (shown as sequential bars), while STFT decomposition produces magnitude
|XN (t, f )| and phase < XN (t, f ) spectrograms. The magnitude spectrum undergoes logarithmic compression before feature concatenation. The frame-wise
representations from both streams are concatenated and fed to the Speech Enhancement Head, which generates an ideal ratio mask applied to the
log-compressed magnitude spectrum. The red blocks represent foundation model feature extraction, while the blue blocks show spectral processing
with logarithmic compression. The enhanced magnitude |XE (t, f )| is decompressed and combined with the original phase to reconstruct the enhanced
speech xE (t) via inverse STFT (iSTFT). PCS indicates perceptual contrast stretching preprocessing.

with learned feature vectors. The model is trained to
distinguish true frame representations from distractors, estab-
lishing a framework for self-supervised speech representation
learning.

This architecture has evolved in different directions.
HuBERT [56] and WavLM [57] keep the CNN-transformer
structure but shift to predicting cluster assignments derived
from the MFCC-based clustering of k-means. This assimi-
lates the training paradigm of thesemodels to BERT’smasked
token prediction in NLP [86]. WavLM further enhances
this approach by incorporating noisy and overlapped speech
during training, making it particularly suitable for SE tasks.
Conformer [79] takes a different direction by replacing
transformer layers with conformer layers, which integrate
convolution modules within the self-attention mechanism.
This architectural choice enables the model to better capture
local and global dependencies in the speech signal. UniS-
peech [75] represents a hybrid approach, combining self-
supervised learning with phonetic-aware supervision. While
maintaining WavLM’s core architecture, it incorporates a
supervised CTC objective and a quantizer module to obtain
discrete latent representations, bridging the gap between
purely self-supervised and supervised approaches. All these
waveform-based models originally generate frame-level
representations with a temporal resolution corresponding to
a 20 ms hop length. To align these representations with
our STFT features for SE, we modified the stride of the
final convolutional layer from 2 to 1, achieving the desired
temporal resolution without any information loss.

A fundamentally different approach is taken by Mock-
ingJay [76] and TERA [77], which operate directly on
spectrogram representations rather than raw waveforms.

These models use log-scale mel spectrograms as input and
are trained to reconstruct masked portions of the input
using L1 loss. Although MockingJay employs a standard
masking strategy, TERA introduces a more sophisticated
approach with multiple augmentation techniques applied to
the input spectrogram, including temporal and frequency
masking, magnitude perturbation, and their combinations.
However, both models rely primarily on reconstruction-based
objectives without using additional learning characteristics of
speech signals.

BEST-RQ [78] introduces a simplified approach to speech
SSL, employing a random-projection quantizer to generate
discrete labels for masked prediction tasks. In its original
form, the architecture uses a stack of Conformer layers
and processes mel-spectrograms through a convolutional
front-end that reduces the temporal resolution by a factor
of four. The key innovation lies in its training objective:
while waveform-based models use contrastive or clustering
approaches and spectrogram-based models rely on recon-
struction objectives, BEST-RQ uses randomly initialized and
fixed projections to map speech signals to discrete labels.
For our SE task, we introduce the first BEST-RQ model
adapted for magnitude STFT processing. We design the
architecture with 12 Conformer layers (comparable to other
base models) and remove the CNN front-end, allowing direct
processing of STFT features with precise temporal alignment.
Due to computational constraints, we only evaluate the
base variant of BEST-RQ in this study. We pre-train the
model using the aforementioned architecture on LibriSpeech
960h [87], making BEST-RQ a viable backbone for SE
while preserving its core random-projection quantization
principle.
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B. WEAKLY SUPERVISED MODEL
In contrast to SSL approaches, Whisper [58] represents a
WSL paradigm, trained end-to-end on a large-scale ASR task.
Its encoder-decoder architecture processes 80-dimensional
log-magnitude mel spectrograms, first through a CNN
encoder that traditionally reduces temporal resolution to
20 ms, followed by Transformer-based encoder and decoder
stages. For SE, we use only the encoder portion, modifying
the CNN’s final stride similarly to our SSL adaptations to
maintain temporal alignment with STFT features.

The foundation models explored in this work represent
different approaches to speech representation learning,
ranging from waveform-based SSL to spectrogram-based
weakly supervised approaches. These models are typically
available in different sizes, with base versions trained on
smaller datasets (∼1,000 hours) and larger variants trained on
extensive speech collections (53K-90K hours). The exception
is Whisper, which is trained on a proprietary dataset of
680,000 hours of automatically collected and filtered ASR
data, making it more narrowly focused on speech recognition
compared to the other models. By adapting their temporal
resolutions and combining their learned representations
with STFT features, our framework enables a systematic
investigation of how different pre-training strategies and
architectures contribute to SE performance, allowing us to
identify the most effective approaches for this task.

III. FOUNDATION SE ARCHITECTURE
SE requires complex transformations to map noisy speech
signals to their clean counterparts. We propose a framework
that leverages pre-trained FMs while incorporating both
perceptual and consistency aspects in the processing pipeline.

A. OVERALL ARCHITECTURE
The proposed architecture consists of two parallel processing
streams that extract complementary features from the input
signal (Figure 1). The first stream leverages a pre-trained
FM, either SSL or WSL, to extract rich contextual speech
representations. These representations capture high-level
speech characteristics learned during pre-training on large-
scale datasets. The second stream processes the signal
in the spectral domain through STFT, providing explicit
frequency decomposition. The FM stream processes the raw
waveform, spectrogram or mel-spectrogram (depending on
the chosen backbone) to generate frame-level representations
Ffm ∈ RT×Dfm , where T is the number of frames and
Dfm is the feature dimension. Concurrently, the spectral
stream computes the STFT to obtain magnitude |X(f , t)| and
phase ̸ X(f , t) spectrograms. To effectively combine these
representations, we apply logarithmic compression to the
magnitude spectrum:

Xlog(f , t) = log(|X(f , t)| + 1) (1)

where Xlog(f , t) represents the compressed magnitude spec-
trum. This compression step helps effectively capture both
low and high frequency energy components.

To optimally combine the complementary information
from both feature streams, we systematically evaluated
multiple fusion strategies. The foundation model features
Ffm and compressed magnitude features Xlog(f , t) can be
integrated through several approaches:

1) CONCATENATION
The logmagnitude features are directly concatenated with the
FM features along the feature dimension:

Fconcat = [Ffm∥Xlog(f , t)] (2)

where ∥ denotes concatenation and Fconcat ∈ RT×(Dfm+F).

2) GATING
A learnable gating mechanism controls the mixture between
the two feature types, where spectral features are first
projected to match the FM dimension:

Fgate = σ (Ffm) ⊙ Ffm + (1 − σ (Ffm)) ⊙ Linear(Xlog(f , t))
(3)

where σ (·) is the sigmoid activation function and ⊙ denotes
element-wise multiplication.

3) ADDITIVE FUSION
The spectral features are linearly projected to the FM
dimension and added element-wise:

Fadd = Ffm + Linear(Xlog(f , t)) (4)

4) MULTIPLICATIVE FUSION
Similar to additive fusion but using element-wise
multiplication:

Fmul = Ffm ⊙ Linear(Xlog(f , t)) (5)

5) CROSS-ATTENTION
A cross-attention mechanism where FM features serve as
queries to attend to the spectral information, while projected
spectral features act as both keys and values:

Fca = Softmax
(
QK⊤

√
dk

)
V (6)

where Q = WQFfm, K = WKLinear(Xlog(f , t)), V =

WVLinear(Xlog(f , t)), andWQ,WK ,WV are learnable projec-
tion matrices.

Based on empirical evaluation (Section V-C), concate-
nation proved most effective, achieving the best balance
between performance and computational efficiency while
ensuring both feature streams contribute equally to the
enhancement process. Therefore, we adopt concatenation as
our primary fusion strategy:

Fcombined = Fconcat = [Ffm∥Xlog(f , t)] (7)
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FIGURE 2. Diagram illustrating the computation of the three losses
(Lmag-L1, LwSDR, and LCS-mag-L1) with consistency-preserving
reconstruction steps. Enhanced speech xE (t) and clean reference xC (t)
undergo identical STFT transformation and compression operations to
compute magnitude-domain loss Lmag-L1. Time-domain loss LwSDR
directly compares the waveform signals. Consistency-preserving loss
LCS-mag-L1 ensures both signals experience the same reconstruction
artifacts by applying full STFT-iSTFT cycles before comparison. The process
highlights the use of STFT, iSTFT, compression, and decompression
operations to ensure alignment between input and reference signals.

B. HEAD OF SE MODEL
The enhancement process centers around estimating an
IRM [7] from the combined features. We implement the
enhancement head using two Conformer layers [79], selected
based on empirical findings from our previous work [83]
and the established effectiveness of shallow architectures for
mask estimation tasks [70], [88]. The Conformer architecture
combines self-attention with convolution operations, allow-
ing it to capture both global dependencies and local feature
patterns. Each Conformer layer processes the input sequence
while maintaining temporal resolution. The output features
from the final Conformer layer are projected to the frequency
dimension F through a linear layer, then transformed into
the log-magnitude IRMwith [0, 1] bounds through a sigmoid
activation:

Mask(f , t) = σ (Linear(Conformer(Fcombined))) (8)

where σ (·) is the sigmoid function ensuring mask values
between 0 and 1. Note that this mask operates in the log-
compressed magnitude domain rather than the conventional
linear magnitude domain used in traditional Ideal Ratio
Masks (IRM). Since our features are in the log-compressed
domain (as described in Section III-A), the estimated mask
is applied to the log-compressed noisy magnitude spectrum
through element-wise multiplication ⊙:

|Xlog-enhanced(f , t)| = Mask(f , t) ⊙ |Xlog(f , t)| (9)

The enhanced magnitude spectrum is then decompressed
using the inverse of the logarithmic compression:

|Xenhanced(f , t)| = exp(|Xlog-enhanced(f , t)|) − 1 (10)

Finally, the enhanced speech signal is reconstructed by
combining the decompressed enhanced magnitude with the
original noisy phase through iSTFT:

xenhanced(t) = iSTFT(|Xenhanced(f , t)|ej
̸ Xnoisy(f ,t)) (11)

Here, we retain the original noisy phase for recon-
struction, following established practices in masking-based
SE approaches [70], [88], [89]. Our approach focuses on
magnitude enhancement, which has been shown to provide
substantial perceptual improvements while maintaining com-
putational tractability.

C. MULTI-OBJECTIVE LOSS COMPUTATION
Our training objective combines three complementary
losses that operate at different signal representation levels
(Figure 2):

1) Magnitude Spectrum L1 Loss (Lmag-L1): Computes
the L1 distance between enhanced and clean com-
pressed magnitude spectrograms:

Lmag-L1

=
1
FT

∑
f ,t

||Xlog-enhanced(f , t)| − |Xlog-clean(f , t)||

(12)

where Xlog-clean(f , t) is the log-compressed magnitude
spectrum of the clean signal, while F and T are the total
number of frequency bins and time frames.

2) Weighted Signal-to-Distortion Ratio Loss (LwSDR):
Operates in the time domain [90], combining speech
and noise prediction terms:

LwSDR = −α
⟨xclean, xenhanced⟩

∥xclean∥∥xenhanced∥

− (1 − α)
⟨nclean, nenhanced⟩

∥nclean∥∥nenhanced∥
(13)

where nclean = xnoisy − xclean and nenhanced =

xnoisy − xenhanced are noise components, and α =

∥xclean∥2/(∥xclean∥2 + ∥nclean∥2) is the energy ratio
between clean speech and noise following the standard
formulation in [90].

3) Consistency-Preserving Magnitude L1 Loss
(LCS-mag-L1): Following [42], this loss addresses poten-
tial inconsistencies from STFT/iSTFT operations by
ensuring both enhanced and clean signals undergo
identical transform sequences before comparison (see
Figure 2).

The total loss is the sum of these components:

Ltotal = Lmag-L1 + LwSDR + LCS-mag-L1 (14)
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D. PERCEPTUAL CONTRAST STRETCHING
To improve perceptual quality, we incorporate PCS [85] as
a pre-processing step. For each input waveform x(n), PCS
applies:

Ỹ (ω, t) = log(|STFT(x)| + 1) (15)

Ŷ (ω, t) = Ỹ (ω, t) ·W (ω) (16)

where W (ω) represents frequency-dependent perceptual
weights derived from the Band Importance Function [91];
Ỹ (ω, t) represents the compressed magnitude spectrum
and Ŷ (ω, t) is the perceptual weighted magnitude. During
training, we apply PCS to both input and target signals, while
at inference, only the input signal undergoes PCS processing.
Exponential decompression and iSTFT are used to obtain
the pre-processed waveform combining the Ŷ (ω, t) with
the original phase information ̸ STFT(x̂). This perceptual
enhancement particularly benefits regions of the spectrum
that are most important for human perception, leading to
improved subjective quality of the enhanced speech. The
effectiveness of this approach is empirically demonstrated in
our experiments (Section V).

IV. DATASETS AND EXPERIMENTAL SETUP
In the following sections, we describe the experimental setup,
including datasets, evaluation metrics, training details, and
model configurations.

A. DATASETS
We conduct evaluations on two datasets that represent
different noise conditions and scenarios.

The first dataset is VoiceBank-DEMAND [54], which
combines clean speech from VoiceBank [92] with noise
samples from the DEMAND collection [93]. It contains
recordings from 30 speakers, of which 28 are used for training
and 2 for testing, ensuring no overlap in speakers between
these sets. The training portion has 11,572 utterances mixed
at four signal-to-noise ratio (SNR) levels: 0, 5, 10, and 15 dB.
The test set contains 824 utterances mixed at SNRs of 2.5,
7.5, 12.5, and 17.5 dB. These different SNR values allow us
to test how well our models generalize under changing noise
intensities. All audio in VoiceBank-DEMAND is originally
sampled at 48 kHz, and we downsample it to 16 kHz in our
experiments, following standard practice [40].

The second dataset is a subset of the DNS 2020 Challenge
dataset [26], a large-scale collection designed for real-world
SE tasks. It comprises 500 hours of clean speech recorded
from 2,150 speakers and 65,000 noise clips spanning
150 noise categories from Audioset and Freesound. For
training, we generate a 300-hour subset of clean-noisy speech
pairs following the official DNS dataset generation pipeline,1

with noise added at SNR levels ranging from -5 dB to 20 dB.
This subset maintains the original noise diversity and speaker
distribution of the full dataset, as we follow the official DNS

1https://github.com/microsoft/DNS-Challenge/tree/interspeech2020/
master

generation pipeline with proportional sampling across all
noise categories and SNR ranges. For evaluation, we use the
provided non-blind synthetic test set without reverberation,
which consists of 150 noisy-clean utterance pairs with SNR
values between 0 dB and 25 dB.

B. MODEL CONFIGURATIONS
As discussed in Section II, we evaluate a broad set
of foundation models as the backbone of our SE
framework. These include waveform-based SSL models:
Wav2Vec2.0 (W2V2) [55], Wav2Vec2.0 with Conformer
layers (W2V2C) [79], HuBERT [56], WavLM [57], and
UniSpeech [75]. We also evaluate spectrogram-based SSL
models: Mockingjay [76], TERA [77], and BEST-RQ [78].
Additionally, we include the weakly supervised Whisper
model [58] to provide a comprehensive comparison across
different pre-training strategies. For the SSL models W2V2,
HuBERT,WavLM, and UniSpeech, we use both the Base and
Large variants. Whisper is evaluated using only the encoder
portion of the Medium (M) and Large (L) configurations,
as the decoder is tailored for ASR tasks and not relevant for
SE. We adopt publicly available pre-trained weights for all
models, with the exception of BEST-RQ, which we adapt to
SE as discussed in Section II. All models are trained end-to-
end using the framework presented in Section III.

C. TRAINING SETUP
Our implementation ensures exact temporal alignment
between the foundation model outputs and the STFT
representations. All experiments consistently use the same
STFT configuration (400 FFT points, 160-sample hop) across
different foundation model backbones to ensure fair com-
parison. This unified spectral processing approach allows us
to isolate the impact of different pre-trained representations
while maintaining consistent frequency-domain analysis.
For foundation models with CNN front-ends (specifically
Wav2Vec2.0, HuBERT, WavLM, UniSpeech, and Whisper),
we adjust the stride of the final convolutional layer from 2 to
1 to achieve a 10ms frame resolution. This modification
preserves all temporal information while achieving precise
alignment with STFT frames, avoiding the need for frame
duplication strategies used in prior work [70], [71].

After computing the STFT, we obtain 201 frequency bins
for the magnitude features. We then concatenate these 201-
dimensional STFT features with the output features Ffm from
the selected foundation model. Base versions of the SSL
models typically have Ffm = 768, and Large versions have
Ffm = 1024. During training, we limit the input length
to a maximum of 10 seconds for VoiceBank-DEMAND
and 5 seconds for DNS, applying zero-padding if needed.
In inference mode, we remove these length restrictions to
handle variable-length recordings. We train all models end-
to-end for 50 epochs on a single NVIDIA A100 GPU with
a batch size of 4 for both VoiceBank-DEMAND and DNS
datasets. We use the Adam optimizer [94] with β1 = 0.9,
β2 = 0.999, and a fixed learning rate of 10−4 throughout
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training. All foundation model backbone parameters are
fine-tuned end-to-end using equal weights for the three
loss components (Lmag-L1, LwSDR, LCS-mag-L1). No data
augmentation beyond the training-time PCS preprocessing
is employed. For PCS implementation, we leverage the
perceptual scores W (ω) derived by the Band Importance
Function (BIF) proposed in [85]. From preliminary tests,
WavLM Large showed particularly strong performance,
so we use this model backbone in our ablation studies.
To ensure reproducibility and facilitate future research,
we have made the source code publicly available,2 including
model implementations, training scripts, and evaluation
protocols.

D. EVALUATION METRICS
To enable direct comparison with previous work, we adopt
widely-used evaluation metrics specific to each dataset.
For VoiceBank-DEMAND, we employ five complementary
metrics: Wide-band Perceptual Evaluation of Speech Qual-
ity (WB-PESQ) [95], which evaluates perceptual speech
quality on a scale from -0.5 to 4.5, following ITU-
T P.862.2 recommendations; three Mean Opinion Score
(MOS) predictions [96] - CSIG for speech signal distortion,
CBAK for background noise intrusiveness, and COVL for
overall quality, each ranging from 1 to 5; and Short-Time
Objective Intelligibility (STOI) [97], which assesses speech
intelligibility on a scale from 0 to 1 (reported as percentage
values in our experiments). This set of metrics aligns with
those used in recent SE studies [40], [53], [70], [83],
facilitating fair comparison with SOTA approaches.

For the DNS dataset evaluation, we follow the challenge
guidelines and prior work by using four key metrics: Narrow-
band PESQ (NB-PESQ) and Wide-band PESQ (WB-PESQ)
for perceptual quality assessment at different frequency
ranges, STOI for intelligibility measurement, and Scale-
Invariant Signal-to-Distortion Ratio (SI-SDR) for objective
evaluation of enhancement quality.

E. ABLATION STUDIES
Our ablation studies systematically evaluate three key aspects
of the proposed framework. First, we analyze the multi-
component loss function by individually removing each
loss term (magnitude L1, consistency-preserving loss, and
wSDR). Second, we examine architectural design choices
through specific tests:

1) Feature Integration: We compare models using only
foundation model features, only STFT features, and
their combination to quantify each feature type’s
contribution.

2) Temporal Alignment: We evaluate our front-end
adaptation approach against the frame duplication
strategy from previous work [70], [71].

2https://github.com/K-STMLab/FM-SE

3) Sequential Processing: We assess the importance
of temporal modeling in the SE head by replacing
Conformer layers with simple linear layers.

4) Feature Fusion Strategy: We systematically compare
the five fusion approaches described in Section III-A
to determine the optimal method for combining foun-
dation model and spectral representations.

Finally, we also investigate the impact of training data vol-
ume on the DNSChallenge task by comparingmodels trained
on 100, 200, and 300 hours of data. These ablation studies
are designed to understand the relative importance of each
component and identify the most effective configurations for
the speech enhancement task.

V. RESULTS AND DISCUSSION
We present our experimental results across three dimen-
sions: performance on the VoiceBank-DEMAND dataset
(Section V-A), evaluation on the DNS Challenge
(Section V-B), and ablation studies (Section V-C).

FIGURE 3. Impact of PCS preprocessing across different architectures on
VoiceBank-DEMAND dataset.

A. VOICEBANK-DEMAND RESULTS
Table 1 shows a comprehensive comparison of FM-
based approaches against previous SOTA methods on the
VoiceBank-DEMAND dataset. Several key findings emerge
from these results. First, WavLM-Large model with PCS
preprocessing achieves the highest PESQ score of 3.54 and
COVL score of 4.23, surpassing both specialized deep learn-
ing approaches and previous FM-based methods. Second,
the application of PCS preprocessing consistently improves
perceptual quality metrics (PESQ and COVL) across all
foundation models. For instance, WavLM-Large shows an
improvement in PESQ from 3.29 to 3.54 when PCS is
applied. This pattern applies to all other models as well, with
improvements ranging from +0.18 to +0.34 PESQ points,
as illustrated in Figure 3. Third, the Whisper model, despite
its extensive supervised pre-training on speech recognition
tasks, performs notably worse than SSL-based models, with
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TABLE 1. Performance comparison on VoiceBank-DEMAND dataset.
PCS-PP denotes PCS pre-processing while B and L suffixes denote base
and large model variants.

PESQ scores below 3.0 even with PCS preprocessing. This
suggests that the nature of pre-training, rather than just its
scale, plays a crucial role in transfer learning for SE. Interest-
ingly, our pre-trained BEST-RQ model achieves the highest
performance among base-sized models without PCS prepro-
cessing (PESQ 3.16), outperforming both spectrogram-based
approaches like TERA (3.04) and waveform-based models
like WavLM-B (2.97). This suggests that combining direct
STFT processing with random-projection quantization may

provide an effective solution for learning SE-related features.
Examining model scale effects across foundation model
architectures reveals that larger variants generally outperform
their base counterparts. WavLM demonstrates the most
substantial benefit from increased scale, with the Large
model achieving PESQ 3.54 compared to Base model’s
3.43 when using PCS. HuBERT and UniSpeech show similar
improvements with their Large variants reaching PESQ
3.50 and 3.47, respectively, compared to 3.40 and 3.36 for
their Base versions. Wav2Vec2.0 presents an exception
where the Base model (PESQ 3.40 with PCS) outperforms
the Large variant (PESQ 3.18), suggesting that increased
model capacity does not universally guarantee better SE
performance and may depend on the specific pre-training
strategy.

TABLE 2. Performance on the DNS3 dataset. Training data size (data) is
reported in hours. PCS-PP denotes PCS pre-processing while B and L
suffixes denote Base and large model variants.

B. DNS CHALLENGE RESULTS
All DNS Challenge results reported in this work are
evaluated on the DNS 2020 synthetic, non-reverberant test
set (non-blind track) as specified in the dataset description
(Section IV-A). Our FM-based models are trained on
300 hours of data, which represents 10% of the full 3000-hour
DNS training corpus. Results on the DNS Challenge dataset
(Table 2) reveal two significant findings. First, our FM-
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based solutions achieve competitive results while using only
300 hours of training data, compared to previous approaches
trained on 3,000 hours. WavLM-Large confirms to be the
best-performing model and, when combined with the PCS
pre-processing step, achieves a WB-PESQ of 3.55 and NB-
PESQ of 3.89, approaching or outperforming specialized
architectures. Second, PCS preprocessing demonstrates an
interesting trade-off: while it consistently improves percep-
tual quality metrics (PESQ-NB and PESQ-WB), it leads to a
significant decrease in SI-SDR scores. For instance,WavLM-
Large sees its SI-SDR drop from 19.48 to 10.63 when PCS is
applied, despite improvements in PESQ scores. This apparent
contradiction reflects fundamentally different optimization
objectives: SI-SDR measures signal reconstruction fidelity,
while PESQ evaluates perceptual quality. PCS intentionally
modifies the signal’s spectral characteristics to enhance
perceptually important frequency regions by design, which
inherently leads to deviations from the original signal
structure measured by SI-SDR. Given that SE primarily
aims to improve human listening experience, this trade-
off between perceptual quality and signal fidelity is often
acceptable in practical applications where human perception
is the ultimate evaluation criterion.

Examining the relative performance across model scales,
BEST-RQ confirms its efficiency among base models,
achieving competitive results (PESQ-WB 3.41, SI-SDR
19.40) that approach those of larger architectures. Simi-
lar to the VoiceBank-DEMAND results, we observe that
SSL-based models generally outperform the WSL models,
with both medium and large Whisper models achieving
significantly lower scores across all metrics. The poor
performance of this family of models can be attributed to the
fundamental mismatch between ASR pre-training objectives
and SE requirements. ASR tasks focus on extracting high-
level semantic and phonetic content while discarding acoustic
details that may be considered ‘‘noise’’ for recognition
purposes. In contrast, SE requires preserving fine-grained
spectral information and distinguishing between speech and
noise at the acoustic level. Furthermore, Whisper’s training
focuses on clean speech transcription, potentially leading
to representations less robust to spectral variations in noisy
speech. This explains its consistent underperformance com-
pared to SSL models trained on diverse acoustic conditions.

This establishes SSL models as more suitable for SE tasks
than WSL approaches, confirming that pre-training objec-
tives focused on diverse acoustic patterns rather than semantic
content extraction are better aligned with enhancement task
requirements.

C. ABLATION STUDY RESULTS
Tables 3, 4 and 5 report specialized analyses across key
aspects: loss function components, architectural design
choices, fusion methods and training data requirements. Our
ablation studies use WavLM-Large as the foundation model
backbone, as it demonstrated the strongest performance in our
previous experiments.

TABLE 3. Ablation studies on the VoiceBank-DEMAND dataset.

Loss Function Analysis: Ablation results in Table 3 reveal
three key findings regarding loss components. First, remov-
ing the magnitude L1 loss causes a moderate decrease in
PESQ (3.54 to 3.48) and CSIG (4.73 to 4.68) with PCS
preprocessing. Second, removing the consistency loss leads
to the most substantial degradation across metrics (PESQ
drops to 3.45, CSIG to 4.65). This suggests that addressing
signal reconstruction inconsistencies is crucial for high-
quality SE. Third, the wSDR loss removal shows the smallest
impact (PESQ 3.50 with PCS), suggesting this term provides
a more limited contribution compared to other losses in
our architecture, though it still contributes to the overall
enhancement quality.
Architectural Component Analysis. The architectural com-
ponents section of Table 3 demonstrates the impact of
three key architectural decisions. First, replacing Conformer
layers with linear layers in the enhancement head reduces
PESQ from 3.54 to 3.47 with PCS preprocessing, demon-
strating the importance of temporal modeling for SE. The
relatively modest performance drop suggests that the FM’s
rich contextual information partially compensates for the
simpler enhancement head, though the results still confirm
that self-attention and convolution operations benefit the
enhancement task. Feature integration analysis shows a
clear hierarchy: FM features alone achieve a PESQ of
3.44 with PCS, substantially outperforming STFT features
alone (PESQ 3.20). This 0.24 PESQ difference underlines the
effectiveness of foundation models’ learned representations.
The further 0.10 PESQ improvement to 3.54 with combined
features demonstrates clear complementarity: while FM
features excel at modeling temporal dependencies and speech
characteristics, STFT features provide explicit frequency-
domain information crucial for precise spectral manipulation.
This complementarity suggests that FM representations do
not fully encode the fine-grained spectral details neces-
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sary for optimal enhancement, validating our dual-stream
architectural design. Finally, the adopted temporal alignment
strategy outperforms the frame duplication approach used in
previous work, improving PESQ from 3.45 to 3.54 with PCS.
This 0.09 PESQ improvement shows that preserving distinct
representations for each frame leads to better enhancement
quality than duplicating the same representation across
multiple frames, likely because it allows more precise
modeling of the speech signal and its dynamics.

TABLE 4. Comparison of different fusion strategies for combining
foundation model and spectral features on VoiceBank-DEMAND using
WavLM-Large backbone. PCS-PP indicates whether perceptual contrast
stretching preprocessing was applied.

TABLE 5. Impact of training data size and PCS on DNS challenge
performance using wavLM-large as backbone.

Feature Fusion Strategy Analysis: Table 4 presents a
systematic comparison of different fusion strategies for
combining foundation model and spectral features. Con-
catenation consistently achieves the highest performance
across most metrics, with PESQ scores of 3.29 without PCS
and 3.54 with PCS preprocessing. The gating mechanism,
designed to learn adaptive combinations of the two feature
types, performs slightly worse (PESQ 3.26/3.46), suggesting
that the learned gates may not provide significant advantages
over simple concatenation in this context. Additive fusion
achieves competitive results (PESQ 3.28/3.54), indicating
that the linear combination of features can be effective,
though it doesn’t surpass concatenation.Multiplicative fusion
shows more substantial degradation (PESQ 3.22/3.46), likely
because element-wise multiplication can suppress important
information when feature magnitudes vary significantly
between the two streams. Cross-attention fusion, despite its
theoretical appeal for learning complex feature interactions,

achieves moderate performance (PESQ 3.27/3.47), possibly
due to the additional parameters requiring more training
data to optimize effectively. These results validate our
architectural choice of concatenation, which provides the best
performance while maintaining computational simplicity and
ensuring both feature streams contribute equally to the
enhancement process.
Training Data Analysis: Table 5 examines how training

data volume affects performance on the DNS Challenge.
Increasing training data from 100h to 300h improves results
on all metrics, with the largest gains occurring between
100h and 200h (PESQ-WB improves from 3.44 to 3.51).
Importantly, the PCS preprocessing trade-off remains con-
sistent across all training sizes: while it improves perceptual
quality metrics (PESQ-NB and PESQ-WB), it reduces SI-
SDR by approximately 8-9 dB regardless of the amount of
training data, confirming this is an inherent characteristic of
perceptual enhancement rather than a data-dependent effect.
PCS Application Timing Analysis: We investigate the

impact of applying PCS at different stages of the training
and inference pipeline. Specifically, we evaluate three
configurations: (1) applying PCS during both training and
inference (our proposed approach), (2) applying PCS during
training only, and (3) using PCS during inference only.
Results show that applying PCS during both training and
inference (PESQ 3.54) outperforms training-only (PESQ
3.31) and inference-only (PESQ 3.49) approaches. The
superior performance of the combined approach suggests
that consistent perceptual enhancement during both phases
enables the model to learn representations that effectively
align with perceptual importance.
PCS Impact on Downstream Tasks: To further investi-

gate this trade-off, we evaluated the impact of PCS on
downstream ASR performance on VoiceBank-DEMAND
test set.3 We examined three conditions: applying PCS to
original noisy speech, to clean reference speech, and to the
complete enhancement pipeline where PCS was used during
both training and inference. Notably, our WavLM-Large
enhancement without PCS improves ASR performance,
reducing word error rate from 5.33% (noisy input) to
4.90% (enhanced output). However, when PCS is applied,
word error rates consistently increase across all conditions:
noisy speech (5.33% to 5.35%), clean speech (4.44% to
4.68%), and enhanced speech (4.90% to 5.43%). The largest
degradation occurs with enhanced speech (+0.53% absolute
increase), indicating that while PCS improves perceptual
SE metrics, the spectral modifications it introduces can
disrupt the acoustic patterns that ASR systems rely on for
accurate transcription. This demonstrates that perceptual
enhancement and machine recognition accuracy represent
different optimization objectives, emphasizing the need to
consider specific application requirements when designing
SE systems.

3ASR is run using whisper-large-v3 pre-trained model.
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VI. CONCLUSION
This work has established a systematic framework for
adapting foundation models to speech enhancement, suc-
cessfully closing the performance gap with specialized
architectures through principled architectural design and
training strategies. Rather than simply applying existing
techniques, we provide a comprehensive methodology for
understanding and addressing the fundamental challenges
that limit foundation model effectiveness in SE tasks. Our
results demonstrate that carefully adapted foundation models
can match or exceed specialized SE architectures. The
WavLM-Large backbone with perceptual contrast stretching
achieved a PESQ score of 3.54 on VoiceBank-DEMAND
and 3.55 on the DNS Challenge using only 10% of the
standard training data. The strong performance of SSL-
based models compared to supervised models suggests
that self-supervised pre-training objectives better capture
the acoustic features relevant to enhancement tasks. Our
ablation studies revealed the importance of precise temporal
alignment, feature combination between foundation model
and spectral representations, and consistency-preserving
training objectives.

These findings open two promising directions for future
research. First, developing pre-training objectives specifi-
cally designed for speech quality and enhancement, rather
than borrowing from ASR tasks, could substantially improve
performance. Second, exploring architectures that can learn
from multiple acoustic representations (waveform, spec-
trogram) simultaneously during pre-training could lead to
better feature integration than our current approach of
combining them afterwards. Overall, our results demonstrate
that foundation models are effective building blocks for SE
systems, offering competitive performance while reducing
the need for specialized architectures.
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