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Abstract
Generative adversarial network-based models have shown

remarkable performance in the field of speech enhancement.
However, the current optimization strategies for these models
predominantly focus on refining the architecture of the genera-
tor or enhancing the quality evaluation metrics of the discrim-
inator. This approach often overlooks the rich contextual in-
formation inherent in diverse scenarios. In this paper, we pro-
pose a scenario-aware discriminator that captures scene-specific
features and performs frequency-domain division, thereby en-
abling a more accurate quality assessment of the enhanced
speech generated by the generator. We conducted comprehen-
sive experiments on three representative models using two pub-
licly available datasets. The results demonstrate that our method
can effectively adapt to various generator architectures without
altering their structure, thereby unlocking further performance
gains in speech enhancement across different scenarios.
Index Terms: speech enhancement, frequency band slice, gen-
erative adversarial network

1. Introduction
Speech enhancement (SE) is of paramount importance in mod-
ern communication systems and has garnered significant atten-
tion due to its applications in various fields such as telecommu-
nications, hearing aids, and speech recognition. The advent of
deep learning has revolutionized SE, with deep neural network
(DNN)-based approaches [1–4] consistently demonstrating su-
perior performance compared to traditional signal-processing-
based methods [5, 6].

A notable milestone in this domain was achieved with the
introduction of SEGAN [7], which pioneered the application of
generative adversarial network (GAN) to SE tasks and revealed
their potential for further enhancing model performance. Since
then, an increasing number of studies [8–13] have focused on
investigating and optimizing GAN-based models for SE, high-
lighting the growing interest in leveraging adversarial training
to address the challenges of speech enhancement.

The GAN-like model comprises two core components: the
generator and the discriminator, with the latter being crucial
for evaluating the quality of generated results and guiding the
generator to produce high-quality outputs. SEGAN employs
a discriminator that merely distinguishes whether the gener-
ated result is a noisy signal or a clean speech signal, thereby
neglecting the quality of the generated result and leading to
suboptimal performance. MetricGAN [8] further introduces a
metric-based discriminator that evaluates the perceptual evalu-
ation of speech quality (PESQ) [14] and short-time objective
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Figure 1: Overview of SaD. The Scenario-Aware Frequency
Splitter receives the enhanced speech generated by the Gen-
erator and the original noisy speech as inputs, and predicts
the frequency division points to partition the enhanced speech
into high-frequency and low-frequency components. Three dis-
tinct pre-trained metric estimation discriminators are employed
to evaluate the quality of the high-frequency component, low-
frequency component, and the original enhanced speech, re-
spectively.

intelligibility (STOI) [15], significantly improving performance
and achieving state-of-the-art (SOTA) results in SE tasks at the
time. Inspired by MetricGAN, subsequent works such as Met-
ricGAN+ [16], CMGAN [10], and Multi-CMGAN [11] have
optimized the metric evaluation aspect within the discriminator
to further enhance the performance of GAN-based models in
SE tasks.

In practical SE scenarios, environmental noise and human
speech exhibit diverse distributions, resulting in varying fre-
quency and signal-to-noise ratio (SNR) profiles. Despite exten-
sive research on SE GAN models, existing efforts have predom-
inantly focused on optimizing the discriminator through metric-
based computations, with limited consideration of real-world
scenario information. These discriminators often overlook the
actual frequency distribution characteristics of different scenar-
ios when evaluating quality. For instance, the frequency dis-
tribution of human speech is typically concentrated within the
1-4 kHz range, with speech being the dominant component be-
low 4 kHz (low-frequency portion) and noise being the domi-
nant component above 4 kHz (high-frequency portion). How-
ever, the actual frequency range of human speech varies among
individuals (e.g., between male and female voices), implying
that the precise frequency division point between high and low
frequencies is not always strictly 4 kHz. Additionally, the fre-
quency distribution of noise and the SNR vary across different
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scenarios, leading to differing proportions of speech and noise
in various frequency bands.

To address this challenge, several existing methods have
been proposed to enhance model performance by partitioning
the frequency spectrum and fine-tuning individual frequency
bands. For instance, Suband-KD [17] employs a fixed fre-
quency band division strategy, training distinct teacher mod-
els for each band and subsequently distilling knowledge into
a target model. However, this approach does not account
for the actual characteristics of the acoustic scene. Another
method, DFKD [18], estimates the frequency band division
point by identifying the first-order derivative change extreme
points in the frequency domain. While this technique incorpo-
rates scene characteristics to some extent, it relies heavily on
empirical computation, which may not always yield optimal re-
sults. Therefore, fully integrating scene-specific characteristics
and conducting a fine-grained evaluation of the denoising qual-
ity across different frequency bands is of paramount importance
for enhancing the model’s noise reduction capabilities.

In this paper, we introduce a scenario-aware discriminator
(SaD) for speech enhancement to achieve finer differentiation
and quality assessment of noise reduction across various acous-
tic scenarios. Drawing inspiration from the DFKD method, we
propose a frequency band division approach based on weakly-
supervised learning. This method enables the model to integrate
scene-specific characteristics and adaptively generate frequency
band divisions. Subsequently, distinct quality evaluation met-
rics are applied according to the signal characteristics of each
band. By focusing more granularly on the signal distribution
characteristics within different frequency bands, the model’s
performance is further enhanced. Our approach has been val-
idated across multiple datasets and models, demonstrating sig-
nificant improvements in both noise reduction and speech reten-
tion capabilities.

The remainder of this paper is structured as follows. Sec-
tion 2 provides a detailed overview of the proposed method,
highlighting its complexities. Section 3 delves into the specifics
of the experiments, covering the dataset, implementation, and
analysis of the results. Finally, Section 5 presents concluding
remarks and outlines potential directions for future research.

2. Methodology
2.1. System Overview

Our proposed method reconfigures the discriminator for SE
GAN-like models (e.g., MetricGAN, CMGAN). Specifically,
we introduce a scenario-aware frequency splitter (SAFS) that
adaptively partitions the enhanced speech generated by the gen-
erator into high-frequency and low-frequency components. The
quality of these two frequency components is subsequently
evaluated separately. Our approach is compatible with various
generators of different architectures and has been validated as
effective across multiple GAN-like models.

As illustrated in Fig. 1, the generator is assumed to accept
time-frequency domain noisy speech processed by the short-
time fourier transform (STFT) and transform it into enhanced
speech. The SAFS in the proposed SaD module fuses the orig-
inal noisy speech with the enhanced speech generated by the
generator and predicts a division point. Based on this division
point, the enhanced speech is divided into two parts: the low-
frequency part, where speech is the dominant component, and
the high-frequency part, where noise is the dominant compo-
nent. Subsequently, distinct discriminators evaluate the quality

of the signals in the high-frequency and low-frequency parts,
as well as in the full-frequency band, and update the network
parameters accordingly. Inspired by CMGAN, we combine the
ConvBlock and PredictBlock to form the SAFS module and dis-
criminator module, respectively.

2.2. Scenario-Aware Frequency Spliter

Another critical challenge is the absence of frequency division
labels in existing SE datasets. Our experimental findings indi-
cate that a fully unsupervised training approach is highly sus-
ceptible to pattern collapse. To mitigate this issue, we propose
a weakly supervised training method leveraging the first-order
derivative change extreme points. Specifically, we adopt the
method of DFKD to calculate the frequency division point of
the clean speech as the label for frequency division and utilize
this label to guide the initial training phase of the SaD-GAN
network. As the network converges, we remove the frequency
division label and switch to an unsupervised training process.
This transition allows the network to adaptively identify the op-
timal crossover frequency point in the later stages of training,
in conjunction with the generator’s actual speech enhancement
capabilities and the characteristics of the current scenario.

Let F represent the SAFS, which takes as input the original
noisy speech X and the enhanced speech Ŷ generated by the
generator. The SAFS predicts the frequency division point m̂.
The ground-truth label m is estimated using the methodology of
DFKD. In the early stages of training, the loss function Lossm
is employed to supervise the SAFS.

m̂ = F(X, Ŷ ) (1)

Ŷhigh = Ŷ [: m̂], Ŷlow = Ŷ [m̂ :] (2)

Lossm = ∥m− m̂∥2 (3)

2.3. Quality Assessment of Different Frequencies

The quality assessment method of DNSMOS [19] aligns more
closely with human auditory perception. Recent studies lever-
aging DNSMOS have demonstrated its efficacy in discriminat-
ing quality and achieving satisfactory performance in SE tasks.
However, this approach is not directly applicable to scenarios
involving frequency division. Specifically, when the SaD par-
titions enhanced speech, the uncertainty of the division point
introduces a dynamic signal, where the lengths of the high-
and low-frequency bands are not fixed. Conversely, the conven-
tional DNSMOS framework accepts only full-band inputs and
evaluates three key metrics: background intrusiveness (BAK),
speech distortion (SIG), and overall quality (OVERALL). This
method is insufficient for accurately assessing the quality of in-
dividual high- or low-frequency components. To address this
limitation and accommodate SaD, we retrained the discrimina-
tor and developed a system for evaluating the quality of high-
and low-frequency separation.

To collect dynamic inputs for high- and low-frequency
components, we adopt the approach of DFKD to partition the
original clean speech from the training set into two frequency
bands: high-frequency and low-frequency parts. Subsequently,
we input the original clean speech into the pre-trained DNS-
MOS model to obtain the BAK, SIG, and OVERALL scores.
The high-frequency part is then fed into the discriminator D1,
which is supervised by the BAK score, while the low-frequency
part is fed into the discriminator D2, supervised by the SIG
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score. Additionally, the enhanced speech is fed into the dis-
criminator D3, which is supervised by the OVERALL score to
ensure overall quality control. In this manner, D1 and D2 re-
ceive dynamic input signals and accurately estimate the noise
suppression ability in the high-frequency part and the vocal re-
tention ability in the low-frequency part, respectively.

LossBAK = ∥D1(Ŷhigh)−BAK∥2 (4)

LossSIG = ∥D2(Ŷlow)− SIG∥2 (5)

LossOV L = ∥D3(Ŷ )−OV ERALL∥2 (6)

Furthermore, the SNR information is crucial in SE tasks.
However, previous SE GAN studies have often overlooked this
aspect, with training processes typically calculating the discrim-
inator loss (LossD) solely based on final predicted metrics such
as PESQ and STOI. This approach often necessitates complex
parameter tuning to balance losses corresponding to different
sub-metrics, thereby optimizing the network’s overall perfor-
mance.

By further analyzing the optimization goals of SE tasks
within the context of scene SNR, it becomes evident that for
high-SNR scenarios with minimal background noise, the pri-
mary objective of the network should be to preserve speech
quality. Conversely, in low-SNR scenarios with significant
background noise, noise suppression becomes more critical for
enhancing speech intelligibility.

Based on these observations, we propose an SNR-driven
loss balancing method. Here, the entire network is trained such
that the SaD module adaptively adjusts the weights of differ-
ent loss sub-items according to the SNR value of the current
scenario. Specifically, SNRmax denotes the maximum SNR
value over the whole training dataset, the weight of LossBAK

is increased for low-SNR scenes, while the weight of LossSIG

is increased for high-SNR scenes. This adaptive weighting en-
sures that the network prioritizes noise suppression in challeng-
ing scenarios and speech preservation in simpler scenarios.

LossD =Lossm + LossOV L+

α ∗ LossBAK + (1− α) ∗ LossSIG

where α =
SNR

SNRmax

(7)

Losstotal = LossG + γ ∗ LossD (8)

Finally, the total loss (Losstotal) during the training of the
SaD-GAN model is obtained by combining the generator loss
(LossG) and the discriminator loss (LossD), with their respec-
tive contributions regulated by the hyperparameter γ. It is im-
portant to note that our proposed method does not alter the gen-
erator architecture of the SE GAN model. Consequently, LossG
remains strictly consistent with the original formulations in the
literature and may vary across different implementations.

3. Experiments
3.1. Datasets

To validate the effectiveness of our proposed methods, we con-
ducted experiments using the DNS2020 challenge dataset [20]
and the VoiceBank+DEMAND dataset [21].

The dataset employed in the DNS2020 challenge comprises
500 hours of pristine speech recordings from 2,150 unique

Table 1: Performance comparison on VoiceBANK+DEMAND.
†denotes the results tested by official open-source code, other-
wise reproduced by ourselves.

Model VoiceBANK+DEMAND test
PESQ CSIG CBAK COVL STOI

MetricGAN 2.697 3.861 2.428 3.291 0.876
MetricGAN + SaD 2.928 3.927 2.51 3.439 0.868

CMGAN† 3.406 4.595 2.831 4.076 0.958
CMGAN + SaD 3.622 4.659 3.24 4.223 0.947
Multi-CMGAN 3.393 4.421 3.349 3.953 0.942

Multi-CMGAN + SaD 3.402 4.465 3.372 3.982 0.943

Table 2: Performance comparison on DNS2020.

Model DNS2020-test
PESQ CSIG CBAK COVL STOI

MetricGAN 2.647 3.903 2.516 3.303 0.912
MetricGAN + SaD 2.663 3.88 2.457 3.304 0.894

CMGAN 3.107 4.283 3.156 3.717 0.926
CMGAN + SaD 3.135 4.445 3.197 3.833 0.936
Multi-CMGAN 3.013 4.353 3.186 3.717 0.944

Multi-CMGAN + SaD 3.115 4.378 3.239 3.779 0.948

speakers, augmented with 65,000 noise clips representing 150
distinct audio classes. These noise clips were meticulously
sourced from publicly available datasets, including Audioset,
Freesound, and YouTube. To facilitate the training process,
each audio clip was uniformly segmented into fixed intervals of
6 seconds. Subsequently, the entire training corpus was resam-
pled at a consistent sampling rate of 16 kHz to ensure unifor-
mity across all data points. Additionally, the SNR levels were
randomly sampled from a uniform distribution ranging between
0 and 20 dB, thereby introducing variability to simulate diverse
acoustic environments.

The VoiceBank+DEMAND dataset includes a training set
of 11,572 recordings from 28 speakers, mixed with background
noise from the DEMAND [22] database and artificial sources
at SNRs of 0, 5, 10, and 15 dB. The test set consists of 824 ut-
terances from two speakers, combined with unseen DEMAND
noise at SNRs of 2.5, 7.5, 12.5, and 17.5 dB.

3.2. Implementation Details

To validate the generalizability of the proposed SaD module,
we conducted experiments on several state-of-the-art SE GAN
models, including MetricGAN, CMGAN, and the latest SOTA
model, MultiCMGAN. These models were trained and tested
on two above-mentioned benchmark datasets: DNS2020 and
VoiceBank+DEMAND.

During the training process, the discriminator in each model
was replaced with the SaD module, while the generator archi-
tecture remained unchanged. For MetricGAN, the BLSTM ar-
chitecture was employed as the generator, whereas for CMGAN
and MultiCMGAN, the conformer architecture was utilized.

In the initial 10 epochs of SaD training, we employed the
DFKD method to compute the division point labels, providing
supervised guidance for the training process. Subsequently, the
supervision was removed, enabling the network to adaptively
learn the division points in an unsupervised manner. This ap-
proach ensures that the SaD module can dynamically adjust to
varying acoustic environments while maintaining robust gener-
alization capabilities.
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Table 3: Ablation studies with CMGAN on Voice-
BANK+DEMAND.

Model VoiceBANK+DEMAND test
PESQ CSIG CBAK COVL STOI

CMGAN + SaD 3.622 4.659 3.24 4.223 0.947
w/o weakly supervised 3.539 4.646 3.103 4.158 0.849
w/o DNSMOS fine-tune 3.449 4.553 3.328 4.058 0.94
w/o SNR loss weight 3.59 4.636 3.139 4.182 0.951

For models with publicly available weights, we directly uti-
lized these weights to evaluate their performance on the cor-
responding test sets. For models whose weights are not yet
open-source, we meticulously adhered to the descriptions and
hyperparameter settings outlined in the original literature, and
trained and tested these models on the respective datasets.

In terms of evaluation metrics, we measured the PESQ,
STOI, and the mean opinion score (MOS) [23] predictor, which
includes three sub-metrics: speech distortion (CSIG), back-
ground noise intrusiveness (CBAK), and overall speech qual-
ity (COVL). Specifically, CSIG, CBAK, and COVL assess the
signal distortion, background interference, and overall quality
on a common scale, respectively. PESQ and STOI quantify the
perceived quality and intelligibility of the speech signal, respec-
tively.

3.3. Experimental Results and Discussions

3.3.1. Main Results

As presented in Table 1, our proposed method was evaluated on
three distinct models using the VoiceBank+DEMAND dataset.
When the generator was kept consistent and only the discrimi-
nator was replaced with the proposed SaD module, our method
consistently outperformed the original models across nearly all
metrics. Notably, the PESQ scores for MetricGAN and CM-
GAN were enhanced by 0.2 points. Significant improvements
were also observed in speech distortion, background intrusive-
ness, and overall quality. Among these models, CMGAN ex-
hibited the most pronounced enhancement, with an increase of
over 0.2 points in the overall quality score.

To further validate the effectiveness of our approach, ad-
ditional experiments were conducted on the DNS2020 dataset,
as detailed in Table 2. Our method demonstrated consistent
improvements across all three models. Specifically, CMGAN
and MultiCMGAN exhibited superior performance compared to
their original counterparts across all metrics. While some met-
rics for MetricGAN also surpassed the original model, the im-
provements were less pronounced than those observed in CM-
GAN and MultiCMGAN.

3.3.2. Ablation Study

We conducted additional ablation studies using CMGAN on the
VoiceBank+DEMAND dataset, with results presented in Table
3. When the SAFS was trained entirely in an unsupervised man-
ner throughout the training process, the PESQ, CSIG, CBAK,
COVL, and STOI metrics exhibited decreases of 0.083, 0.013,
0.137, 0.065, and 0.098, respectively. Similarly, omitting the
pre-fine-tuning of DNSMOS for dynamic inputs led to a no-
table decline in most metrics, with the exception of CBAK. Ad-
ditionally, removing the SNR-driven loss weighting resulted in
degraded performance across metrics other than STOI. How-
ever, individual metrics alone do not provide a comprehensive

Noisy (SNR=0.25)

Noisy (SNR=11.25)

CMGAN CMGAN + SaD

CMGAN + SaDCMGAN

Figure 2: Frequency Analysis for Diverse Acoustic Scenarios.
The upper and lower rows depict the time-frequency represen-
tations of two distinct scenarios. From left to right: the leftmost
plot illustrates the input noisy signal, the middle plot shows the
enhancement result obtained using the official CMGAN open-
source code, and the rightmost plot presents the enhanced re-
sult achieved with CMGAN + SaD.

assessment of the model’s overall effectiveness, a point we will
further elaborate on in the subsequent discussion of subjective
evaluations.

3.3.3. Subjective Effect Analysis

To address the instability of certain metrics, such as STOI, we
further analyzed the subjective enhancement effects of SaD. As
illustrated in Figure 2, we randomly selected two distinct sce-
narios from the VoiceBank+DEMAND test set, with signal-to-
noise ratios (SNRs) of 0.25 and 11.25 dB, respectively. The top
row, from left to right, displays the results for the Noisy (SNR =
0.25 dB), CMGAN, and CMGAN+SaD conditions. The bottom
row, from left to right, shows the results for the Noisy (SNR =
11.25 dB), CMGAN, and CMGAN+SaD conditions.

The CMGAN results were obtained using the official open-
source weights and code for inference. Comparing the noisy
and CMGAN results reveals that CMGAN tends to generate
spurious high-frequency harmonics that do not exist in the orig-
inal signal. In contrast, CMGAN+SaD effectively suppresses
these pseudo-harmonics in both low-SNR and high-SNR sce-
narios, thereby improving the actual listening experience.

4. Conclusions
This study introduces a scenario-aware discriminator tailored
for SE models based on the GAN framework. Our approach in-
tegrates the time-frequency characteristics of the current acous-
tic scenario, partitions the enhanced speech generated by the
generator into high- and low-frequency bands, and employs dis-
tinct quality evaluation metrics for each band. We further incor-
porate SNR information to distinguish the actual optimization
objectives of the SE task. Based on this, we propose an SNR-
driven method for adaptively adjusting loss weights, which ef-
fectively mitigates the need for extensive hyperparameter tuning
during the training process of GAN-like models. Experimental
results demonstrate that our method can further unlock the per-
formance potential of various generator architectures, signifi-
cantly enhancing their speech enhancement capabilities. The ef-
fectiveness of our approach is validated across multiple datasets
and models, thereby confirming its feasibility and generalizabil-
ity.
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