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Abstract—Convolution-augmented transformers (Conformers)
are recently proposed in various speech-domain applications,
such as automatic speech recognition (ASR) and speech separa-
tion, as they can capture both local and global dependencies. In
this paper, we propose a conformer-based metric generative ad-
versarial network (CMGAN) for speech enhancement (SE) in the
time-frequency (TF) domain. The generator encodes the magni-
tude and complex spectrogram information using two-stage con-
former blocks to model both time and frequency dependencies.
The decoder then decouples the estimation into a magnitude mask
decoder branch to filter out unwanted distortions and a complex
refinement branch to further improve the magnitude estimation
and implicitly enhance the phase information. Additionally, we
include a metric discriminator to alleviate metric mismatch
by optimizing the generator with respect to a corresponding
evaluation score. Objective and subjective evaluations illustrate
that CMGAN is able to show superior performance compared
to state-of-the-art methods in three speech enhancement tasks
(denoising, dereverberation and super-resolution). For instance,
quantitative denoising analysis on Voice Bank+DEMAND dataset
indicates that CMGAN outperforms various previous models with
a margin, i.e., PESQ of 3.41 and SSNR of 11.10 dB.

Index Terms—Speech enhancement, deep learning, attention
models, generative adversarial networks, metric discriminator.

I. INTRODUCTION

IN real-life speech applications, the perceived speech quality
and intelligibility are dependent on the performance of the

underlying speech enhancement (SE) systems, e.g., speech
denoising, dereverberation and acoustic echo cancellation. As
such, SE frameworks are an indispensable component in mod-
ern automatic speech recognition (ASR), telecommunication
systems and hearing aid devices [2]–[4]. This is evident by the
increasingly large amount of research continuously attempting
to push the performance boundaries of current SE systems
[5], [6]. The majority of these approaches harness the recent
advances in deep learning (DL) techniques as well as the
increasingly more available speech datasets [7]–[10].

SE techniques can be roughly categorized into two promi-
nent families of approaches. Chronologically, enhancing the
speech time-frequency (TF) representation (spectrogram) con-
stitutes the classical SE paradigm which encompasses the
majority of model-based as well as more recent DL approaches
[5], [11]–[13]. More recently, a new set of approaches were
introduced to enhance raw speech time-domain waveform
directly without any transformational overheads [14]–[18].
Each paradigm presents unique advantages and drawbacks.

The time-domain paradigm is based on generative models
trained to directly estimate fragments of the clean waveform
from the distorted counterparts without any TF-domain trans-
formation or reconstruction requirements [15], [16]. However,
the lack of direct frequency representation hinders these
frameworks from capturing speech phonetics in the frequency
domain. This limitation is usually reflected as artifacts in the
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reconstructed speech. Another drawback of this paradigm is
the ample input space associated with the raw waveforms,
which often necessitates the utilization of deep computation-
ally complex frameworks [14], [17].

In the TF-domain, most conventional model-based or DL
techniques utilize the magnitude component while ignoring the
phase. This is accounted to the unstructured phase component,
which imposes challenges to the utilized architectures [19],
[20]. To circumvent this challenge, several approaches follow
the strategy of enhancing the complex spectrogram (real and
imaginary parts), which implicitly enhances both magnitude
and phase [21], [22]. However, the compensation effect be-
tween the magnitude and phase often leads to an inaccurate
magnitude estimation [23]. This problem will be discussed
in details in Sec. II-A. Recent studies propose enhancing
the magnitude followed by complex spectrogram refinement,
which can alleviate the compensation problem effectively [13],
[24]. Furthermore, the commonly used objective function in
SE is simply the Lp−norm distance between the estimated
and the target spectrograms. Nevertheless, a lower distance
does not always lead to higher speech quality. MetricGAN is
proposed to overcome this issue by optimizing the generator
with respect to the evaluation metric score that can be learned
by a discriminator [11].

In addition, many approaches utilize transformers [25] to
capture the long-term dependency in the waveform or the
spectrogram [13], [16], [26]. Recently, conformers have been
introduced as an alternative to transformers in ASR and speech
separation tasks due to their capacity of capturing both local
context and global context [27], [28]. Accordingly, they were
also employed for time-domain SE [18]. To the best of our
knowledge, conformers are not yet explicitly investigated for
TF-domain SE.

Inspired by the stated problems and previous works, we
propose the first conformer-based MetricGAN (CMGAN) for
various monaural speech enhancement tasks. The CMGAN
consists of a generator and a metric discriminator. The gener-
ator is based on two-stage conformer blocks in the TF-domain,
while the discriminator is responsible for estimating a black-
box non-differentiable metric. The concatenated magnitude,
real and imaginary components are passed to the generator,
which comprises an encoder with two-stage conformer blocks,
a mask decoder and a complex decoder. The encoder aims
to learn a compact feature representation of the input. The
mask decoder estimates the mask for the input magnitude
and the complex decoder refines the real and imaginary parts.
In order to reduce the significant computational complexity
of the conformer, we adopt the dual-path transformers [16],
[26], [29] into a two-stage conformer block, which can capture
the dependencies along the time dimension and the frequency
dimension sequentially. In a nutshell, the contributions of this
work are summarized as follows:
• We investigate the performance of the two-stage conformer
blocks and their capability of capturing time and frequency
dependencies with a relatively low computational complexity.
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(a) Reference track
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(b) Noisy track (SNR 0 dB)
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(c) Reverb. track (τ = 0.5 s)
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(d) Low-res. track (s = 4)

Fig. 1: The TF-magnitude representation of distorted speech for different SE tasks, i.e., denoising, dereverberation and bandwidth
extension (super-resolution). The variable τ represents the 60 dB reverberation time and s is the bandwidth upscaling ratio.

• We adopt a metric discriminator to our network, which
helps to improve the corresponding evaluation metric without
adversely affecting other metrics.
• The proposed model is tested on different SE tasks: speech
denoising, dereverberation and bandwidth extension (super-
resolution) with relevant datasets and the model is shown to
outperform state-of-the-art approaches.
• A comprehensive ablation study verifies the effectiveness of
our design choices.

II. PROBLEM STATEMENT & RELEVANT LITERATURE

In this paper, the proposed CMGAN will be evaluated on
different SE tasks, namely speech denoising, dereverberation
and super-resolution. Accordingly, for any acoustic environ-
ment the aforementioned SE tasks can be modeled as follows:

y(t) = x(t) ∗ h(t) + n(t) (1)

where y(t) is the distorted speech, x(t) is the required clean
speech, n(t) is a background noise and ‘*’ is a convolution
operation with a filter h(t). However, due to space constraints,
this study will focus on evaluating each task alone and not
the superimposed effects, as shown in Fig. 1. Hence, for
denoising the additive background noise n(t) will only be
considered (Fig. 1b). For dereverberation (Fig. 1c), the filter
h(t) will represent a room impulse response (RIR) filter.
Finally, h(t) will function as a low pass filter (LPF) in the
super-resolution task to simulate the impact of low sampling
frequency (Fig. 1d). The pertinent literature for each task will
be presented in the following subsections.

A. Denoising
Speech denoising is considered as a source separation

problem, where the objective is to suppress the background
noise n(t) and predict the desired speech x̂(t) with maximum
possible quality and intelligibility. Accordingly, the difficulty
of this problem would highly depend on the nature of both the
desired speech and the background noise. For instance, speech
signals are highly non-stationary. As for the noise component,
it can be divided into stationary scenarios (e.g., computer fan
noise and air conditioners) and non-stationary scenarios (e.g.,
babble and street noise). Usually, the latter scenario is more
challenging, as in these cases, the noise would occupy similar
frequency bands as the desired speech [19].

In the speech denoising literature, due to the non-stationary
nature of the problem, exploring the TF representations of
the superimposed signal to reflect the time-varying frequency
properties of the waveform is the typical approach [5], [30],
[31]. The only limitation arising from the TF-domain denois-
ing is the unstructured phase representation. However, for
a long time phase was considered insensitive to noise [32].
As a result, research mostly focused on magnitude denoising

while maintaining the noisy phase [6]. Recently, many studies
pointed out the importance of the phase on the denoised speech
quality [21], [33]. To this end, TF speech denoising can be
categorized into mapping-based and masking-based methods.

For mapping-based methods, a non-linear function is uti-
lized to map the noisy speech to a corresponding denoised
speech. These methods were first visited in time-domain
speech denoising [15], [34]–[36]. For instance, SEGAN [14] is
introduced as an adversarial framework to map the noisy wave-
form to a corresponding denoised speech. Variants of SEGANs
are also proposed to increase the capacity of the generator [37],
or using an additional TF-domain loss to benefit from both
domains [38]. Building upon these trials, different mapping-
based adversarial frameworks are also investigated on TF-
domain speech denoising and they achieved more promising
results [19], [39]–[41].

On the other hand, masking-based methods are mostly
utilized in TF-domain with few trials on time-domain speech
denoising [42]. TF-domain masking-based methods operate
under the assumption that two signals are considered to be W-
disjoint orthogonal if their short-time Fourier transformations
(STFT) do not overlap [43]. Accordingly, it is possible to
demix the signals by determining the active source in each
TF unit. Inspired by the auditory masking phenomenon and
the exclusive allocation principle in auditory scene analysis
[44], ideal binary masking (IBM) is the first masking-based
method utilized in supervised speech denoising [45]. In IBM,
a mask is generated by assigning a value of 1 for a TF
unit if the signal-to-noise ratio (SNR) in this unit exceeds
a predefined threshold (required speech) and 0 otherwise
(noise to suppress). In other words, IBM can be treated as
a binary classification problem [46], [47]. Although IBM has
been shown to considerably improve speech intelligibility, it
can degrade the speech quality by introducing musical noise
distortions [48]. Ideal ratio masking (IRM) is introduced as
a remedy and it can be viewed as a soft version of the
IBM, where each TF unit can take a value between 0 and
1 depending on the corresponding signal and noise powers
[49], [50]. Spectral magnitude mask (SMM) is considered as
an unbounded variant of IRM [51].

The aforementioned masking-based methods would solely
enhance the magnitude and keep the noisy phase unaltered.
Subsequently, tackling the phase is divided into phase recon-
struction and phase denoising approaches. For phase recon-
struction, deep neural networks (DNNs) are trained to estimate
the magnitude, which is then used for iterative phase recon-
struction (IPR) [52]–[55]. As for phase denoising, authors in
[56] are the first to introduce a phase-sensitive mask (PSM) as
a variant of SMM and they claimed a considerable improve-
ment in speech quality. Using IRM as a foundation, a complex
ideal ratio masking (cIRM) approach is proposed that can
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operate on the real and imaginary parts, implicitly addressing
both magnitude and phase denoising [21]. Nevertheless, since
the real and imaginary parts are not necessarily positive, the
authors would compress the cIRM with a tanh activation to
obtain values between −1 and 1. The idea of cIRM is further
extended by incorporating a deep complex-valued recurrent
neural network (DCCRN) and new loss functions to estimate
the relevant masks [57].

The main drawback behind these approaches is the mag-
nitude and phase compensation effect discussed in [23]. In
this case, denoising the complex representations using only
a complex loss (penalizing real and imaginary parts) would
implicitly provide the trained model with a certain degree
of freedom in estimating the magnitude and phase. Since
the phase is unstructured and always challenging to estimate,
this might result in an inaccurate magnitude estimation to
compensate for the challenging phase. This problem can be
mitigated by including both complex and magnitude losses or
by complex refinement approaches, which basically decouple
the problem into estimating a bounded mask for the magnitude
followed by a complex refinement branch to further improve
the magnitude and estimate the phase from the denoised
complex representations [13], [24], [58]–[60]. However, since
recent studies recommended mapping-based methods over the
preceding masking-based approaches for complex spectrogram
estimation [22], [61], the complex refinement branch would
follow a mapping-based approach. In this sense, the model
can combine the fragmented benefits of both masking-based
and mapping-based methods.

B. Dereverberation
In an enclosed acoustic environment, the sound is perceived

as a superposition of three distinct components: direct path,
early reflections and late reverberations, which can be modeled
by the convolutive RIR filter h(t) in Eq. 1 [62], [63]. Thus,
speech dereverberation would mainly focus on suppressing the
unwanted reflections and maintaining the direct path represent-
ing the estimated desired speech x̂(t). Early reflections usually
arrive shortly (50 ms) at the microphone as they come from a
specific direction, thus they can be addressed as an attenuated
copy of the direct path. In contrast, late reverberations arrive
later as they represent delayed and attenuated superimposed
signals from different directions. The difficulty of the dere-
verberation problem is accounted to different factors. For
instance, room size and surface properties mainly contribute
to the amount of reflections and degree of attenuation [64].
Additionally, the distance between the microphone and the
speaker would affect the reflection strength, i.e., the longer
the distance, the stronger the reflections [65].

To the best of our knowledge, the dereverberation problem
is usually addressed in TF-domain with limited trials on time-
domain [17], [66]. This is due to the fact that time-domain
models are prone to temporal distortions, which are severe
in reverberant conditions. Similar to denoising, TF-domain
masking-based methods are also extended to dereverberation.
For instance, in [67], direct path and early reflections are
considered as the desired speech and an IBM is utilized to
suppress late reverberations. Unlike denoising, the SNR crite-
ria for assigning 0 and 1 in each TF unit is modified in [68]
to address the speech presence probability. However, IBM is
originally defined for additive noise under anechoic conditions.
In reverberation, temporal smearing of speech is observed in
the resultant TF representation, as shown in Fig. 1c. Hence,
IBM with hard boundaries can cause a degradation in the

resultant speech quality [69] and soft IRM is usually the
preferred method in this case [51], [70]–[72]. Following the
denoising path, IRM is extended with cIRM to include phase
in the dereverberation process [73]–[75].

Furthermore, mapping-based methods are also investigated
in speech dereverberation. For instance, Han et al. [52] is one
of the first to investigate spectral mapping on dereverberation
using a simple fully connected network. Later, authors in
[76] applied a fully convolutional U-Net (encoder-decoder)
architecture with intermediate skip connections for this task.
The SkipConvNet changed the U-Net architecture by replacing
each skip connection with multiple convolutional modules to
provide the decoder with intuitive feature maps [77]. Addition-
ally, a wide residual network is introduced in [78] to process
different speech representations in the TF-domain, namely the
magnitude of the STFT, Mel filterbank and cepstrum. Some
approaches are able to provide significant performance gain by
combining DNNs with conventional methods such as delay-
and-sum beamforming and late reverberation reduction by
spectral subtraction [79].

C. Super-resolution

The super-resolution problem is slightly different from prior
SE use-cases. In denoising and dereverberation, the desired
speech is available with superimposed unwanted noise or
reflections and the task is to suppress these effects while
preserving the speech. In contrast, super-resolution would re-
construct the missing samples from a low sampling frequency
input signal. Accordingly, this problem can be formulated from
two different perspectives based on the input domain. In the
time-domain, the problem is closely related to super-resolution
in natural images [80], where the task is to upsample an
input signal of K×1 samples to an output signal of M×1
samples (K<M ). In this case, a DNN can be trained for an
interpolation task. On the other hand, for TF-domain, the task
would rather resemble natural image inpainting [81], where a
part of the image or spectrogram is missing and the DNN is
trained to complete the image or reconstruct the missing high-
frequency bands, as shown in Fig. 1a and 1d. Based on the
previous description, it can be deduced that mapping-based is
the only relevant approach in super-resolution.

In conventional audio processing, super-resolution has been
investigated under the name of bandwidth extension [82]. Re-
cently, DL-based audio super-resolution studies demonstrated
superior performance compared to traditional methods. In
2017, Kuleshov et al. [83] proposed to use U-Net with skip
connection architecture to reconstruct the waveform. TFiLM
[85] and AFiLM [86] utilized recurrent models and attention
blocks to capture the long-range time dependencies, respec-
tively. However, the lack of frequency components limits
further improvements in the performance. TFNet [84] utilized
both time and frequency domain by employing two branches,
one branch models the reconstruction of spectral magnitude
and the other branch models the waveform. However, the phase
information is ignored in the frequency branch. Wang et al.
[87] proposed a time-domain modified autoencoder (AE) and a
cross-domain loss function to optimize the hybrid framework.
Recently, authors in [88] proposed a neural vocoder based
framework (NVSR) for the super-resolution task. While the
above studies show promising results, many of them focus on
the time-domain or hybrid time-domain and TF-domain mag-
nitude representations. Nevertheless, the research on complex
TF-domain super-resolution is not yet addressed.
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(a) Encoder-decoders generator architecture

(b) Two-stage conformer (TS-Conformer)

(c) Metric discriminator

Fig. 2: An overview of the proposed CMGAN architecture

III. METHODOLOGY

A. Generator architecture
An overview of the generator architecture of CMGAN is

shown in Fig. 2a. For a distorted speech waveform y ∈ RL×1,
an STFT operation first converts the waveform into a complex
spectrogram Yo ∈ RT×F×2, where T and F denote the time
and frequency dimensions, respectively. Then the compressed
spectrogram Y is obtained by the power-law compression:

Y = |Yo|cejYp = Yme
jYp = Yr + jYi (2)

where Ym, Yp, Yr and Yi denote the magnitude, phase, real
and imaginary components of the compressed spectrogram,
respectively. c is the compression exponent which ranges from
0 to 1, here we follow Braun et al. [89] to set c = 0.3.
The power-law compression of the magnitude equalizes the
importance of quieter sounds relative to loud ones, which
is closer to human perception of sound [90], [91]. The real
and imaginary parts Yr and Yi are then concatenated with the
magnitude Ym as an input to the generator.

1) Encoder: Given the input feature Yin ∈ RB×T×F×3,
where B denotes the batch size, the encoder consists of two
convolution blocks with a dilated DenseNet [92] in between.
Each convolution block comprises a convolution layer, an
instance normalization [93] and a PReLU activation [94]. The
first convolution block is used to extend the three input features
to an intermediate feature map with C channels. The dilated
DenseNet contains four convolution blocks with dense residual
connections, the dilation factors of each block are set to {1,
2, 4, 8}. The dense connections can aggregate all previous
feature maps to extract different feature levels. As for the
dilated convolutions, they serve to increase the receptive field

effectively while preserving the kernels and layers count. The
last convolution block is responsible for halving the frequency
dimension to F ′ = F/2 to reduce the complexity.

2) Two-stage conformer block: Conformers [27], [28]
achieved great success in speech recognition and separation
as they combine the advantages of both transformers and
convolutional neural networks (CNNs). Transformers can cap-
ture long-distance dependencies, while CNNs exploit local
features effectively. Here we employ two conformer blocks
sequentially to capture the time dependency in the first stage
and the frequency dependency in the second stage. As shown
in the Fig. 2b, given a feature map D ∈ RB×T×F ′×C , the
input feature map D is first reshaped to DT ∈ RBF ′×T×C

to capture the time dependency in the first conformer block.
Then the output DT

o is element-wise added with the input
DT (residual connection) and reshaped to a new feature map
DF ∈ RBT×F ′×C . The second conformer thus captures the
frequency dependency. After the residual connection, the final
output Do is reshaped back to the input size.

Similar to [27], each conformer block utilizes two half-
step feed-forward neural networks (FFNNs). Between the
two FFNNs, a multi-head self-attention (MHSA) with four
heads is employed, followed by a convolution module. The
convolution module depicted in Fig. 2b starts with a layer
normalization, a point-wise convolution layer and a gated
linear unit (GLU) activation to diminish the vanishing gradient
problem. The output of the GLU is then passed to a 1D-
depthwise convolution layer with a swish activation function,
then another point-wise convolution layer. Finally, a dropout
layer is used to regularize the network. Also, a residual path
connects the input to the output.
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3) Decoder: The decoder extracts the output from N two-
stage conformer blocks in a decoupled way, which includes
two paths: the mask decoder and the complex decoder. The
mask decoder aims to predict a mask that will be element-wise
multiplied by the input magnitude Ym to predict X̂ ′m. On the
other hand, the complex decoder directly predicts the real and
imaginary parts. Both mask and complex decoders consist of
a dilated DenseNet, similar to the one in the encoder. The sub-
pixel convolution layer is utilized in both paths to upsample the
frequency dimension back to F [95]. For the mask decoder, a
convolution block is used to squeeze the channel number to 1,
followed by another convolution layer with PReLU activation
to predict the final mask. Note that the PReLU activation
learns different slopes for each frequency band and initially the
slopes are defined as a fixed positive value (0.2). Post-training
evaluation indicates that all the slopes reflect different negative
values, i.e., the output mask is always projected in the positive
1st and 2nd quadrants, as depicted in Fig. 3. For the complex
decoder, the architecture is identical to the mask decoder,
except no activation function is applied for the complex output.

Same as in [13], [24], the masked magnitude X̂ ′m is first
combined with the noisy phase Yp to obtain the magnitude-
enhanced complex spectrogram. Then it is element-wise
summed with the output of the complex decoder (X̂ ′r, X̂

′
i)

to obtain the final complex spectrogram:

X̂r = X̂ ′mcos(Yp) + X̂ ′r X̂i = X̂ ′msin(Yp) + X̂ ′i (3)

The power-law compression is then inverted on the complex
spectrogram (X̂r, X̂i) and an inverse short-time Fourier trans-
form (ISTFT) is applied to get the time-domain signal x̂, as
shown in Fig. 4a. To further improve the magnitude component
and propagate magnitude loss on both decoder branches, we
compute the magnitude loss on X̂m expressed by:

X̂m =

√
X̂2

r + X̂2
i (4)

B. Metric discriminator

In SE, the objective functions are often not directly cor-
related to the evaluation metrics. Consequently, even if the
objective loss is optimized, the evaluation score is still not
satisfied. Furthermore, some evaluation metrics like perceptual
evaluation of speech quality (PESQ) [96] and short-time objec-
tive intelligibility (STOI) [97] cannot be used as loss functions
because they are non-differentiable. Hence, the discriminator
in CMGAN aims to mimic the metric score and use it as a
part of the loss function. Here we follow the MetricGAN to
use the PESQ score as a label [11]. As shown in Fig. 2c,
the discriminator consists of 4 convolution blocks. Each
block starts with a convolution layer, followed by instance
normalization and a PReLU activation. After the convolution

−1 1

1

(a) Before training

−1 1

1

(b) After training

Fig. 3: PReLU slopes of the resultant magnitude mask.

blocks, a global average pooling is followed by two feed-
forward layers and a sigmoid activation. The discriminator is
then trained to estimate the maximum normalized PESQ score
(= 1) by taking both inputs as clean magnitudes. Additionally,
the discriminator is trained to estimate the enhanced PESQ
score by taking both clean and enhanced spectrum as an
input together with their corresponding PESQ label, as shown
in Fig. 4b. On the other hand, the generator is trained to
render an enhanced speech resembling the clean speech, thus
approaching a PESQ label of 1, as shown in Fig. 4c.

C. Loss function
Inspired by Braun et al. [89], we use a linear combination of

magnitude loss LMag. and complex loss LRI in the TF-domain:

LTF = αLMag. + (1− α)LRI

LMag. = EXm,X̂m

[
‖Xm − X̂m‖2

]
LRI = EXr,X̂r

[
‖Xr − X̂r‖2

]
+ EXi,X̂i

[
‖Xi − X̂i‖2

] (5)

where α is a chosen weight. Based on grid search, α = 0.7
leads to the best performance. Similar to least-square GANs
[98], the adversarial training is following a min-min optimiza-
tion task over the discriminator loss LD and the corresponding
generator loss LGAN expressed as follows:

LGAN = EXm,X̂m

[
‖D(Xm, X̂m)− 1‖2

]
LD = EXm

[
‖D(Xm, Xm)− 1‖2

]
+ EXm,X̂m

[
‖D(Xm, X̂m)−QPESQ‖2

] (6)

where D refers to the discriminator and QPESQ refers to the
normalized PESQ score. Here we normalize the PESQ score
to the range [0,1]. Moreover, an additional penalization in the
resultant waveform LTime is proven to improve the restored
speech quality [20]:

LTime = Ex,x̂

[
‖x− x̂‖1

]
(7)

where x̂ is the enhanced waveform and x is the clean target
waveform. The final generator loss is formulated as follows:

LG = γ1 LTF + γ2 LGAN + γ3 LTime (8)

where γ1, γ2 and γ3 are the weights of the corresponding
losses and they are chosen to reflect equal importance.

IV. EXPERIMENTS

A. Datasets
1) Denoising: We investigate our proposed approach on

the commonly used publicly available Voice Bank+DEMAND
dataset [7]. The clean tracks are selected from the Voice Bank
corpus [99] which includes 11,572 utterances from 28 speakers
in the training set and 872 utterances from 2 unseen speakers
in the test set. In the training set, the clean utterances are
mixed with background noise (8 noise types from DEMAND
database [100] and 2 artificial noise types) at SNRs of 0 dB,
5 dB, 10 dB and 15 dB. In the test set, the clean utterances
are mixed with 5 unseen noise types from the DEMAND
database at SNRs of 2.5 dB, 7.5dB, 12.5 dB and 17.5 dB. The
noise types are mostly challenging, e.g., public space noises
(cafeteria, restaurant and office), domestic noises (kitchen and
living room) and transportation/street noises (car, metro, bus,
busy traffic, public square and subway station). All utterances
are resampled to 16 kHz in our experiments.
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(a) Non-adversarial generator losses

(b) Discriminator loss

(c) Adversarial generator loss

Fig. 4: An illustration of the propagated loss functions in the CMGAN architecture. For simplicity, X and X̂ denote the
three-channel magnitude and complex representations of the clean target and the estimated output spectrograms, respectively.

2) Dereverberation: We choose the REVERB challenge
dataset [8], the utterances are divided into simulated and
real recordings. The simulated data is based on the wall
street journal corpus (WSJCAM0) [101] distorted by measured
RIRs and a stationary ambient noise of SNR = 20 dB. The
measured RIRs represent three different room sizes: small –
room 1, medium – room 2 and large – room 3, with a 60 dB
reverberation time (τ ) of 0.3, 0.6 and 0.7 seconds, respectively.
For each room, the microphone is placed at a near condition
(0.5 m) and a far condition (2 m). The real data is based on the
multi-channel wall street journal audio-visual (MC-WSJ-AV)
corpus [102], where the speakers are recording in a large room
of τ = 0.7 seconds at a near (1 m) and a far (2.5 m) microphone
conditions. The training set includes 7861 paired utterances
from the simulated data. The test set contains both simulated
paired utterances (2176) and real reverberant utterances (372).
Different room recordings are used for the training and test
sets. The datasets were originally captured in a single-channel,
two-channel and eight-channel configuration with a 16 kHz
sampling frequency. However, for the scope of this study, we
only use the single-channel configuration.

3) Super-resolution: For comparative analysis, we utilize
the English multi-speaker corpus (VCTK) [103]. The VCTK
dataset contains 44 hours recordings from 108 speakers with
various English accents. For the super-resolution experiment,
we follow the design choice of [83], where the low-resolution
audio signal is generated from the 16 kHz original tracks by
subsampling the signal with the desired upscaling ratio (s).
The first task uses a single VCTK speaker (p225), the first
223 recordings are used for training and the last 8 recordings
are used for testing. The second task takes the first 100 VCTK
speakers as the training set and tests on the last 8 speakers.
The upscaling ratios for both the single-speaker and the multi-
speaker tasks are set to {2, 4, 8}, representing a reconstruction
from 8 kHz, 4 kHz, 2 kHz to 16 kHz.

B. Experimental setup

The utterances in the training set are sliced into 2 seconds,
while in the test set, no slicing is utilized and the length
is kept variable. A Hamming window with 25 ms window
length (400-point FFT) and hop size of 6.25 ms (75% overlap)
is employed. Thus, the resultant spectrogram will have 200
frequency bins F , while the time dimension T depends on the
variable track duration. The number of two-stage conformer
blocks N , the batch size B and the channel number C
in the generator are set to 4, 4 and 64, respectively. The
channel numbers in the metric discriminator are set to {16,

32, 64, 128}. In the training stage, AdamW optimizer [106]
is used for both the generator and the discriminator to train
for 50 epochs. The learning rate is set to 5×10−4 for the
generator and 1×10−3 for the discriminator. A learning rate
scheduler is applied with a decay factor of 0.5 every 12
epochs. In the generator loss LG, the weights are set to
{γ1 = 1, γ2 = 0.01, γ3 = 1}. Audio samples and CMGAN
implementations are available online1.

V. RESULTS AND DISCUSSION
A. Denoising

Objective scores: We choose a set of commonly used
metrics to evaluate the denoised speech quality, i.e., PESQ
with a score range from -0.5 to 4.5, segmental signal-to-noise
ratio (SSNR) and composite mean opinion score (MOS) [107]
based metrics: MOS prediction of the signal distortion (CSIG),
MOS prediction of the intrusiveness of background noise
(CBAK) and MOS prediction of the overall effect (COVL),
all of them are within a score range of 1 to 5. Additionally,
we utilize STOI with a score range from 0 to 1 to judge speech
intelligibility. Higher values indicate better performance for all
given metrics.

Results analysis: Our proposed CMGAN is objectively
compared with other state-of-the-art (SOTA) denoising base-
lines, as shown in Table I. For the time-domain methods, we
included the standard SEGAN [14] and three recent methods:
TSTNN [16], DEMUCS [17] and SE-Conformer [18]. For the
TF-domain methods, we evaluate six recent SOTA methods,
i.e., MetricGAN [11], PHASEN [12], PFPL [104], Metric-
GAN+ [105], DB-AIAT [13] and DPT-FSNet [26]. It can be
observed that most of the TF-domain methods outperform the
time-domain counterparts over all utilized metrics. Moreover,
our proposed TF conformer-based approach shows a major
improvement over the time-domain SE-Conformer. Compared
to frameworks involving metric discriminators (MetricGAN+),
we have 0.26, 0.49, 0.78 and 0.48 improvements on the
PESQ, CSIG, CBAK and COVL scores, respectively. Finally,
our framework also outperforms recent improved transformer-
based methods, such as DB-AIAT and DPT-FSNet in all of
the evaluation scores with a relatively low model size of only
1.83 M parameters.

Ablation study: To verify our design choices, an ablation
study is conducted, as shown in Table II. We first investi-
gate the influence of different inputs. Magnitude-only denotes
that only magnitude is used as the input and the enhanced
magnitude is then combined with the noisy phase for ISTFT

1https://github.com/ruizhecao96/CMGAN/

https://github.com/ruizhecao96/CMGAN/
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TABLE I: Performance comparison on the Voice Bank+DEMAND dataset [7]. “-” denotes the result is not provided in the
original paper. Model size represents the number of trainable parameters in million.

Method Year Input Model Size (M) PESQ CSIG CBAK COVL SSNR STOI

Noisy - - - 1.97 3.35 2.44 2.63 1.68 0.91

SEGAN [14] 2017 Time 97.47 2.16 3.48 2.94 2.80 7.73 0.92
MetricGAN [11] 2019 Magnitude - 2.86 3.99 3.18 3.42 - -
PHASEN [12] 2020 Magnitude+Phase - 2.99 4.21 3.55 3.62 10.08 -
TSTNN [16] 2021 Time 0.92 2.96 4.10 3.77 3.52 9.70 0.95
DEMUCS [17] 2021 Time 128 3.07 4.31 3.40 3.63 - 0.95
PFPL [104] 2021 Complex - 3.15 4.18 3.60 3.67 - 0.95
MetricGAN+ [105] 2021 Magnitude - 3.15 4.14 3.16 3.64 - -
SE-Conformer [18] 2021 Time - 3.13 4.45 3.55 3.82 - 0.95
DB-AIAT [13] 2021 Complex+Magnitude 2.81 3.31 4.61 3.75 3.96 10.79 0.96
DPT-FSNet [26] 2021 Complex 0.91 3.33 4.58 3.72 4.00 - 0.96
CMGAN 2022 Complex+Magnitude 1.83 3.41 4.63 3.94 4.12 11.10 0.96

operation. The network architecture remains the same, except
the complex decoder is removed. Correspondingly, Complex-
only denotes only the complex spectrogram is used as an
input and the mask decoder is removed. Comparison shows
that lacking the phase enhancement decreases the PESQ score
by 0.18, while using a pure complex spectrogram reduces the
SSNR score by 1.91 dB. This result indicates that although
the complex spectrogram contains magnitude information, it
is challenging for the utilized framework to enhance the
magnitude implicitly. Moreover, explicitly addressing the mag-
nitude in the loss functions would mitigate the compensation
effect stated in Sec. II-A. Additionally, to validate the chosen
mapping-based approach in the complex refinement branch,
we keep the mask decoder unchanged and modify the complex
decoder to involve a cIRM similar to [21]. The comparison
between CMGAN-cIRM and CMGAN shows a significant
drop in both PESQ and SSNR scores.

On the other hand, the result shows that the absence of
time loss (w/o Time loss) further improves the PESQ score
to 3.45, while the SSNR is slightly lower than the original
CMGAN. This indicates the effectiveness of the time loss in
balancing the performance for both PESQ and SSNR scores.
We conducted two tests to demonstrate the discriminator
choice: removing the discriminator (w/o Disc.) and replacing
the metric discriminator with a patch discriminator, which is
commonly used in image generation tasks [108]. It can be
realized that removing the discriminator negatively impacted
all the given scores. Similarly, adding a patch discriminator
only showed a marginal improvement, which reflects that the

TABLE II: Results of the denoising ablation study.

Method PESQ CSIG CBAK COVL SSNR STOI

CMGAN 3.41 4.63 3.94 4.12 11.10 0.96
Magnitude-only 3.23 4.60 3.76 4.00 9.82 0.95
Complex-only 3.35 4.56 3.79 4.05 9.19 0.96
CMGAN-cIRM 3.28 4.60 3.83 4.03 10.40 0.96
w/o Time loss 3.45 4.56 3.86 4.11 9.71 0.96
w/o Disc. 3.24 4.46 3.82 3.93 10.56 0.96
Patch Disc. 3.28 4.48 3.85 3.96 10.75 0.96
Parallel-Conf. 3.35 4.54 3.87 4.03 10.63 0.96
Freq. → Time 3.39 4.56 3.91 4.07 10.84 0.96
Single Dec. 3.38 4.54 3.86 4.05 10.19 0.96

Magnitude mask activation function

Sigmoid 3.34 4.52 3.80 4.02 10.70 0.96
ReLU 3.32 4.54 3.80 4.04 10.69 0.96
Softplus 3.43 4.58 3.83 4.02 10.75 0.96

generator is fully capable of enhancing the tracks without
the aid of a normal patch discriminator. However, a metric
discriminator to directly improve the evaluation scores is
proven to be beneficial.

Furthermore, we investigate the influence of the two-stage
conformer outline. Given an input feature map, the two-stage
conformer will separately focus on the time and frequency
dimensions. To this end, two different configurations can be
proposed, either sequential or parallel. Accordingly, we com-
pare our sequential CMGAN to a parallel connection counter-
part without any further modifications (Parallel-Conformer).
The results illustrate that the parallel approach is behind the
proposed sequential, i.e., the PESQ and SSNR scores are
reduced by 0.06 and 0.47 dB, respectively. Also, we flipped
the order of the sequential conformer blocks (Freq. → Time)
and we can conclude that the scores are similar with a minor
improvement in favor of the standard CMGAN (Time →
Freq.). Note that designing a single conformer to attend over
both time and frequency is theoretically possible. However, in
this case, the complexity will grow exponentially [109]. To
demonstrate the decoder decoupling requirement in complex
refinement, we replace the original mask/complex decoders
with a single-path decoder. The final output would represent
three channels, the first channel is followed by a PReLU
activation (magnitude) and no activation is given to the other
two channels (complex). Comparing single-path decoder to
mask/complex decoders shows a degradation in all metrics,
especially the SSNR score (0.91 dB).

Preliminary literature mostly assumes the predicted magni-
tude mask to be between 0 and 1. Hence, sigmoid activation
is usually the preferred activation to reflect this interval [11]–
[13], [57], [105]. Although this is true, a bounded sigmoid
function would restrict the model to allocate values between 0
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Fig. 5: Histogram of masking PReLU activations.
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Fig. 6: Influence of TS-Conformer blocks on objective scores.

and 0.5 to all aggregated negative activations from the previous
layer. On the other hand, an unbounded activation function
such as PReLU could automatically learn this interval while
mitigating the negative activations issue by learning a relevant
slope to each frequency band as explained in Sec. III-A. To
confirm this assumption, we construct a histogram of several
magnitude masks from different noisy tracks. As shown in
Fig. 5, the PReLU activations would always lie in the 0 to 1
interval. Moreover, the majority of low activations are assigned
to frequency bands above 5 kHz (beyond human speech) [110].
We also extend our ablation study to involve different bounded
and unbounded activations for the mask decoder, namely
sigmoid, ReLU and the soft version of ReLU (softplus) [111].
According to Table II, both sigmoid and ReLU activations are
comparable and they report lower scores than CMGAN with
PReLU activation. Softplus achieves slightly higher PESQ, but
at the expense of other metrics.

Finally, we experiment with the number of TS-Conformer
blocks. As shown in Fig. 6, the performance of CMGAN with-
out any conformer blocks is acceptable and even comparable
with other SOTA methods, such as MetricGAN. However, only
one conformer block effectively improves the PESQ by 0.4.
The performance gradually increases with more blocks until
no further improvement is observed after four blocks. Due to
space constraints, the original CMGAN will be considered for
upcoming tasks with few relevant ablation studies.

B. Dereverberation
Objective scores: For dereverberation, we utilize the recom-

mended measures in the REVERB challenge paper [8]: cep-
strum distance (CD) [112], log-likelihood ratio (LLR) [113],

frequency weighted segmental SNR (FWSegSNR) [114] and
speech-to-dereverberation modulation energy ratio (SRMR)
[115]. The paper also recommended PESQ as an optional
measure, although most of the latest dereverberation literature
did not take it into account. For outliers reduction, authors
in [107] suggested limiting the ranges of CD to [0,10] and
LLR to [0,2]. Lower values indicate better scores for CD and
LLR, while higher values indicate better speech quality for
FWSegSSNR, PESQ and SRMR. The CD, LLR, FWSegSNR
and PESQ are chosen as they correlate to listening tests, albeit
they are all intrusive scores, i.e., enhanced speech and clean
reference are required. Accordingly, SRMR is employed as
a non-intrusive score to operate on enhanced speech without
a clean reference. Thus, it is quite important to measure the
quality and intelligibility of enhanced unpaired real recordings.

Results: For quantitative analysis, the CMGAN is com-
pared with recent dereverberation methods. As discussed in
Sec. II-B, using time-domain approaches in dereverberation is
limited and these methods did not use the REVERB challenge
data. Thus, the chosen methods would all consider TF-domain
analysis. For fair comparison, only papers recording individual
room scores are considered. Based on this criteria, we compare
against four recent methods: Xiao et al. [79], U-Net [76],
wide residual network (WRN) [78] and SkipConvNet [77].
Unfortunately, none of these papers reported the PESQ scores,
so it is excluded from the comparative analysis. However,
PESQ is still used as the objective score to be maximized
by the metric discriminator in CMGAN.

The results for both near and far microphone cases are
shown in Table III and IV, respectively. The first four columns
represent the simulated data results for the three different
room sizes (small – room 1, medium – room 2, large –
room 3 and average score). The last column represents the
SRMR of the real recordings. As expected, larger rooms and
further microphone placements result in lower scores, as these
scenarios would introduce more distortions to the speech. In
the simulated near microphone case, the proposed CMGAN
shows superior performance compared to other methods in
the majority of metrics, particularly FWSegSNR. For SRMR,
Xiao et al. reports a higher SRMR score on simulated near
data, but a significant drop is observed in near real recordings.
SkipConvNet achieves better real SRMR scores in the near

TABLE III: Results of simulated and real data on near microphone case.
CD ↓ LLR ↓ FWSegSNR ↑ SRMR ↑ SRMR-real ↑

Room 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg. -
Reverberant speech 1.99 4.63 4.38 3.67 0.35 0.49 0.65 0.50 8.12 3.35 2.27 4.58 4.50 3.74 3.57 3.94 3.17
Xiao et al. [79] 1.58 2.65 2.68 2.30 0.37 0.50 0.52 0.46 9.79 7.27 6.83 7.96 5.74 6.49 5.86 6.03 4.29
WRN [78] 2.02 4.61 4.15 3.59 0.36 0.46 0.60 0.47 8.28 3.57 2.54 4.80 4.04 3.46 3.27 3.59 -
U-Net [76] 1.75 2.58 2.53 2.28 0.20 0.41 0.45 0.35 13.32 10.87 10.40 11.53 4.51 5.09 4.94 4.85 5.47
SkipConvNet [77] 1.86 2.57 2.45 2.29 0.19 0.30 0.35 0.28 13.07 10.96 10.22 11.42 4.99 4.75 4.56 4.77 7.27

CMGAN 1.46 2.14 2.27 1.96 0.14 0.25 0.34 0.24 14.36 13.49 11.69 13.18 5.42 5.74 5.29 5.48 6.49
CMGAN-LLR 1.69 2.56 2.43 2.23 0.15 0.25 0.25 0.22 14.48 12.49 11.03 12.67 5.48 5.80 6.02 5.77 7.71

TABLE IV: Results of simulated and real data on far microphone case.
CD ↓ LLR ↓ FWSegSNR ↑ SRMR ↑ SRMR-real ↑

Room 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg. 1 2 3 Avg. -
Reverberant speech 2.67 5.21 4.96 4.28 0.38 0.75 0.84 0.66 6.68 1.04 0.24 2.65 4.58 2.97 2.73 3.43 3.19
Xiao et al. [79] 1.92 3.17 2.99 2.69 0.41 0.61 0.58 0.53 9.12 6.31 5.97 7.13 5.67 5.80 5.03 5.50 4.42
WRN [78] 2.43 4.99 4.56 3.99 0.35 0.59 0.67 0.54 7.54 1.79 0.88 3.40 4.48 3.32 2.84 3.55 -
U-Net [76] 2.05 3.19 2.92 2.72 0.26 0.57 0.56 0.46 12.08 9.00 9.05 10.04 4.76 5.27 4.71 4.91 5.68
SkipConvNet [77] 2.12 3.06 2.82 2.67 0.22 0.46 0.46 0.38 11.80 8.88 8.16 9.61 5.10 4.76 4.25 4.70 6.87

CMGAN 1.88 2.90 2.85 2.54 0.24 0.43 0.47 0.38 11.65 10.34 8.91 10.30 5.78 5.87 4.69 5.45 6.61
CMGAN-LLR 2.07 3.32 3.05 2.81 0.24 0.46 0.40 0.37 11.21 9.22 9.48 9.97 5.93 5.54 5.19 5.55 7.62
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case but worse on the simulated data. U-Net and SkipConvNet
report overall competitive scores, although CMGAN outper-
forms in average CD and FWSegSNR with 0.3 and 1.65 dB,
respectively. For the far microphone, CMGAN is still able
to show a gain in overall scores, especially FWSegSNR. Xiao
et al. is still slightly better in SRMR for simulated data, but the
gap is much closer than the near microphone case, only 0.05
on average. The same holds for SkipConvNet with slightly
better real SRMR scores than the proposed CMGAN.

Ablation study: To validate the PESQ choice for metric
discriminator, we introduce a CMGAN variant operating on
LLR as the objective metric discriminator score (CMGAN-
LLR). LLR is chosen as it reflects a bounded metric and based
on the LS-GAN formulation [98], the metric discriminator is
more robust when the optimization space is bounded by a
normalized score. Accordingly, we modify Eq. 6 to involve
the normalized LLR scores QLLR instead of QPESQ and
the term 1 is changed to 0 in both LGAN and LD. Thus, the
score is minimized to 0 instead of maximized to 1. It can be
shown in Table III and IV that the LLR score is marginally
better than the original CMGAN trained with PESQ. However,
a considerable improvement is observed in SRMR scores
for both simulated and real recordings, especially in the
near microphone case. Moreover, the CMGAN-LLR variant
outperforms the SkipConvNet in real recordings for near and
far microphone cases by 0.44 and 0.75, respectively. Com-
paring both CMGAN and CMGAN-LLR shows a balanced
performance over most of the given metrics in favor of the
standard proposed CMGAN, which indicates that the PESQ is
a robust metric to optimize and is highly correlated with most
of the given quality metrics.

C. Super-resolution
Objective scores: Two metrics, log-spectral distance (LSD)

and signal-to-noise ratio (SNR), are used to evaluate super-
resolution. Based on our literature review, the LSD definition is
not the same for all papers. Mathematically, LSD measures the
log distance between the magnitude spectrogram component
of the enhanced speech with respect to the clean reference.
Some papers would use the log to the base e, while others
would evaluate the log to base 10. In both definitions, the
STFT is evaluated with a Hanning window of 2048 samples
and a hop size of 512. To ensure a fair comparison, the same
STFT parameterization is used and the LSD results based on
the two different definitions in the literature are presented. A
lower LSD and a higher SNR represent better speech quality.

Results: Since masking-based methods are not relevant for
the super-resolution task, as previously stated in Sec. II-C.
Therefore, the CMGAN mask decoder part is modified by
involving an element-wise addition instead of element-wise
multiplication. This is reflected in Eq. 3 as follows:

X̂r = (M ′ + Ym) cosYp + X̂ ′r

X̂i = (M ′ + Ym) sinYp + X̂ ′i
(9)

where M ′ represents the modified output of the mask decoder.
Unlike the prior cases of denoising and dereverberation, the
network is not learning mask activations between 0 and 1 to
suppress the noise and preserve the speech, but rather acti-
vations that can complete the missing high-frequency bands
while preserving the given low-frequency bands.

As shown in Table V, we compare our approach with five
other methods: the U-Net architecture proposed by Kuleshov
et al. [83], TFiLM [85], AFiLM [86], hybrid TFNet [84],
hybrid AE [87] and NVSR [88]. All the scores are from the

TABLE V: Performance comparison for super-resolution, “-”
denotes the result is not provided in the original paper.

VCTK-Single VCTK-Multi.
Method s LSDe ↓ LSD10 ↓ SNR ↑ LSDe ↓ LSD10 ↓ SNR ↑
U-Net [83] 2 3.2 - 21.1 3.1 - 20.7
TFiLM [85] 2 2.5 - 19.5 1.8 - 19.8
AFILM [86] 2 2.3 - 19.3 1.7 - 20.0
AE [87] 2 - 0.9 22.4 - 0.9 22.1
NVSR [88] 2 - - - - 0.8 -
CMGAN 2 1.7 0.7 24.7 1.6 0.7 24.4
CMGAN-Mag. 2 1.4 0.6 22.2 1.3 0.6 23.4
U-Net [83] 4 3.6 - 17.1 3.5 - 16.1
TFiLM [85] 4 3.5 - 16.8 2.7 - 15.0
AFILM [86] 4 3.1 - 17.2 2.3 - 17.2
TFNet [84] 4 - 1.3 18.5 - 1.3 17.5
AE [87] 4 - 0.9 18.9 - 1.0 18.1
NVSR [88] 4 - - - - 0.9 -
CMGAN 4 2.3 1.0 18.6 2.2 1.0 19.1
CMGAN-Mag. 4 1.7 0.7 16.9 1.8 0.8 16.1
TFiLM [85] 8 4.3 - 12.9 2.9 - 12.0
AFILM [86] 8 3.7 - 12.9 2.7 - 12.0
TFNet [84] 8 - 1.9 15.0 - 1.9 12.0
NVSR [88] 8 - - - - 1.1 -
CMGAN 8 2.6 1.1 12.9 2.7 1.2 14.1
CMGAN-Mag. 8 1.9 0.8 10.9 2.0 0.9 10.9

corresponding original papers. The value s = 2/4/8 implies
upsampling scale from 8 kHz/4 kHz/2 kHz to 16 kHz speech.
In the VCTK-Single experiment, our method achieved the best
score in all three metrics on scale 2 when converting the
audio signal from 8 kHz to 16 kHz, especially in SNR, a
2.3 dB improvement compared to the SOTA AE method. As
for scale 4, the AE method shows a marginal improvement of
0.3 dB and 0.1 in SNR and LSD10, respectively. In the scale 8
task, our method exceeds other methods in terms of LSDe and
LSD10. However, the SNR is lower than TFNet and similar to
TFiLM and AFiLM approaches. We hypothesize that this is
accounted for the limited training samples in the VCTK-Single
dataset, which can lead to model overfitting. On the other hand,
in the VCTK-Multi. evaluation, our method outperforms other
approaches in all upscaling ratios on all metrics. Specifically,
our method has an improvement of 2.3 dB, 1.0 dB, and 2.1 dB
on SNR on scales 2/4/8. Note that CMGAN has a much better
performance on scale 8 compared to the same scale in VCTK-
Single evaluation, which verifies the overfitting assumption.

Ablation study: To demonstrate the effectiveness of com-
plex TF-domain super-resolution. The CMGAN is modified
to eliminate both complex decoder and metric discriminator,
leaving only the magnitude loss (CMGAN-Mag.). A substan-
tial improvement in both LSDe and LSD10 is observed when
the complex branch is removed and this is expected as the
LSD is defined in magnitude component only. This LSD gain
comes at the expense of a significant drop in the SNR scores,
which considers the reconstructed time-domain signal. Thus,
removing the complex branch would give a push in the LSD
as the network would focus only on enhancing the magnitude
component but with a degradation in the overall signal quality.

An illustration of the input, predicted and reference tracks
from a scale 4 example is depicted in Fig. 7. Excitation
of high-frequency bands are clear in the output mask M ′.
Comparing Fig. 7c and 7d shows the potential of the CM-
GAN in constructing missing high-frequency bands just from
observing different speech phonetics in the training data. This
performance is also reflected as an accurate interpolation of
intermediate samples in the time-domain Fig. 7e, 7f and 7g.
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(b) Predicted mask M ′
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(c) Predicted output
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Fig. 7: Example of scale 4 super-resolution (4 kHz → 16 kHz). The upper row represents the TF-magnitude representations
of the relevant spectrograms. The bottom row shows a 20 ms segment of the corresponding time-domain signals.

VI. SUBJECTIVE EVALUATION

Till now, the proposed architecture is quantitatively com-
pared to different SOTA methods using objective metrics
scores. Although these scores can serve as an indication of how
well is the proposed method, they still cannot fully replace the
subjective quality measure. Since subjective listening tests are
costly and time consuming as it requires many participants and
ideal listening conditions. Therefore, finding an objective mea-
sure that can highly correlate with the subjective quality score
is still an open research topic [116]. The most noticeable work
in this area is introduced in [107], where the authors proposed
a composite mean opinion score (MOS) based on traditional
regression analysis methods [117]. Note that these scores are
used in Sec. V-A to evaluate speech denoising performance.
The study involved 1792 speech samples rated according to
ITU-T P.835 standards [118] and well-established objective
measures such as PESQ, segmental SNR, LLR and weighted
spectral slope (WSS) [119] are utilized as basis functions for
construction of three different composite scores reflecting the
signal distortion, background noise and overall quality. The
proposed composite measure reported a correlation of 0.9 to
0.91 with the subjective ratings and the authors emphasized
the importance of PESQ as it shows the highest correlation
(0.89). However, this study is limited to only four background
noise types under two SNR conditions (5 and 10 dB) and most
importantly, the proposed scores are intrusive (requiring both
paired clean and enhanced speech).

Recently, DNNs have been utilized for finding a subjective
alternative score [120]–[125]. Unlike the previous composite
measure, most of these methods will take the track as an input
and the network is trained to mimic the subjective ratings.
Thus, the scores will not depend on non-optimal objective
scores, but rather on the whole track. Additionally, these
scores are non-intrusive, hence evaluating enhanced tracks
without the need for clean reference is possible. The standard
score used as a subjective baseline for many recent studies
is the DNSMOS proposed by Microsoft in [124], [125].
The DNSMOS is trained on 75 hours of rated speech. In
accordance to ITU-T P.835, listeners assign a score between 1
and 5 (higher is better) for signal distortion, background noise,
and overall quality. A significant correlation of 0.94 to 0.98 is
reported over the three given quality assessment scores.

Following the literature, the DNSMOS will be evaluated as
our subjective evaluation metric. Due to limited space and
non-availability of open-source implementations, especially
in dereverberation. The subjective evaluation will focus on
the denoising aspect of the SE problem. Accordingly, four
different denoising use-cases are included in this study to
indicate the generalization capability of the network to unseen
noise conditions, real noise samples and additional distortions
not included in training. To this end, the frameworks will be
all trained on a single use-case (Voice Bank+DEMAND), then
the models will be evaluated on four different datasets:
(a) Voice Bank+DEMAND test set [7]: including 35 minutes
(824 tracks) of noisy speech from two unseen speakers using
noise types from DEMAND dataset [100] which are not
included in the training as explained in Sec. IV-A.
(b) CHiME-3 [9]: including 7.8 hours (4560 tracks) of real
noisy speech recordings from 12 speakers at four different
environments: bus, cafe, pedestrian area and street junction.
In this data, no clean reference tracks are available.
(c) DNS challenge [10]: the original data includes 1934
English speaker reading speech samples from Librivox2 and
181 hours of 150 different noise types from Audio Set [126]
and Freesound3. Based on this dataset, we construct 9 hours
(3240 tracks) of noisy speech with SNRs from 0 to 10 dB.
(d) DNS challenge+Reverb.: we use the same 9 hours, but
we simulate reverberant conditions on the speech, then we
add the same noise in the DNS challenge part. The RIRs are
chosen from openSLR26/28 [127], including 248 real and 60k
synthetic conditions. The RIRs are recorded in three different
room sizes with a 60 dB reverberation time of 0.3-1.3 seconds.

All tracks are resampled to 16 kHz and the ratio of male-to-
female speakers is 50%. From Table I, we choose a represen-
tative for each denoising paradigm. The methods were chosen
based on the availability of open-source implementations and
the reproducibility of the reported results in the corresponding
papers. As a representative for metric discriminator, we used
the MetricGAN+ [105]. For time-domain methods, DEMUCS
[17] is selected. For TF-domain complex denoising, PHASEN
[12] is chosen as it attempts to correct magnitude and phase
components. In addition to, PFPL [104] utilizing a deep

2https://librivox.org/
3https://freesound.org/

https://librivox.org/
https://freesound.org/
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(d) DNS challenge+Reverb.

Fig. 8: DNSMOS of subjective evaluation methods tested on four different datasets. In the boxplots, the mean is represented
by ( ), median (−) and the width of each box indicates the interquartile range (25th and 75th percentile). The whiskers show
the maximum and minimum values excluding the outliers ( ). The mean value for each method is presented on the x-axis.

complex-valued network to enhance both real and imaginary
parts. Most of the papers provided an official implementation
with pretrained models. PHASEN is the only exception, as
a non-official code is used and we trained the model to
reproduce the results in the paper. For DEMUCS, the available
model is pretrained on both Voice Bank+DEMAND and
DNS challenge data. Thus, we retrain DEMUCS using the
recommended configuration on Voice Bank+DEMAND data
only to ensure a fair comparison between all presented models.

For space limitations, only the DNSMOS of the overall
speech quality is reported, as shown in Fig. 8. From the
boxplots, CMGAN is outperforming all methods in the four
use-cases. For instance, CMGAN shows an average improve-
ment of 0.15 in comparison to the most competitive approach
(PFPL) in the first three use-cases. Moreover, the interquar-
tile range of the CMGAN is much narrower than all other
methods, which indicates a low variance and thus a confident
prediction, especially in the DNS challenge (Fig. 8c). On the
other hand, MetricGAN+ is showing the worst performance in
all use-cases. We hypothesize that although the PESQ score
is relatively high (3.15), the SSNR score that we calculate
is below 1 dB, indicating that the metric discriminator in
MetricGAN+ case, is only focusing on enhancing the PESQ
at the expense of other metrics. Note that the SSNR score
is not reported in the original paper. DEMUCS representing
the time-domain paradigm is showing a robust performance
over Voice Bank+DEMAND and real CHiME-3 use-cases.
However, it is not generalizing to the DNS challenge dataset.
This generalization issue is clearly mitigated in the TF-domain
complex denoising methods (PHASEN, PFPL and CMGAN).
From Fig. 8d, the overall DNSMOS of DNS challenge with
additional reverberation dropped by 0.5 on average in com-
parison to DNS challenge (Fig. 8c). This is expected as
generalizing to unseen effects such as reverberation is more
challenging than unseen noise types. Despite of this drop,
CMGAN is still showing superior performance over other
competitive TF-domain approaches (PHASEN and PFPL).
Additional visualization of the presented subjective evaluation
models is presented in the Appendix section. Audio samples
from all subjective evaluation methods are available online4

for interested readers.
4https://sherifabdulatif.github.io/

Despite the above results, this study is not without limi-
tations. For instance, CMGAN is not yet tested for real-time
speech enhancement, i.e., CMGAN can access the whole track.
In the future, CMGAN should be modified to only access few
TF bins from the old samples and not the entire track, together
with an extensive study on the exact amount of floating point
operations in the real-time scenario. Due to space constraints,
we focused on experimenting with each task separately. The
superimposed effect (denoising and dereverberation) is only
briefly addressed in the subjective evaluation part, so training
and evaluating CMGAN for this use-case would be an impor-
tant extension of our work.

VII. CONCLUSIONS

This paper introduces CMGAN as a unified framework op-
erating on both magnitude and complex spectrogram compo-
nents for various speech enhancement tasks, including denois-
ing, dereverberation and super-resolution. Our approach com-
bines recent conformers that can capture long-term dependen-
cies as well as local features in both time and frequency dimen-
sions, together with a metric discriminator that resolves metric
mismatch by directly enhancing non-differentiable evaluation
scores. Experimental results demonstrate that the proposed
method achieves superior or competitive performance against
SOTA methods in each task with relatively few parameters
(1.83 M). Additionally, we conduct an ablation study to verify
the fragmented benefits of each utilized component and loss in
the proposed CMGAN framework. Finally, subjective evalua-
tion illustrates that CMGAN outperforms other methods with
a robust generalization to unseen noise types and distortions.
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APPENDIX

This section presents a visualization of the CMGAN in com-
parison to subjective evaluation methods. A wide-band non-
stationary cafe noise from the DEMAND dataset (SNR = 0 dB)
and a narrow-band high-frequency stationary doorbell noise

https://sherifabdulatif.github.io/
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from the Freesound dataset (SNR = 3 dB) are used to evaluate
the methods. Both noises are added to sentences from the
DNS challenge. Comparisons are made between time-domain,
TF-magnitude, and TF-phase representations for comprehen-
sive performance analysis. Since the phase is unstructured,
we utilize the baseband phase difference (BPD) approach
proposed in [128] to enhance the phase visualization. From
Fig. 9, MetricGAN+, DEMUCS and PHASEN show the worst
performance by confusing speech with noise, particularly in
the 1.5 to 2 seconds interval (similar speech and noise powers).
The distortions and missing speech segments are annotated
in the time and TF-magnitude representations by ( ) and
( ), respectively. Moreover, the denoised phase in methods
employing only magnitude (MetricGAN+) and time-domain
(DEMUCS) is very similar to the noisy input, in contrast to
clear enhancement in complex TF-domain methods (PHASEN,
PFPL and CMGAN). PFPL and CMGAN exhibit the best
performance, with better phase reconstruction in CMGAN (1.5
to 2 seconds interval).

In general, stationary noises are less challenging than non-
stationary counterparts. However, stationary noises are not
represented in the training data. As depicted in Fig. 10, meth-
ods such as MetricGAN+ and PHASEN are showing a poor
generalization performance, with doorbell distortions clearly
visible at frequencies (3.5, 5 and 7 kHz). On the other hand, the
performance is slightly better in DEMUCS and PFPL, whereas
CMGAN perfectly attenuates all distortions. Note that high-
frequency distortions are harder to spot in the time-domain
than in TF-magnitude and TF-phase representations.
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Fig. 9: Visualization of subjective approaches under a wide-band cafe noise (DEMAND dataset) at SNR = 0 dB. (a-g) represent
the time-domain signal, while (h-n) are the TF-magnitude representations in dB and (o-u) are the reconstructed BPD of the
given TF-phase representations. ( ) and ( ) reflect the distortions in time and TF-magnitude representations, respectively.
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Fig. 10: Visualization of subjective approaches under a narrow-band doorbell noise (Freesound dataset) at SNR = 3 dB. (a-g)
represent the time-domain signal, while (h-n) are the TF-magnitude representations in dB and (o-u) are the reconstructed BPD
of the given TF-phase representations. ( ) and ( ) reflect the distortions in time and TF-magnitude representations, respectively.
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