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Abstract
In the recent years, significant advancements in speech en-

hancement have been made through phase reconstruction, dual-
branch methodologies or attention mechanisms. These methods
produce exceptional results but at expenses of a high computa-
tional budget. This work aims to enhance the efficiency of the
MP-SENet architecture by introducing MiniGAN, a generative
adversarial network in the time-frequency domain. It features
an encoder-decoder structure with residual connections, con-
formers, and parallel processing of signal magnitude and phase.
We employ data augmentation techniques in training, investi-
gate the impact of various loss terms, and examine architectural
alterations to achieve lower operational costs without compro-
mising performance. Our results on the VoiceBank+DEMAND
evaluation set report that MiniGAN achieves competitive fig-
ures in objective metrics, obtaining a PESQ of 2.95, while main-
taining low latency and reducing the computational complexity.
The suggested MiniGAN system is ideally suited for real-time
applications on resource-constrained devices, as it achieves a
real-time factor of 0.24 and has a mere 373k parameters.
Index Terms: speech enhancement, time-frequency, magni-
tude, phase, efficiency, real time

1. Introduction
Speech enhancement (SE) models are crucial in current com-
munications as they improve the quality and intelligibility of
speech signals, by reducing background noise, reverberation,
and other distortions [1]. SE can be understood as obtaining
clean signals from original noisy signals. SE is crucial in mul-
tiple applications, such as telecommunications or hearing aids.
In voice-controlled systems, it is used as a front-end to clean the
speech for other technologies, such as wake-up word detection
[2]. Traditional techniques for SE rely on statistical methods
that assume the clean signal and noise follow specific statistical
distributions. These methods have limitations. Deep learning
has demonstrated significant improvements in SE. It can model
complex patterns, handle large volumes of data, and adapt to di-
verse noise conditions. These advantages have greatly enhanced
the ability of SE algorithms [3].

SE models can focus on different properties of speech sig-
nals, giving rise to time-domain models and time-frequency
(TF) domain models. End-to-end models that enhance the
speech signals based only on the waveform are known to be
time domain models [4–6]. They face several difficulties. First,
a lack of frequency features might result in distortions and arte-
facts. Second, the high sampling of the input space increases
the computational cost of these models [7]. In contrast, TF
models do not suffer from these constraints. The most suc-
cessful models have recently been developed in the TF do-

main [8–13]. These models often transform the input signal
through the Short-Time Fourier Transform (STFT). They obtain
components of the signal, such as the magnitude and phase, but
generally prioritize the former over the latter, as the enhance-
ment of the phase is not without difficulties [13]. Neverthe-
less, recent studies have reported the importance of including
phase components in SE processing tasks [14], demonstrating
substantial performance improvements compared to studies that
exclude phase information [13]. Therefore, several approxima-
tions have been proposed to solve the issues associated with
estimating the phase [15]. Some models focus on the real and
imaginary components of Fourier’s complex spectrum, to en-
hance the signal’s magnitude and phase [9–12]. A cross-cutting
problem in SE remains: proposed architectures do not have a
small enough footprint to be deployed in low-memory devices,
creating a need to develop more lightweight approaches [16].
On top of that, models must be efficient enough to perform real-
time SE [5]. Following previous research, several works in SE
research have steered towards increasing the efficiency of SE
models without significantly degrading their performance [17].

Given this context and motivated by the goal of defining a
highly efficient model for SE, we propose MiniGAN. MiniGAN
is a TF domain model inspired mainly by MP-SENet [13], but
also by CMGAN [11] and TPTGAN [12]. The model consists
of a generator and a discriminator. The noisy signal magni-
tude and phase are obtained in TF domain after performing the
STFT. The generator employs as input the concatenated mag-
nitude and phase, which are estimated from the noisy signal.
In the latent space of the generator, two conformers are placed:
one focuses on the time and the other on the frequency features.
They are followed by two decoders used for parallel processing
of the magnitude and phase of the noisy signal. The magni-
tude mask decoder outputs a mask that is applied to the noisy
signal magnitude, obtaining the enhanced signal magnitude. Fi-
nally, by means of the phase and magnitude of the enhanced sig-
nal, the enhanced audio is reconstructed in time domain through
the Inverse Short Time Fourier Transform (ISTFT). MiniGAN
achieves nearly state-of-the-art metrics while being more effi-
cient in terms of number of parameters, operations, model size,
and real-time factor than MP-SENet. The high efficiency of
our model is largely due to the simplification of the underlying
architectures on which it is based. In addition to the ablation
study on the state-of-the-art models, data augmentation tech-
niques have been employed to mitigate overfitting in our model.

2. MiniGAN
MiniGAN is a TF domain model, in which the magnitude and
phase of the noisy signal are obtained through the STFT. Fea-
ture extraction is done with 512 points for Fourier Transform,
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Figure 1: MiniGAN structure. Y is the noisy signal, X the clean signal and X̂ the enhanced signal. M̂ is the mask of the magnitude.
The subscripts m, p, r and i refer to the magnitude, phase, real and imaginary components respectively. The apostrophe indicates
compressed feature.

a windows size of 32ms and a hop size of 6.25ms. A power
compression is applied to the magnitude of the noisy signal, in
order to adjust the importance of quiet and loud sounds, thus
modelling the human perception that is more sensitive to loud
sounds than to quiet ones [18]. The compression factor is set to
0.3. Therefore, Y ′

m = Y 0.3
m . The model inputs the compressed

magnitude Y ′
m and phase Yp of the noisy signal. The estimated

magnitude mask M̂ ′ is applied to the compressed magnitude of
the noisy signal Y ′

m, obtaining the compressed magnitude of the
enhanced signal X̂ ′

m. This is followed by a power decompres-
sion, where X̂m = X̂

′1/0.3
m . The magnitude X̂m and phase X̂p

of the enhanced signal are used to obtain the real and imaginary
components of the spectrum, X̂r and X̂i, on which the ISTFT is
applied to estimate the enhanced speech in time domain. Note
that just the magnitude of the enhanced and clean signals, X̂m

and Xm, are employed as input for the discriminator.

2.1. Deep Learning Architecture

MiniGAN, which structure is depicted in figure 1, is based on a
generative adversarial network scheme. The generator is com-
posed of an encoder, a conformer block in the latent space, and
two decoders, one for the magnitude and other for the phase
of the signal. A noteworthy simplification of MP-SENet takes
place in the latent space, as the original model comprises four
conformer blocks.

The encoder has six convolution blocks, each of them com-
prised of a convolution layer, instance normalization [19] and
PReLU activation [20]. The first block increases the number of
channels from two, corresponding to the compressed magnitude
and phase, to a total of thirty two. Note that in the original MP-
SENet architecture, sixty four channels are employed instead.
The four following blocks use a dilated dense net [21] with
residual connections. The dilated dense net has dilation rates
of 1, 2, 4 and 8. The residual connections increase the number
of input channels by thirty two in each block, while the number
of output channels is always thirty two. The last convolution
block is used to downsample the frequency channel to its half.
By doing so, the complexity in the latent space is reduced. The
conformer block of the latent space has two conformers with an
encoder-only structure. The first conformer focus on time fea-
tures and the second on frequency ones. Before each conformer,
reshaping the data is necessary in order to focus on the desired
dependencies. Two decoders are subsequently used in parallel:
one to process the magnitude and the other to handle the phase
of the noisy signal. Both of them use a dilated dense net with

the same dilation rates as in the encoder. Then, a convolution
block is used to upsample the frequency dimensionality to its
original one. In the magnitude mask decoder a last convolution
layer is followed by a learnable sigmoid. The phase decoder
has two convolution layers at the end, that separately focus on
the real and the imaginary components of the complex spec-
trum. Finally, their outputs are combined using the arctangent
function to obtain the phase of the enhanced signal.

The discriminator is conformed by three convolution blocks
that include spectral normalization, which helps stabilizing the
discriminator training [22]. After that, a pooling layer is used to
reduce the dimensionality and two feed forward layers are used
to perform the classification between clean and enhanced sig-
nals. The first layer is followed by PReLU and drop out, while
the second one by a learnable sigmoid. This activation function
helps discriminating between clean and enhanced signals.

2.2. Training criteria

As in MP-SENet, the generator loss is multiterm, in order to
focus on different elements of the clean and enhanced signals.
The loss of the generator is defined as a three term loss:

LG = LTF + α5LTime + α6LGAN , (1)

where the weights α5 and α6 are hyperparameters. The real-
imaginary term of the MP-SENet loss function is not included
in MiniGAN to reduce computations. In fact, the ablation study
reported by the MP-SENet work [13] shows that excluding this
term has little impact on performance. The loss in the time-
frequency domain, LTF , is defined as:

LTF = α1LMag + LPhase, (2)

where LMag is the loss in the magnitude space with weight α1

and LPhase the loss in the phase space. They are expressed as:

LMag = EXm,X̂m
[||Xm − X̂m||22], (3)

LPhase = α2LIP + α3LGD + α4LIAF , (4)

where Xm and X̂m are the magnitude of the clean and en-
hanced signals respectively. E refers to expectancy terms and
|| · ||2 refers to the L2 norm. The three terms of the phase loss
are multiplied by their corresponding weights α2, α3 and α4.
LIP , LGD and LIAF stand for the instantaneous phase loss,
the group delay loss, and the instantaneous angular frequency
loss respectively, which are expressed as:

LIP = EXp,X̂p
[||fAW (Xp − X̂p)||1], (5)
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LGD = E∆DF (Xp,X̂p))
[||fAW (∆DF (Xp − X̂p))||1], (6)

LIAF = E∆DT (Xp,X̂p))
[||fAW (∆DT (Xp − X̂p))||1], (7)

where Xp and X̂p are the phase of the clean and enhanced sig-
nals, fAW is the antiwrapping function, and ∆DF and ∆DT

the differential operators in the frequency and time axis respec-
tively. The antiwrapping function is used to avoid the error ex-
pansion caused by phase wrapping, so ensuring that the angle
x is within the range [0, 2π] [15]. The || · ||1 refers to the L1

norm. The time domain loss, LTime, is expressed as:

LTime = Ex,x̂[||x− x̂||1], (8)

where x refers to the waveform of the signals. Finally, the loss
of the generator with respect to the discriminator is defined as:

LGAN = EXm,X̂m
[||D(Xm, X̂m)− 1||22]. (9)

Overall, the generator loss is:

LG = α1LMag + α2LIP + α3LGD+

+ α4LIAF + α5LTime + α6LGAN , (10)

The coefficients are set as α1 = α2 = 0.2, α3 = α4 = α5 =
0.1, and α6 = 0.05, based on faster convergence in the val-
idation split. No exhaustive optimization is performed. The
discriminator loss is defined as:

LD = EXm [||D(Xm, Xm)− 1||22]+

+ EXm,X̂m
[||D(Xm, X̂m)− 0||22]. (11)

3. Methodology
3.1. Dataset

The data used for MiniGAN training and testing comes from
the public database VoiceBank+DEMAND [23]. It contains
23899 audios of English speakers with different accents. Most
of the audios last less than five seconds, although some of them
have a duration up to seventeen seconds. The database is con-
formed by clean and noisy audios, obtained by merging clean
audios of the Voice Bank Corpus [24] and noises from the DE-
MAND [25] database. Two additional synthetic noises are used
to simulate human babble and male speech frequency in the
VoiceBank+DEMAND or Valentini database. Different Signal-
to-Noise Ratio (SNR) in the range of [0, 20] dB define the noisy
audios. The Valentini database is already divided into train and
test set and two train sets are made available. From these, the
train set composed of fifty six different speakers is selected and
a 10% is held out for validation purposes. The train and valida-
tion sets keep the same types of noise and SNRs ranges, but dif-
ferent speakers. The test set is not modified in order to perform
a consistent comparison of the results with other SE models in
the literature. The original test set is comprised of different
speaker identities, noise types and SNRs than those of the train
and validation sets.

3.2. Data augmentation

To avoid overfitting of the model, data augmentation techniques
are implemented, increasing the volume and data diversity. For
doing so, the model is exposed during the training process to
a higher number of speech perturbations and different back-
grounds, hence making the learning process to better generalize.

The test set remains unmodified to facilitate easy comparison of
our results. The noisy audios that are fed to the model, are de-
rived from the Valentini train set. First, the clean audios and
noises are separated. They are adjusted to a window of 2s. If
the segment is smaller than 2s, zero padding strategies are used.
After adjusting the audios to a window size, stationary white
noise can be added to the clean audios probabilistically. White
noise is only used in one of the MiniGAN variations. The SNR
between the clean audios and the white noise is uniformly dis-
tributed within the range [0, 20] dB. After that, random back-
ground noises from the Valentini dataset, previously adjusted
to the 2s window, are added to the clean audios. In this case
the SNR uniform distribution is defined within the range [5, 30]
dB. On top of merging clean audios and random noises from the
Valentini dataset, reverberation is introduced in the audios. This
is only done probabilistically, with a probability of 0.5. Finally,
for all the audios, BandMasking from [5] is employed, mask-
ing some frequency bands in order to focus on low frequency
regions, where most of the human speech concentrates.

3.3. Training and evaluation

We train the different approaches on a server that has a GeForce
GTX 1080 Ti, an Intel Core i7-7700K CPU running at 4.20GHz,
and 32GB of RAM. The initial learning rates of the generator
and discriminator are set to 1× 10−3 and the number of epochs
is set to 120, with patience of 75 epochs. AdamW is selected
as the optimizer [26], halving the learning rate every 30 epochs.
Because of hardware limitations, the batch size used is 1 but
a gradient accumulation of 16 is employed to update the gradi-
ents. In extremely unstable experiments, the initial learning rate
of the generator is set to 5×10−4, Kaiming initializers [20] are
employed and clipping gradient is implemented with a clipping
factor of 0.5 for both the generator and discriminator.

For testing the models, the original Valentini test set is em-
ployed. Entire audio files are enhanced without slicing. The
objective metrics employed to evaluate the model include the
PESQ [27], STOI [28], segmental SNR (SSNR) [29], and com-
puted SIG, BAK and OVL (CSIG, CBAK and COVL) [30]. To
analyse the efficiency of the approaches, the memory finger-
prints as the model size and the number of parameters are mea-
sured. On top of that, the Floating Point Operations per Second
(FLOPS) and Real Time Factor (RTF) for CPU inference are
also reported. The RTF is the ratio between the time taken to
process an audio and its duration. For a model to be used in real
time, its RTF should not be higher than 1 [31].

4. Results
The motivation behind this work is to develop a model that ex-
cels in efficiency. Therefore, we do not only measure the results
in terms of SE objective metrics, but also study the efficiency
of our model, obtaining outstanding results. Apart from Mini-
GAN, some modifications to it are studied. We provide a ded-
icated page for the demonstration of the models1. MiniGAN-
FT refers to a variation of MiniGAN in which the time and the
frequency conformers are switched. For the MiniGAN-48 we
increase up to forty eight the number of channels, compared to
thirty two used in MiniGAN. In MiniGAN-NDA no data aug-
mentation is applied during training. MiniGAN-WN stands for
the addition of white noises during MiniGAN training. Finally,
MiniGAN-ED refers to MiniGAN with an Encoder-Decoder

1MiniGAN demo - https://lidiaabad.github.io/
MiniGAN/index.html
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Table 1: Number of parameters and objective metrics obtained on the Valentini test set for the noisy audios, state-of-the-art models and
MiniGAN and its variations. Avg. refers to the average value obtained for the Valentini test set, and 95% CI to the range values of the
95% confidence intervals.

Model Param. PESQ↑ CSIG↑ CBAK↑ COVL↑ SSNR↑ STOI↑
(M) Avg. 95%CI Avg. 95%CI Avg. 95%CI Avg. 95%CI Avg. 95%CI Avg. 95%CI

Noisy - 1.97 - 3.48 - 2.55 - 2.74 - 1.68 - 0.92 -
SEGAN [4] 97.47 2.16 - 3.48 - 2.94 - 2.80 - 7.73 - 0.92 -
MetricGAN [8] - 2.86 - 3.99 - 3.18 - 3.42 - - - - -
DEMUCS [5] 18.87 3.07 - 4.31 - 3.40 - 3.63 - - - 0.95 -
MANNER [6] - 3.21 - 4.53 - 3.65 - 3.91 - - - 0.95 -
DB-AIAT [9] 2.81 3.31 - 4.61 - 3.75 - 3.96 - 10.79 - 0.96 -
DPT-FSNet [10] 0.91 3.33 - 4.58 - 3.72 - 4.00 - - - 0.96 -
CMGAN [11] 1.83 3.41 - 4.63 - 3.94 - 4.12 - 11.10 - 0.96 -
TPTGAN [12] 1.03 3.35 - 4.59 - 3.83 - 4.02 - 11.63 - - -
MP-SENet [13] 2.05 3.50 - 4.73 - 3.95 - 4.22 - 10.64 - 0.96 -
MiniGAN 0.373 2.95 (.05, .05) 4.36 (.04, .04) 3.46 (.03, .05) 3.72 (.05, .05) 7.49 (.20, .37) 0.94 (.00, .01)
MiniGAN-FT 0.373 2.93 (.05, .05) 4.36 (.05, .05) 3.52 (.03, .05) 3.71 (.05, .05) 8.43 (.16, .36) 0.94 (.00, .01)
MiniGAN-48 0.801 2.95 (.05, .04) 4.34 (.04, .05) 3.46 (.03, .05) 3.71 (.05, .05) 7.62 (.17, .41) 0.95 (.01, .00)
MiniGAN-NDA 0.373 2.96 (.04, .06) 4.31 (.05, .04) 3.43 (.03, .05) 3.70 (.05, .05) 7.06 (.21, .38) 0.94 (.00, .01)
MiniGAN-WN 0.373 2.82 (.06, .04) 4.27 (.05, .03) 3.47 (.03, .05) 3.59 (.04, .04) 8.48 (.14, .39) 0.94 (.00, .00)
MiniGAN-ED 0.325 2.05 (.02, .05) 3.64 (.04, .04) 2.64 (.01, .03) 2.88 (.03, .04) 1.50 (.05, .07) 0.93 (.00, .01)

modification, where the encoder and decoders include five con-
volution blocks instead of six. No dilated dense net with resid-
ual connections is used. The number of channels is doubled
in each convolution block of the encoder and halved in the de-
coders. The last convolution block of each decoder reduces the
number of channels to a fourth. The number of channels used in
the latent space is sixty four. The frequency is not downsampled
before the latent space, nor upsampled in the decoders. The de-
coders, in order to be symmetrical to the encoder, use dilation
rates in inverted order to those of the encoder.

Table 1 shows the objective metrics obtained for the noisy
audios of the test set, the results reported by SE models of the
literature in their respective works and the results of the mod-
els developed in this paper. The number of parameters in mil-
lions is also shown. Bold numbers highlight the best values
both reported for the state-of-the-art approaches and for our
models. For our experiments, the average value (Avg.) is com-
puted along with the 95% confidence intervals (95% CI), which
were estimated using 10,000 bootstrap samples and α = 0.05.
Note that the MiniGAN models are more lightweight in terms
of number of parameters than most popular models. With re-
spect to the performance, MiniGAN does not outperform the
current state-of-the-art but achieves competitive results while
considerably reducing the number of parameters. The smallest
model corresponds to MiniGAN-ED. Nevertheless, this archi-
tecture obtains poor result on the objective metrics, similar to
those of noisy audios, likely due to the absence of the dilated
dense net with residual connections and the frequency down-
sampling. The similarity in objective metrics obtained for the
remaining MiniGAN variations, indicates that the model perfor-
mance is not significantly determined by the elements studied.

Table 2 shows the efficiency figures for MP-SENet, Mini-
GAN and MiniGAN-ED. The remaining models developed in
this work are not studied in terms of efficiency because of their
high similarity with the original MiniGAN, both in structure
and in objective metrics results. Analysing MiniGAN-ED is of
interest because, despite achieving the lowest scores in objec-
tive metrics, it is the smallest model. The average value (Avg.)
and the 95% confidence intervals (95% CI) are reported for the
FLOPS and RTF. MiniGAN is more efficient than MP-SENet in
number of parameters, operations, model size and RTF. Mini-
GAN and MiniGAN-ED are real time models as their RTF ≤1.
The smallest model and the model with lower number of pa-

Table 2: Efficiency comparison of MP-SENet [13], MiniGAN,
and MiniGAN-ED. Avg. refers to the average value obtained
for the Valentini test set, and 95% CI to the range values of the
95% confidence intervals.

Model Param. FLOPS (M) ↓ Size RTF ↓
(M) Avg. 95%CI (MB) Avg. 95%CI

MP-SENet [13] 2.05 47489 (6, 5) 8.23 1.15 (.01, .01)
MiniGAN 0.373 9023 (1, 1) 1.43 0.24 (.00, .00)
MiniGAN-ED 0.325 10958 (1, 1) 1.25 0.56 (.01, .00)

rameters is MiniGAN-ED. However, the number of FLOPS and
RTF are smaller for MiniGAN. The original MiniGAN shows
lower computational overload and is faster than MiniGAN-ED.
This and the fact that MiniGAN obtains significantly higher ob-
jective metrics, make our original model outstanding in terms
of performance and efficiency. Hence, it can be derived that the
frequency downsampling, the lower number of channels and the
encoder-decoder structure of MiniGAN generator are determi-
nant elements for its efficiency and performance. Regarding
the discriminator, we believe that incorporating phase informa-
tion along with the magnitude is a promissing avenue for future
work.

5. Conclusions

In this paper, we presented MiniGAN, a novel TF model for
speech enhancement that excels in efficiency. The overall ar-
chitecture of our model is a generative adversarial network with
an encoder-decoder structure in the generator. The latent space
is based on two conformers and the decoders allow for paral-
lel processing of the magnitude and phase of noisy signals. By
focusing on a lightweight architecture, MiniGAN delivers high-
quality speech enhancement suitable for real-time applications
on devices with limited resources. Experimental results on the
VoiceBank+DEMAND dataset confirm that MiniGAN strikes
an optimal balance between performance and computational de-
mands. Specifically, MiniGAN achieves a 5.5-fold reduction in
the number of parameters and a 4.8-fold decrease in RTF com-
pared to MP-SENet, while maintaining a PESQ score of 2.95.
Furthermore, the study of several MiniGAN variations reveals
that the encoder-decoder is a critical element influencing model
performance and efficiency.
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[1] T. Bäckström, O. Räsänen, A. Zewoudie, P. P. Zarazaga,

L. Koivusalo, S. Das, E. G. Mellado, M. B. Mansali, D. Ramos,
S. Kadiri, and P. Alku, Introduction to Speech Processing, 2nd ed.,
2022. [Online]. Available: https://speechprocessingbook.aalto.fi
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