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Abstract

Commonly used speech enhancement (SE) training losses like
mean absolute error (MAE) loss and short-time Fourier
transformation (STFT) loss suffer from the problem of
mismatch with the speech quality, which leads to suboptimal
training results. To tackle this problem, we propose a new loss
named perception-high-related time-frequency (PHRTF) loss.
The proposed loss modifies STFT loss by adding a trainable
module named perceptual spectrum mask predictor (PSMP).
This module can predict the perceptual spectrum mask (PSM)
from the magnitude spectrum of enhanced and clean speech.
Further, PHRTF loss multiplies the amplitude error spectrum
(AES) with PSM to emphasize perception-relevant loss
components to correlate highly with the speech quality. We
conduct experiments on the VoiceBank-DEMAND dataset,
and the results show that PHRTF loss has a significantly
higher correlation with the speech quality than other losses.
Meanwhile, PHRTF loss outperforms other losses and
improves PESQ by 0.32 over MAE loss and 0.19 over STFT
loss on the training of Wave-U-Net. We also apply PHRTF
loss to a more advanced SE model, and the training result
outperforms other competitive baselines.

Index Terms: speech enhancement, perceptual loss, masking,
speech quality optimization

1. Introduction

Speech Enhancement (SE) aims to recover clean speech from
noisy speech and improve the quality and intelligibility of
speech. SE has a wide range of applications in daily life, such
as automatic speech recognition (ASR) [1] and hearing aids
[2]. Traditional SE methods are mainly statistical-based
models. These methods can deal with stationary noise, but
they perform poorly in the face of non-stationary noise due to
their unreasonable assumptions about noise signals.

With the rapid development of deep learning (DL), more
and more DL-based speech enhancement methods have been
proposed in recent years. With the powerful feature extraction
and modeling capabilities of neural networks (NN), DL-based
speech enhancement methods have significantly improved
over traditional methods. One current research focus is to
propose better SE models with more efficient structures and
more powerful NN components, such as convolutional neural
networks (CNN) and recurrent neural networks (RNN) based
models [3]-[6], transformer-based models [7]-[9] and
complex neural networks based models [10]-[12].

Besides the model structure, loss functions for SE training
have also received increasing attention in recent years. The
commonly used losses like mean absolute error (MAE) loss
and short-time Fourier transformation (STFT) loss simply
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calculate the numerical deviation between the enhanced and
clean speech in the time or time-frequency domain, which has
an apparent mismatch with the perceptual quality of speech.
As a result, a lower loss value may not guarantee a better
speech quality, leading to suboptimal training results.

To solve this mismatch problem, many researchers have
proposed new useful losses. These losses can be mainly
divided into deep feature-based losses [13]-[16] and metric-
mimic losses [17]-[21]. For deep feature-based losses, they
first train a network under certain speech-related tasks. For
example, [13] adopts the audio classification task, and [16]
adopts the ASR task. Then they adopt the trained network as
feature extractors to extract high-dimensional features from
enhanced speech and clean speech and calculate the distance
between two features as the final loss. These high-dimensional
features often contain abstract semantic information, making
the deep feature-based losses more related to the speech
quality. Existing work shows that deep feature-based losses
can bring better training results. However, not every kind of
deep feature works out for SE [15], and the feature extraction
networks are usually large and deep, which increases the
hardware resource consumption during training. As for metric-
mimic losses, they try to mimic perceptual evaluation metrics
with differentiable functions and train the SE model with these
functions directly. Researchers in [17] modify the calculation
process of perceptual evaluation of speech quality (PESQ) [22]
to obtain an approximate but derivable calculation function
and use it to guide the training of the SE model directly.
Researchers in [18]-[21] use the NN to learn and imitate the
computation of evaluation metrics and then take the NN as the
loss function to guide the training of the SE model. However,
these metric-mimic losses are not entirely consistent with
actual metrics, limited by training data and unreasonable
approximations.

Unlike the existing methods, we hope to get better loss by
improving the correlation between the loss and the speech
quality. STFT loss naturally has a relatively higher correlation
with the speech quality than MAE loss as it calculates the loss
in the time-frequency domain, which is more relevant to
human hearing perception. However, it applies equal weights
to the errors on all frequency components, ignoring that the
human ear has different sensitivities to different frequency
components. Taking this into account, we propose the
perception-high-related time-frequency (PHRTF) loss based
on STFT loss. We add a perceptual spectrum mask predictor
(PSMP) in PHRTF loss, which can predict the perceptual
spectrum mask (PSM) using the enhanced and clean speech
spectrum. The perception-relevant loss components are
emphasized with PSM, making PHRTF loss high relevant to
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Figure 1: Description of the proposed PHRTF loss. (a) shows the calculation flow of PHRTF loss. (b) shows the detailed structure of
the PSMP.

the speech quality. Compared with the existing losses, PHRTF
loss is lightweight and more effective.

2. Method

The calculation flow of PHRTF loss is shown in Figure 1(a).
Here s and § represent clean and enhanced speech,
respectively. A and A represent corresponding log-wise
amplitude spectrum (LAS). PHRTF loss first applies STFT
transformation on the enhanced and clean speech and obtains
the corresponding LASs. Then it subtracts A with A and takes
the absolute value to get the amplitude error spectrum (AES).
Unlike STFT loss which directly averages the AES to get the
final loss, the PHRTF loss feeds A and A into PSMP to predict
PSM. Then PSM is multiplied with the AES element by
element to get the masked amplitude error spectrum (MAES),
where perception-relevant loss components are emphasized.
Finally, the MAES is averaged over frequency and time to
obtain the final loss.

2.1. Perceptual Spectrum Mask Predictor

The detailed structure of PSMP is shown in Figure 1(b). The
predictor consists of L cascaded convolution modules, one
adaptive average pooling layer, and one linear layer followed
by Sigmoid activation. Every convolution module is
composed of one 2-D CNN and ReLU activation. For all
CNN s, the convolution stride is set to S, and the kernel size is
set to K. Given the input LASs, PSMP first utilizes CNNs to
extract the perception-relevant feature. Then adaptive average
pooling is applied to every channel to merge the information
within the channel. After that, the linear layer is applied to
merge the information among channels and produce the
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perceptual mask vector with the dimension of dem. Sigmoid
activation is used to limit the mask value ranging from 0 to 1.
Here we add a small constant ¢ to the mask to avoid extremely
small values. Finally, the vector is duplicated in time and
interpolated in frequency to obtain PSM. To make PSMP be a
smooth function and insensitive to small perturbations in the
input, we apply spectral normalization as in [20] to PSMP,
constraining it to be 1-Lipschitz continuous.

2.2. Training of PHRTF Loss

The training goal for PHRTF loss is to improve its correlation
to the perceptual quality of speech. Here we use the PESQ
score to represent the perceptual quality of speech and adopt
the Pearson correlation coefficient (PCC) to measure
relevance. Since the calculation of the PCC is derivable, we
use it as the loss function here directly, which is represented
by Lecc. The specific calculation process is shown in formula
(1)-(4), where N represents the number of batch samples,
L3urtr represents the PHRTF loss of the nth sample, and
PESQ™ represents the PESQ value of the nth sample. In (4),
we add a minimal constant § to the denominator to prevent
division by zero.
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Figure 2: lllustration of the correlations of different losses with PESQ. Every point in the figure represents a sample from the
VBD test dataset.
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3. Experiments
3.1. Dataset

We evaluate the proposed method on the widely used dataset
VoiceBank-DEMAND (VBD) [23], which is created by the
speech dataset voicebank[24] and noise dataset DEMAND
[25]. A total of thirty speakers are selected, of which twenty-
eight are used to build the training dataset, and the remaining
two are used to build the test dataset. There are ten types of
noise in the training dataset, of which eight are selected from
the DEMAND, and the left are self-made noises. The test
dataset contains five other types of noises selected from
DEMAND. The signal-to-noise ratio (SNR) in training dataset
includes 15dB, 10dB, 5dB and 0dB, and the SNR in test
dataset includes 17.5db, 12.5db, 7.5db and 2.5dB. The test
dataset is speaker and noise independent from the training
dataset. Before training and testing, all samples were
downsampled to 16KHz.

To train the PHRTF loss, we use the data in the VBD to
construct training samples and test samples without
introducing additional datasets. Noisy speech and clean speech
are required as inputs, and the corresponding PESQ score is
needed to calculate Lpcc.To construct training samples, we
decompose all noisy and clean speech in the training dataset of
VBD into segments with the length of 32768 and calculate the
corresponding PESQ scores. We also enhanced the noisy
speech with a previously trained speech enhancement
model[26] to augment the training set. The test samples are
constructed in the same way as the training samples with the
test dataset of VBD.

3.2. Evaluation Metrics

We utilize four widely used objective metrics to evaluate the
enhanced speech, namely PESQ, CSIG [27], CBAK [27], and
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COVL [27]. PESQ stands for perceptual evaluation of speech
quality and ranges from -0.5 to 4.5. CSIG predicts the signal
distortion mean opinion score (MOS), CBAK measures
background intrusiveness, and COVL measures speech quality.
CSIG, CBAK, and COVL are ranged from 1 to 5. Each metric
is computed by comparing the enhanced speech with the
corresponding clean speech, and the higher value means better
SE performance.

3.3. Experimental Setup

For the proposed PHRTF loss, we set L=5, K=(5,5), §=(2,2),
dpv=40, ¢=0.1, § =1e-8. The output channels of CNNs in
PSMP are set to 36, 72, 144, 288, 288 in order. We test
PHRTF loss on the classical SE model Wave-U-Net [3] and a
more advanced SE model SASP [26]. For Wave-U-Net, we set
the number of layers to 12 and the number of extra filters per
layer to 32. For SASP, we use the same model setting as the
original paper [26].

When training SE models, we set the length of audio clips
to 32768. Random crop is applied for audios longer than
32768, and zero padding is applied for audios shorter than
32768.

Batch size is set to 512 for the training of PHRTF loss,
and 144 for the others. We use the Adam optimizer [28] with a
learning rate (LR) of le-4. When there is no performance
imporvement for P consecutive epochs, we reduce the LR by
20%. P is set to 8 for the training of PHRTF loss and 25 for
the others.

We test six other losses on Wave-U-Net, namely MAE
loss, mean square error (MSE) loss, STFT loss, multi-
resolution STFT (MRSTFT) loss [29], DFL loss [13], and PFP
loss [14], as comparisons. We set FFT size=512, hop size=256,
window size=512 for STFT loss and PHRTF loss. For
MRSTFT loss, we set FFT sizes={512,1024,2048}, hop
sizes={50,120,240}, window sizes={240,600,1200}. VGGI16
is used as the feature extractor for DFL loss, and L1 distance
is used in PFP loss. When combining MAE loss with other
losses, we balance the two losses numerically by multiplying



Table 1: Comparison of performances of the proposed PHRTF loss with other losses in terms of PESQ, CSIG, CBAK, COVL on
Wave-U-Net, based on the VBD dataset.

Loss PESQ CSIG CBAK COVL Extral Data
Noisy 1.97 3.35 2.44 2.63 \
LMmaE 2.48 3.73 3.25 3.10 No
LMsE 2.50 3.70 3.23 3.09 No
Lmag & Lster 2.61 4.01 3.27 3.31 No
LmaE & LMRSTFT 2.60 4.01 3.25 3.30 No
Lmae & LporL 2.60 4.01 3.21 3.31 Yes
Lmae & Lprp 2.68 3.99 3.34 3.33 Yes
Lmag & LpHRTF 2.80 3.98 3.39 3.39 No

the other loss with the constant factor a. We set « to 1 for PFP
loss and 0.1 for the others.

For the training of SASP, we replace the originally used
STFT loss with PHRTF loss and modify the loss of noise
decode as (5), where 7 represents the predicted noise, x
represents the noisy speech. The other training settings are

consistent with the original paper [26].

Loss, = Lyg (x=7,5) + 0.1X Ly (x = A,5)

(6))
3.4. Experimental Results

Table 2: Comparison of performances of the proposed
method with other competitive baselines based on the
VBD dataset. PHRTF represents the SASP model trained
with PHRTF loss.

Methods PESQ CSIG CBAK COVL
Noisy 1.97 3.35 2.44 2.63
Wiener [30] 222 3.23 2.68 2.67
TSTNN [7] 2.96 433 3.53 3.67
T-GSA [8] 3.06 4.18 3.59 3.62
SA-TCN [31] 3.02 4.29 3.50 3.67
DEMUCS [5] 3.07 431 3.40 3.63
SASP [26] 3.07 4.35 3.59 3.73
DFL [13] - 3.86 3.33 3.22
MetricGAN [18] 2.86 3.99 3.18 3.42
HiFi-GAN [21] 2.94 4.07 3.07 3.49
SDR-PESQ [17] 3.01 4.09 3.54 3.55
PFP [14] 3.15 4.18 3.60 3.67
MetricGAN+ [19] 3.15 4.14 3.16 3.64
PHRTF 3.16 4.35 3.62 3.78

3.4.1. Training result of PHRTF loss

After training, the PCC of PHRTF loss and PESQ reached
0.92, which indicates that PHRTF loss is highly correlated
with the speech quality. Figure 2 shows the correlations of
different losses with PESQ. We can see that MAE loss and
MSE loss get the lowest correlation with PESQ. STFT loss,
MRSTEFT loss, and DFL loss are slightly better with close
PCC. PFP loss achieves the second highest correlation with
PESQ, but it is still much lower than PHRTF loss. The high
PCC of PHRTF loss indicates the effectiveness of PSMP and
proves that with proper masking, STFT loss can achieve a
high correlation with PESQ.
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3.4.2.  Training results on Wave-U-Net

The training results of Wave-U-Net under different losses are
shown in Table 1. We can see that PHRTF loss achieves the
highest score in terms of PESQ, CBAK, and COVL!.
Especially, PHRTF loss improves PESQ by 0.32 over MAE
loss and 0.19 over STFT loss. Meanwhile, we notice that from
the perspective of PESQ, the SE training results of each loss
are closely related to its correlation with PESQ. The
experiment result proves the effectiveness of PHRTF loss and
indicates that the loss with a higher correlation to PESQ tends
to obtain better SE training results under PESQ.

3.4.3.  Training results on SASP

To further verify the effectiveness of PHRTF loss, we apply it
to the more advanced SE model SASP and compare it with
other state-of-the-art methods. As shown in Table 2, after
using PHRTF loss, SASP achieves better performance and
outperforms all other competitive methods in terms of PESQ,
CSIG, CBAK, and COVL.

4. Conclusions

In this paper, we proposed a new SE training loss named
PHRTF loss, which modifies STFT loss by adding the PSMP
module. PHRTF loss utilizes PSM predicted by PSMP to
emphasize perception-relevant loss components to obtain a
high correlation with the speech quality. Experimental results
on the VBD dataset strongly demonstrate the effectiveness of
PHRTF loss. The success of PHRTF loss shows that it is
feasible to obtain better SE model training results by
improving the correlation between loss and the speech quality.
In future work, we will conduct further experiments to
determine the optimal values of dpm and ¢. We will also test
PHRTF loss on more models and larger datasets.

' Audio samples of the experimental results are shown in https://ken-
zd.github.io/phrtf” demo.github.io
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