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Abstract— Loss function is important to current deep
learning-based speech enhancement. Although the commonly
used loss function is minimum mean square error (MSE)
between the enhanced speech and the target speech, it cannot
accurately reflect the speech quality after noise reduction.
Perceptual metrics of speech quality (PESQ) and short-time
objective intelligibility (STOI) are usually employed to evaluate
speech enhancement algorithms. This paper proposes a
generative adversarial architecture that can directly uses
PESQ and STOI as training targets for deep learning-based
speech enhancement. Specifically, the enhancement network
and the assessment network are used as the generator and
discriminator in the generative adversarial network (GAN),
respectively. In each epoch of adversarial training, we first fix
the generator and make the discriminator estimate the true
PESQ and STOI of enhanced speech. Then, the discriminator
is fixed, and the generator is trained to make the PESQ and
STOI of enhanced speech close to those of the target speech.
The assessment network is based on Multi-gate Mixture-of-
Experts (MMoE), which is suitable for multi-task learning.
Compared with using the clean speech spectrum as training
target, the proposed method is more effective on speech
enhancement.

I. INTRODUCTION

In real environment, interfering noises are inevitable and
severely affects many applications, such as, mobile speech
communication, teleconference and automatic speech
recognition. Speech enhancement aims to remove the noise
and improve the speech quality and intelligibility.
Compared with traditional speech enhancement methods,
speech enhancement based on deep learning achieved great
success for over the past decades, especially under
challenging test conditions (non-stationary noise and low
signal-to-noise ratio) [1]-[14]. Generally, most of these
methods regard the speech enhancement as a supervised
learning, which trains deep neural networks to estimate the
clean speech from noisy speech by using mean square error
(MSE) as loss. But the reduction of MSE loss cannot always
represent better speech enhancement effect [15], [16]. The
discrepancy between the loss function used for training a
speech enhancement model and human auditory perception

usually makes the quality of enhanced speech unsatisfactory.
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We aim to find a perfect loss function to replace the MSE
loss function to serve speech enhancement more effectively.
For speech enhancement, we need to focus on two points: 1)
noise reduction and 2) speech distortion. A perfect loss
function should reduce noise while maintaining the quality
of speech.

PESQ and STOI are two commonly used metrics for
evaluating the quality of the enhanced speech. They evaluate
speech quality by comparing the gap between speech signals
under test and clean speech signals. The higher the score, the
better the speech enhancement effect of the model.
Therefore, optimizing the enhancement models directly
using these two functions is a reasonable direction. In recent
years, some studies have used neural networks to estimate
the PESQ score of speech without reference, which called
Quality-Net [17]. Fu et al. proved that speech enhancement
networks using Quality-Net to calculate the loss outperform
which using MSE of spectrum as loss [18]. This new
framework was named MetricGAN. It is based on GAN. The
generator of MetricGAN is a speech enhancement network
and the discriminator is Quality-Net.

We argue that speech quality evaluation networks will be
more conducive to speech enhancement by learning more
speech quality evaluation metrics. So, we propose a new
speech quality assessment network that can learn both PESQ
and STOI simultaneously. We name it PESQ-STOI-Quality-
Net (PSQN). PSQN is based on multi-task learning. The
goal of multi-task learning is to use the useful information
contained in multiple learning tasks to help each task learn a
more accurate learner. Pareto optimality provides theoretical
guidance for multi-target learning [19]. When multiple
targets are jointly optimized, one of them can reach a better
convergence point than training it alone. Ma et al. proposed
Multi-gate Mixture-of-Experts (MMoE) [20]. Different
from the traditional multi-task learning using the shared
bottom layer [21], MMOoE divides the shared bottom layer
into multiple experts to provide different weights for each
task. Individualized learning for each task is more conducive
to multi-task learning. Multi-task learning has been
successfully applied to many large-scale applications, such
as recommender systems. In e-commerce, predictions of
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Fig. 1 Structure of Multi-gate Mixture-of-Experts
click-through rate and conversion rate are jointly optimized
by it. Besides, in video sites, predictions of video through
rate, share rate and comment rate are jointly optimized by it.
Due to the characteristics of MMOoE, we believe that
compared with commonly predicting a single speech quality
evaluation metrico PSQN based on MMOoE can not only
predict more accurately, but also constrain the convergence
direction of speech enhancement network by simultaneously
predicting multiple indicators. We name this speech
enhancement framework Multi-MetricGAN.

The generator of Multi-MetricGAN is a speech
enhancement network based on Convolutional Recurrent
Neural Network (CRNN) [22] and the discriminator is a
speech quality assessment network based on MMOoE. After
inputting the speech enhanced by the generator into the
discriminator, the discriminator will output the predicted
PESQ and STOI of the speech. Multi-MetricGAN aims to
optimize the speech enhancement network by minimizing
the MSE loss between the metric scores predicted by
discriminator and the actual scores. The experimental results
show that the speech enhancement network which is based
on Multi-MetricGAN is not only perform better than that
based on CRNN, but also better than that based on
MetricGAN.

A.  MMoE

One of the widely used multi-task learning models is
proposed by Caruana [20], [23], which has a shared-bottom
model structure, where the bottom hidden layers are shared
across tasks. This structure substantially reduces the risk of
overfitting, but can suffer from optimization conflicts
caused by task differences, because all tasks need to use the
same set of parameters on shared-bottom layers.

MMOoE is designed to capture the task differences without
requiring significantly more model parameters compared to
the shared-bottom multi-task model. The improvement of
MMOoE is achieved by dividing the shared bottom layer into
multiple experts and adding a separate gating network for
each task.

Fig.1 shows the structure of MMOoE. Specifically, given K
tasks, where k=1, 2, ..., K for each task respectively. The
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Tower For STOI

Tower For PESQ

Fig. 2 Structure of PESQ-STOI-Quality-Net

model consists of K tower networks h* and a personalize
shared-bottom network represented as function /- When x is
the input of the network, y;, the output of task k£ can be
denoted as the input of the network, y,, the output of task k
can be denoted as

Vi = h*(f* () O

The shared-bottom consists of expert networks. Here, n
denotes the number of expert networks. We record the ith
expert network as E;(x). The output of the kth gating
network is shown as g¥(x). The ith component of g (x) is
denoted as g*(x);. After multiplied and added with each
component of the gating networks, the output of each expert
network will be input into the corresponding tower network
for each task. So, f*(x) can be denotes as

o) = X, g G (x) )

The gating networks are linear transformations of the
input with a softmax layer:

g (x) = softmax(Wgx) 3)

where Wy, denotes the weight parameter of the kth gating
network.

B.  PESQ-STOI-Quality-Net

Our proposed speech quality assessment network PSQN
is based on MMOoE. Fig.2 shows the network structure of
PSQN. To provide more visible information and to stabilize
the learning process of Multi-MetricGAN [24], we
deliberately divide the input into three items, namely clean
speech, noisy speech and enhanced speech, where the enha-


ปัณณวิชญ์ พันธ์วงศ์
54


_________________________

STOI

PESQ
(Predicted) (Predicted)

1
1
1
1
1
1
1
i
Updute:
1
1
1
1
1
1
1
1
1

Enhanced

Clean

Fig. 3 Training process of PESQ-STOI-Quality-Net

nced speech is generated by a pre-trained speech
enhancement network. Each of these three items forms a
feature map with clean speech and input into PSQN together.
PSQN is aim to make the predicted speech quality
evaluation metric scores close to the actual metric scores. So,
its loss function is the MSE between predicted scores and
actual scores. Since PSQN has two learning objectives,
PESQ and STOI, the loss function of PSQN, Lpgqy, can be

denotes as
Lpson = Ex(ay - Lpgsg + @2 * Lsror) “4)

where a denotes the weight of each metric during
optimization. This is because each task converges at a
different rate during training. Properly adjusting weight of
the loss for each task can effectively improve the overall
convergence speed. We found that when a4, a, = 1, the
convergence speed of PESQ learning is far less than that of
STOI. After extensive experimentation, we found a perfect
set of weights to achieve simultaneous convergence of
PESQ learning and STOI learning in a very short time,
where a; = 3, a, = 1.

Let Q'(I) be a function that represents the target
evaluation metric, where I denotes the input of the metric.
For example, for PESQ and STOI, I denotes a pair of
enhanced speech, y'(or noisy speech, x, clean speech, y) that
we want to evaluate, and its corresponding clean speech, y.
To ensure that PSQN behaves similar to Q', the objective
function of PESQ and STOI can be denotes as

Lpgsg = (Q}”ESQ (x,y) — Qresq (x, ¥))?

+(Qpeso (v, ) — Qpeso (v, 1))?
+(Qpese (V' ¥) — Qpese (v, ¥))? Q)

Lsror = (Qsro1(x,¥) — Qsror(x, 3’))2
+(Qs701W, ¥) — Qsro1 (v, ¥))?
+(Qsr01 V', y) = Qsror1 V', ¥))? (6)
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Lossg

Fig. 4 Training process of Multi-MetricGAN

It is worth mentioning that to reduce the gradient updated
by the network and prevent oscillation, we normalized the
PESQ score when computing the label metric scores. Fig.3
shows the training process of PSQN.

C.  Multi-MetricGAN

The main idea of MetricGAN is to mimic the behavior of
a target evaluation function (e.g., PESQ function) with a
neural network (e.g., Quality-Net). The surrogate evaluation
function is learned from raw scores, MetricGAN treat the
target evaluation function as a black box. Once the surrogate
evaluation is trained, it can be used as a loss function for the
speech enhancement model. The whole training process of
MetricGAN is based on the idea of GAN, where the
surrogate loss and enhancement model are alternately
updated.

MetricGAN also mentions the use of multiple metrics to
optimize. But it only uses a simple heuristic method. In each
iteration, metric with the largest loss is selected as the
optimization goal. This approach has two drawbacks. First,
there are multiple discriminators. When the number of
discriminator parameters is too large, it is easy to overfit.
Second, the correlation between speech evaluation metrics
is unconsidered so that the optimization of each metric is
isolated. Therefore, we propose Multi-MetricGAN.

Fig.4 shows the whole training process of Multi-
MetricGAN. The main training idea of Multi-MetricGAN is
the same as that of MetricGAN. The difference of them is
that Multi-MetricGAN  replaces the single-target
discriminator (Quality-Net, which can only predict PESQ)
of MetricGAN with a multi-target discriminator (PSQN,
which can predict both PESQ and STOI simultaneously).

Similar to training PSQN alone, the loss function of the
discriminator (D) of Multi-MetricGAN can be denotes as

Lp = Ex(B1 - Lpgsq + B2 * Lsror) (7

where 8 denotes the weight of each metric during
optimization. Here f; = 3, B, = 1. Loss function for


ปัณณวิชญ์ พันธ์วงศ์
55


PESQ learning, Lpggo, and that of STOI, Lgro, can be
denotes as

Lpgsg = (DPESQ oy - QPESQ W, }’))2
+(Dpeso(G(x),y) — Qprso(G(x),¥))? ®)
+(DPESQ(xﬂ y)— QPESQ(x' 3’))2

Lsror = (Dstor(v, ) — Qstor(y, J/))z
+(Dsro1(G(x), ) = Qs101(G (%), ¥))?
+(Dsror(%,¥) = Qsror(x, ¥))? )

where G denotes the generator, speech enhancement
network, while G (x) denotes the speech enhanced by G.

The training of the generator network (G) can completely
rely on the adversarial loss

2
LG(PESQ) = [Ex,y [(DPESQ (G(x),y) - TPESQ) ] (10)
LG(STOI) = [Ex,y[(DSTOI(G(x)::V) - Tsrot)z] (11)
LG =VY1- LGPESQ + o LGSTOI (12)

where T is the desired assigned score. For example, to
generate clean speech, we can simply assign T to be 1
(PESQ scores have been normalized). On the contrary, we
can also generate more noisy speech by assigning a smaller
T.Both y; and y, are weights for loss. Here y; = 3,y, = 1.

II. EXPERIMENTS

A.  Experimental setup

In our experiments, the TIMIT corpus [25] was used to
prepare the training, validation, and test sets. 4000
utterances were selected from the train set of the TIMIT
database for training. These utterances were further
corrupted with 10000 non-speech sounds randomly selected
from a sound effect library (available at www.sound-
ideas.com) [26], at eleven SNR levels (from -5 dB to 5 dB
with steps of 1 dB) to form 220000 training utterances.
200,000 of them were used to pre-train the PSQN, the
remaining 20,000 utterances were used to pre-train the
speech enhancement network CRN. To monitor the training
process and choose the hyperparameters, we randomly
selected another clean 100 utterances from the TIMIT test
set to generate our validation set. Each utterance was further
corrupted with the noise (different from those already used
in the training set) from the above library [26] at eleven
different SNR levels (from -5 dB to 5 dB with steps of 1 dB
randomly select). To evaluate the performance of different
speech enhancement network, 100 utterances from the
TIMIT test (different from the above 100 utterances) set
were randomly selected as our test set. These utterances
were corrupted with four unseen noise types (pink, white,
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buccaneerl, and f16), at five SNR levels (from -12 dB to 12
dB with steps of 6 dB).

The speech enhancement network in this study is based
on CRNN. It uses the 161-dimensional Short Time Fourier
Transform (STFT) amplitude spectrum of noisy speech as
the input feature and the amplitude spectrum of clean speech
as the training target. The input of the network is encoded
into a higher-dimensional latent space, and the sequence of
latent feature vectors are then modelled by two LSTM.
Subsequently, the decoder converts the output sequence of
the LSTM layer back to the original input shape.

As for the discriminator, PSQN, we use four convolution
kernels to extract high-order features, the kernel sizes are
5%5, 7x7, 9x9 and 11x11, and the output channels are 15,
25, 40, 64. To handle the variable length input (different
speech utterance has different length), a 2-D global average
pooling layer was added such that the features can be fixed
at 64-dimension. Furthermore, we use two MLPs with 128-
dimensional output as experts for extracting global features.
Two gating networks with 2-D output are also used to weight
the outputs of experts. After weighted summation, the two
results will be sent to the tower network of corresponding
metric to get the final prediction.

B.  Training details

During the experiments, it was found that CRNN as a
generator converges faster than the discriminator PSQN.
This not only leads to a longer training period, but also leads
to poorer prediction ability of the discriminator, resulting in
making speech enhancement effect unsatisfactory. To solve
this problem, we pre-trained CRNN and PSQN separately.
Pre-training PSQN is such that PSQN can start from a good
convergence point when used by MetricGAN. As for the
pre-training CRNN, on the one hand, it is to generate a
baseline model as a comparison model for the proposed
Multi-MetricGAN. On the other hand, we argue that
pretraining PSQN with speech enhanced by CRNN enables
PSQN to start adversarial training with better parameters. So,
we need to pre-train CRNN before pre-training PSQN.
However, after many experiments, it is found that PSQN
with too many pre-training epochs is not conducive to
training Multi-MetricGAN. Therefore, we pretrain PSQN
for only one epoch and then apply it to train Multi-
MetricGAN.

When pre-training CRNN, the clean speech amplitude
spectrum is the learning target. The loss function is MSE of
the amplitude spectrum of clean speech and that of enhanced.
So, here the CRNN pre-trained is denoted as CRNN(MSE).
Then use equation (4) as the loss function to pre-train PSQN,
which is denoted as PSON. By employing equation (7) (10)
as the loss function for the generator and discriminator,
respectively, we can fine-tune CRNN(MSE) and PSQON in
alternating training. It is worth mentioning to compare with
the baseline model, we need to control all variables except
the model structure to be consistent with the baseline model.
For example, we still use the dataset used for pre-training
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Table I: PESQ of enhanced speech for models.

MODEL PESQ PESQ PESQ PESQ PESQ PESQ

(-12db) (-6db) (0db) (6db) (12db) (Avg.)

NOISY 0.882 1.131 1.483 1.916 2.362 1.555

CRN (Baseline) 1.036 1.760 2.306 2.697 3.013 2.162

CRN/QN 1.040 1.784 2.384 2.791 3.097 2.220

CRN/PSQN 1.527 2.600 2.928 3.247 3.472 2.755

CRNN in the fine-tuning process. The final model is denoted

as CRNN/PSQON. Table II: Generalization ability of PSON.

C.  Results and discussion DATASET PESQ-COR STOI-COR
In addition to using the baseline for comparation with DNS 0.754 0.798
proposed model, we also did a set of comparative VOX celeb 0.833 0.850
experiments employing speech enhancement model based LibriSpeech 0.688 0.721

on MetricGAN. The generator used in comparative
experiment is still CRNN, while the discriminator is
replaced by Quality-Net, a CNN-based single-target
discriminator, proposed by MetricGAN. Here this model is
denoted as CRNN/ON.

The experimental results are shown in Table I. The results
show that CRNN/PSON presents the best speech
enhancement effect, and PESQ of enhanced speech
generated by it is 0.593 higher than that by baseline.

D.  Generalization ability evaluation of PSON

To test the generalization ability of PSQN, we select
several datasets without clean reference to test. We chose
DNS, VOX celeb, and LibriSpeech because these datasets
contain speech in natural scenes. We regard the enhanced
speech generated by our proposed Multi-MetricGAN as the
clean reference and compute the “actual” metric scores by
comparing the “reference” and raw utterance. Then we input
these utterances into PSQN to generate the predicted metric
scores. The test process is shown in Fig.5 and the
experimental results are shown in Table II.

It can be seen from the table that on VOX celeb, the metric
scores predicted by PSQN is strongly correlated with the
actual metric scores. PSQN performs slightly worse on DNS

Multi-
MetricGAN

Enhanced

As “clean reference”

Fig. 5 Test of generalization ability evaluation of PSQN
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Table III: Generalization ability comparison between

PSON and Quality-Net.
DATASET PESQ- PESQ-COR(Q-
COR(PSQN) N)
DNS 0.754 0.701
VOX celeb 0.833 0.779
LibriSpeech 0.688 0.655

and LibriSpeech, but the predicted score also slightly
correlates with the actual score.

Since Quality-Net is designed for the evaluation behavior
of the model PESQ function, we can only compare Quality-
Net and PSQN in predicting PESQ. Table III shows the
result of comparative experiments.

Experimental results show that our proposed PSQN
performs better than Quality-Net when assessment PESQ.
At present, the industry is gradually looking for an
automated test method for speech quality assessment
through Artificial Intelligence (AI). PSQN based on MMoE
maybe has a bright future.

III. CONCLUSIONS

In speech enhancement networks, the minimum mean
square error between enhanced speech and clean speech
cannot directly match human perceptual hearing. This paper
proposes an architecture that employs PESQ and STOI as
training targets for speech enhancement models. It is based
on GAN. In the training process of the discriminator,
although PESQ and STOI are closely related, there is a
"seesaw" problem between them. This is an inherent
problem of multi-task learning, essentially the inconsistency
of gradient optimization directions caused by different loss
functions. This paper improves the MMoE network so that
PESQ and STOI converge quickly. The experimental results
show that compared with using speech amplitude spectrum
as learning target, the proposed Multi-MetricGAN which
regards the speech evaluation metric score as that performs
better in speech enhancement. In addition, we also test the
generalization of PSQN on other datasets, and the
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experimental results show that PSQN performs well on these
unseen datasets.
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