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Abstract

Recently some novel techniques have utilized sophisticated al-
gorithms to correct phase or use phase information by pro-
cessing real- and image-part respectively or simultaneously in
the STFT domain. However, neural networks can not process
a complex-valued feature, i.e., the STFT of a noisy speech.
Therefore, these methods estimating the STFT of a clean sig-
nal can only obtain sub-optimal solutions. To avoid tackling
complex-value operations, we formulate that only the real part
of 2K -point STFT is utilized as the feature that holds all sig-
nal information. Therefore, speech enhancement in the STFT
domain turns into a real-valued task. However, it is hard for
the network to estimate the correct sign. Consequently, we de-
velop an estimator to predict the real part sign and a decoder to
estimate the targeted real part’s mask. Then, we devise some
experiments to evaluate our model over kinds of metrics. The
results indicate that our model outperforms several state-of-the-
art (SOTA) models.

Index Terms: sign estimation, speech enhancement, speech de-
noising, real part, short-time Fourier transform (STFT).

1. Introduction

Inspired by the CRM, DCUNET][1], DCCRN[2], DCCRN+[3],
etc., propose deploying specific networks to simulate the
complex-valued number operations. These papers utilize CRM
as their training target, thus avoiding phase loss in the frequency
domain, and take a similar strategy to solve the unbounded
problem of CRM. DCUNET and DCCRN devised a novel con-
volution neural network (CNN) [4] with the encoder-decoder
framework, which performs well over perceptual quality and
speech intelligibility. However, these works do not follow the
rules of the complex number operation, are hard to train, and
need to consume more computing resources.

Moreover, the discordance between cost functions and hu-
man perceptual evaluation metrics has inspired researchers to
devise differentiable losses significantly related to the mam-
malian auditory system. In [5], the authors propose a deep
perceptual audio similarity metric (DPAM) based on just-
noticeable differences (JND). By reducing distances of audio
pairs in JND and increasing differences of those out of JND,
they train a differentiable metric that can be used as a cost func-
tion for speech enhancement. In [6], authors utilize six mod-
els, namely, acoustic event classification, speaker embedding,
acoustic model, emotion classification, and two self-supervised
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speech encoder models, as penalty loss to train an enhancement
model. Their results demonstrate the SOTA performance on a
public dataset.

In [7, 8], the convolutional recurrent network (CRN) em-
ploys two decoders to reconstruct the real and imaginary part re-
spectively since they belong to two different domains. It seem to
be laborious for a decoder to estimate those feature at the same
time. As we all know, when the number of FFT points increases,
its real part will get extra frequency bins and acquire extra in-
formation. Therefore, we can only utilize the real part and a
decoder to reconstruct the real part when it holds all signal in-
formation. Moreover, if the network predicts sign erroneously,
it would contaminate the speech severely than wrong magnitude
in a high energy frequency bin. Grounded on this, we divide the
assignment of predicting a real-valued mask into two sub-tasks,
namely, estimating the mask’s absolute value and its sign. Fur-
thermore, we employ a loss function related to human auditory
perception with a categorical loss to train the model. The exper-
imental results show the effectiveness of our proposal.

The rest of the paper is organized as follows. We present
signal model in Section 2. In Section 3, we introduce the pro-
posed method in detail. We will show and discuss our exper-
imental results in Section 4 and draw a conclusion in Section
5.

2. Signal model

Given a noisy clip y(¢) recorded by a single microphone, the
clean speech x(t), and the additive noise n(t¢), where ¢ is the
time index, the signal model can be denoted as

y(t) =x(t) + n(t) (1

Suppose the frame length is & and x(t) has M frames, take the
STFT in both sides of Eq. 1

Y (m, k) = X(m, k) + N(m, k) )

where {Y (m, k), X(m, k), N(m, k)} € C¥*M (both m and
k will be omitted for clarity) is the STFT of y, x, n respectively,
0<m< M-1,0< k< K —1,m the time index, k the
frequency bin. Eq. 2 can also be represented as

Y, +5Y; = (X, +N;) +5(X; + Ny) (3)
subscripts 7 and ¢ denote the real and imaginary part of the
STFT, respectively, j the imaginary unit. The purpose of neural
networks is to find a map from (Y, Y;) to (X, X5).

Take the STFT in Eq. 1, and the number of the FFT points
is 2K

YQ(mv k) = XQ(ma k) + Nq (m7 k) 4
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where 0 <m < M —1,0 <k < 2K — 1, subscript 2 denotes
the 2K -point STFT. A vector d € R?*¥ is defined as

d=[0, 1, -+, 1, 0, -1 -, —1]"
K-1 K—-1
[-]7 is the matrix transpose. From [9], we can get
1
i Yo, =-——D. Y,
JYou= o 2, (6)
where D, is the cycle matrix of D—the DFT of d.
2K—1
27kt
D(k) = d) - _aTRY
CEDILLREIS <
07 k:2p70§p§K_1

K
f2j~Zsin%kt, k=2p+1,0<p<K-—1
t=1
@)
Define a matrix D, € R***2K D/ = —j.D./2K.

Y5 =D, Y, @®)

Therefore, real components hold all information of a signal.
Grounded on Eq. 8, one can devise a network to map from Y -
to X2, -, then reconstruct X ;, finally, obtain the estimated x by
inverse STFT.

However, only the module (absolute) of the real part has a
clear structure, and the sign error can damage the speech dra-
matically, especially in the frequency bins which have high en-
ergy. Besides the non-negative features with clear structure are
more apposite to a neural network. Therefore, we can design
a network to take the absolute real part and the sign S, as two
different features.

S. = sign(Xa,-) )
The signal model can be represented as
XQ,T = Sz . M . ‘YZ,T‘ = Sz . |X2,'r| (10)

where M = |X3,,|/|Y2,-| is the non-negative estimated mask,
| - | denotes the absolute value, and the hat represents an estima-
tion of the valid target.

3. System description

The estimation of the sign (i.e., 1) seems to be impractica-
ble. The principal reason is that discrete variables are non-
differentiable since we can not obtain gradients for networks.
However, in [10], the authors propose a Gumbel-Softmax [11]
estimator to relax the discrete random variable problem to the
continuous one. Moreover, the latter has a similar distribution
as the former.

3.1. Gumbel softmax estimator

In [10], the Gumbel-Softmax estimator is presented to predict
gradient directly. Typically, networks first learn probabilistic
features, then obtain estimated categorical variable by one-hot
encoding technique. Take Gumbel max for example [11], sam-
ple z is drawn from the distribution with probability of p.

z = one_hot ( arg max [gi + log(pi) ] ) 11
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where g1, g2, , g are i.i.d samples drawn from Gumbel(0,
1), I denotes the number of classification, one_hot(-) the one-
hot encoding, and arg mazx|-] the operation of finding the index
of a tensor’s max element.

The Gumbel Softmax is a continuous, differentiable ap-
proximation of arg maz[-] —a non-differentiable function.

exp{(gi +log(p:))/7}
S exp{(g; + log(p;))/T}

where 7 is the softmax temperature. When 7 — 0, the sample
from Gumbel-Softmax distribution becomes one-hot encoding,
and the distribution becomes identical to the categorical distri-
bution p.

Predicting +1 can be reckoned as estimating Bernoulli vari-
ables so that a Gumbel-Softmax estimator (I = 2) can be em-
ployed for this assignment. For the m-th frame, k-th frequency
bin, the sign is

1<i<l (12

qi =

L, Q(m,k,0) > Q(m,k,1)

S(m, k) = {

where Q € RM*X*X2 ig the output of the Gumbel-Softmax
estimator.

3.2. DNN model

As shown in Fig.1 (a), we deploy an Unet-like network struc-
ture to predict targets based on the CRN [8, 7, 12], in which
results have already demonstrated state-of-the-art (SOTA) per-
formance. It is formed from one encoder, two decoders, and an
RNN block. The encoder consists of 10 convolutional modules
( as shown in Fig.1 (b) ) and the decoder 10 de-convolutional
modules ( as shown in Fig.1 (c) ), which gets part input feature
from the corresponding encoder.

There is a 2-dimensional(2-d) convolution layer, a 2-d
BatchNorm layer, and a ReLU activation function in every sin-
gle encoder module. Replacing the 2-d convolution layer with a
de-convolution layer, we can get a decoder module in which the
input is produced by concatenating the output of the previous
decoder (or the RNN block) and that of the corresponding en-
coder, i.e., skip connection. An LSTM layer and a Linear layer
compose the RNN block in which each layer is followed by a
2-d InstanceNorm layer.

3.3. Loss function

For a speech enhancement model, some regressive cost func-
tions may not be related to human auditory perception. Con-
sequently, a loss function significantly related to our auditory
perception is appropriate for the denoising model. Besides, to
improve the accuracy of the sign, a categorical loss is also im-
plemented in our experiments.

3.3.1. Phone-fortified perceptual loss

A self-supervised speech representation loss which is called
phone-fortified perceptual loss (PFPL) in [13] perform better,
especially, when Wasserstein distance loss [14] is used.

The PFPL is defined as

Lp(%,%) = Iﬁ*X|1+]§gJQEu [F(@(x))]-E.[f(2(x))] (14)

where @ is wav2vec 2.0 model [15] which employs con-
trastive predictive coding (CPC) technique to learn generic
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Figure 1: Architecture of the proposed model. (a) The overall diagram of our model. (b) The detail of a decoder. (c) The detail of a

encoder

speech representations, p and v denote distributions of ®(x)
and ®(x),and Fisaset {f : R" — R" | || f(z1) — f(z2)|] <
1-|lz1 — z2]|, V1,22 € R™} of all 1-Lipschitz functions.

3.3.2. Sign estimation loss

Estimating the mask of the absolute-value real part is a regres-
sion task. However, predicting the sign is a classification prob-
lem. Therefore, a cross-entropy loss is also utilized

ﬁ : zk:zp(SX) -log (q (Sx)) (15)

n,R,

[/ce(sx, Sx) =

where p and q are the distributions of target and estimated sign,
respectively.
The final loss function is defined as

L=Lp+ A Lo (16)

where ) is a super parameter.

4. Experiments
4.1. Evaluation metrics

To evaluate the proposed model comprehensively, we employ
5 metrics related to human perception significantly, perceptual
evaluation of speech quality (PESQ), short-time objective intel-
ligibility measure (STOI), a five-point scale of signal distortion
(CSIG), a five-point scale of background intrusiveness (CBAK),
a five-point scale of the mean opinion score (COVL), where
PESQ € [-0.5,4.5], STOI (in %) € [0, 100], while other met-
rics € [0, 5].

4.2. Training details

The open-source dataset, i.e., the Voice BankDEMAND (VBD)
[16], is adopted by our experiments and also widely by nu-
merous researchers in speech enhancement tasks.The encoder’s
channels are set to {45, 45, 90, 90, 90, 90, 90, 90, 90, 128},
{180, 180, 180, 180, 180, 180, 180, 90, 90, 1} is the channel
set of the mask decoder, the sign decoder has the same chan-
nel as the mask decoder in the first 9 decoder modules, and its
last channel is set to 2. The kernel sizes of decoder is fixed as
{Tx1,1x7,7x57x55x3,5x3,5%x3,5x3,5x3,
5 x 3}, the both decoder’s kernels {5 x 3,5 x 3,5 x 3,5 x 3,
5%x3,5x3,7%x5,7x5,1x7,7x 1}. The strides of the
encoderis {1 x1,1x1,2x2,2x2,2x2,2x1,2x1,

953

Table 1: lllustration of MOSs by EMCS model on the VBD.

Model | PESQ | CSIG | CBAK | COVL
noisy 1.97 3.35 2.44 2.63
EMCS | 3.27 4.55 3.93 3.96

2x1,2x2,2x 1}, any decoder’s stride is mirror-symmetrical
with that of encoder.

The proposed model is implemented in Pytorch and Pytorch
Lightning. The learning rate is simply fixed on le — 4, and the
training batch size 28. Hanning window is deployed, window
length is 20ms, and window shift 5ms. Adam is selected as our
optimizer. In the training stage, every utterance is clipped to 2s,
speeches less than 2s are spliced with another clip selected from
the training dataset randomly. We set A to 1le — 4 and 7 to 0.1
empirically.

4.3. Experiments settings

In this section, we devise ablation experiments to select the best
model and then demonstrate our model with several SOTA mod-
els over two different public dataset. Before these experiments,
we first prove that the estimated absolute real part with the clean
sign can perform well. Therefore, we employ a decoder to pre-
dict the absolute mask of real components, then multiply it with
the sign of the clean spectrum’s real part. From Tab. 1, we
can see the estimated magnitude of the real part with clean sign
(EMCS) achieve preeminent performance.

4.3.1. Ablation study

1. Convolutional Recurrent Network (CRN) [8].The CRN
encoder and decoders are the same as those in our models
to get better performance. Identically, we utilize £, as
the loss function to train this model.

2. Real Convolutional Recurrent Network (RCRN). Differ-
ent from the CRN, we only estimate Y ,, i.e., the real
part, via one decoder.

3. Fixed Magnitude and Estimated Sign in the straight-
through Gumbel-Softmax estimator (FMESGS ;) means
that we fix parameters of the magnitude model from the
EMCS, then only update parameters in straight-through
Gumbel-Softmax sign estimators (i.e., the bottom de-
coder in Fig. 1). Significantly, the subscript st denotes
that we employ a straight-through estimator.



4. Etimated Magnitude with Estimated Sign in the straight
through Gumbel-Softmax estimator (EMESGMy;) , it
represents that we train two decoders simultaneously.

5. Etimated Magnitude with Estimated Sign in the Binary
Estimator (EMESBE) in which a binary estimator is uti-
lized, therefore the L., loss function is changed as

Lee(Sx, Sx) = BCE(Sx, Sx) 17)

which BC'E(+) denoted Binary Cross Entropy Loss.

6. Etimated Magnitude with Estimated the Sign Mask
in the straight-through Gumbel-Softmax estimator
(EMESMGM3;) in which we assume that the clean sign
can be get via noisy sign multiplying the sign mask, so
we can estimate the mask, then the estimated the clean
sign Sx is obtained by

S« =Sy *Sm (18)

which * denote matrix multiplication by element-wise.
The loss function is re-defined as

L=Lp+ A Lo (Sm, Sx#Sy)  (19)

7. FMESGS and EMESGM are not straight-through ver-
sions of FMESGS; and EMESGM,;, respectively.

8. EMESGM,; »=1 all A in experiments above are set to
le — 4, to see if the A could act on our models, we set
A = 1in EMESGMyg;.

Table 2: Illustration of MOSs and STOI for ablation experi-
ments on the VBD.

Model PESQ CSIG CBAK COVL STOI
noisy 1.97 3.35 2.44 2.63 92.11
CRN 3.09 4.30 3.54 3.70 94.62
RCRN 3.09 4.29 3.55 3.70 94.57
FMESGS ; 2.92 4.26 3.41 3.59 94.63
FMESGS 3.01 4.28 3.45 3.66 94.6
EMESMGM  3.08 4.33 3.58 3.72 94.7
EMESBE 3.12 4.33 3.57 3.74 94.76
EMESGM 3.14 4.37  3.59 3.76 94.73
El\f)]\ES:Gi\;ISt 3.04 4.31 3.51 3.69 94.68
EMESGM,; 3.15 437 3.60 3.77 94.78

4.4. Results and analysis

From FMESGS,; in Tab. 2 and EMCS in Tab. 1, we can ob-
serve that when we use a trained model which estimates the
absolute mask of the real part the of target spectrum and only
deploy a decoder for sign estimator, it is hard to estimate its
clean sign. Besides, the estimated magnitude of the targeted
real part spectrum is mixed with the noisy sign can contami-
nate the sound significantly from 3.27 to 2.97 over PESQ, 3.96
to 3.59 over COVL. Straight-through estimator predicts 1 or
—1 for each sign if a faulty sign with a non-zero magnitude
of the real part can bring significant loss both in the frequency
and time domain. To decrease this loss, we formulate a soft
decision estimator, i.e., FMESGS, is utilized. When this strat-
egy is employed, a better but limited performance is achieved.
The reason is that the magnitude is optimal over the clean sign,
but a decoder is not sufficient for learning the valid sign; there-
fore the estimated sign is not matched with the magnitude. To
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settle down this issue, we train the absolute real part and the
sign simultaneously, so both are optimal to each other. From
EMESGM;; and EMESGM in Tab. 2, one can note that a com-
prehensive better performance is obtained, and different from
the last two models, these two models predict almost the same
results. Since, in EMESGM model, when the output of the sign
estimator is less than 1 or greater than —1, the magnitude de-
coder predicts a larger mask to offset this error. All penalty
factors in sign losses of the models mentioned above are set to
le — 4 empirically, but we still can not get the cleaner sign. To
improve the accuracy of the estimated sign, we set A to 1. How-
ever, when this technique is utilized, the ability of the perceptual
loss is dampened. One can learn that from EMESGM,; »—1 in
Tab. 2. Similar to the magnitude masks, we also devise an
experiment to estimate the mask. This is based on the assump-
tion that a clean sign can be obtained by multiplying the noisy
sign with a sign mask. The result demonstrates that the sign
mask is harder to learn than estimating signs directly. Although
the Gumbel-Softmax estimator has already been demonstrated,
we also develop a binary estimator to compare. From Tab. 2,
Gumbel-Softmax achieved the best result. However, the EMCS
still overshadows these models because of the difficulty in pre-
dicting enormous signs at the same time. The results of CRN
and RCRN show that one decoder for the real part, or two de-
coders for the real and imaginary part, can not outperform the
proposed method.

We also compare our model with several SOTA models
which were proposed in recent years. From Tab.3, we can note
that the proposed model has achieved the best score over two
MOSs, CSIG, and COVL, and obtained the same PESQ with
the MerticGAN+ model and the PFP model.

Table 3: The proposed method versus some SOTA methods with
respect to different metrics.

Model Year PESQ CSIG CBAK COVL
SEGAN [17] 2017  2.16 3.48 2.94 2.80
SDR-PESQ [18] 2018  3.01 4.09 3.54 3.55
DFL [19] 2019 — 3.68 3.33 3.22
MetricGAN [20] 2019 2.86 3.99 3.18 3.42
HiFiGAN [21] 2020 294 4.07 3.07 3.49
T-GSA [22] 2020  3.06 4.18 3.59 3.62
MHSA+SPK [23] 2020 2.99 4.15 3.42 3.57
WaveCRN [24] 2020 2.64 3.94 3.37 3.29
DCCRN+ [25] 2021 2.84 — — -

GaGNet [26] 2021  2.94 4.26 3.45 3.59
PFP [27] 2021  3.15 4.18 3.60 3.67
MetricGAN+ [28] 2021  3.15 4.14 3.16 3.64
EMESGM,; 2022  3.15 4.37 3.60 3.77

5. Conclusion

In this paper, speech enhancement is divided into a regres-
sion sub-task and a classification sub-task. The former sub-
task predicts a non-negative mask; the latter estimates its sign.
Both outputs are multiplied as the output features. Our results
demonstrate that when the both are trained jointly, the model
can get the best performance and that the proposed method can
achieve the SOTA performance over a public dataset.
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