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Abstract

Cycle-consistent generative adversarial networks (CycleGAN)
were successfully applied to speech enhancement (SE) tasks
with unpaired noisy—clean training data. The CycleGAN SE
system adopted two generators and two discriminators trained
with losses from noisy—to—clean and clean—to—noisy conver-
sions. CycleGAN showed promising results for numerous SE
tasks. Herein, we investigate a potential limitation of the clean—
to—noisy conversion part and propose a novel noise-informed
training (NIT) approach to improve the performance of the orig-
inal CycleGAN SE system. The main idea of the NIT approach
is to incorporate target domain information for clean—to—noisy
conversion to facilitate a better training procedure. The exper-
imental results confirmed that the proposed NIT approach im-
proved the generalization capability of the original CycleGAN
SE system with a notable margin.

Index Terms: speech enhancement, weakly supervised learn-
ing, CycleGAN, neural network, noise identity

1. Introduction

Owing to recent advances in machine-learning techniques,
speech-related applications have been widely deployed in our
daily lives. However, in real-world scenarios, speech signals
are disturbed by environmental noise, resulting in poor voice
quality and low intelligibility, which limits the performance of
downstream tasks. To address this issue, numerous speech en-
hancement (SE) techniques have been deployed as preproces-
sors to convert noisy speech signals to clean ones [1, 2].

Based on the availability of paired noisy-clean speech sig-
nals during training, SE approaches are divided into two cat-
egories requiring different types of data: (1) paired noisy—
clean training data and (2) unpaired noisy—clean training data
[3, 4, 5, 6]. Approaches in the first category are referred to
as “supervised SE methods.” These methods learn a mapping
function that characterizes the noisy—clean transformation. At
runtime, the mapping function is used to perform denoising.
Recently, deep neural networks [7, 8], which have shown the
strong capability for modeling nonlinear transformations, have
been used to form the mapping function for SE and achieve
state-of-the-art enhancement performance. Well-known exam-
ples include deep denoising autoencoders [9], convolutional
neural networks [10], long-short term memory [11], and trans-
formers [12]. Identifying a suitable objective for training the
mapping function is another crucial factor for the overall per-
formance. An objective function is used to compute the param-
eters in the mapping function. Popular signal-based distances
include L1 [13] and L2 norms [13] and SI-SDR [13]. Recently,
metric-based objective functions have been widely investigated;
e.g., the objective functions that aim to enhance speech quality
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[14], speech intelligibility [15], and automatic speech recogni-
tion [16] performance have been derived. Although supervised
SE methods have shown promising performance, noisy—clean
paired training data may not always be available in real-world
scenarios.

Further, SE methods trained without the need for paired
noisy—clean training data can be divided into two groups. The
first group does not require any clean speech data, and this
group of approaches is referred to as “unsupervised SE meth-
ods.” These methods are often based on assumptions regard-
ing the characteristics of speech and noise signals. Traditional
SE methods such as spectral subtraction [17], Wiener filtering
[18], and the minimum mean-square error of the spectral am-
plitude [19] belong to this unsupervised SE group. Recently,
deep learning models have been used for unsupervised SE meth-
ods [20, 21, 22, 23, 24]. Generally, these approaches perform
well in stationary noisy environments; however, when encoun-
tering non-stationary noises, they may produce subnormal re-
sults. The second group of approaches uses both noisy and
clean speech data to prepare a better mapping function from the
two domains, whereas the noisy and clean speech data are not
paired. A well-known group of SE methods that uses unpaired
noisy—clean speech data is the cycle-consistent SE method
[25, 26, 27, 28]. Cycle-consistent learning was first proposed
for unpaired image-to-image translations [29] and has been suc-
cessfully applied to voice conversion [30]. When applied to un-
paired SE methods, cycle-consistent learning adopts two gen-
erators and two discriminators, which can be viewed as a filter
(converting noisy speech to clean speech) and a corresponding
inverse filter (converting clean speech to noisy speech), and the
two discriminators aim to distinguish real samples (real noisy
speech and real clean speech) from fake ones forged by the
generators. Only the filter (converting noisy speech to clean
speech) is employed during testing to perform denoising. Let
us take a closer look at the training stage of cycle-consistent SE
methods; the filter is trained to convert noisy speech into clean
speech, and the inverse filter is trained to convert clean speech
into noisy speech. It is suitable for training the filter because
multiple noisy speeches can be used as input. However, it may
be suboptimal for estimating the inverse filter because no tar-
get noise is specified to generate, which consequently limits the
achievable enhancement performance.

Herein, we eliminated this limitation using a series of ex-
periments with a novel noise-informed training (NIT) approach
along with a cycle-consistent generative adversarial network
(CycleGAN), termed NIT-CycleGAN. The main feature of NIT-
CycleGAN is that the target domain was specified when train-
ing the inverse filter. Specifically, a label of the target do-
main was appended to the acoustic features of the filter (and
inverse filter) to specify the target domain of the output. The



target domain label indicated whether the target was clean or
of a particular noise type and was represented by a one-hot
vector. Compared with the original CycleGAN, the proposed
NIT-CycleGAN used additional information on the target do-
main during training. During testing, we aimed to use a filter
to convert noisy speech into clean speech. Thus, we set the tar-
get domain label as “clean.” The experimental results confirmed
the effectiveness of the NIT approach. Moreover, it verified the
decent generalization capability of NIT-CycleGAN in unseen
noisy environments.

2. Related work

Given a set of noisy acoustic features, y, CycleGAN SE
adopted a filter to convert y into clean-like features, which were
converted into the original y using an inverse filter. The filter
and inverse filter of CycleGAN are trained using three losses,
namely, adversarial, cycle-consistency, and identity-mapping
losses. For a CycleGAN, generators G¥ S and GS=Y per-
formed filter and inverse filter processing, respectively. Specifi-
cally, the generator G~ was applied to convert y into clean-
like speech s; conversely, the generator G5 =Y performed a re-
verse process that converted s into y. Two discriminators, DY
and DS, were used to identify whether the generated features
were distinguishable from the real ones.

2.1. Cycle-consistency loss
The cycle-consistency loss function L.y is expressed in Eq.

(1).
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where E.{-} denotes the expectation operation, and Pg and
Py represents the clean and noisy domain distributions, re-
spectively. Both generators were trained to minimize Lcyc in
Eq. (1). For CycleGAN SE, one goal of the cycle-consistency
loss function was to regularize G°~Y and G =5 to preserve
acoustic content.

2.2. Adversarial loss

To ensure that the generated speech G¥ 7S (y) and G57Y (s)
were indistinguishable from clean and noisy data, respectively,
two adversarial losses were derived.

2.2.1. First adversarial loss function

Regarding G¥ S, the first adversarial loss function is ex-
pressed as Eq. (2).

LagADS,GY 75 5, y} = Eonpg {log[ D ()]}
+Ey~py {log[l — DS(GY 7S (y))]}.

(€3

The minimax criterion was applied to £.,, to iteratively opti-
mize G¥ % and DS.

Similarly, the discriminator DY and generator GS~Y were
updated by £, {DY,G57Y s, y}.

2.2.2. Second adversarial loss function
Eq. (3) shows the second adversarial loss function.

L2,A{D%,GY 78 G57Y s} = Eewpg {log[ D5 (s)]}

3)

+Esvpg flogl — DS(GY73(GS7Y ()]}
Based on £2,,{DS,GY S G5~Y s}, we updated DS. Sim-
ilarly, £2,,{D¥,G¥ 75 G57Y y} was used to update DY .
Notably, this loss was used in [30] to improve VC performance.

2.3. Identity-mapping loss

Further, to improve the CycleGAN SE system, the identity—
mapping loss function in Eq. (4) was adopted to ensure that
the output of a generator was nearly identical to the input.

Liam{G¥ 75,657 5, y} = Esnpg {IGY 75(s) — s}

+ By {IGS7Y (3) — yl1}-

“

3. Proposed Method

The proposed NIT-CycleGAN SE system shared the same
model architecture as the original CycleGAN system. Addition-
ally, the NIT-CycleGAN SE system consisted of a noisy—clean
generator, G¥ S, a clean—noisy generator, G5~ and two
discriminators, DS and DY . The main idea of NIT-CycleGAN
is to incorporate the target domain information during training.
To this end, we adopted an auxiliary one-hot vector that indi-
cated the target domain of the generated speech. For the noisy—
clean generator, the one-hot vector indicated the output target
to be “clean.” For the clean—noisy generator, the one-hot vector
indicated the output target to be “a specific noise type.” Auxil-
iary vectors were used to provide target information to govern
the generators to convert the source input into the specified tar-
get domain and serve as additional features for discriminators
to identify differences between the original and generated sam-
ples. We concatenated the one-hot vector with each acoustic
feature to form an extended feature in a frame-wise manner. In
the following, we introduce the training and testing stages of
NIT-CycleGAN.

3.1. Training stage

Like CycleGAN, an NIT-CycleGAN SE system was trained
with (NIT)-cycle-consistency, adversarial, and identity-
mapping losses.

3.1.1. Noise-informed-training cycle-consistency loss

Assume that there were N different noise types in the train-
ing data and that the noise type for each training utterance
was known. We formulated the auxiliary one-hot vector, tn,
with an (N + 1)-dimensional vector (one clean with N noise
types). In this one-hot vector, a single non-zero element cor-
responded to the target domain (clean or particular noise type).
The one-hot vector was appended with the acoustic feature s,
i.e., stn = [tn;s]. Then, this clean input vector s, was pro-
cessed using generator GS7Y to create y,,, = [tn’;y']. No-
tably, the ¢n vector in the input was used to guide the generator
to convert signal s into the designated noise domain. Next, we
replaced tn’ from y},, with a one-hot vector tc, where the non-
zero element indicated that the target domain was a clean con-
dition. Then, y}. was passed through G'¥ =5 to generate an en-
hanced output with the appended one-hot vector s;.., which was
expected to approximate the ground truth s;.. A similar pro-
cedure was conducted by passing a noisy vector y;. to G¥ ~S
and subsequently to G5 to obtain y},,. Thus, the NIT-cycle-
consistency loss function can be written as:

Lnitfcyc{GY_}S) G557 Sty Sin, Ve, Yin} =
Esnrg {IGY 7G5 7Y (st0) = sicli}+ (5)

Ey~py LIGS7Y(GY 75 (yee)) = yenlln}-

3.1.2. Noise-informed-training adversarial loss

The objective of the two generators was to generate acoustic
features to deceive the corresponding discriminators. By con-
trast, the objective of a discriminator was to learn the detailed
differences between real and generated samples to avoid being

2022 13th International Symposium on Chinese Spoken Language Processing (ISCSLP) 156



= > 'z =
= =l Dol g <
S5 {23 EH8z C:512
qg |aff[® < ol K:3
o 3 = 1= .
[ Dconv | > !
C: 128 C:256 C:256  C:256 IN
K:(5,15) K:5 K:5 K: 1 GLU
S:(1,1)  S:2 S:2 S: 1 1D conv_| C: 256
_ IN K:3
= ) = S: 1
= a & @ S:
Blzia 5|2 1zi8
| [a) = (=
(o] = —|
Cil S C: 512 C: 102 C: 16896
K:(5,15) K:5 K: 5 K: 1
S:(1,1) S: 1 S:1 S: 1
(a) Generator
2l Z
= &z
C: 128 |QAIC: 256 |Q € C: 512 C: 1024 ([ C: 1
K: (3, 3) K: (3,3) K: (3,3 K: 3, 3 k: (1, 3)!
S:(1,1) S:(2,2) S:(2,2)  S:(2,2)  S:(1,1)
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Figure 1: Model architectures of (a) generator and (b) discrim-
inator in both CycleGAN and NIT-CycleGAN SE systems. The
notations “C,” “K,” and “S” represent the output channels, ker-
nel size, and stride of a convolution layer, respectively.

fooled by their generators. NIT-CycleGAN incorporated addi-
tional information about the target domain into the training pro-
cess. Similar to the original CycleGAN, two NIT-adversarial
losses were used in NIT-CycleGAN.

The NIT-adversarial loss with respect to DS and G¥ 7% is
expressed by Eq. (6) in terms of Eq. (2).

Ll

nit—adv

{D%,GY 75 510, ¥1e} = Eanpg {log[ D (sce)]}
+ By~ py {log[l — DS (GY 7S (v}

(6)
The two models, DS and GS5~Y, were optimized based on
Ll .4y, in which DS attempted to maximize £l 4.,
whereas GY S did the opposite. Notably, DS identified
the difference between the clean vector s;. and enhanced
vector s'¢. obtained by passing y:. through the generator
GY 7S, The predicted vector t¢’ in s’y served as an aux-
iliary feature for DS, Similarly, the discriminator DY and
generator GS57Y were optimized using the loss function
‘Ciitfadv{DYvGs_ysztnyytn}‘

Next, Eq. (7) describes the second NIT-adversarial loss
with respect to s¢. and Si,.
L2 0 ADS,GY 75,657 510,810} = Bonpg {log[ DS (s10)]}
+ Esnpg {log[1 — D3 (GY 75(G37Y (sen)))]},

N
where the output of G¥ 75(G57Y (s4,,))) is $tc. Eq. (7) was
used to optimize the discriminator DS. Similarly, DY was esti-
mated using L2, _.4v{DY,G37Y,GY 75 yic,yin} applied
to the minimax criterion.

3.1.3. Noise-informed-training identity-mapping loss
The NIT-identity-mapping loss function is expressed as:

S S S
Lait—1am{GY 7%, G%7Y ste, yin} = Eanpg {IIGY 7 (ste) — seclln}

+Eynpy (IG5 (yen) = yenlln}-
®)
From the NIT-identity-mapping loss function, the predicted
auxiliary vector at the generator output was expected to be iden-
tical to that of the model input.

3.2. Testing stage

In the testing stage, since the objective was to generate clean-
like enhanced speech, we assigned the one-hot vector to be
“clean” as the target domain, namely specifying tc as an auxil-
iary input. This one-hot vector was appended to each frame of

the noisy acoustic features to form extended features. Then, the
extended features were passed to the generator, producing en-
hanced features (s’ and tc’). The enhanced features were com-
bined with the phase of the noisy speech input and converted
into time-domain enhanced speech signals.

4. Experiment and Analysis

4.1. Experimental setup

We assessed the proposed NIT-CycleGAN SE system on the
Taiwan Mandarin Hearing in Noise Test dataset [31]. The
dataset contains 2,560 clean speech utterances spoken by four
male and four female speakers and was recorded at a 16-kHz
sampling rate. Among these utterances, we selected those spo-
ken by three male and three female speakers to prepare the train-
ing sets. Two training sets were prepared. For the first train-
ing set, termed “Cat-L,” 1,194 clean utterances were contam-
inated by five noises (i.e., dwashing, npark, straffic, pcafeter,
and tbus); accordingly, N = 5, as Sec. 3.1 describes, at signal-
to-noise ratios (SNRs) of —5, 0, and 5 dB. Thus, we prepared
17,910 noisy-clean training pairs. For the second training set,
we split 1,194 clean utterances into two parts, and the contents
of the utterances in these two parts are different. Based on the
first 597 clean utterances, we used the same five noise types to
generate 8,955 (597 x 5 x 3) noisy utterances at —5, 0, and
5 dB SNRs. The remaining 597 clean recordings along with
the 8,955 noisy utterances were combined to form the second
training set, termed “Cat-S.” Notably, the data size of “Cat-
L is larger than that of “Cat-S,” and the contents of clean and
noisy utterances are different for “Cat-S.” We assessed the per-
formance of CycleGAN and NIT-CycleGAN SE systems us-
ing both “Cat-L” and “Cat-S” training sets. The testing set
was prepared using 240 clean utterances spoken by the other
male and female speakers. Each utterance in the testing cor-
pus was deteriorated by the five noise types used in the training
data (matched conditions) and seven unseen noise types (tmetro,
tcar, spsquare, pstation, presto, ooffice, and nfield) at SNRs of
-5, 0, and 5 dB (mismatched conditions). Consequently, 8,640
noisy utterances were used for the evaluation. Here, all the noise
sources used were collected from DEMAND [32].

The frame size and hop length were set at 32 ms and 16 ms,
respectively, to apply the short-time Fourier transform to con-
vert speech waveforms into 257-dimensional spectral features.
Fig. 1 shows the detailed model architectures for the generators
and discriminators, where GLU, SiLU, IN, and PS represent
the gated linear units, sigmoid linear units, instance normaliza-
tion, and pixel shuffling processes, respectively. All networks
were trained for 600 epochs using the adaptive moment estima-
tion (Adam) optimizer with beta values of 0.5 and 0.999. The
learning rates were 0.0002 and 0.0001 for the generators and
discriminators, respectively.

Four objective metrics were used to assess the proposed
system: (1) perceptual evaluation of speech quality (PESQ)
[33], (2) mean opinion score (MOS) prediction of speech sig-
nal distortion (CSIG) [34], (3) MOS prediction of the intrusive-
ness of background noise (CBAK) [34], and (4) MOS prediction
of the overall effect (COVL) [34]. The score range of PESQ
is [—0.5, 4.5], whereas those of CSIG, CBAK, and COVL are
[1, 5]. Higher scores for PESQ, CSIG, CBAK, and COVL indi-
cate better sound quality, lower signal distortion, residual noise,
and overall rating, respectively.

4.2. The Cat-L training set

In this subsection, both CycleGAN and NIT-CycleGAN mod-
els were trained on the “Cat-L” training set and assessed
on the same testing set. Table 1 presents the average
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CBAK, COVL, CSIG, and PESQ scores for noisy speech
(denoted as “Noisy”), enhanced utterances using CycleGAN
(denoted as “CycleGAN-L”), and NIT-CycleGAN (denoted
as “NIT-CycleGAN-L"). From the table, CycleGAN-L and
NIT-CycleGAN-L demonstrate improved scores over Noisy,
whereas NIT-CycleGAN-L outperformed CycleGAN-L in
terms of CBAK, COVL, and CSIG evaluation metrics. The re-
sults suggest that by applying the NIT approach, CycleGAN
could improve its performance in matched testing conditions.

Next, we list the average CBAK, COVL, CSIG, and PESQ
scores of Noisy, CycleGAN-L, and NIT-CycleGAN-L assessed
under mismatched testing conditions in Table 2. From the table,
we observe that all evaluation scores of the CycleGAN-L and
NIT-CycleGAN-L approaches outperformed those from Noisy,
confirming the effectiveness of the CycleGAN-based architec-
ture of SE on the unseen noisy types. Also, NIT-CycleGAN-L
yielded higher scores than CycleGAN-L in terms of the CBAK,
COVL, and CSIG evaluation metrics, again confirming the ef-
fectiveness of the NIT approach for CycleGAN with unpaired
noisy—clean training data.

4.3. The Cat-S training set

Next, we investigate the performance of CycleGAN and NIT-
CycleGAN SE systems, trained on “Cat-S” and assessed on
matched and mismatched testing sets. Table 3 lists the average
CBAK, COVL, and CSIG scores for Noisy, enhanced speech
by CycleGAN (“CycleGAN-S”) and by NIT-CycleGAN (“NIT-
CycleGAN-S”) for the 12 noise conditions. The table shows
that NIT-CycleGAN-S outperformed CycleGAN-S in all eval-
uation metrics, confirming the advantage of the NIT approach
for CycleGAN on the SE task.

4.4. Discussion

4.4.1. Noise level

In Fig. 2, we compared (a) CycleGAN-S with NIT-CycleGAN-
S and (b) CycleGAN-L with NIT-CycleGAN-L on different
SNR levels. We report the performances of these SE systems
in terms of the PESQ metric. Fig. 2 (a) and (b) show the noisy
results as the baseline. From both figures, all CycleGAN-based
SE systems generated utterances with higher quality than Noisy
under each SNR condition. Additionally, along the x-axis (dB),
the results of NIT-CycleGAN-S are consistently higher than

Table 1: Evaluation scores for Noisy, CycleGAN-L, and NIT-
CycleGAN-L under matched conditions.

CSIG CBAK COVL PESQ
Noisy 2.986 1.916 2268  2.353
CycleGAN-L 3.312 2.456 2633 2721
NIT-CycleGAN-L 3.371 2.469 2.667 2718

Table 2: Evaluation scores for Noisy, CycleGAN-L, and NIT-
CycleGAN-L on mismatched conditions.

CSIG CBAK COVL PESQ
Noisy 2.854 1.810 2.071 2.249
CycleGAN-L 3.249 2.374 2553 2.650
NIT-CycleGAN-L | 3.308 2.389 2.588  2.648

Table 3: Evaluation scores for Noisy, CycleGAN-S, and NIT-
CycleGAN-S under all testing conditions.

CSIG  CBAK COVL PESQ
Noisy 2009 1854  2.153 2293
CycleGAN-S 3.089 2260 2418 2.614
NIT-CycleGAN-S | 3.335 2400  2.602 2.679

PESQ - Noisy PESQ ;
2.850 o CycleGAN-S 2.850

2.550 fon NIT-CycleGAN-S 2.550 =
2250 i = x- - CycleGAN-L 2.250 tom

NIT-CycleGAN-L

1.950 1.950

[} | |

-5 0 5(gB) 50 S(dB)
(a) (b)

Figure 2: PESQ values of (a) Noisy, CycleGAN-S and NIT-

CycleGAN-S along with (b) Noisy, CycleGAN-L and NIT-

CycleGAN-L at —5, 0, and 5 dB SNRs.

Z,E(ZESSQ : CycleGAN SE

5 650 NIT-CycleGAN SE

2.625

S eop L ®) © @

(a) CycleGAN-L (b) CycleGAN-S

(¢) NIT-CycleGAN-L (d) NIT-CycleGAN-S
Figure 3: Mean PESQ values for (a) CycleGAN-L, (b)
CycleGAN-S, (c) NIT-CycleGAN-L, and (d) NIT-CycleGAN-S
on all noisy conditions. The blue and red bars represent the
quality scores obtained individually from the CycleGAN- and
NIT-CycleGAN-based SE systems, respectively.

those of CycleGAN-S in Fig. 2 (a), and comparable PESQ
values between NIT-CycleGAN-L and CycleGAN-L are ob-
served in Fig. 2 (b). When comparing the results of “Cat-S”
and “Cat-L” training sets, we note the advantage brought by the
NIT approach was clearer when a smaller training set was avail-
able.

4.4.2. Generalization capability

We then report the generalization capability of the pro-
posed NIT-CycleGAN. Fig. 3 shows (a) CycleGAN-L, (b)
CycleGAN-S, (c) NIT-CycleGAN-L, and (d) NIT-CycleGAN—
S, wherein the x-axis represents the applied SE systems and the
y-axis being the PESQ values. For each SE system, the qual-
ity scores were calculated by averaging the values for all the
noise conditions. In Fig. 3, the quality difference between
CycleGAN-L and CycleGAN-S is larger than that between
NIT-CycleGAN-L and NIT-CycleGAN-S. The difference be-
tween NIT-CycleGAN-L and NIT-CycleGAN-S is marginal.
The results suggest that the NIT approach could increase the
generalization capability of CycleGAN, which enabled it to
achieve good performance even with a small amount of train-
ing data.

5. Conclusion

This study discussed a potential limitation of the CycleGAN-
based SE system and proposed a novel NIT-CycleGAN. The
experimental results showed that by incorporating the informa-
tion of the target domain during training, NIT-CycleGAN could
yield improved performance over CycleGAN for larger and
smaller training sets under both matched and mismatched test-
ing conditions. Additionally, we promoted CycleGAN SE by
concatenating target-domain indicators with noisy input with-
out changing the model architectures. The results verified the
advantage of the increased generalization capability using the
NIT approach. In the future, we will explore the incorporation
of various target attributes, such as SNR and speakers, to fur-
ther improve the CycleGAN SE. Meanwhile, we will explore
the use of other model architectures for NIT-CycleGAN.
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