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Abstract

Most deep learning-based speech enhancement (SE) models
are supervised, requiring pairs of mixture and clean speech
for training. This poses great challenges for real-world SE
applications. Addressing this limitation is very crucial. In
this paper, we introduce QMixCAT, an innovative unsupervised
SE approach that enables unsupervised mixtures to be trained
in a supervised manner within a teacher-student framework.
Specifically, we propose a quality-guided signal mixing (QMix)
approach to generate noisy-mixture-based supervised training
data. Then, the model is trained using these data in a teacher-
student framework, iteratively incorporating the QMix process
during each epoch. In addition, a competitive alternating model
training (CAT) mechanism is further proposed to enhance the
quality of both teacher and student models. Experimental re-
sults demonstrate that QMixCAT significantly outperforms the
strong baselines across multiple evaluation metrics.

Index Terms: speech enhancement, unsupervised training,
QMixCAT

1. Introduction

Speech Enhancement (SE) technology is designed to profi-
ciently isolate and reconstruct clear speech signals from mix-
ture speech inputs. Its significance extends beyond just improv-
ing audio experiences, serving as a crucial front-end processor
across diverse domains such as robust speech recognition, hear-
ing aid technology, and speaker recognition. Classical speech
enhancement methods[1, 2] rely on certain assumptions about
the statistical properties of the analyzed signal, aiming to esti-
mate the original speech signal masked by noise or other inter-
ferences using mathematical criteria. Although these methods
are easy to implement, they cannot always achieve the satisfied
performance in the non-stationary noise environment and often
introduce musical noise because they do not make best use of
prior information with respect to the speech and noise.
Therefore, in recent years, data-driven supervised deep
learning methods have emerged as a more effective approach
for speech enhancement, in which network structures[3, 4, 5,
6, 7, 8], loss functions [9, 10, 11, 12] and training strate-
gies [13, 14, 15, 16] are discussed. However, the success
of these methods heavily relies on a large amounts of paired
clean and noisy mixture speech training data. During train-
ing, clean speech is typically mixed with noise to synthesize
mixture speech, with clean speech serving as the target for net-
work training. Although these methods have achieved excel-
lent performance in many tasks, they may still fail in practical
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real-world scenarios, because 1) collecting clean speech in real-
world environments is problematic due to high recording costs
and poor convenience. Unlike images, speech signals are easily
contaminated by ambient noise; 2) replicating all relevant fac-
tors in a controlled studio environment, such as recording equip-
ment, mouth-to-microphone distance, and the Lombard effect
to generate various clean signals is impractical. Therefore, the
unavoidable acoustic mismatch between training and real-world
data significantly degrades the performance of speech enhance-
ment. Moreover, mixture speech with changing noisy environ-
ments occurs everyday, it is impossible to annotate and obtain
clean speech signals for model training’s targets in advance.

Many works have been recently proposed to improve the
unsupervised speech enhancement performance. For instance,
the MetricGAN-U [17] focused on optimizing the non-intrusive
speech quality metric DNSMOS[18], by leveraging the discrim-
inator ability of generative adversarial networks. RemixIT in
[19] proposed simply remixing the estimated clean and noise
signals of noisy mixture training samples in a continuous self-
training way using a teacher-student framework, however, the
quality of remixed training data pairs heavily replies on the fixed
pre-trained teacher model. From another perspective, the NyTT
[20], employing a noisy-target training paradigm, eliminates the
necessity of acquiring clean speech and can also be viewed as
an unsupervised speech enhancement approach. This method
introduces extraneous noise to the noisy mixture speech and
utilizes the noise-added signal and the original mixture speech
as model input and target, respectively. While NyTT shows
competitive performance, it performs well only when the ex-
traneous noise is close to the true in-domain noise contained
in the training/test mixture speech. As an enhanced version of
NyTT, the Ny/EnhTT [21] incorporated the idea of RemixIT
and a teacher/student inference strategy to obtain the final pre-
dicted clean speech, however, the two-pass inferencing makes it
low efficiency and increases real-time factors, thus limiting its
practicality.

Motivated by the array of existing unsupervised speech en-
hancement methods, in this study, we propose a novel unsuper-
vised training scheme, termed QMixCAT, aimed at enhancing
performance in real-world scenarios. Our contributions can be
summarized as follows:

¢ Introducing an integrated framework, QMixCAT, designed
to enable supervised training of unsupervised noisy mixtures
within a dynamically updating teacher-student framework.

* Proposing a Quality-guided Signal Mixing (QMix) to itera-
tively generate three distinct types of supervised training data
from noisy mixtures. This approach makes the model to learn
a diverse range of background acoustic characteristics under
a reliable confidence pseudo-label condition.
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Figure 1: An overview of the proposed QMixCAT.

¢ Dynamically exchanging the parameters of teacher and stu-
dent models during training, using a novel Competitive Al-
ternating Model Training (CAT) mechanism. This mecha-
nism implicitly enhances the self-regularization ability of the
teacher-student framework, thereby improving the QMix pro-
cess and final system performance.

2. QMixCAT Method

2.1. Overall Framework

The overall framework of our proposed QMixCAT is illustrated
in Fig.1. This framework operates within a teacher-student
paradigm, involving two main modules: the Quality-guided
Signal Mixing (QMix) and the Competitive Alternating Model
Training (CAT).

The QMix contains four main operations: the standard
noisy mixture enhancement, followed by a speech quality mea-
sure, a data selection step, and two different signal remixing
techniques. All the last three operations ensures both the qual-
ity of pseudo-targets and the diverse coverage of acoustic back-
grounds across all synthesized training data pairs. The CAT
module is designed to provide better teacher model for enhanc-
ing the noisy mixtures, thus ultimately improving the QMix.
During each epoch of model training, both the QMix and CAT
processes are performed. These two processes complement and
reinforce each other, thus improving the entire teacher and stu-
dent model training dynamically. Technical details of the pro-
posed QMix and CAT are presented in the following sections.

2.2. Quality-guided Signal Mixing

As discussed in [22], reliable pseudo-labels are crucial for the
teacher-student model training. Using low-quality enhanced
speech as the training targets for the student model will sig-
nificantly reduce the model’s discriminative modeling ability
of speech and noise. Similarly, studies in the field of com-
puter vision, such as [23] and [24], also emphasize the im-
portance of confidence estimation of teacher model predictions.
Therefore, unlike RemixIT [19], which directly employs the en-
hanced speech as pseudo-targets for remixing, in this section,
we propose a novel approach called Quality-guided Signal Mix-
ing (QMix) to filter all the training data of student model. It
ensures the quality of pseudo-targets while also providing di-
verse acoustic background coverage for the synthesized data
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pairs through remixing.

The whole details of the proposed Quality-guided Signal
Mixing is illustrated in the dashed box of Fig.1. Standard
Noisy Mixture Enhancement: Given the pre-trained teacher
model M, a pre-trained DNSMOS model M p, and the unsu-
pervised noisy mixture speech training dataset Dps. We first
perform the standard speech enhancement of Dy to get the
pairs of estimated speech D¢ and noise D g datasets as:

(Dg, Dg) = Mr (D) (1)

Speech Quality Measure: For each estimated speech sam-
ple in Dg, we then perform the speech quality measure to pro-
duce a confidence score ¢(-) for measuring its quality, using

] Nactive
q(Dg) =
( S) Nacti'ue + Ninactive

where Ngctive and Nipactive represent the number of active
and non-active frames in the ¢-th (¢ = 1,..., N) enhanced
speech signal Dg that evaluated by rVAD [25], and M p (Dg)
is the DNSMOS score estimated by the pre-trained DNSMOS
model M p. The rAVD in [25] is an open-sourced digital signal
processing-based method that used to detect speech and non-
speech segments within a signal. Here, we use it to attenuate
the impact of silent segments in the enhanced speech, aiming to
obtain quality scores specifically for the speech portions. DNS-
MOS is a neural network-based non-intrusive speech quality
evaluation metric provided by Microsoft. It is utilized to assess
various Deep Noise Suppression (DNS) methods and is trained
using ground truth human ratings obtained from ITU-T P.808
[26]. The scale ranges from 1 (poor) to 5 (excellent).

Data Selection: Given the confidence score g(-) of all the
enhanced speech in Dg, we then produce a high-quality en-
hanced speech set D ) with K samples using the following
criterion,

Mp(D3)

(@)

3

where ¢, is a pre-defined tunable confidence threshold. Based
on Déh’ it’s easy to obtain its corresponding noise set D w0,
and the selected noisy mixture set Dy, , by picking the same
K samples from D g and D) with indexes that are tied to Dg
and satisfy the Eq.(3), respectively.

Two Remixing: Based on the three selected signal datasets
(Dwmy,, Dg, , Dy, ), two different types of remixing are first

Dg, ={Dj | q(Ds) > qun,i=1,..., N}



performed to synthesize two new training data pairs with
pseudo-targets. Specifically, as illustrated in Fig.1, during
each training epoch, we randomly sample a batch of data
(Mh,éh,Nh) from (DMh,DSh,DNh), respectively, then,
two remixing operations are performed to obtain bootstrapped
mixtures R, Rs according to Eq.(4),

Ry = My, + P1Ny,

N - C))
Rs = Sn +P2Ny
where R, Rs € RP*”, B is the batch size, T is the sample
length. P; and P2 are two permutation matrixes that shuffle
the predicted noise in the current batch.

Finally, after two remixing operations, we then concatenate
(Rm, Rs, Mp) and (Mhp, Sh, Sn) to obtain the training data
X with its corresponding pseudo-targets Y for the training of
student model Mg as,

X = concat(Rm, Rs, Mn) € REXBIXT

A A (©)
Y = concat(Mn, Sh, Sn) € REBXBIXT

2.3. Competitive Alternating Model Training

For a teacher-student framework based unsupervised speech en-
hancement, the performance of teacher model is very important
for generating high-quality pseudo labels. How to continuously
improve the performance of the teacher model while training
the student model is a question worth considering.

In this study, we propose a Competitive Alternative Model
Training (CAT) that enables the mutual promotion of teacher-
student model training and QMix processes. The motivation
behind this lies in the understanding that a high-quality teacher
model yields superior pseudo-targets, consequently improving
the synthesis of training data by QMix. Training on superior
synthesized data subsequently leads to the development of a
better model. The specific principle of CAT is as follows.

After each current epoch of training, the performance of
both teacher model M and student model M s on the valida-
tionset Vs = {xﬁ, }ii”l is evaluated using the DNSMOS model
Mp as

N,
Pr= 1> Mp(Ma(ah)

voi=1

i | ®)
Ps = A ;MD(MS(%))

where Pr, Ps represents the average DNSMOS score on Vs
of the teacher and student model, respectively. Then, we ex-
change the parameters of the two models before the next epoch
of training begins when Ps > Pr. Using this DNSMOS per-
formance competitive mechanism to exchange teacher and stu-
dent model parameters can bring more diversity to the QMix
process of each epoch of model training. Furthermore, as the
model undergoes iterative training, the alternating model itera-
tions with QMix also contribute to a level of self-regularization
in teacher-student model training, thereby ultimately enhancing
system performance.

3. Experiments and Results

3.1. Datasets

To compare the proposed QMixCAT with other existing meth-
ods, we use the publicly available VoiceBank-DEMAND
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dataset [27] in our experiments. The original training sets
(11572 utterances) consisted of 28 speakers with four signal-to
noise ratios (SNRs) (15, 10, 5, and 0 dB). We randomly selected
two speakers (p276 and p286) from this set to form a validation
set (905 utterances). The test sets (824 utterances) consisted
of two speakers with four SNRs (17.5, 12.5, 7.5, and 2.5 dB).
In addition, we use the WHAMR [28] dataset as an extraneous
noise set to train the initial pre-trained teacher model. All data
for training and testing are resampled to 16kHz.

3.2. Model

The recently proposed Band-split RNN (BSRNN) [29] is taken
as all our model architecture because it is a state-of-the-art
model and has achieved excellent performance in various real-
time speech enhancement tasks. It contains a band split module,
a band and sequence modeling module, and a band merge mod-
ule. In band split module, we split the spectrogram into 31 sub-
bands, including one 50Hz bandwidth, ten 100 Hz bandwidth
subbands, twelve 250Hz subbands, and eight 5S00Hz subbands.
A five-layer band and sequence modeling module with 128 di-
mensional LSTM is used in our system. The band merge mod-
ule uses the 256-dimensional MLP with Tanh activation func-
tion and a gated linear unit (GLU) output layer. In this work,
both teacher and student models utilize the same BSRNN struc-
ture. We train these models by minimizing the average loss
function, which consists of a spectrogram loss Lgpec from [30]
and a multi-resolution (MR) spectrogram loss £sr from [31].

3.3. Configurations

We use the Hanning analysis window for STFT and set the win-
dow length and shift to 32 ms and 8ms. We train all models
with Adam optimizer, 200 epochs on 3-second long segments,
and the initial learning rate is set to 0.001. We randomly chose
an SNR between -5 and 5 dB when mixing two signals. For
a fair performance comparison, we build two strong unsuper-
vised SE baselines, one is the NyTT [20] and the other is the
recently proposed RemixIT [19]. Both the initial pre-trained
teacher models of RemixIT and our QMixCAT are trained from
VoiceBank-DEMAND (noisy mixture speech) and WHAMR
(extraneous noise) datasets using NyTT. When evaluating the
proposed QMixCAT method, we use the final teacher model to
test the results. Six evaluation metrics are used, including the
PESQ [32], SISNR [33], DNSMOS scores [18] and the CSIG,
CBAK, and COVL [34].

Table 1: Overall performance comparison between the base-
lines and our QMixCAT on VoiceBank-DEMAND test set.

ID Method PESQ | SISNR | CSIG | CBAK | COVL | DNSMOS
Al noisy 1.97 8.45 3.34 2.45 2.63 3.054
A2 NyTT 2.40 10.84 3.57 2.80 297 3.261
A3 | RemixIT 241 11.24 3.59 2.84 298 3.229
A4 | QMixCAT | 2.66 14.40 3.74 3.05 3.18 3.340

3.4. Results and Discussions

Table 1 shows the overall performance comparison between our
proposed QMixCAT and two strong baselines. The results show
that RemixIT achieves slightly better performance than NyTT.
However, the proposed QMixCAT outperforms both NyTT and
RemixIT significantly across all six evaluation metrics, espe-
cially the notable 0.25 improvement in PESQ and 3.16 dB im-
provement in SISNR.

Table 2 compares the proposed QMixCAT with various



Table 2: PESQ achieved by various existing (un)supervised SE
methods on VoiceBank-DEMAND test set.

Need clean (c),
1D Method PESQ | Unsupervised? noise (n), or
noisy (N) for training?
Bl SEGAN [35] 2.16 X
B2 MetricGAN [36] 2.86 X N.n.c
B3 BSRNN|29] 3.14 X
B4 MP-SENet [37] 3.50 X
BS MMSE [2] 2.19 v No
B6 Wiener [1] 222 v No
B7 NyTT [20] 2.30 v N,n
B8 Ny/EnhTT [21] 2.37 v N
B9 | MetricGAN-U (full)[17] 2.13 v N
A4 QMixCAT 2.66 v N

previous supervised and unsupervised methods. Systems Bl
to B4 are classical or state-of-the-art supervised SE methods,
while BS to B9 are existing unsupervised SE methods, among
which MMSE and Wiener are traditional signal processing-
based methods that do not require any training data. It is worth
noting that the results of B7 are slightly worse to A2 (in Table 1)
that implemented by ourselves, which may be attributed to the
excellent performance of the BSRNN model. When comparing
these unsupervised methods, it is evident that our QMixCAT
achieves the best PESQ and is capable of approaching or sur-
passing certain supervised methods, which is not trivial.

Table 3: Ablation Experiments. “Rs-only’ means performing
only one remixing operation, training the student model using
the data pair (R, Sn).

ID | TopP%of Dg PESQ | SISNR | CSIG | CBAK | COVL | DNSMOS
Cl1 P=20 243 14.52 3.15 2.95 2.76 3.337
C2 P=50 2.66 14.40 3.74 3.05 3.18 3.340
C3 P=70 2.51 15.59 3.47 3.00 2.98 3.271
C4 P=100 2.55 11.30 3.63 2.88 3.07 3.297
C5 | P=50 (w/o CAT) | 2.44 11.02 3.61 2.84 3.01 3.249
C6 | P=50 (Rs-only) 1.96 15.69 1.47 2.70 1.57 3.504

Table 3 shows ablation results in three aspects: C1 to C4 ex-
plored the effect of four different proportions of data selection
in QMix process; C2 and C5 compared the effectiveness of the
proposed CAT; C6 investigated the impact of using only the R.g
dataset. Observations from Table 3 can be summarized as: 1)
Results of C1 to C4 indicate that QMixCAT with data quality-
selection is crucial, and C2 with P = 50% (A4 in Table 1)
achieves the best results; 2) Results of C5 are much worse than
C2 in all evaluation metrics proved the substantial effectiveness
of the proposed CAT mechanism; 3) Comparing C2 with C6,
we see that incorporating three different types of synthesized
training data in QMixCAT may provide a wider acoustic back-
ground characteristics coverage than the R s-only.

In addition, we see that C6 achieved maximum values in
SISNR and DNSMOS while the PESQ is 0.7 lower than that
of C2, indicating a significant difference. This may be due to
the problem of over suppression when only R s-only is used for
model training, as the DNSMOS model may also assign high
scores to speech samples that exhibit over suppression, while
their PESQs are typically not very high. If these speech samples
with over suppression are used as training targets for the stu-
dent model, it will inevitably introduce bias into the model, and
the positive feedback effect inherent in QMixCAT will further
amplify this bias. Fig.2 illustrates this over-suppression phe-
nomenon in spectrograms of the same noisy mixture enhanced
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Figure 2: Spectrograms of clean speech (a), mixture speech (b),
OMixCAT (c) and QMixCAT (Rs-only) (d), with the 0-4 kHz
portion cropped from an 8 kHz signal.
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Figure 3: DNSMOS distribution on the validation set of
VoiceBank-DEMAND during QMixCAT model training.

by C2 and C6.

Fig.3 presents the DNSMOS distribution for both the
teacher and student models on the validation set during QMix-
CAT model training, with red rectangle markers denoting pa-
rameter exchange between the models at the end of each epoch.
It is evident that a positive feedback loop occurs during train-
ing, where the performance improvement of the student model
is accompanied by corresponding enhancements in the teacher
model. The CAT with parameter exchange effectively promotes
the training of two models.

4. Conclusion

In this study, we propose QMixCAT, a novel unsupervised
speech enhancement training approach. By iteratively in-
tegrating the proposed Quality-guided Mixture (QMix) and
Competitive Alternating Training (CAT) during the training
process, QMix and CAT collaborate to enhance the quality
of pseudo-targets and increase the diversity of synthesized
training data. This mutual reinforcement implicitly promotes
the self-regularization of the teacher-student model training
to some extent, thereby improving the final system perfor-
mance. Experimental results demonstrate that our approach
significantly outperforms many existing unsupervised speech
enhancement training methods. In the future, we will fo-
cus on utilizing more speech corpora, including real-world
datasets, to train the enhancement network. Our source code,
some mixture and enhanced speech samples, can be found at
https://github.com/wslbeck/QMixCAT.
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