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Abstract

Recently, a variational autoencoder (VAE)-based single-channel
speech enhancement system using Bayesian permutation training
has been proposed, which uses two pretrained VAEs to obtain
latent representations for speech and noise. Based on these pre-
trained VAEs, a noisy VAE learns to generate speech and noise
latent representations from noisy speech for speech enhancement.
Modifying the pretrained VAE loss terms affects the pretrained
speech and noise latent representations. In this paper, we inves-
tigate how these different representations affect speech enhance-
ment performance. Experiments on the DNS3, WSJ0-QUT, and
VoiceBank-DEMAND datasets show that a latent space where
speech and noise representations are clearly separated signifi-
cantly improves performance over standard VAEs, which produce
overlapping speech and noise representations.

1 Introduction

The goal of speech enhancement is to remove background noise
from noisy speech signals, thereby improving speech intelligibil-
ity and speech quality. Recently, several generative models, e.g.
based on the variational autoencoders (VAEs)[1-9], generative
adversarial networks[10-14], and diffusion models[15-18], have
been proposed for speech enhancement. VAEs, consisting of an
encoder and a decoder, aim to model high-dimensional data dis-
tributions and are typically trained by maximizing the evidence
lower bound (ELBO)[19]. The encoder extracts the informa-
tion of the input data into latent representations, while the de-
coder reconstructs the data from the latent representations. VAEs
have been used in several speech processing tasks to learn inter-
pretable latent representations. For example, in voice conversion,
VAEs have been used to disentangle spoken content and speaker
identity[20-22], while in speech synthesis, VAEs have been used
to disentangle prosody, content, acoustic details and timbre[23].

Since the VAE framework facilitates efficient posterior infer-
ence and reliable reconstruction, several VAE-based approaches
have been proposed for single-channel speech enhancement. In
[1-5], VAEs have been combined with non-negative matrix fac-
torization (NMF) to model speech and noise. Since NMF may
limit performance compared to deep learning models, in [6, 7] a
Bayesian permutation training (PVAE) speech enhancement sys-
tem has been introduced (see Fig.1), which uses two pretrained
VAE:s to extract latent representations for clean speech (CVAE)
and noise (NVAE). A third VAE, noisy VAE (NSVAE), learns
to generate latent clean speech and noise representations from a
noisy speech by learning the latent speech and noise distributions
of the pretrained CVAE and NVAE. In inference, the NSVAE en-
coder and the CVAE and NVAE decoders are then used to es-
timate clean speech from noisy speech. In subsequent work, the
performance of the PVAE system has been improved by using ad-
versarial training [8] and by adopting the more advanced DCCRN
network architecture [9].

In this paper, we consider the PVAE system from [7] and fo-
cus on latent speech and noise representations from the pretrained
CVAE and NVAE. Because the latent representations from the
pretrained VAEs guide the behavior of the NSVAE encoder and
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Figure 1: Overview of the PVAE system, consisting of two pre-
trained VAEs, i.e. clean speech VAE (CVAE) and noise VAE
(NVAE), and the noisy VAE (NSVAE).

are hence crucial in estimating clean speech, we investigate the
influence of different pretrained speech and noise latent repre-
sentations. Instead of using the standard VAE and ELBO loss as
in [6, 7] for the pretrained VAEs, we propose to use the Disen-
tangled Inferred Prior VAE (DIP VAE) [24]. Since each term in
the DIP VAE loss affects the latent representations, we investi-
gate several modifications of the DIP VAE loss for the pretrained
VAESs and explore how different latent representations influence
speech enhancement performance. Through experiments on a
matched dataset (DNS3) and two mismatched datasets (WSJO-
QUT, VoiceBank-DEMAND), we demonstrate that the latent rep-
resentations from the pretrained VAESs significantly influence the
speech enhancement performance of the PVAE system. Specifi-
cally, a latent space where pretrained clean speech and noise rep-
resentations are clearly separated improves performance in both
matched and mismatched datasets. In contrast, using the standard
VAE as in [7] for the pretrained VAEs turns out to be suboptimal,
as it produces overlapping speech and noise representations in the
latent space.

2 VAE-based Speech Enhancement

In this section, the PVAE speech enhancement system from [7]
is reviewed. After presenting the signal model, the training of
different VAEs and the inference process are described in more
detail.

2.1 Signal Model

The PVAE system performs speech enhancement in the short-
time Fourier transform (STFT) domain. In the STFT domain, the
observed noisy speech Y,, € CI" at the time frame n € [1, N],
where N and F' denote the number of time frames and frequency
bins, is given by

(e))

where X,, € CI" and V,, € C¥ denote clean speech and noise,
respectively. The log-power spectrum (LPS) of the noisy speech
is defined as

Y, =X, +Vy,

Yn :10g10\Yn\2, (2)

where | - | denotes the magnitude (element-wise) and x,, and vy,
are defined similarly. For simplicity, the time frame index n is
omitted in the following description.
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In [7], y is assumed to be generated from a random process
involving the speech latent representation z,, € R and the noise
latent representation z,, € R”, where L denotes the dimension
of the latent representations. The prior distributions for the la-
tent representations z, and z,, are denoted as p(z,) and p(z,).
The generation processes of x and v from z, and z, are de-
scribed by the likelihoods pg,_ (x|z;) and pg, (V|2 ), and z; and
Z, can be sampled from the speech and noise posterior distri-
butions g4 (z|x) and gy, (zy|Vv). Assuming that the above-
mentioned distributions are estimated by VAEs, ¢, and 0, de-
note the encoder and decoder parameters of the clean speech VAE
(CVAE), while ¢, and 0,, denote the encoder and decoder pa-
rameters of the noise VAE (NVAE). Assuming z, and z, to be
independent, z,, and z, can also be sampled from the noisy pos-
terior distribution, g4, (2z,20|y) = ¢4, (22|y)ag, (zv]y), where
¢y denotes the encoder parameters of the noisy VAE (NSVAE).
In the following, the encoder and decoder parameters are omitted
for simplicity.

2.2 System Description

In the causal PVAE speech enhancement system (see Fig.1), the
CVAE and NVAE are pretrained models that extract latent repre-
sentations for clean speech x and noise v. The NSVAE aims at
disentangling speech and noise latent representations from noisy
speech y, which can then be used for speech enhancement.

Pretrained VAEs: The CVAE and NVAE are independently
pretrained in an unsupervised manner using the standard VAE
loss, i.e. maximizing the ELBO [19],

3
“

where E denotes expectation and KL(-||-) denotes the Kullback-
Leibler (KL) divergence. In [7], it is assumed that the posterior
distribution and the likelihood for the CVAE follow a multivariate
Gaussian distribution with a diagonal covariance matrix, i.e.

a(z2lx) = N (kg diag(e?,)),
p(xlz2) = N (o, diag(a3,))

where the mean and variance vectors p —and aé are the out-

Eg(z, |x) l0gp(x|22)] — KL(q(22|%)[|p(z2)),
IE:q(zv [v) [lng(V‘ZU)] - KL(Q(ZU |V) ||p(Z’U))7
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puts of the CVAE encoder, and pg, and a'ér are the outputs of

the CVAE decoder. The prior distribution p(z) is assumed to
be a centered isotropic multivariate Gaussian p(z,) = N(0,I),
where I denotes the identity matrix. The reparameterization trick
[19] is used to sample z, from g(z;|x) to approximate the in-
tractable expectation in (3). For the NVAE, similar distributions
are assumed as in the CVAE, but these are not explained in detail
here.

Noisy VAE: The NSVAE is trained under the supervision of
the pretrained CVAE and NVAE. In [7], it has been proposed
to only train the NSVAE encoder and discard the NSVAE de-
coder. The NSVAE encoder takes the noisy speech y as input
and generates the speech and noise latent representations z,, and
z,. Aiming at making the posterior distributions ¢(z,|y) and
q(zy|y) from the NSVAE encoder similar to the posterior dis-
tributions ¢(zz|x) and q(z,|v) from the pretrained VAEs, the
NSVAE is trained by minimizing the loss

KL (q(z2|y)lla(zz (%)) + KL (q(z0|y)lla(z0[v)). (D)
Similar to (5), the posterior distributions estimated from the en-
coder of NSVAE are assumed to follow a multivariate Gaussian
distribution, i.e.

3
&)

where the mean vectors s - and pg, . and the variance vectors

a(zaly) = N (s, diag(a3, ).

a(zly) = N (g, diag(03 ),

o-iw and o-éyv are the outputs of the NSVAE encoder. The repa-
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rameterization trick is also used here to sample speech and noise
latent representations z, and z,. Assuming that the sampled la-
tent representations from the posterior distributions ¢(z,|y) and
q(zy|y) are close to the latent representations from ¢(z,|x) and
q(zy|v), the sampled latent speech and noise representations from
the NSVAE encoder are then used as inputs to the CVAE decoder
and the NVAE decoder, respectively. The mean vectors gy, and
pg, from the CVAE and NVAE decoders are used as the esti-
mates of the speech and noise LPS % and ¥. Finally, the clean
speech STFT is estimated by applying a real-valued mask to the
noisy STFT, i.e.
X = &
IX|+[VI
where [X| = 10%/2 and | V| = 10%/2,

Y, (10)

3 Loss Function for Pretrained VAEs

By training the NSVAE using (7), the latent representations z,;
and z, from the NSVAE are close to the latent representations
z, and z, from the pretrained VAESs, such that the pretrained
VAEs play a crucial role in the complete speech enhancement
system. In this paper, we investigate the influence of different la-
tent speech and noise representations of the pretrained VAEs on
speech enhancement performance, while keeping the training of
the NSVAE unchanged. Instead of training the CVAE and NVAE
using the standard VAE loss in (3) and (4), we propose to train
the CVAE and NVAE using the DIP VAE loss [24]. DIP VAE
was proposed to learn disentangled representations, which may
offer several advantages such as transferability and interpretabil-
ity [25].

Since the pretrained CVAE and NVAE both use the same DIP
VAE loss, in the following we will use z to represent z,, and z,,,
and s to represent x and v. To learn disentangled representations,
DIP VAE assumes that all elements of the latent representation z
are uncorrelated with each other. This is achieved by matching
the covariance of the marginal distribution ¢(z)=/q(z|s)p(s)ds
with the covariance of the prior distribution p(z)=N(0,I). Ac-
cording to the law of total covariances, covariance of ¢(z) can be
written as

Covy(z) (2] =Eg(z) {(z—Eq@[z]) (Z_Eq(@[z])q
=Eps) (COVq(z\s)[Z]) +Covpy) <Eq(z|s)[z}> (12)

—Ey(s) |diag(o?)|+ Covye) (1), (13)

an

where o2 and g are the outputs of the VAE encoder, and p(s)
denotes the probability distribution of the input signal (omitted
in the following for simplicity). Since E[diag(c?)] is a diag-
onal matrix, the off-diagonal elements in Covq(z)[z} only come
from Cov(p). In [24], two DIP VAE loss functions were in-
troduced: DIP-VAE-2 aims at matching Covy(,)[z] to the iden-

tity matrix, while DIP-VAE-1 neglects E[diag(o?)] and aims at
matching Cov(u) to the identity matrix '. This is achieved by
penalizing the off-diagonal elements of Cov(gt) and encouraging
the diagonal elements of Cov(ut) to be close to 1, leading to the
disentangling regularizer

Lieg=Xoa 1, [Cov(p) 3 +Aa Y ([Cov(p)];;=1)* | (14)

i#j

where [-];; represents the (4, j)-th element of a matrix, and A,q
and \; are weighting factors for the off-diagonal elements and
the diagonal elements. Instead of maximizing the ELBO, DIP-
VAE is trained by maximizing

Eq(z)s)llogp(s|z)]—BKL(q(z|s)||p(2)) — Lieg

(15)

'In this paper, we only consider DIP-VAE-1, since it yielded better
results
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where 3 denotes an additional weighting factor for the KL term.
All terms in (15), including the KL term, the off-diagonal term
and the diagonal term, influence the latent representations of the
pretrained VAEs. In the experiments, we will generate different
latent representations for the pretrained VAEs by varying /3, Ayq
and A4, and investigate their influence on the speech enhance-
ment performance. It should be noted that when 8 =1,\,5 =0
and Ay = 0, the loss in (15) corresponds to the ELBO for the
standard VAE.

4 Experiments

This section first presents the experimental setup, namely the
training and evaluation datasets, the network structure and the
training procedure. Then, the experimental results are presented
and discussed.

4.1 Training and Evaluation Datasets

To pretrain the CVAE and the NVAE and to train the NSVAE,
we used anechoic clean speech and noise from the training set
of the DNS3 challenge dataset at a sampling frequency of 16kHz
[26]. It should be noted that for clean speech we only considered
the read speech (leaving out emotional speech), while for noise
we did not consider the DEMAND dataset, since it was used for
evaluation. We randomly split 50% of speakers to pretrain the
CVAE, 40% of speakers to train the NSVAE and 10% of speak-
ers for validation. The noise data was split similarly to pretrain
the NVAE and train the NSVAE. To train the NSVAE, the clean
speech and noise were randomly mixed using the DNS script at
signal-to-noise ratios (SNRs) between -10dB and 15 dB. In total,
we generated 30 hours of data for pretraining, 20 hours of data
for NSVAE training and 10 hours of data for validation.

To evaluate the speech enhancement performance, we con-
sidered three datasets. As to the matched evaluation dataset, we
used the official synthetic DNS3 test set at SNRs between 0 dB
and 19 dB. To evaluate the generalization ability, we also consid-
ered two mismatched datasets with different speakers and noise
from the training dataset, namely WSJO-QUT][2] and VoiceBank-
DEMAND (VB-DMD)[27]. WSJO-QUT contains 1.5 hours of
noisy speech, including cafe, home, street and car noise at SNRs
of -5dB, 0dB and 5 dB. The official VB-DMD test set contains 1
hour of noisy speech, including room, office, bus, cafe and public
square noise at SNRs of 2.5dB, 7.5dB, 12.5dB and 17.5 dB.

4.2 Network and Training

In the experiments, we used the same setup for the PVAE sys-
tem as in [7]. All time-domain signals are transformed to the
STFT domain using a Hann window with a frame length of 32 ms
and 50% overlap. The CVAE, NVAE and NSVAE all contain a
combination of fully-connected (FC) layers and a uni-directional
gated recurrent unit (GRU) layer. The dimension of the latent
representation is equal to L = 128 for all VAEs. The CVAE
and NVAE encoders contain three FC layers (ReLLU activation)
with output dimensions [512, 512, 512], followed by a GRU layer
with 512 output units and two parallel FC layers (no activation)
to generate the L-dimensional mean and variance vectors: ftg
and o'éz for the CVAE, and py, and Uéu for the NVAE. The
NSVAE encoder has a similar structure as the CVAE and NVAE
encoders. The only difference is that the GRU layer is followed
by a FC layer with an output dimension of 1024, and four paral-
lel FC layers (no activation) to generate the L-dimensional mean
and variance vectors: tg, . g, ., o'éw and Uéyv. The CVAE

and NVAE decoders mirror their respective encoders in reverse
order, mapping latent representations to LPS. All networks were
trained for a maximum of 500 epochs. The training was stopped
early in case the validation loss did not decrease for 20 consecu-
tive epochs. The Adam optimizer with a learning rate of 0.0001
was used. The batch size was set to 128.
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4.3 Experimental Results

In the experimental evaluation, we investigate the influence of
different speech and noise latent representations of the pretrained
VAESs on speech enhancement performance. To this end, we con-
sider different values of 3, A,q and \; in the loss (14) and (15)
to pretrain the CVAE and the NVAE. To investigate the influence
of the KL term (() and the disentangling regularizer (A,q, Ag),
we consider the following parameter settings:

(1) Standard VAE[7]: 8 =1, A\,q =0, Ay =0.

(2) DIP VAE: 8 =1, \,q = 10*, Az = 10% (for these values of
Aog and A4, the best speech enhancement performance was
obtained on the validation set).

(3) Standard VAE without KL term: 8 =0, \,q =0, Ay =0.

(4) DIP VAE without KL term: 8 =0, \,q = 10%, Az = 10%.

In addition to investigating the influence of these parameters on

the performance of the causal PVAE system, we also include the

non-causal unsupervised recurrent VAE (RVAE) proposed in [2]

as an additional VAE-based speech enhancement system. The

RVAE was trained on the same clean speech dataset as the CVAE.

For evaluation metrics, we considered the Scale-Invariant Signal-

to-Noise Ratio (SI-SNR) and the wide-band Perceptual Evalua-

tion of Speech Quality (PESQ)[28], using clean speech signal as
the reference signal.

For all considered VAE-based speech enhancement systems,
Table 1 shows the speech enhancement performance in terms of
average SI-SNR and PESQ (with 95% confidence interval) for
the matched dataset (DNS3) and for both mismatched datasets
(WSJO-QUT, VB-DMD). In addition, Table 1 also shows the re-
construction ability of the pretrained VAEs in terms of the aver-
age SI-SNRs (with 95% confidence interval) for the CVAE and
NVAE on the DNS3 dataset. In general, it can be observed that
the reconstruction ability of the CVAE is better than the recon-
struction ability of the NVAE. This can be explained by the fact
that clean speech spectrograms exhibit more regular harmonic
structures and temporal patterns than noise spectrograms, making
them easier for VAE to model and reconstruct. It can be observed
that the best reconstruction ability for the CVAE is obtained by
the setting (3), while the best reconstruction ability for the NVAE
is obtained by the setting (2).

For the matched dataset, DNS3 dataset, it can be observed
that for all considered parameter settings the causal PVAE sys-
tem outperforms the non-causal RVAE system in terms of SI-
SNR and PESQ. A relationship between the speech enhancement
performance of the PVAE system and the reconstruction ability
of the CVAE can be observed. It can also be observed that the
disentangling regularizer in (15) is not able to significantly im-
prove the speech enhancement performance, i.e. setting (2) only
yields an SI-SNR improvement of 0.1 compared to the standard
VAE setting (1). When comparing setting (3) to setting (1) and
setting (4) to setting (2), it can be observed that the KL term has
a large influence on the speech enhancement performance. More
in particular, omitting the KL term in the loss (15) for pretraining
CVAE and NVAE appears to be advantageous to speech enhance-
ment performance. The best speech enhancement performance is
obtained in setting (3), yielding an SI-SNR improvement of 1.0
and a PESQ improvement of 0.16 compared to the standard VAE
setting (1) and an SI-SNR improvement of 1.7 and a PESQ im-
provement of 0.3 compared to the RVAE system.

To better understand the influence of the KL term, Fig. 2 de-
picts the speech and noise latent representations, z, and z,,, gen-
erated by the NSVAE encoder on the DNS3 dataset for all con-
sidered parameter settings. For visualization purposes, we used
Principle Component Analysis[29] to project the high-dimensional
latent representations to a 2-dimensional latent space. It should
be noted that we decided to depict the latent representations from
the NSVAE encoder and not from the pretrained CVAE and NVAE
encoders, since 1) the NSVAE encoder is used for speech en-
hancement, and 2) the latent representations from the NSVAE
and the CVAE and NVAE are similar (not shown here). In the
top figures (3 = 1), it can be observed that the speech and noise
latent representations both cluster around the origin of the latent
space. This can be explained by the fact that the KL term in



ITG-FB 321: Speech Communication - September 24-26 2025, Berlin DOI: 10.30420/456617003

Table 1: Average reconstruction SI-SNR (dB) of pretrained CVAE/NVAE (with 95% confidence interval) on DNS3 dataset, and
average SI-SNR (dB) and PESQ (with 95% confidence interval) of the PVAE system using different loss functions for pretraining and
the non-causal RVAE system on different datasets.

Method CVAE  NVAE DNS3 WSJO-QUT VB-DMD

SL.SNR SI-SNR | SLSNR  PESQ | SI-SNR  PESQ | SI-SNR  PESQ

o 9.10 158 | 260 114 8.40 1.97

o1sy - - (£0.88) (£0.07) | (£0.32) (£0.01) | (£0.38) (£0.05)

A1 Ag—0r—0 | 1450 320 [ 1310 212 | 330 135 | 1330 216

2 =1 20a=0,Ag = (+£0.19) (£038) | (£0.75) (£0.09) | (£0.35) (+£0.02) | (£038) (+0.04)
=

£ B . ol 1640 510 | 1320 212 | 3.10 137 | 1350 2.3

FL@B=1Aa =102 =10% | [ 616) (£034) | (2£0.75) (£0.09) | (£047) (£0.02) | (£037) (£0.04)

3| 380 7,—0 70 1710 330 | 1410 228 | 530 150 | 1480 227

- =0, 24 =0,Ag = (+£023) (£042) | (£0.70) (£0.09) | (£0.37) (+0.03) | (£0.33) (£0.04)

E B . ol 1650 390 | 1380 222 | 530 149 | 1600 222

5| WB=0.2a=10% 2 =107 | 4 553y (£040) | (£0.71) (£0.09) | (£0.35) (£0.02) | (£0.27) (£0.04)

1240 198 2.60 133 | 1720 241

Non-causal RVAE[2] - - (+£130) (£0.09) | (£040) (£0.02) | (£0.28) (+0.04)
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