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ABSTRACT

The dynamical variational autoencoders (DVAEs) are a family of
latent-variable deep generative models that extends the VAE to
model a sequence of observed data and a corresponding sequence of
latent vectors. In almost all the DVAE:s of the literature, the temporal
dependencies within each sequence and across the two sequences are
modeled with recurrent neural networks. In this paper, we propose
to model speech signals with the Hierarchical Transformer DVAE
(HiT-DVAE), which is a DVAE with two levels of latent variable
(sequence-wise and frame-wise) and in which the temporal depen-
dencies are implemented with the Transformer architecture. We
show that HiIT-DVAE outperforms several other DVAEs for speech
spectrogram modeling, while enabling a simpler training proce-
dure, revealing its high potential for downstream low-level speech
processing tasks such as speech enhancement.

Index Terms— Speech dynamical modeling, speech analysis-
resynthesis, dynamical variational autoencoders, Transformers.

1. INTRODUCTION

Dynamical variational autoencoders (DVAEs) are a class of latent-
variable deep generative models (LV-DGM) that extends the widely-
used variational autoencoder (VAE) [1, 2] to model correlated
sequences of data [3]. DVAEs consider a sequence of high-
dimensional data si.7 and a corresponding sequence of low-
dimensional latent vectors z;.7, and model the time dependencies
within s1.7, within z1.7, and across s1.7 and z1.7, using deep neural
networks. In all the DVAE models reviewed in [3], e.g., [4, 5, 6, 7],
the temporal dependencies are implemented with recurrent neural
networks (RNNs).

DVAE:s have achieved great success in modeling sequential data.
In particular, they have been successfully applied to the modeling of
speech signals, in analysis-resynthesis tasks [5, 7, 8] or in speech
enhancement [9, 10]. Meantime, the use of RNNs in DVAEs also
brings some related problems. A classical issue is the mismatch be-
tween training and test conditions. Indeed, the commonly adopted
configuration for RNN training is to use the ground-truth past ob-
served vectors si:¢—1 in the generative model, a training strategy
often referred to as teacher-forcing [11]. However, at test/generation
time, we can only use the previously generated values S1.:—1 to gen-
erate the current one. This generally results in large accumulated
prediction errors along the sequence. Directly training an RNN in
the generation mode is also difficult. To remedy this problem, sched-
uled sampling can be adopted, i.e., the ground truth past vectors
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s1:.¢—1 are progressively replaced with the previously generated ones
S$1:¢—1 along the training iterations [12]. This strategy was success-
fully adopted for the training of autoregressive (AR) DVAEs, i.e.
DVAEs with a recursive structure on s [3]. However, this requires a
well designed sampling scheduler to guarantee the prediction perfor-
mance. Also, the memory size grows quadratically with the length
of the generated sequence during training. Besides, RNNs are poorly
suited for parallel computation and face memory vanishing for long
sequences.

Replacing RNNs with Transformers [13] for sequential model-
ing has become a new trend in both natural language processing,
e.g., [14], and computer vision, e.g., [15]. Compared to the recur-
sive computing in RNNs, the Transformer architecture uses atten-
tion mechanisms to learn global dependencies between input and
output, which allows modeling complex time correlations. Thus,
in principle, replacing RNNs with Transformers in DVAEs can also
benefit to the modeling of temporal dependencies between the ob-
served and latent sequences. Following this idea, the Hierachical
Transformer DVAE (HiT-DVAE) model proposed in [16] combines
a DVAE with Transformers for 3D Human motion generation. In
this paper, (a) we propose an improved version of HIT-DVAE, named
LigHT-DVAE, and (b) we apply it to speech signal modeling. The
proposed LigHT-DVAE model reduces the number of parameters by
sharing the parameters of the decoders of the original HiIT-DVAE
model. Experimental results show that we achieve a new state of
the art in the speech analysis-resynthesis task. We also investigate
the modeling capacity of LigHT-DVAE compared to other DVAEs
through extensive ablation studies on the model structure. In partic-
ular, we show that the structure of LigHT-DVAE makes it robust to
using teacher-forcing at training time, which largely simplifies the
training procedure compared with other AR DVAEs. To the best of
our knowledge, this is the first AR DVAE model that can be trained
in teacher-forcing and generalizes well to the generation mode.

2. THE LIGHT-DVAE FOR SPEECH MODELING

The LigHT-DVAE model is a DVAE in which the temporal depen-
dencies between and within the observed and latent sequences are
implemented with Transformers instead of RNNs [16]. In this sec-
tion, we present LigHT-DVAE for speech signal modeling. We work
with the short-term Fourier transform (STFT) of speech waveforms,
denoted by s1.r € C**". Each vector s; = {sy,}7—, of the se-
quence is the short-term complex-valued spectrum at time frame ¢,
and f denotes the frequency bin.

2.1. Generative model

In addition to si.7 and the associated sequence of latent vectors
z1.r € RE=XT with L, <« F, LigHT-DVAE also defines a time-
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Fig. 1: LigHT-DVAE model structure.

independent latent variable w € R™*, which is designed to embed
high-level features at the speech occurrence level (e.g., speaker ID).
The generative model of LigHT-DVAE is defined as:

po(s1.T,21.7, W) = po,, (W)
T
X thl Pos (Stlslzt—l7 Z1:t, W)pez (Zt|slzt—l7 Z1:t—1, W)7 (D

where 0 = 0s U 0, U 0. As usually adopted in statistical au-
dio/speech processing [17, 18], the STFT coefficient at each time-
frequency bin s, ¢ is assumed to follow a circularly-symmetric zero-
mean complex Gaussian distribution.! The STFT coefficients at dif-
ferent frequency bins are assumed to be independent. The condi-
tional distribution of s; in (1) thus writes:

Do, (St[s1:6-1,21:, W) = Ne(s¢5 0, diag(ve, ¢)). )

In this work, all covariance matrices are assumed diagonal and are
represented by the vector of diagonal entries. Here, vg,; € ]Rf
depends on the variables {s1.t:—1,2z1.¢,w}. Note that in practice,
HiT-DVAE will input speech power spectrogram, i.e., the squared
modulus of s1.:—1, instead of the complex-valued STFT coefficients
themselves. The latent vector z; is assumed to follow a (real-valued)
Gaussian distribution:

Do, (Zt|51;,g,17 Z1:t—1, W) = N(Zt; ll’éz,h diag(vaz,t)) . (3)
The mean and variance vectors py_ , € RE= and vy, ; € Riz both
depend on {s1:.t—1,21:¢.—1, W}. As for the latent vector w, it is as-
sumed to follow a standard Gaussian prior: pg,, (W) = N (w;0,I).

2.2. Inference Model

LigHT-DVAE inference model approximates the intractable exact
posterior distribution of the latent sequence and is defined as:

4p(21:7, WS1:) = Gy, (Wls1:T) Hthl . (zt]s1.7, W), (4)
with ¢ = ¢pw U ¢z,

Qo (Wls1:T) = N (W; g, , diag(vs,,)), )

o, (ze|s1.m, W) = N (265 1y, 4, diag(v, 1)), (6)

and where py € REw and Voo € Riw depend on 1.7, and
By, € R"* and vy, ; € RY* depend on {si.7, w}.

Ithat we denote N (~; p,X), with i and 3 being the mean vector and
covariance matrix, respectively.

2.3. Implementation

To implement the above equations, LigHT-DVAE is built on the orig-
inal Transformer architecture [13], with several notable differences,
all visible in Fig. 1: (a) There are two decoders working in parallel:
one to compute the parameters of (3) and one to compute the param-
eters of (2); (b) The output of the encoder and decoders are distri-
bution parameters (in place of “deterministic” data representations
in the conventional use of the Transformer); (c) The output target of
the (second) decoder is the input data s1.7 (as opposed to a different
sequence in regression/translation problems); (d) A sequence-wise
variable w is introduced; (e) In the cross-attention module of the de-
coders, the role of z;.7 (encoder output) and s1.7 (decoder output)
as source information for the query and key/value, respectively, is
inverted compared to the conventional Transformer. Points (a), (b)
and (c) are inherited from the DVAE framework. Point (d) is a model
design choice (see Section 2.1). Point (e) will be justified later.

In a few more details, encoding actually starts with the encoding
of the sequence-wise latent variable w. An RNN is used to com-
pute g, and vy, from si.7 (not represented in Fig. 1). We only
retain the RNN output at the last time index 7', since it contains all
information on the complete sequence si.7. The sampled value of
w is then replicated 7' times and concatenated to si.7 to produce
the input of the Transformer encoder. This latter follows the line
of the original Transformer [13] (see Fig. 1): input embedding fol-
lowed by positional encoding, followed by a Multi-Head Attention
(MHA) module, normalization layer (NL) with skip connection with
the MHA input, feed-forward (FF) layer and another NL with skip
connection with the FF layer input. Finally, a linear layer produces
the parameters of (6), that is p, , and the logarithm of v, +.

The two decoders also follows the general line of the original
Transformer [13] (see Fig. 1; here we do not detail the different mod-
ules as we did for the encoder, because of room limitation; see [13]
for details). The sampled value of z;.7 is concatenated with the
replicated sampled value of w to produce the “main” input, which is
the source information for the query of the second MHA module. In
parallel, s1.7 is used as the second input, i.e. the source information
for the key and value of the second MHA module. A causal mask in
the MHA module ensures that the dependency at time ¢ is on S1:¢—1.

The difference between the two decoders essentially consists
of different masks in the first MHA module. For the first decoder
(generating iy, , and vg, +), this mask is set to limit the input to
z1.¢+—1, whereas for the second decoder (generating v, ), it is set to
limit the input to z1.¢. In short, the masks in the MHA modules are



adapted to implement the causal dependencies defined in (1).

As stated above, a main difference of LigHT-DVAE w.r.t. the
original Transformer is that the queries to decode s; are computed
from z1.; and not s1.;—1. In fact, the residual connections in the
decoders will make the output rely more on the information from the
queries. If we use the previous s vectors to compute the queries, this
will carry too much information and learning does not generalize
well. However, while this phenomena is observed on s, we have no
reason to believe that it should reproduce on z. Different to HiT-
DVAE, we propose to query both generation processes with z, thus
allowing the two decoders to share the parameters.

Similar to other DVAE models [3], LigHT-DVAE is trained by
maximizing the following evidence lower bound (ELBO):

L8, ¢;81:7) = —Dxi(Gow (W]s1:7) || Po, (W))
T
= Eapae,, [dis(Ise], vo,.0)

t=1

+ Dxi(qg, (zt|s1r, W) || po, (ze]s1:-1,2140-1,w))]  (7)

where dis(-, -) is the Itakura-Saito divergence [17], Dk (+||-) is the
Kullback—Leibler divergence (KLD), and square is element-wise.

3. EXPERIMENTS

3.1. Datasets and pre-processing

The experiments are conducted on two datasets: the Wall Street Jour-
nal (WSJO0) dataset [19] and the Voice Bank (VB) corpus [20]. The
WSJO dataset is composed of 16-kHz speech signals, with three sub-
sets: si_tr_s, si_dt_05 and si_et_05, used for model training, validation
and test, and containing 12,765, 1,026 and 651 utterances respec-
tively. The VB dataset contains a training set with 11,572 utterances
performed by 28 speakers and a test set with 824 utterances per-
formed by 2 speakers. We follow [21] to choose two speakers (p226
and p287) from the training set for validation, which contains 770
utterances, and use the left 26 speakers for training.

In all experiments, the raw audio signals are pre-processed in the
following way. First, the silence at the beginning and the end of the
signals are cropped by using a voice activity detection threshold of
30 dB. Then, the waveform signals are normalized so that their max-
imum absolute value is one. The STFT is computed with a 64-ms
sine window (1024 samples) and a 75%-overlap (256 samples hop
length), resulting in a sequence of 513-dimensional discrete Fourier
coefficients (for positive frequencies). Finally, the power magnitude
of the STFT coefficients is computed. We set the sequence length
of each STFT spectrogram to 7' = 150 (corresponding to speech
segments of 2.4s) for WSJO and T" = 100 (corresponding to speech
segments of 1.6s) for VB. At test time, the model is evaluated on the
complete test utterances which can be of variable length.

3.2. Implementation details and training settings

The Transformer-based encoder and decoders are composed of 4
identical layers as described in Section 2.3. All input vectors are
embedded into vectors of dimension dmoger = 256, which is the size
for all MHA blocks. We apply single-head attention because we
found that using multi-head attention decreases the performance in
our experiments. All feed-forward blocks in the Transformer lay-
ers consist of two dense layers with size 1024 and 256. The latent
dimension L, and L, are set to 16 and 32, respectively.

Dataset Model RMSE| SI-SDR?T PESQT ESTOIT
VAE 0.040 7.4 3.28 0.88
DKF 0.037 8.3 3.51 0.91
RVAE 0.034 8.9 3.53 0.91
WSsJo SRNN (SS) 0.036 8.7 3.57 091
SRNN (TF) 0.061 2.6 2.53 0.76
HiT-DVAE 0.031 10.0 3.52 0.91
LigHT-DVAE 0.030 10.1 3.55 0.91
VAE 0.052 8.4 3.24 0.89
DKF 0.048 9.3 3.44 0.91
RVAE 0.050 8.9 3.39 0.90
VB SRNN (SS) 0.044 10.1 3.42 0.91
SRNN (TF) 0.102 -0.1 2.15 0.75
HiT-DVAE 0.039 11.4 3.60 0.93
LigHT-DVAE 0.038 11.6 3.58 0.93

Table 1: Speech spectrograms analysis-resynthesis results.

The training is made with the AdamW [22] optimizer, which is
a variant of Adam [23] with decoupled weight decay. The param-
eters of the optimizer are 81 = 0.9,82 = 0.99,¢ = 10~° and
weight _decay = 107°. We varied the learning rate during train-
ing by firstly increasing it linearly for the warm-up training stage (for
Sk iterations) and then decreasing it using a cosine annealing sched-
uler [24] (for 20k iterations). The maximum and minimum values of
the learning rate are 5 x 107° and 103 respectively. § factors are
multiplied to the KLD terms in (7) to increase latent space expres-
sivity, with 8, = 8. = 1072

3.3. Baselines and evaluation metrics

We compare HiT-DVAE and LigHT-DVAE with the basic VAE and
three other DVAE models: The Deep Kalman Filter (DKF) [4], the
Recurrent Variational AutoEncoder (RVAE) [9], and the Stochas-
tic Recurrent Neural Network (SRNN) [6]. As HiT/LigHT-DVAE,
SRNN is an AR model that uses si.;—1 to generate s;. DKF and
RVAE are not AR. DKF generate s; from z:, and RVAE does it
from z1.; (we use the causal version of RVAE; see [9]). As men-
tioned in the introduction, an AR model can be trained either in
teacher-forcing mode or in scheduled-sampling mode. In our experi-
ments, SRNN is trained in both modes, while HiT/LigHT-DVAE are
only trained in the teacher-forcing mode. Except for that, all mod-
els are trained with the same settings described in Section 3.2. We
evaluate the average speech analysis-resynthesis performance on the
test set (in generation mode for AR models) using four evaluation
metrics: The root mean squared error (RMSE), the scale-invariant
signal-to-distortion ratio (SI-SDR) [25] in dB, the perceptual evalu-
ation of speech quality (PESQ) score [26] (in [—0.5,4.5]), and the
extended short-time objective intelligibility (ESTOI) score [27] (in
[0, 1]). We also evaluate the average generation performance via the
Fréchet Deep Speech Distance (FDSD) proposed in [28]. FDSD is
a quantitative metric for speech signals generative models. It relies
on speech features extracted with the pre-trained speech recognition
model DeepSpeech2 [29].

3.4. Speech spectrograms analysis-resynthesis results

The speech analysis-resynthesis results on both the WSJO dataset
and the VB dataset are reported in Table 1. On the WSJO dataset,
HiT-DVAE and LigHT-DVAE outperform the other DVAE models
for all metrics, except for PESQ (SRNN (SS) is slightly better) and
ESTOI (the five models are on par). On the VB dataset, HiT/LigHT-



Test 1.1 Model RMSE| SI-SDR+ PESQ+ ESTOI{
HiT-DVAE 0.039 114 3.60 0.93
HiT-DVAE-Inv-s 0.079 38 261 0.75
GEN HiT-DVAE-Inv-s-NR 0.067 5.8 2.68 0.78
LigHT-DVAE 0.038 116 3.58 0.93
LigHT-DVAE-Inv-s 0.079 39 2.58 0.75
LigHT-DVAE-Inv-s-NR  0.068 57 2.63 0.78
HiT-DVAE 0.038 115 3.60 0.93
HiT-DVAE-Inv-s 0.038 114 332 0.90
ot HiT-DVAE-Inv-s-NR 0.067 58 2.68 0.78
LigHT-DVAE 0.038 11.7 3.59 0.93
LigHT-DVAE-Inv-s 0.040 10.9 3.29 0.89
LigHT-DVAE-Inv-s-NR  0.068 5.7 2.63 0.78

Table 2: Speech spectrograms analysis-resynthesis results: Ablation
studies on the HiT/LigHT-DVAE models structure.

DVAE outperform all other DVAE models on all metrics. As AR
models, even if HiT/LigHT-DVAE are trained in teacher-forcing
mode, they still keep very robust performance when tested in gen-
eration mode. In contrast, SRNN (TF) trained in teacher-forcing
mode leads to a notable drop of performance compared to SRNN
(SS) trained in scheduled-sampling mode. Finally, the experimental
results show that sharing the parameters of the decoders for s and
z in LigHT-DVAE slightly increases the performance compared
to HiT-DVAE. At the same time, it reduces the number of model
parameters from 21.75 M to 17.46 M.

3.5. Ablation studies on model structures

To try to explain why HiT/LigHT-DVAE are robust to the teacher-
forcing training mode, we performed several ablation studies on the
models structure. As explained in Section 2.3, different to the orig-
inal Transformer decoder, the queries to decode s; in HiT/LigHT-
DVAE are computed from z;.; instead of si.:—1. In a first ablation
experiment, we inverse the role of the queries and the keys/values
when decoding s, i.e., we swap the decoder inputs zi.; and Si.¢—1.
the resulting models are denoted with “Inv-s”. The models are al-
ways trained in the teacher-forcing mode. Table 2 reports the evalu-
ation results when using generated or ground-truth sq1.:—1 to decode
s¢, in the “GEN” and “GT” rows respectively.

Although the Inv-s models achieve very good results when
trained and evaluated in TF mode, their performance notably drops
when evaluating in GEN mode (e.g., from 11.4 to 3.8 dB SI-SDR
for HIT-DVAE-Inv-s). We believe that this lack of robustness to a
mismatch between the training and test modes is mainly caused by
the residual connections on the queries in the original Transformer
decoder architecture. Indeed, in the Inv-s models, s1.¢—1 is used to
compute the queries and the residual connections make the predic-
tion of s; directly relying on the previous vectors si.;—1. This is
not the case in the HiT/LigHT-DVAE models where z1..—1 is used
to compute the queries from which residual connections start. This
forces the prediction of s; to rely more on z1.¢+—1 than sq1.¢—1, which
explains the better generalization of HiT/LigHT-DVAE compared
to HiT/LigHT-DVAE-Inv-s. This structural aspect is very important
in the present context of speech modeling, because adjacent speech
spectrogram frames are much more correlated than discrete tokens
in natural language processing, the original application domain of
Transformers. To confirm this interpretation, we further removed
the residual connections in the decoder of s in the Inv-s models
(this configuration is referred to as Inv-s-NR models). As a result,
the performance slightly increased compared to the Inv-s models in
the GEN test mode, but it remains much below that of HiT/LigHT-
DVAE. Also, the performance of the Inv-s-NR models is the same

Model FDSD |
VAE 70.92 £ 0.44
DKF 32.78 £0.28
RVAE 4575 £0.11
SRNN (SS) 2528 £0.19
SRNN (TF) 25.53 £0.13
HiT-DVAE 22.50 £ 0.26
LigHT-DVAE 29.22 +£0.26
VB Test (exact phase)  4.11 £0.14
VB Test (Griffin-Lim)  4.11 £0.15

Table 3: Speech spectrograms generation results.

when evaluated in GEN mode and GT mode, confirming that the
generalization problem of the Inv-s models was due to the use of
S1:t—1 to compute the queries from which residual connections start.
Overall, this ablation study experimentally showed the importance
of the architectural choices made in the HiT/LigHT-DVAE models
for the modeling of highly correlated sequences of continuous data
such as speech spectrograms.

3.6. Speech spectrograms generation results

In addition to the above speech analysis-resynthesis experiments, we
also evaluated the models performance in speech spectrogram gen-
eration via FDSD scores. To compute these scores, we generated
10,240 1.6-s speech signal samples from each model. The DVAE
models generate power spectrograms, from which we deduced mag-
nitude spectrograms. We then used the Griffin-Lim algorithm [30]
to reconstruct the phase spectrograms and generate the waveform
signals. We used 1.6-s utterances from the VB training set as the
reference set to compute the FDSD scores. Finally, in order to have
areference FDSD score, we also computed the FDSD on the VB test
set, with exact original phase or phase reconstructed by the Griffin-
Lim algorithm. As shown in Table 3, HiT-DVAE outperforms the
other DVAE models on this generation task. This is a new result,
since HIT-DVAE was never used before for speech modeling. It
can also be seen that the AR DVAE models (HiT/LigHT-DVAE and
SRNN) generally have a better generation performance than the non-
AR DVAE models.

4. CONCLUSION

In this paper, we applied the HIT-DVAE model of [16] and its new
variant LigHT-DVAE on speech signals and have demonstrated their
strong modeling capacity through experiments on speech spectro-
grams analysis-resynthesis and generation. Although HiT/LigHT-
DVAE are autoregressive models, they have shown to be very robust
to the mismatch between the teacher-forcing mode at training time
and the generation mode at test time, as opposed to previous AR
DVAE models such as SRNN. This enables using a simpler train-
ing procedure. Compared to HiT-DVAE, the new proposed LigHT-
DVAE model exhibits competitive performance with about 20% less
parameters. We believe that HiT/LigHT-DVAE have a great potential
in unsupervised speech representation learning and dynamical mod-
eling, which can benefit downstream speech processing tasks such
as speech enhancement, speech separation and speech inpainting.
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