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Abstract

Various approaches have been proposed to improve the qual-
ity of the speech coded at low bitrates. Recently, deep neural
networks have also been used for speech coding, providing a
high quality of speech with low bitrates. Although designing
an entire codec with neural networks may be more effective,
backward compatibility with the existing codecs can be desir-
able so that the systems with the legacy codec can still decode
the coded bitstream. In this paper, we propose to generate side
information based on neural networks for an existing codec and
enhance the decoded speech with another neural networks us-
ing the side information. The vector-quantization variational
autoencoder (VQ-VAE) is applied to generate vector-quantized
side information and reconstruct the residual features, which are
the difference between the features extracted from the original
and decoded signals. The post-processor in the decoder side,
which is another neural network, takes the decoded signal of the
main codec and the reconstructed residual features to estimate
the features for the original signal. Experimental results show
that the proposed method can significantly improve the qual-
ity of the enhanced signals with additional bitrate of 0.6 kbps
for two of the implementations of the high-efficiency advanced
audio coding (HE-AAC) v1.

Index Terms: Deep Neural Network, Speech Coding, Coded
Speech Enhancement, Side Information, VQ-VAE

1. Introduction

Audio signals are compressed by codecs for efficient transmis-
sion and storing. As the coding artifacts such as pre-echoes and
quantization noise are perceivable in the decoded signals when
the codec operates at low bitrates, various pre/post-processor
or coding schemes have been proposed. Pre-processing ap-
proaches modify the input signal to make the codec output close
to the original signal [1, 2]. In the decoder side, postfilters are
utilized to enhance the quality of the decoded signals. The post-
filters standardized in G.711 [3] and G.718 [4] are designed
to reduce quantization noise and emphasize the low-frequency
pitch structures. [5] proposed to detect transient signals and
then adjust powers of pre- and post-transient part of the signals
to reduce the pre-echoes. Some approaches append side infor-
mation to the bitstream of the original codec to improve the
performance. Representative examples are the high-efficiency
advanced audio coding (HE-AAC) family [6], in which the HE-
AAC vl is constructed by adding the bitstream for the spec-
tral band replication (SBR) [7] to the bitstream of the AAC
Low Complexity (AAC-LC) as side information, and the HE-
AAC v2 is formed by appending the bitstream for the paramet-
ric stereo [8] to the bitstream of the HE-AAC v1. In this way,
the HE-AAC family satisfies the backward compatibility so that
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the legacy decoder designed for the old standard codecs can de-
code the bitstream generated by the new coders. [9] improves
the quality of the decoded signal by flattening the envelope of
the high frequency components of the signal, for which the gain
to reconstruct the dynamics of the high frequency envelope is
transmitted to the decoder as side information.

Recently, deep learning approaches have been adopted for
coded speech enhancement. Convolutional neural networks
(CNN) based post-processing approaches were proposed in
[10, 11, 12], while the long short-term memory (LSTM) recur-
rent neural networks (RNN) based method to exploit the tem-
poral and spectral correlations was also proposed in [13]. Gen-
erative adversarial networks (GAN) [14] was also applied as a
post-processing, which showed improved perceptual quality for
speech and applause signals [15]. Neural speech codecs have
also been proposed. WaveNet [16] based neural speech codec
[17, 18] generates high-quality speech signals, but requires a
high computational cost. SampleRNN [19] based speech cod-
ing [20] was also proposed. [21] proposed the LPCNet [22]
based speech coding. [23] proposed a lightweight and scalable
waveform neural codec employing collaborative quantization.
Although the fully neural network-based codec may be more
effective, backward compatibility with the existing codecs may
be desirable so that the billions of devices equipping the legacy
codecs can still decode the coded bitstream.

In this paper, we propose to generate side information from
the residual error of the decoded signal, and enhance the de-
coded speech using the quantized side information by neural
networks when the conventional codec operates at low bitrates.
The decoder of the target codec equipped inside of the encoder
is used to obtain the residual feature which is the difference be-
tween the original and decoded features, which is coded, quan-
tized, and decoded by the vector-quantization variational au-
toencoder (VQ-VAE) [24, 25]. The decoded residual feature is
used in the post-processor along with the signal decoded by the
target codec to estimate the original signal. Experimental re-
sults showed that the proposed method enhances the perceived
quality of the decoded speech in terms of the objective metric
and the subjective test score with an additional bitrate of 0.6
kbps, while satisfying the backward compatibility.

2. Neural representation of the quantized
side information for coded speech
enhancement
The overall structure of the proposed coded speech enhance-
ment system is described in Figure 1. For backward compati-

bility, the bitstream generated by the encoder of the main codec
is kept intact, and the bitstream for the coded speech enhance-
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Figure 1: Overall structure of the proposed method which generates the neural network-based quantized side information on the
residual features and reconstruct the original signal using a post-processor with the decoded signal and the side information.

ment is added to it as side information. There are three neural
networks in the proposed system: the VQ-VAE encoder f, the
VQ-VAE decoder g, and the post-processor (PP) h. The resid-
ual feature that represents the residual error of the coded speech
is computed using the decoder of the main codec at the encoder
side, which is coded and decoded with the VQ-VAE encoder
and decoder, respectively. The post-processor takes the features
extracted from the speech decoded by the main codec and the
residual feature estimated by the VQ-VAE decoder to estimate
the feature for the original signal, which is finally converted to
the time domain signal. The detailed description of the blocks
are as follows.

2.1. Residual feature

Using the decoder of the main codec equipped inside of the en-
coder, we can compute the difference of the original and the
decoded features. The log power spectra (LPS) are used as fea-
tures used to enhance the output for the decoder of the main
codec. Let x, and x4 denote the original and the decoded
signals in the time domain, while X, = [X, (1), -+ , Xo(F)]
and X4 = [Xq4(1),- -+, Xq(F)] represent the LPS for &, and
x4, respectively, in which F' is the number of frequency bins.
With the assumption that the coding artifacts may be described
in finite patterns in the latent domain, the residual feature X,
which is defined as X, = X,— X, is encoded by the VQ-VAE
encoder, quantized by the vector quantizer (VQ), and then re-
constructed by the VQ-VAE decoder. The reconstructed resid-
ual feature X, is then used with X 4 obtained from the decoder
of the main codec to reconstruct the signal in the post-processor.

2.2. Compression of the side information using VQ-VAE

The residual features can be efficiently coded using the VQ-
VAE [24, 25]. The structure of the VQ-VAE is shown in Figure
2, which consists of an encoder f, a VQ, and a decoder g. To al-
leviate the difficulty that the gradient cannot propagate through
the VQ, the VQ-VAE ignores the effect of the VQ when com-
puting the reconstruction loss. Also, the stop gradient operator
sg(+) is introduced to separate the updates of the codebook and
the encoder.

The input to the VQ-VAE encoder is X, and the output of
it becomes f(X). The encoded residual feature f(X,) is then
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Figure 2: The vector-quantization variational autoencoder
(VQ-VAE) which consists of an encoder, a vector quantizer, and
a decoder.

quantized by the VQ to produce the quantized residual feature
e, which is the code vector closest to f(X ) among K vectors
in the codebook, e, ez, - - , ek, i.e.,

ey

e = ey, where k = argmin || f(X,) — ;]| .
J

The codebook index k£ becomes the side information transmit-
ted to the decoder side with an additional bitrate of [log, K| X
fs/L, where f; is the sampling rate and L denotes the frame
shift in sample. In the decoder side, the quantized residual fea-
ture e = e is fed into the VQ-VAE decoder g to reconstruct
X, as X, = g(ex). The loss function for the VQ-VAE in [25]
is given as

Ly =X - X
+||lsg(F(X0) —e||2 + Bl|sgle) — FX| @

where [ is a weighting factor. The first term is called the re-
construction loss, the second term is the codebook loss to train
the code vectors, and the last term is called commitment loss to
guide the encoder to produce latent vectors close to one of the
code vectors. This loss function can be adopted for the pro-
posed method, but separate training of the VQ-VAE and the
post-processor A may not be optimal.

2.3. Post-processor and joint training with VQ-VAE

The output of the VQ-VAE, XT, is concatenated with the fea-
ture vector extracted from the decoded signal, X 4, and then fed



Table 1: The structure of the VQ-VAE encoder and decoder used
in the experiments. PReLU stands for parametric rectified lin-
ear unit.

Network No. No. of filters Activation function

1 128 PReLU
Encoder 2 64 PReLLU

3 32 Linear

1 64 PReLU
Decoder 2 128 PReLLU

3 257 Linear

into the post-processor h to estimate the feature vector for the
original signal. The estimated feature vector X, is given by

X, = h(X,, Xa). 3)

Instead of training the post-processor h separately, we train
the post-processor and the VQ-VAE jointly using the loss func-
tion with a modified reconstruction loss given by

Ly = || X0 — X
+||sg(f(X0) —e|l2 + Bl|sgte) — FX|2 @

in which the first term is now dependent on f, g, and h. The
output of the post-processor is converted back to the time do-
main signal by the inverse STFT using the phase of the signal
decoded by the main codec.

3. Experiments
3.1. Target codec and dataset

To evaluate the performance of the proposed approach, we used
the HE-AAC v1 [6] as the main codec for which we append the
side information to enhance the quality of the decoded signal.
HE-AAC vl is an extension of the AAC-LC which improves
compression efficiency in the frequency domain by using the
SBR [26], and is used in billions of devices that provide broad-
casting or streaming media. Among the various implementa-
tions of the HE-AAC, NeroAAC [27] and QAAC [28] are used
in the experiments. We conducted the experiments for five bi-
trates of the HE-AAC v1, which were 10, 12, 16, 20, and 24
kbps.

The speech databases used for the experiments were the
clean VCTK corpus [29] from the Voice Bank database [30]
and the TIMIT corpus [31], which are monaural corpora resam-
pled at 16 kHz. 11,572 utterances spoken by 26 speakers from
the VCTK dataset and the 4,620 utterances from 462 speakers
in the TIMIT corpus were used as the training data, while 1,819
utterances spoken by 4 speakers from the VCTK corpus and the
240 utterances spoken by 24 speakers from the TIMIT database
were used as the validation set. The test set consisted of 1,680
utterances from the TIMIT corpus spoken by 168 speakers and
824 utterances from the VCTK corpus spoken by 2 speakers.

3.2. Model configurations

The feature extractor computed LPS using the 512-point short-
time Fourier transform (STFT) for a 32 ms window with 50%
overlap. The square root Hann window was used as the analysis
and synthesis windows. LPS extracted from the original and de-
coded signals were normalized to have zero mean and unit vari-
ance. The codebook size K was set to 512, so [log, 512] = 9
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Table 2: Average wideband PESQ scores for the decoded sig-
nal, post-processed output without side information (+PP only),
and the output of the proposed system with VQ-VAE-based side
information and post-processor (Prop.) for various bitrates and
the baseline codecs of the NeroAAC and the QAAC.

Bitrate NeroAAC +PPonly Prop. (+0.6 kbps)
10 kbps 1.92 2.31 3.13
12 kbps 2.06 2.56 3.32
16 kbps 2.34 2.89 3.55
20 kbps 2.53 3.11 3.68
24 Kbps 2.72 3.30 3.84
Bitrate QAAC +PP only Prop. (+0.6 kbps)
10 kbps 1.89 2.46 2.92
12 kbps 2.03 2.69 3.18
16 kbps 2.53 3.04 3.62
20 kbps 2.89 3.39 3.85
24 Kbps 3.09 3.54 4.00

bits of the side information was generated for every 16ms, re-
sulting in approximately 0.6 kbps of the additional bitrate. The
VQ-VAE encoder and decoder consisted of stacked layers of
1D-convolutions with stride 1, for which the details are sum-
marized in Table 1. The (8 in the loss function of Eq. (4) was
set to 0.25. The post-processor consists two fully connected
layers with 1024 and 257 units, respectively, and the activation
function was the parametric rectified linear unit (PReLU). To
investigate the effectiveness of neural network-based side infor-
mation, we compared the performance of the proposed method
with that of the decoded signal enhanced without side informa-
tion, i.e., using the post-processor alone. The structure of the
post-processor without the side information was the same with
h of the proposed method except the input dimension. More
number of layers in the post-processor did not improve the per-
formance. For all experiments, we use adaptive moment esti-
mator (Adam) as the optimizer with the learning rate initialized
as 0.0001 and decreased by a factor of 0.97 for every epoch.
The models were trained for 100 epochs with the batch size of
512 for each bitrate. The training is early-stopped if there is no
improvement in the reconstruction loss on the validation set for
five consecutive epochs.

3.3. Experimental Results

For objective assessment of the perceptual speech quality, we
computed the ITU-T Recommendation P. 862.2 wideband per-
ceptual evaluation of speech quality (PESQ) [32] scores. Table
2 shows the average PESQ scores for the signal decoded by the
main codec, the post-processed output without side information
(+PP only), and the output of the proposed system with VQ-
VAE-based side information and post-processor (Prop.) for var-
ious bitrates when the main codec was NeroAAC and QAAC,
respectively. We can see that for both of the codecs, the neural
post-processor could enhance the quality of the decoded speech
and the proposed system can further improve it. Even though
the side information in the proposed method requires additional
bitrate of about 0.6 kbps, the average PESQ scores for the pro-
posed method were higher than those for the output of the post-
processor without side information for much higher bitrate. For
example, the proposed method applied to the NeroAAC oper-



T T T T

40 +PP only —e—|_|
Prop. (+0.6 kbps) ——

30 - n

20 -

MUSHRA score improvement
S
T
e
—o—i
i
e
[E —
e
—e——
—e—
———
(-
1

Sl s2  S3 sS4 S5 S6 ST S8 Allitems
Figure 3: MUSHRA score improvement over signal decoded by
NeroAAC operating at 16 kbps for the post-processing only and
the proposed system. Error bars indicate 95% confidence inter-
vals.
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Figure 4: MUSHRA score improvement over signal decoded by
QAAC operating at 16 kbps for the post-processing only and the
proposed system. Error bars indicate 95% confidence intervals.

ating at 10 kbps, which requires 10.6 kbps in total, exhibited
comparable performance to the enhanced signal without side
information for 20 kbps.

In addition to the objective evaluation, we have con-
ducted MUTtiple Stimuli with Hidden Reference and Anchor
(MUSHRA) tests [33, 34] to assess the subjective quality. Two
MUSHRA sessions were configured for the NeroAAC and
QAAC operating at 16 kbps, respectively. Each session includes
eight trials comparing the quality of the decoded speech, de-
coded speech enhanced without side information, and the out-
put of the proposed method along with hidden reference and
the 3.5 kHz low-pass anchor. 10 listeners participated in the
test. Figure 3 and 4 show the average MUSHRA score im-
provement over the speech decoded by HE-AAC v1 for the en-
hanced speech without (+PP only) and with the side information
(Prop. (+0.6 kbps)). On average, the proposed method out-
performed the post-processor without side information by 9.73
points for the NeroAAC and 7.93 points for the QAAC, respec-
tively, which are considered to be statistically significant.

Figure 5 and Figure 6 show the spectrograms for the origi-
nal speech, enhanced speech with and without side information,
and decoded signal for NeroAAC and QAAC operating at 16
kbps, respectively. It can be seen from the area indicated by
the dotted box that the proposed method recovers the harmonic
structure in the high frequency band well, which was shown to

Frequency (Hz)

Time (sec) Time (sec) Time (sec) Time (sec)

Figure 5: Spectrograms of a test sample for (a) original signal,
(b) output of the proposed method, (c) enhanced signal using
post-processor only, and (d) signal decoded by NeroAAC oper-
ating at 16 kbps.
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Figure 6: Spectrograms of a test sample for (a) original signal,
(b) output of the proposed method, (c) enhanced signal using
post-processor only, and (d) signal decoded by QAAC operating
at 16 kbps.

be difficult without side information.

4. Conclusions

In this paper, we propose to encode the residual error in the
decoded signal as a quantized side information and reconstruct
the original signal using neural networks to enhance the qual-
ity of the decoded signal when the conventional codec oper-
ates at low bitrates. The VQ-VAE loss function is adopted
with the modification to jointly optimize the VQ-VAE and the
post-processor. The objective and subjective evaluation results
demonstrated that the proposed coded speech enhancement uti-
lizing 0.6 kbps of side information outperformed the speech
enhanced without side information even when the speech was
coded at much higher bitrates for two implementations of the
high-efficiency advanced audio coding (HE-AAC), NeroAAC
and QAAC, while maintaining the backward compatibility with
the target codecs.
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