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Abstract

As the importance of speech enhancement for real-world
application increases, the compactness of the model is also be-
coming a crucial study. In this paper, we present compression
techniques to reduce the model size and applied them to the
state-of-the-art real-time speech enhancement system. We suc-
cessfully reduce the model size by actively applying channel
pruning while maintaining performance. In particular, we pro-
pose a method to prune more channels of convolutional neural
networks (CNN) by utilizing gated linear unit (GLU) activa-
tion. In addition, lower-bit-quantization is applied to reduce
model size, while minimizing performance degradation caused
by quantization. We show the performance of our proposed
model on a mobile device where computing resources are lim-
ited. In particular, it is implemented to enable streaming, and
speech enhancement works in real-time.

Index Terms: speech enhancement, on-device, mobile, channel
pruning, model compression

1. Introduction

Speech enhancement is widely applied for achieving robust
speech communication in real-world applications. It is used
to separate the clean target speech from a noise-corrupted in-
put to enhance the clarity of noisy signals. Since deep learning
was introduced to speech enhancement as part of prior studies,
remarkable performance improvements in terms of quality and
intelligibility have been yielded [1, 2].

The general approach of these studies has been to take a
short-time Fourier transform (STFT) representation of the noisy
signal as an input and estimate the ideal Time-Frequency mask
or spectral mapping between noisy and clean spectra [3, 4].
Although this approach shows promising results, it requires
the STFT which involves a computational expense and causes
speech distortion because of phase inconsistency, particularly in
a low signal-to-noise ratio (SNR) environment [5].

To overcome the aforementioned limitations, a number of
recent works propose a deep neural network (DNN) model in
the waveform domain [6, 7, 8, 9, 10]. In this approach, the
DNN model directly generates a de-noising speech signal, so it
does not require additional computation such as an STFT, and
does not suffer from phase in-consistency. In [6], the SEGAN
used an end-to-end convolutional neural network so that fea-
ture extraction and separation can be implicitly incorporated
into the network architecture. The Wave-U-Net [7, 11] is a one-
dimensional U-Net with a convolutional encoder-decoder with
skip connection. In [12], the fully-convolutional time-domain
audio separation network (Conv-TasNet) is introduced. More
recently, DEMUCS architecture was introduced in [13, 14] for
audio separation and speech enhancement. These studies show
the effectiveness of the convolutional encoder-decoder architec-
ture for time-domain speech enhancement.

Meanwhile, the demand for on-device speech processing is
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increasing [15, 16, 17, 18]. On-device processing secures user
privacy and is free from communication latency. Despite recent
development in speech enhancement and the need for on-device
processing, on-device implementation is still a challenging is-
sue. Most works are focusing on speech enhancement perfor-
mance and introduce networks that require large memory and
high computational cost.

Considering the necessity of developing a lightweight
speech enhancement model, we reduced the size of the con-
volutional neural network (CNN) based models with consid-
erably less performance degradation. In particular, using the
study [13, 14] as a baseline, we verified the performance of the
lightweight speech enhancement model. First of all, we em-
ploy the channel pruning of CNN, which was introduced in the
field of computer vision [19, 20]. Especially, we propose a new
method that prunes the CNN channels beside the gated linear
unit (GLU). We trained the neural network in a way to decay
less important channels and analyzed the number of channels
that were reduced for each layer.

Quantization is employed as well to further reduce the size
of the neural network. We found that 16-bit quantization gener-
ates a clean waveform without the performance loss compared
to the 32-bit floating point model.

We run the lightweight model solely on a mobile device,
without communication with a server. In addition, we develop
a streaming inference mode in smartphones. When tested on
smartphones, our model run in real-time, within 0.7 Real-time
factor (RTF, e.g. time to enhance a frame divided by the stride
[14]).

2. CNN based speech enhancement

In this paper, we used DEMUCS architecture described in [14]
as a baseline since this research showed state-of-the-art level
performance. In addition, it can be implemented for real-time
systems so it is suitable as a starting point for building an on-
device model.

The DEMUCS architecture is initially presented in [13]
for music source separation and adopted to real-time speech
enhancement in [14]. It consists of a convolutional encoder-
decoder network with a U-Net skip connection and LSTM is
applied after the encoder. In this structure, an encoder takes raw
audio of noisy signal as an input and produces a latent repre-
sentation. Then uni-directional LSTM is followed for sequence
modeling. In addition, each encoder and decoder layer uses a
GLU activation [21], so it reduces the output dimension by half.

3. On-device speech enhancement
3.1. Channel pruning by inducing sparsity

Convolutional encoder-decoder is a commonly used architec-
ture in the speech enhancement field [6, 7, 14]. In this paper,
we present compression methods that can be effectively applied
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Algorithm 1 The modified ADAM optimizer update scheme for
sparse-inducing training

0¢: Model parameter at step ¢

my and vy: First- and second-moment vector at step ¢

gt: Computed gradients at step ¢
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to those architectures.

Channel pruning has been suggested as a method to reduce
the CNN model size in the area of computer vision [22, 23].
Among the channel pruning methods, a method of decaying the
scaling factor of the batch normalization layer has also been
studied [19, 20]. During the training stage, the scaling factors of
the batch normalization layers are lowered for purposes. The L1
loss term is used to make the scaling factors sparse during the
training stage. According to [19, 20], sparse-inducing training
works well in the image classification with SGD optimizer.

After the scaling factors become sparse, a channel of the
CNN layer connected to the decayed scaling factor of the batch
normalization layer can be deleted as the channel is supposed to
be multiplied by the decayed one.

We implemented the sparse-inducing training in ADAM
optimizer, which is shown in Algorithm 1. By modifying the it-
eration scheme of ADAM optimizer, scaling factors of the batch
normalization layers are decayed.

3.2. Network design for channel pruning

We change the DEMUCS structure to prune the networks ef-
ficiently. Batch normalization layers are inserted into the ini-
tial encoders and decoders of DEMUCS structure in intended
positions. Each unit of a encoder and a decoder now con-
tains CNN-activation-batch normalization-CNN( or transposed
CNN)-activation, from input to output.

In this pattern, scaling factors of one batch normalization
layer can decide the sparsity of double CNN layers. Each out-
put channel of the first CNN and each input channel of the sec-
ond CNN (or transposed CNN) are connected independently to
other channel information. Therefore, when one scaling factor
decays, the corresponding one output/input channel of a pre-
vious/next CNN layer can be pruned at once, resulting in a
double-pruning effect. This procedure is shown in Figure 1.

3.3. Pruning method for a GLU

However, this design for channel pruning can only be applied
when an activation function such as ReLU is used, which has
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Figure 1: The encoder/decoder structure with batch normaliza-
tion scaling factor for efficient pruning.

the same input and output dimensions, and the output of each
dimension does not depend on the other input dimension’s op-
erations. With GLU activation, the design in 3.2 does not work
anymore. The usage of GLU activation here is as follows.

h'*'(X) = hi,(X) © o(hr(X)), )

where X denotes the input of the neural network and h'(X)
represents the hidden units of layer /. Splitting the tensor
h!(X) into half, with respect to hidden dimensions, h}, (X) and
hIR(X) of layer / are generated. And © is element-wise multi-
plication and o denotes the sigmoid function.

With GLU operations, one dimension in the output of the
activation function depends on the other dimensions in the acti-
vation input. To perform pruning with GLU activation, we sug-
gest a new method to bypass such limits and maximize channel
pruning.

Our proposed method utilizes the sparsity of hidden vectors
and batch normalization scaling factors. Denoting the decayed
batch normalization scaling factor as “zero” (whose value is un-
der a specific threshold value), the pruning process with GLU is
conducted as follows.

1. Set the initial sparsity “zero”s, after sparse-inducing

training.

. Split the dimensions (d : the length of the hidden dimen-

sions) of the batch normalization layer into left and right.

3. Ignore the initial “zero’’s on the right side.

4. Copy the “zero”s on the left side to the right side. The
distance between the “zero”s on the left side and the
copied “zero”s on the right side is d/2.

5. Set the standard of pruning CNN channels as (1) “zero’’s
on the left side and (2) “zero”s on the right side which
are only shifted from the left side.

6. Prune corresponding CNN channels with new “zero’’s.

Figure 2 explains this algorithm.

3.4. Quantization

Concerning the on-device usage in a smartphone, we ap-
ply lower bit quantization from the 32-bit floating point.
Tensorflow-lite is used as a tool to efficiently carry out lower-
bit operations. In particular, we employ 16-bit quantization to
further reduce model size.
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Figure 2: The algorithm of copying the sparsity with GLU

3.5. On-device inference

We put the lightweight model on a real smartphone to verify
the possibility of a practical on-device inference. Inference re-
lies only on the hardware of a smartphone without a support of
a server resources. In particular, it is implemented to enable
streaming on a smartphone to verify the inference time in an
actual streaming environment.

In a mobile device, streaming speech enhancement is per-
formed with a frame window and overlapping stride. Like in
[14], upsampling the input frame at the beginning and down-
sampling to the network output is conducted every frame we
process. Extra frames were employed for better resampling.

For an efficient operation, we concatenated an input frame
and an extra frame so that those two can be computed in neural
networks at once. As extra frames are just for better resampling,
the information of a input frame and extra frame should be sep-
arated afterwards. Proper zero-padding was added to separate
the target frame after the computation.

4. Experiments
4.1. Experimental setups and baselines

We trained the baseline 32-bit floating point model with these
hyperparameters; a number of layers L=5, the initial number of
hidden channel H=48, layer kernel size K=38, stride S=4, and re-
sampling factor U=4. The modified ADAM optimizer described
in Algorithm 1 with an initial learning rate of 3.e-4 was utilized.
For training and evaluation, Valentini et al. [24] was used and
it consists of 28 speakers, and speech corrupted by 10 types of
noises at 4 levels of SNR: 15 dB, 10 dB, 5 dB, 0 dB. Originally
the dataset was recorded at 48 kHz and we resampled it to 16
kHz. Furthermore, the L1 loss for the waveform domain and
multi-resolution STFT loss [14, 25, 26] for the spectral domain
were applied with a weight of 0.5.

Regarding data augmentation, we applied three methods as
described in [14].

¢ Remix - It shuffles the noises to generate new mixtures.

¢ Bandmask — it is a band-stop filter to apply the same ef-
fect of SpecAug [27] augmentation in the time-domain
signal.

* Random shift — the signal is randomly shifted between 0
to S second and we set S to 0.5 sec.

For evaluation, we used wide-band perceptual evaluation

of speech quality (PESQ) [28] and the short-time objective in-
telligibility (STOI) [29] which are commonly used evaluation
matrices for speech enhancement. The PESQ aims to predict
the subjective quality with a value from 0.5 to 4.5 and the STOI
aims to predict the intelligibility with a value from O to 100. The
testset of Valentini benchmark [24] was used to measure PESQ
and STOL

For streaming evaluation on a mobile device, the speech en-
hancement model processes a 40 ms frame at once and a stride
of 16 ms is taken, so that input waveforms can be enhanced in a
overlapping manner.
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Figure 3: Distribution of batch normalization scaling fac-
tor, according to the BatchNorm decay rate during the train-
ing (BNgecay), after training over 400 epochs on Valentini
dataset.

Table 1: Results of sparse inducing training on scaling factor.
BNgecay is the BatchNorm decay rate during training.

Model Model size | PESQ STOI
Noisy - 1.97 91.5
Non-streamable
SEGAN [6] - 2.16
‘Wave U-Net [11] - 2.40
MetricGAN [30] - 2.86 -
Demucs-Large [14] 128 MB 3.07 95
streamable
DeepMMSE [31] - 2.77 93
Demucs [14] 73 MB 2.93 95
streamable, sparse-inducing training
BNaecay=0 73 MB 2.89 94.5
BNgecay=le-5 73 MB 2.87 94.7
BNgecay=le-4 73 MB 2.90 94.3
BNgecay=1e-3 73 MB 2.76 93.9

4.2. Experimental results

In this section, we present the evaluation results of the baseline
and the proposed pruning model. Regarding the notation,
e )\ : Threshold value for pruning. Every scaling factors,
whose absolute value is under the value of ), is decayed.
the # of decayed scaling factors

L] : . P i t. .

P* "The total # of scaling factors rumng fatio

e F;, D; : The i-th encoder and decoder respectively, i=1,
2,.,5

Sparse-inducing training. At the initial stage, the Batch-

Norm decay rate BNgecay Was set to 1e-3,1e-4 and le-5 and

the performance was checked to determine the decay rate.



Figure 3 shows the distribution of scaling factors after 400
epochs of training for each BatchNorm decay rate. The higher
decay rate, the more scaling factor tends to decay. This means
that there are more layers to be able to prune. On the other
hand, Table 1 shows that performance degradation occurs when
the largest batch norm decay rate is used. It means the scaling
factors are more decayed for the network to function properly.
Therefore, we set the BatchNorm decay rate as le-4, in which
case little performance degradation is caused while scaling fac-
tors decay considerably.

To analyze the effect of sparse induction training, we draw
the degree of sparsity on each encoder and decoder layer as
training progresses. In Figure 4, the degree of brightness in
the heatmap denotes the degree of sparsity in each batch nor-
malization layer by every training epoch.

The scaling factors decayed more near the end of the en-
coder and the beginning of the decoder during training, as
shown in Figure 4. It is the result from sparse-inducing training
with BNgecay=1e-4, which shows little performance degrada-
tion. This means that the CNN channels adjacent to latent rep-
resentation can be pruned more with reduced performance loss.
Further, the LSTM layers are located between the encoder and
decoder, and we assumed that a smaller LSTM dimension is re-
quired to guarantee performance, following the distribution in
Figure 4. Accordingly, we aggressively reduced the dimensions
of the two-layer LSTM from 768 to 250.

The pruning ratio p

0 50 100 150 200 250 300 350 400
Epochs

A sequence of a batchnorm layer

0.0

Figure 4: Over 400 epochs’ training, distribution of pruning ra-
tio p in each batch normalization layer, given threshold \=1e-4
and BNgecay of 1e-4 . Higher ratio (higher brightness) repre-
sents higher sparsity.

Table 2: Channel pruning results. X\ is a pruning threshold

value and p is the pruning ratio.

Model Model size LSTM dim. PESQ STOI
p=0, No pruning 73.85 MB 768 2.90 94.3
p=0, No pruning 34.61 MB 250 2.89 94.4
p=0.62, \=6.56e-4  18.25 MB 250 2.89 94.4
p=0.65, A=1.19¢-2  17.28 MB 250 2.74 94.3

Results of channel pruning. Before the pruning process,
we obtained a model of approximately 35 MB with sparse-
inducing training and two-layers of unidirectional LSTM with
250 dimensions. The BatchNorm decay rate of le-4 was cho-
sen.
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Table 3: The channel pruning results in detail. Cl1 is the first
CNN layer of an encoder or decoder module. T.C2 is the trans-
posed layer in a module in the decoder. ”Out/In” represents
each out/in convolutional channels.

Layer | channel # | new channel # | Pruned (%)

E;- Cl1:Out, C2:In 48,48 38, 38 20.8
E>- C1:Out, C2:In 96, 96 94, 94 2.1

Es3- C1:0ut, C2:In 192,192 174, 174 9.4
FE4- C1:0ut, C2:In 384, 384 311,311 19.0
E5- C1:0Out, C2:In 768, 468 356, 356 53.6
D;-C1:0Out, T.C2:In 1536, 768 394, 197 74.3
Ds-C1:Out, T.C2:In 768, 384 324, 162 57.8
D3-C1:Out, T.C2:In 384,192 254, 127 339
Dy4- C1:Out, T.C2:In 192, 96 188, 94 2.1

Ds- C1:0Out, T.C2:In 96, 48 78, 39 18.8

Table 2 shows that even the half-sized-model has compara-
ble performance in terms of the PESQ and STOI values. The
detailed result of channel pruning is shown in Table 3.

Results of quantization. Additionally, we conducted
quantization on the pruned model to further reduce the model
size. In Table 4, the result of the 16-bit quantization is shown.
The model has no performance degradation with quantization.

Table 4: Quantization Results

Model Model size | PESQ STOI
Pruned (Float32)  18.25 MB 2.89 94.4
Pruned (Float16) 8.90 MB 2.89 944

Results of on-device inference on a smartphone. The
RTF results are shown in Table 5. A Samsung Galaxy S21 Ultra
smartphone was used to conduct inference tests on the speech
enhancement model. Our lightweight model runs within 0.7
RTF in a streaming manner, using the “on-device* hardware.

Table 5: Real-time factors of the on-device inference measured
on a smartphone

Model Model size | Type RTF
*server
DEMUCS [14] 73 MB streaming 0.6
*mobile device
Pruned (Float32)  18.25 MB batch 0.11
Pruned (Float16) 8.90 MB batch 0.13
*mobile device
Pruned (Float32)  18.25 MB  streaming 0.56
Pruned (Float16) 8.90 MB streaming  0.62

5. Conclusions

In this paper, we present model compression techniques that can
effectively apply to convolutional encoder-decoder architecture.
We have made the lightweight model for on-device speech en-
hancement and successfully implemented it on the smartphone.
We induced the scaling factors of batch normalization layers
to be sparse, which leads CNN-based speech enhance model to
be pruned. A new method for maximizing channel pruning with
GLU is also suggested. With sparse-inducing training and chan-
nel pruning, we compressed the model size for speech enhance-
ment approximately half, maintaining performance. Quantiza-
tion is further applied to compress the pruned model. Without
or little performance degradation, we made the speech enhance-
ment model work under 10 MB, and the lightweight runs in
real-time using only on-device hardware.
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