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Abstract

Although deep learning-based models proposed in the past
years have achieved remarkable results on the speech enhance-
ment tasks, the existing multi-step denoising methods require a
memory size proportional to the number of steps during train-
ing, which makes it difficult to apply to large models. In this pa-
per, we propose a memory-efficient multi-step speech enhance-
ment method that requires only constant amount of memory for
model training. This End-to-End method combines Neural Or-
dinary Differential Equations (Neural ODEs) with the Memory-
efficient Asynchronous Leapfrog Integrator (MALI) for multi-
step training. Experiments on the Voice Bank and DEMAND
datasets showed that the multi-step method using MALI had
better performance than the single-step method, with maximum
improvements of 0.16 on PESQ and 0.5% on STOL. In addi-
tion to reducing the memory required for model training, this
method is also quite competitive with the current state-of-the-
art methods.

Index Terms: speech enhancement, deep learning, neural
ODEs, multi step

1. Introduction

In recent years, more and more tasks that rely on speech as a
medium for interaction and communication have been used in
daily life, such as online meetings, hearing aids, speech recog-
nition, etc. However, the environment is full of various back-
ground noises, which will seriously affect the performance of
these tasks. Therefore, speech enhancement, which removes
noises and improves the speech quality, is an important pre-
processing task. Nevertheless, traditional speech enhancement
methods based on statistical models, such as Wiener filter-
ing [1], spectral subtraction [2] and minimum mean square error
(MMSE) estimation [3, 4], are unlikely to effectively remove
the non-stationary noise that permeates our daily life.

Recently, speech enhancement research used data-driven
and larger model-based approaches [5, 6, 7, 8]. Among them,
training the deep learning models such as Recurrent Neural Net-
works (RNNs), Convolutional Neural Networks (CNNs) and
Transformers for single-step denoising achieved significantly
better results than traditional methods. Ideally, the performance
can be improved by increasing the model size, but doing so will
not only increase the training cost, but may also lead to over-
fitting, which makes the benefits less than expected. In con-
trast, as humans have the ability to understand content through
repeatedly listening the speech signals disturbed by a certain
degree of noise, it is reasonable to use iterative multi-step de-
noising method to achieve a better result. However, for existing
multi-step speech denoising methods such as DSEGAN [9] and
SNR-Progressive Learning [10], the memory consumption dur-
ing training increases linearly with the number of steps. This
makes it difficult to train larger models for multi-step denois-
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Algorithm 1 Forward Function ¢, A¢ of ALF
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ing.

In this study, we propose a memory-efficient multi-
step speech enhancement method that, different from previ-
ous methods, just requires a fixed memory size for multi-
ple iterations. Our approach is based on the Neural Ordi-
nary Differential Equations (Neural ODE) [11] and combined
with the Memory-efficient Asynchronous Leapfrog Integrator
(MALI) [12], which has the backward pass towards correct
training direction. We apply this method to UNet [13] with-
out special design and conduct experiments on the public Voice
Bank + Demand dataset [14]. The results confirmed that this
method not only reduces the memory size required to train a
multi-step speech enhancement model, but also has quite com-
petitive performance compared to the current state-of-the-art
methods.

2. Methodology
2.1. Memory-efficient Asynchronous Leapfrog Integrator

The original Neural Ordinary Differential Equations (Neural
ODEs) [11], which use the Adjoint Method, computes gradients
that are not accurate in the backward pass. As a result, devia-
tions occur when the model parameters are corrected, and it is
difficult to train stably when applied to large models. To solve
this problem, Adaptive Checkpoint Adjoint (ACA) [15] which
needs to record intermediate states and Memory-efficient Asyn-
chronous Leapfrog Integrator (MALI) [12] based on Asyn-
chronous Leapfrog (ALF) [16] is proposed.

Q)]

21,01 < U Ac(2t0, Ve, Vi = fo(2t,)

10.21437/Interspeech.2022-868



[ Encoder, ]—)[ Decoder, ]

| A

s I N s I N

| Conv2d(d;_1) |

| Time Reflection Padding |

| Conv2|d(hi) | | Time Reflection Padding |
| GN+PReLU |

| | GN+PReLU |
| Time Reflection Padding |

[

| Conv2d(d;, 5=2) | | TransConv2d(h;, s=2) |

[ >|
| GN+PReLU | | GN+PReLU |
L Encoder; ) L A Decoder; )
Y
[ Encodery, ]—)[ Decodery, ]

(a)

Frequency

Frequency

Time Time

(b) left: 2d Zero Padding, right: Time Reflection Padding

Figure 1: (a) Overview of UNet architecture and (b) The Time Reflection Padding.

Algorithm 3 Fixed Step Memory-efficient Asynchronous
Leapfrog Integrator

Initialize
start time ¢o, end time 7', ODE function fy, step size At,
and step number N = T;fo

Forward
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The forward-pass of MALLI is represented in Eq. 1, which
is composed of N ALF forward functions (Algo. 1) ¥5, a¢. fo
and At represent ordinary differential equation with trainable
parameters 6 and time step size, respectively. By relying on the
inverse function 1/;,791 az (Algo. 2) of 9¢, A¢, MALI does not
need to record the computation graph and intermediate states
in the forward pass. As long as the final state zr is saved, the
model can be updated according to Algo. 3 by calculating the
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correct gradient through local backpropagation.

2.2. Model
2.2.1. UNet

This experiment uses UNet [13] as the ordinary differential
equation fp used by MALL, and its structure is shown in Fig. 1a,
which consists of pairs of encoder blocks and decoder blocks.
Each block is composed of two layers of convolutions. When
passing the second layer, downsample/upsample of 2 x 2 is per-
formed, and GroupNorm [17] and PReLU [18] are added be-
tween all convolutions.

2.2.2. Time Reflection Padding

The use of zero padding in CNNs over multiple iterations may
result in the gradual accumulation of boundary cut-off informa-
tion, which affects non-boundary audio and causes distortion.
In order to avoid this situation affecting the performance, the
Time Reflection Padding shown in Fig. 1b is used as the padding
method in UNet.

2.2.3. Dimension Augmentation

Dupont et al. [19] found that extending the dimensionality of
the state causes Neural ODE:s to substantially speed up learning
and increase performance. In Eq. 2, the Complex Spectrogram
is expanded from the original REX2XFXT 1o REXDXEXT »q
the initial state z;, of MALI. The proposed method performs a
linear projection on the final state zr in Eq. 3 to get the esti-
mated spectrum S € RE*2XF*T,

Ztg = {Xreal> Ximag> 017 v 70D—2} 2)

{Sreat, Simag} = 2rW +b, W eRP2 (3)



Table 1: Comparison with the state-of-the-art methods on the Voice Bank + DEMAND dataset.

Methods Year Param. PESQ STOI(%) CSIG CBAK COVL
Noisy - - 1.97 92.1 3.35 2.44 2.63
SOTA speech enhancement approaches
SEGANI[20] 2017 432M 2.16 92.5 3.48 2.94 2.80
MMSEGAN][21] 2018 - 2.53 93.0 3.80 3.12 3.14
MetricGAN|[22] 2019 186 M 2.86 - 3.99 3.18 3.42
CRGAN][23] 2020 - 292 94.0 4.16 3.24 3.54
DCCRN[24] 2020 37M 2.68 93.7 3.88 3.18 3.27
RDL-Net[25] 2020 391 M 3.02 93.8 4.38 343 3.72
PHASEN[26] 2020 - 2.99 - 4.21 3.55 3.62
MHSA-SPK][27] 2020 - 2.99 - 4.15 3.42 3.53
T-GSA[28] 2020 - 3.06 93.7 4.18 3.59 3.62
TSTNN[29] 2021 0.92M 2.96 95.0 4.17 3.53 3.49
DEMUCSI[30] 2021 128 M 3.07 95.0 4.31 3.40 3.63
GaGNet[31] 2021 594M 2.94 94.7 4.26 3.45 3.59
MetricGAN+[32] 2021 - 3.15 - 4.14 3.16 3.64
SE-Conformer[33] 2021 - 3.13 95.0 4.45 3.55 3.82
MMB-AIAT[34] 2021 0.90M 3.11 94.9 4.45 3.60 3.79
CRB-AIAT[34] 2021 1.17M 3.15 94.7 4.48 3.54 3.81
DB-AIAT[34] 2021 281M 3.31 95.6 4.61 3.75 3.96
Proposed approaches
Small-MALI-SE 2022 0.48M 3.07 94.6 434 2.35 3.73
Medium-MALI-SE 2022 0.99M 3.15 94.9 4.40 2.39 3.82
Large-MALI-SE 2022 2M 3.21 95.0 4.46 2.46 3.88

Table 2: Compare the performance of Small, Medium and Large
models at different step sizes.

Models  Stepsize =~ PESQ STOI (%) SISDR
Noisy - 1.97 92.1 8.45
wio MALI  2.97 94.2 19.29
Small 1 3.03 94.5 19.53
0.5 3.07 94.6 19.51
048M) 55 3.00 94.7 19.51
0.125 3.04 94.6 19.75
w/o MALI ~ 2.99 94.4 19.09
Medi 1 311 94.7 19.41
(0699“;\4“1) 0.5 3.15 94.8 19.62
: 0.25 3.14 94.9 19.41
0.125 3.07 94.9 19.75
wio MALI  3.07 94.6 19.31
Laree 1 3.11 94.8 19.53
P 1\%1) 0.5 3.13 94.9 19.15
0.25 3.20 94.9 19.70
0.125 3.21 95.0 19.97

3. Experiments
3.1. Datasets

The experiment in this study used the public data set proposed
by [14], which contained 30 speakers in the Voice Bank cor-
pus [35], in which 28 was used as the training data, and 2 was
the test data. Also, this study referring to [36] selected the data
from two speakers (p226 and p287) in the training data as the
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Table 3: The effect of dimension augmentation (DA) on the per-
formance of the Medium model.

Models  Stepsize PESQ STOI (%) SISDR
Noisy - 1.97 92.1 8.45
. 1 311 94.7 19.41
Medium ) 5 3.15 94.8 19.62
1 3.03 94.6 19.29
wioDA ) s 3.02 94.7 19.32

validation set. The selected data were further mixed with noise
from DEMAND database [37] to produce noisy speech data.

3.2. Training Details

In this experiment, three sizes of UNets, Small (0.48 M),
Medium (0.99 M) and Large (2 M), were constructed on the ba-
sis of different number of parameters, all of which are stacked
by 4 encoders/decoders. All convolution kernel size and Group-
Norm groups were set to 3 and 8. The channel setting of each
layer was selected from ¢ = {8, 16, 32,48, 64, 96,128,196}.
The hyperparameters d and h in Fig. la were {cit1, ... Cita},
{¢it+2,...ciy5}, and the dimension augmentation D = c;.
Small, Medium and Large models set the values of ¢ to 0, 1
and 2, respectively. The start time ¢y and end time 7" of MALI
were from O to 1. This experiment did not use the current time
t as the conditional input to the model.

After down-sampling all speech to 16 kHz in preprocessing
step, the complex spectrogram was obtained through STFT of
511-sample window size and 63-sample hop size. This study



used Hanning window as the window function when trans-
forming. During training, the length of the speech segment of
each data was 32194 samples (about 2 seconds), and reflection
padding was performed when the audio file duration was less
than the aforementioned length. We used RAdam [38] as the
optimizer for this experiment, the learning rate for Small and
Medium was 5e-3, for Large was 2e-3, and the batch size was
set to 16. After training for 80 epochs, the model with the best
performance on the validation set was selected as the final re-
sult.

3.3. Main Results

We used PSEQ [39], STOI [40], CSIG [41], CBAK [41] and
COVL [41] as the metrics for speech enhancement performance
evaluation. In Table. 1, MALI-UNet was compared with multi-
ple state-of-the-art baselines using the above evaluation metrics,
including SEGAN [20], MMSEGAN [21], MetricGAN [22],
CRGAN [23], DCCRN [24], RDL-Net [25], PHASEN [26],
MHSA-SPK [27], T-GSA [28], TSTNN [29], DEMUCS [30],
GaGNet [31], MetricGAN+ [32], SE-Conformer [33]. UNet,
which was not specially designed for speech enhancement tasks
still had the ability to compete with these baselines after using
MALL

Table 2 shows the comparison of performance over Small,
Medium and Large models at various step sizes. It can be ob-
served that the multi-step denoising method using MALI had
better performance than the single-step method without NODEs
(w/o MALI) on the models of different sizes, with maximum
improvements of 0.16 on PESQ and 0.5% on STOIL. On the
other hand, Table 3 shows that dimension augmentation had
a large effect on the performance gain brought by multi-step
training. Removing it will greatly reduce the information that
can be reused between states, and even with MALI. There is no
significant improvement in various evaluation metrics.

4. Conclusions

In this paper, we propose a memory-efficient multi-step speech
enhancement method that combines Neural ODEs and MALI.
The amount of memory required for this method to train is in-
dependent of the number of iterations. Therefore, it can also be
used for models that consume a large amount of memory and
does not require any structural changes when combined with
other baselines. In addition, the study found that by expand-
ing the dimension of the intermediate state, the performance of
models of different sizes will be significantly improved after
multiple iterations. On public datasets, using our method with
an unspecified UNet had the ability to compete with other state-
of-the-art methods.
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