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Abstract

Despite much progress, most temporal convolutional networks
(TCN) based speech enhancement models are mainly focused
on modeling the long-term temporal contextual dependencies
of speech frames, without taking into account the distribution
information of speech signal in frequency dimension. In this
study, we propose a frequency dimension adaptive attention
(FAA) mechanism to improve TCNs, which guides the model
selectively emphasize the frequency-wise features with impor-
tant speech information and also improves the representation
capability of network. Our extensive experimental investigation
demonstrates that the proposed FAA mechanism is able to con-
sistently provide significant improvements in terms of speech
quality (PESQ), intelligibility (STOI) and three other composite
metrics. More promisingly, it has better generalization ability to
real-world noisy environment.

Index Terms: Speech enhancement, adaptive attention mecha-
nism, temporal convolutional networks

1. Introduction

Speech enhancement (SE) seeks to remove the background
noise from the noisy speech signal, so as to improve the per-
ceptual quality and intelligibility of speech. SE plays an
important role in many applications, such as hearing aids,
speech recognition, and speaker verification. Statistical model-
based SE has been an attractive research direction for a long
time, with representative methods including Wiener filtering
[1], minimum mean-square error short-time spectral amplitude
(MMSE-STSA) estimator [2], and MMSE log-spectral ampli-
tude (MMSE-LSA) estimator [3]. These methods often make
some underlying assumptions [4], and lack the ability to handle
the non-stationary noise.

In recent years, deep neural networks (DNNs)-based super-
vised SE methods have demonstrated great progress. In the
supervised SE methods, the design of training targets plays
an important role. In the early study, the ideal binary mask
(IBM) [5] is inspired by the concept of time-frequency (T-
F) masking in computational auditory scene analysis. Sub-
sequently, other training targets in the T-F domain are pro-
posed, including masking-based targets and mapping-based tar-
gets. The most popular masking-based targets include ideal
ratio mask (IRM) [6], phase-sensitive mask (PSM) [7], and

I'This research work was supported by the Science and Engineer-
ing Research Council, Agency of Science, Technology and Research,
Singapore, through the National Robotics Program under Grant No.
1922500054.

Copyright © 2021 ISCA

gigi.sg@alibaba-inc.com,
congshi.lt@alibaba-inc.com,

166

aaron.nicolson@csiro.au,
haizhou.li@nus.edu.sg

complex IRM (cIRM) [8]. The most widely used mapping-
based targets are target magnitude spectrum, log-power spec-
trum, and complex spectrum. More recently, time domain so-
lutions [9-11] become popular, where the DNN is trained to
directly predict the raw waveform of clean speech from raw
waveform of noisy speech. The most prominent neural solu-
tion of this kind is the Conv-Tasnet [10], which achieves the
state-of-the-art performance in speaker separation tasks. Tak-
ing the speech quality [12], robustness, and computational effi-
ciency into consideration, the T-F domain methods remain the
most attractive solution today.

Deep learning for statistical model-based methods has also
been a popular research topic recently [13-16]. The perfor-
mance of statistical model-based methods is directly impacted
by the a priori signal-to-noise ratio (SNR). Motivated by the
fact, in [14, 15] we proposed a DNN-based a priori SNR esti-
mator (Deep Xi) that bridges the gap between deep learning
and statistical model-based methods. In Deep Xi framework,
the mapped a priori SNR 1is presented as the training target to
improve the convergence rate of the gradient descent algorithm.
In this study, we use two training targets to conduct speech en-
hancement: IRM [6] and mapped a priori SNR [14,15].

For DNN-based SE, temporal contextual information is
able to facilitate speaker generalization [17]. Multi-layer per-
ceptrons (MLPs) model typically exploits a context window of
consecutive frames to obtain the contextual information. How-
ever, the context window cannot provide long-term contextual
information. Subsequently, Chen et. al [17] proposed to use
a recurrent neural network (RNN) with four hidden long short-
term memory (LSTM) layers to capture the long-term depen-
dencies. The LSTM model shows a significant superiority than
MLPs model, but the high latency and the training complexity
also limit its applicability. Recently, a model called TCN [18],
which uses residual learning incorporated with dilated convolu-
tion units, can capture long-term contextual dependencies and
outperforms LSTM models in several sequence modeling tasks.
TCNs have become tremendously popular in speech enhance-
ment [11,15,19] with the advantages of parallel processing, low
training complexity and memory required.

However, TCN is unable to model the speech distribution
along the frequency dimension, which is equally important to
preserve the structure of speech signals. Recently, the study of
channel attention [20, 21] has brought significant performance
gains in computer vision tasks. Such attention module tells
the model where the important channel features are. Moti-
vated by the channel attention study in computer vision [20], we

2 Availability: The mentioned Deep Xi framework is available at:
https://github.com/anicolson/DeepXi.
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present a frequency dimension adaptive attention module under
the TCN framework, which dynamically generates differenti-
ated weights to spectral elements according to their significance
in speech.

The remainder of this paper is structured as follows. In
Section 2 we describe the training targets used in this work.
The description of our proposed model is given in Section 3.
We present the experiment set up and results in Section 4. The
conclusion is given in Section 5.

2. Training Targets

We assume additive noise in the short-time Fourier transform
(STFT) domain:

Y[, k] = S[l,k] + D[l, k] e

where Y'[I, k], S[l, k], and D[l, k] denote the STFT coefficients
at time frame [/ and frequency bin k of the noisy speech, clean
speech, and noise, respectively.

We consider two training targets to conduct speech en-
hancement, i.e. the IRM [6] and the mapped a priori SNR
[14,15].

IRM is one of most popular masking-based training targets,
and it is defined as:

IRM[l, k] = \/|S[l,k5

where |S [I, k]| and |D [I, k]| denote the spectral magnitudes of
clean speech and noise, respectively.

In Deep Xi SE framework [14,15], we proposed the mapped
a priori SNR as training targets, which is a mapped ver-
sion of the instantaneous a priori SNR (in dB), €45 [I, k] =
101og,o(&[L, k]) and £[1, k] is given by:

|S[L, k]|*

|DIL, k] |2
Deep Xi utilizes the cumulative distribution function (CDF) of
&ap [l, k] as the map [14, 15]. The estimated a priori SNR
E [I, k] can be flexibly applied to gain functions of statistical
model-based SE methods to reconstruct the clean speech. In this
study, we exploit the most widely used MMSE-STSA gain func-
tion [2] for performance evaluation. The MMSE-STSA gain
function is given by:

@

S[L k]2
> + DI, k]2

£l k] = 3)

Gumuse—-sTsall, k] = 5 K] 5

((1 +oll, K)o <@> +oll, L <@>)

where Iy and I; are the modified Bessel function of zero
and first order, respectively, and v[l, k] = (£[I,k]/(&[L, k] +

[ k]

ﬁmexp<—v[uk]>
)

3. Model Description

A square-root-Hann window function is used for spectral anal-
ysis and synthesis, with a frame-length of 32 ms (512 time-
domain samples) and frame shift of 16 ms (256 time-domain
samples). We use the 257-point noisy speech magnitude spec-
trum as the network input, which include both the DC frequency
component and the Nyquist frequency component.

In Deep Xi framework, the maximum likelihood a posteriori SNR
estimator is used: Y[l, k] = £[l, k] + 1
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3.1. Proposed TCN-FAA and GaTCN-FAA Models

TCN is known to be effective in speech enhancement [11, 15,
19]. Let’s recap the bottleneck TCN model [15] in Fig. 1(a),
and its workflow next. The network input is the noisy speech
magnitude spectrum with shape T x F, where T is the number
of time frames and F' = 257 is that of the frequency bins. The
input is first transformed by FC, a fully-connected layer of size
dmodel = 256 that includes layer normalisation [22] followed by
the rectified linear unit (ReLU) [23] activation function, leading
to a time-frequency representation of 7' X d,,04e1- The FC layer
is followed by N = 40 widely used bottleneck TCN blocks,
and each block contains three one-dimensional causal dilated
convolutional units.

Each convolutional unit is pre-activated by layer normal-
isation followed by the ReLU activation function. The first
and third convolutional units in each block have a kernel size
of 1, whilst the second convolutional unit has a kernel size of
k = 3. The first and third convolutional units have a dilation
rate of 1, while the second convolutional unit employs a dilation
rate of d, providing a long-range contextual field over previous
speech frames. The dilation rate d is cycled as the block index
n increases:d = 2(7—1 mod (log2(D)+1) 11 15], where mod is
the modulo operation, n = 1,2, ..., N and D = 16 is the max-
imum dilation rate. The last block is followed by the output
layer, which is a FC layer with sigmoidal units.

T T X dmodet
Conv. unit
1,dr, 1)
Conv. unit
(k,df, d)

Conv. unit
(1, dimgae 1)

Layer norm
ReLU
ConvID

Conv. unit

Ul/T X dmodet

(a) The bottleneck TCN model (b) The proposed bottleneck TCN
model with a FAA block (TCN-
FAA)

Conv. unit
1,dp, 1)

Conv. unit
(k,df,d)

Conv. unit
(k,df, d)

linear sigmoid

(1, dmoger, 1)

T X dmodet

(c) The proposed GaTCN model with
a FAA block (GaTCN-FAA)

Figure 1: [llustration of the bottleneck TCN model, bottele-
neck TCN-FAA model and GaTCN-FAA model. ConvID de-
notes one-dimension convolutional unit. The kernel size, output
size, and dilation rate for each convolutional unit is denoted as
(kernel size, output size, dilation rate).

While TCN effectively models the long-term contextual in-
formation of speech, it doesn’t model the energy distribution
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Figure 2: lllustration of the FAA module, and the symbol ® represents the element-wise multiplication.

along the frequency dimension. To alleviate the limitation, we
propose a frequency dimension adaptive attention (FAA) mod-
ule under the TCN framework, which assigns differentiated
weights dynamically to the d,oder frequency elements. The
FAA module is shown in Fig. 1(b)-(c) (highlighted in red dot-
ted box) is easily integrated into TCN blocks. In [19] a gated
bottleneck TCN residual block is proposed by incorporating a
gating mechanism to alleviate the vanishing gradient problem.

We study the effectiveness of the proposed FAA module in
two TCN frameworks, namely bottleneck TCN block (denoted
as TCN) [15] and the gated bottleneck TCN block (denoted as
GaTCN) [19], for speech enhancement.

3.2. Frequency Dimension Adaptive Attention (FAA)

Recently, channel attention has achieved impressive perfor-
mance in many computer vision applications [20,21]. One of
the representative attention modules is Squeeze-and-Excitation
attention module [20], which consists of a squeeze operation
and an excitation operation. The squeeze operation utilizes
global averaging pooling to access global spatial information.
The excitation operation utilizes the accessed information to
generate the weights to perform feature recalibration. In speech
enhancement, we consider that the energy distribution in fre-
quency dimension is as informative as the temporal contextual
information. Inspired by the Squeeze-and-Excitation module,
we introduce a frequency dimension adaptive attention (FAA)
module to the TCN frameworks, which allows the TCN mod-
els to adaptively assign differentiated weights to different fre-
quency elements. The proposed FAA module is illustrated in
Fig. 2.

Given an intermediate input F € R7 X%l F is firstly re-
shaped into the shape of 1 X T X dmodel. Subsequently, the
squeeze operation aggregates the global information of fre-
quency bins using global averaging pooling, generating the
statistics of frequency bins Fy,,, which denotes averaged-pooled
features. The aggregated features in squeeze operation are then

forwarded to an MLP network with two FC layers to generate
the weights w € R *dmocel for frequency bins. To reduce pa-
rameters and computational cost, the size of hidden layer is set
to RY¥1¥dmoaet/T \where 7 denotes the reduction ratio. In short,
the weights of frequency bins are computed as

(&)

where o denotes the sigmoid function and frw, w,y (Fave)
takes the form

f{Wl,WQ}(Fivg) = W277 (Wlevg) (6)

where 7 denotes the ReLU activation function, W; €
Rébmodet /7> dmodel - apnd Wy € R%modet X dmoael/T denote the MLP
weights. In this work, the reduction ratio r is set to 4. The
obtained attention weights are assigned to corresponding fre-
quency bins to recalibrate features. The FAA is a lightweight
and general module, which can be easily integrated into TCNs.

w =0 (frw, w2y (Fag))

4. Experiments
4.1. Dataset

The training data set consists of 74,250 clean speech record-
ings and 2,382 noise recordings. Each clean speech record-
ing is mixed with a random section of a randomly selected
noise recording at a random SNR (-10 dB to 20 dB, in 1
dB increments). The clean speech recordings come from the
train-clean-100 set of LibriSpeech [24] (28,539 utterances) and
CSTR VCTK corpus [25] (42,015 utterances), and the si*
and sx* training sets of TIMIT corpus [26] (3,696 utterances).
The noise recordings from the following noise datasets are
included in the training set: the Environmental Background
Noise dataset [27, 28], the Nonspeech dataset [29], multiple
FreeSound packsz, the QUT-NOISE dataset [30], the noise set

2Freesound packs that are used: 147, 199, 247, 379, 622, 643, 1 133,
1563, 1840, 2432, 4366, 4439, 15,046, 15,598, 21,558.

Table 1: Performance comparisons of neural speech enhancement networks in terms of PESQ for Test Set 1.

\ SNR level (dB)
Network IRM Mapped a Priori SNR

‘ Voice babble Street music F16 Factory Ave Voice babble Street music F16 Factory ‘ Ave

‘ -5 5 15 -5 5 15 -5 5 15 -5 5 15 -5 5 15 -5 5 15 -5 5 15 -5 5 15 ‘
Noisyspeech | 1.00 183 260 | 1.15 188 259 | 129 188 258 | 105 168 249 | 1.83 | - |
ResLSTM 123 226 292 | 150 240 300 | 1.63 241 297 | 1.08 221 276 | 221 .11 220 299 | 1.34 228 290 | 144 241 298 | 1.09 240 2.88 | 2.17
ResBLSTM 125 227 296 | 153 241 3.02 | 1.61 244 295 | 1.10 224 279|222 | 1.24 224 301 | 143 231 291 | 154 245 301 | 1.1l 238 298 | 2.22
TCN 130 235 3.09 | 1.50 230 3.01 158 240 297 | 1.26 221 288 | 226 | 129 233 302 | 136 222 293|168 25 3.06 | 1.21 231 3.01 | 2.26
TCN-FAA 142 244 315 | 172 255 3.17 | 1.87 2.67 323 | 1.54 239 3.1 | 246 | 142 248 325 | 172 264 324 | 199 282 335 | 1.66 249 3.10 | 2.53
GaTCN 135 239 310 | 1.60 240 296 | 1.61 252 3.1 133 224 303 | 233 | 1.34 243 3.14 | 1.59 250 3.09 | 1.64 256 3.13 | 1.27 222 3.08 | 2.35
GaTCN-FAA | 146 245 3.19 | 1.68 254 3.15 | 1.92 2.67 323 | 1.61 253 314 | 248 | 1.24 241 317 | 147 254 3.15 | 1.88 271 331 | 1.26 244 3.16 | 2.42

168



Table 2: Performance comparisons of neural speech enhancement networks in terms of STOI (in %) for Test Set 1.

SNR level (dB)

l
Network “

IRM Mapped a Priori SNR
Voice babble ‘ Street music ‘ F16 ‘ Factory | Ave Voice babble ‘ Street music ‘ F16 ‘ Factory ‘ Ave
[s s 15 |5 s 15 |5 s 15 |5 s 15| 5 5 15 |5 s 15 |5 s 15 |5 s 15 |

Noisyspeech | 602 830 955 | 590 819 956 | 604 824 957|578 808 945|796 | - | - | - | | -
ResLSTM 630 879 960 | 679 888 968 | 66.1 873 952|590 850 952 | 823|580 858 964 | 645 86.1 962 | 628 869 959 | 58.1 845 942 | 808
ResBLSTM | 627 87.0 962 | 68.1 885 969 | 663 879 956 | 592 854 950 | 824 | 57.6 857 965 | 646 862 960 | 650 87.0 960 | 585 854 94.6 | 81.1
TCN 647 883 97.1 | 685 879 967 | 668 879 955|612 857 951 | 841 | 621 871 968 | 663 868 965 | 665 882 96.1 | 593 857 943 | 834
TCN-FAA 674 901 973 | 715 905 974 | 740 912 97.6 | 675 873 962 | 867 | 63.7 89.1 973 | 7TL1 90.0 97.4 | 727 90.8 974 | 67.5 871 948 | 86.0
GaTCN 657 89.1 97.1 | 694 889 965|688 893 970|625 864 960 | 851 | 627 882 972|674 894 971 | 672 892 965|596 840 96.1 | 84.0
GaTCN-FAA | 68.0 89.6 974 | 717 90.5 97.5 | 743 913 97.6 | 684 89.0 968 | 87.0 | 634 892 974 | 712 90.1 972 | 698 89.8 972 | 60.1 867 96.6 | 85.1

of the MUSAN corpus [31], and coloured noise recordings
(with an « value ranging from -2 to 2 in increments of 0.25).
Each extracted 5% of the dataset to form the validation set. For
testing, firstly to maintain the continuity of work, we adopted
the same test set as [14, 32] as the Test Set 1. Also, we mix
the ITU standard utterances with recorded noise in the real en-
vironment and obtain 200 utterances to form the Test Set 2, to
study whether the proposed models generalize well to real noisy
environment. All audio recordings used in the experiment are
single-channel, with a sampling rate of 16 kHz.

Table 3: Performance comparisons in terms of three composite
metrics for Test Set 1.

Network \ IRM Mapped a Priori SNR

| CSIG  CBAK COVL | CSIG CBAK COVL
Noisy speech 245 1.83 1.75 - - -
ResLSTM 2.92 227 221 2.89 228 2.14
ResBLSTM 3.00 228 221 2.97 2.30 2.19
TCN 3.06 234 226 3.07 2.40 2.29
TCN-FAA 3.27 2.50 2.45 329 2.57 2.51
GaTCN 3.14 2.41 233 3.12 242 234
GaTCN-FAA 3.28 2.52 2.47 3.18 248 2.41

4.2. Baselines and Training Methodology

We compare our proposed TCN-FAA and GaTCN-FAA net-
works with four baselines, which include a residual LSTM
(ResLSTM) network [14], a residual bidirectional LSTM (Res-
BLSTM) network [14], a TCN model [15] and a GaTCN model
[19]. The ResLSTM consists of 5 residual blocks, with each
block containing a LSTM cell with a size of 512. The Res-
BLSTM is identical to the ResLSTM, except that the residual
blocks include both a forward and backward LSTM cell, each
with a cell size of 512. TCN and GaTCN models contain 40
residual blocks. For mapped a priori SNR training target, the
last layer applies a sigmoid activation, and uses cross entropy
as the cost function, and for IRM, the last layer applies a linear
activation, and uses the mean square error as the cost function.
In the training stage, we used the Adam algorithm with default
hyper-parameters settings [33] for gradient descent optimisation
and the mini-batch size was set to 10.

4.3. Experimental Evaluation

In this work, we evaluate the speech enhancement performance
in terms of five widely used metrics: perceptual evaluation of
speech quality (PESQ) [34], short-time objective intelligibility
(STOI) [35] , a composite measure for signal distortion (CSIG),
a composite measure for noise distortion (CBAK) and a com-
posite measure for overall speech quality (COVL) [36]. For
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Test Set 1, the PESQ and STOI results are shown in Table 1
and Table 2. Similar performance trend is observed under two
training targets, we take the IRM training target as an exam-
ple. It is obvious that the proposed TCN-FAA and GaTCN-FAA
achieve significant improvements over all the baseline models.
According to Table 1, the proposed FAA module yields 0.2 and
0.15 PESQ improvements over the TCN and GaTCN baselines
on average, respectively. In terms of STOI, 2.6% and 1.9%
improvements are obtained on average. The three composite
metrics results are shown in Table 3, it also can be seen that
TCN-FAA and GaTCN-FAA consistently outperform the origi-
nal baseline TCN and GaTCN in all metrics under both training
targets, which demonstrates the effectiveness of the proposed
FAA module.

Table 4: Performance comparisons in terms of CSIG, CBAK,
COVL, PESQ and STOI metrics for Test Set 2.

\ IRM | Mapped a Priori SNR

Network

| CSIG CBAK COVL PESQ STOI | CSIG CBAK COVL PESQ STOI
Noisy speech 1.92 1.73 1.51 1.90 86.7 - - - - -
ResLSTM 307 230 238 254 900 | 319 241 253 262 89.1
ResBLSTM 305 232 239 255 900 | 315 237 247 262 889
TCN 310 233 242 257 910 | 321 243 256 264 902
TCN-FAA 322 246 257 267 926 | 337 251 268 274 921
GaTCN 314 238 248 261 913 | 328 249 262 269 908
GaTCN-FAA 328 247 259 270 916 | 339 254 270 279 910

Table 4 presents the comparison results on Test Set 2, it
can be clearly observed that TCN-FAA and GaTCN-FAA out-
perform all the baseline models across five metrics by a com-
fortable margin under two training targets. For example, under
IRM training target, TCN-FAA provides 0.12, 0.13, 0.15, 0.10
and 1.6% improvements over TCN for CSIG, CBAK, COVL,
PESQ and STOI, respectively. These evaluation results prove
the excellent generalization ability of the proposed frequency
dimension adaptive attention mechanism to real noisy environ-
ment.

5. Conclusions

In this paper, we proposed a frequency dimension adaptive at-
tention module (FAA) to improve TCN models for monaural
speech enhancement task. The FAA module is integrated into
TCN and GaTCN to perform speech enhancement. Moreover,
the experiment evaluations are conducted on two training tar-
gets. The results of objective metrics show that the proposed
TCN-FAA and GaTCN-FAA consistently outperform their base
models without FAA module. More promisingly, it also shows
excellent generalization ability to real noisy environment.
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