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Abstract 
 

Novel deep learning approaches for single-channel speech enhancement 
 

Kai Wang 
 
 
Acquiring speech signal in real-world environment is always accompanied by various ambient 

noises, which results in the degraded intelligibility and quality of the speech. To make listeners 

hear the high-quality speech signal, speech enhancement is thus necessary, which aims to 

estimate the clean speech from noisy mixture by removing the background noises. Recently, 

deep-learning approaches, as a powerful tool, have impressively promoted the advancement of 

speech enhancement, which usually trains a neural network to learn the mapping function from 

the noisy speech to the clean speech with supervised learning. However, commonly used neural 

networks cannot efficiently leverage contextual information of speech signal while involving 

large footprint. For example, convolutional neural networks require to be deep enough for 

capturing sufficient receptive field due to the intrinsic locality. Besides, the recurrent neural 

networks cannot learn the long-term dependency of long speech sequences and moreover are 

computational-expensive because of the sequential processing.  

To learn the contextual information of long-range speech sequencies, in the first contribution 

of this thesis, two novel attention-based transformer neural networks are proposed for single-

channel speech enhancement: two-stage transformer and cross-parallel transformer neural 

networks, termed as TSTNN and CPTNN, respectively. The proposed TSTNN adopts multiple 

pairs of local and global transformer with cascaded connection to successively extract both local 

information of individual frames and global information across various frames, generating the 

contextual feature representation. To overcome the information leakage caused by shifting from 

one path to another in cascaded structure, the proposed CPTNN employs cross-parallel 

transformer blocks to extract local and global information in parallel, whose outputs are then 

adaptively fused by inner cross-attention mechanism for the generation of contextual information. 

Both proposed architectures incorporate the transformer blocks between convolutional encoder 

and decoder, where the outputs of transformer blocks are fed into a masking module to create a 

mask for filtering the encoder outputs which will be transformed to enhanced speech via decoder.  
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Extensive experiments indicate that the proposed TSTNN and CPTNN achieve a competitive or 

even superior performance compared to existing state-of-the-art methods in all evaluation 

metrics while having fewest trainable parameters. 

While many competitive performances are realized by networks involving attention 

mechanism such as transformer as a part of them, it is worth-studying whether the attention is 

indispensable for resolving long-term dependency problem in speech enhancement, especially 

when considering the trade-off between computational efficiency and denoising performance. In 

the second contribution of this thesis, we propose an attention-free architecture based on multi-

layer perceptrons (MLPs) for speech enhancement, named SE-Mixer, which consists of an 

encoder, a decoder and multiple mixer blocks in between. The mixer block is designed for 

efficiently extracting contextual information of long-range speech sequences. It employs 

temporal MLP in conjunction convolution and frequency MLP to iteratively capture multi-scale 

temporal information from various time scales and extract frequency information within each 

time step. Our experimental results demonstrate that the proposed SE-Mixer has a competitive 

performance and relatively low parameters compared to existing methods and without attention 

mechanism incorporated. We have also shown that the architecture without attention algorithm is 

likely to reach approximately the same effectiveness as compared with attention-assisted models 

but with significantly lower computational complexity. 
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Chapter 1 

 Introduction  
 
Speech enhancement, as an indispensable front-end task of speech processing, aims to improve 

the perceptual quality and intelligibility of degraded speech by removing its background noise. It 

is widely adopted in many speech-related applications including voice communication, 

automatic speech recognition (ASR), hearing aids and audio systems. Researchers have explored 

speech enhancement based on statistical signal processing, leading to some popular traditional 

speech enhancement methods including Wiener filtering [1], spectral subtraction [2] and 

statistical model-based algorithms [3].  

In recent years, deep learning emerges as a powerful tool to develop various data-driven 

approaches for solving traditional estimation problems with or without supervision. It is believed 

that the deep learning methods have significantly promoted the rapid advancement of speech 

enhancement. Some popular deep neural networks, including fully-connected neural network, 

convolutional neural networks (CNNs), recurrent neural network (RNNs) have been widely 

studied for speech processing tasks such as speech enhancement, speech separation and speech 

recognition. Benefited from the achievement of deep learning on the computer vision (CV) and 

natural language processing (NLP), some approaches derived from these two fields have inspired 

the works in speech processing. Speech signals are naturally one-dimensional sequences with 

strong temporal corrections among sequence samples, which can be processed by sequence 

models referred to the NLP tasks. In addition, the short-time Fourier transform (STFT) is usually 

implemented on one-dimensional speech waveform to obtain the image-like spectrogram with 

time horizontal axes and frequency vertical axes, which can readily adopt the popular methods 

from CV tasks. However, the speech processing tasks are essentially different from CV and NLP, 

and some specific approaches are required to be designed for the specific tasks. 

This thesis investigates both attention-based transformer and attention-free neural networks 

for single-channel speech enhancement. To solve the long-range independency problem of 

speech sequences, we design specific neural network modules and model structure to extract 

sufficient contextual information for improving the performance of speech enhancement. The 



 2 

other target of this thesis is to propose low footprint models for applications with limited 

computational resources. In the following, we will briefly introduce the existing works of speech 

enhancement and some constituent components which will be used in our methods. 

 

1.1 Neural networks for speech enhancement 
 
Deep neural network systems for speech enhancement can be categorized into Time-Frequency 

(T-F) domain and Time domain methods. In T-F domain SE models, the spectrogram features of 

noisy speech are obtained by short-term Fourier transform (STFT), which will be processed by 

the denoising systems to estimate the clean spectrogram. On the other head, the time domain 

methods directly estimate the clean speech from the noisy waveform. 

 

1.1.1 Time-Frequency domain models for SE 
 

T-F domain methods take the spectrogram features as the inputs since some harmonics of the 

speech signal exists in the spectrogram, which is extremely important for speech enhancement. 

By using STFT, the spectrogram representation of given noisy speech can be formulated as: 

𝑋(𝑡, 𝑓) = 𝑆(𝑡, 𝑓) + 𝑁(𝑡, 𝑓)                                                   (1) 

where 𝑋(𝑡, 𝑓), 𝑆(𝑡, 𝑓) and 𝑁(𝑡, 𝑓) denote the spectrogram representation of noisy speech, clean 

speech and noise speech, respectively, 𝑡  is the time frame, 𝑓  means the frequency bins. We 

further represent the noisy spectrogram with Cartesian coordinate representation 𝑋  = 𝑋 𝑒𝑎  + 

𝑗𝑋𝑖 𝑔. Namely, the spectrogram 𝑋 is decoupled into real part 𝑋 𝑒𝑎  and imaginary part  𝑋𝑖 𝑔. 

Then, the magnitude and phase features can be written as: 

𝑋 𝑎𝑔 =  𝑋 𝑒𝑎
2 + 𝑋 𝑎𝑔

2                                                   (2) 

𝑋 ℎ𝑎 𝑒 = 𝑎𝑟𝑐𝑡𝑎𝑛2 (𝑋 𝑒𝑎 , 𝑋𝑖 𝑔)                                            (3) 

where 𝑋 𝑎𝑔  and 𝑋 ℎ𝑎 𝑒  represent the magnitude and phase of noisy speech. To estimate the 

clean spectrogram from the noisy spectrogram, most of the T-F domain methods only enhance 

the noisy spectral magnitude to obtain the enhanced spectral magnitude, which will be 
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transformed into enhanced speech waveform by employing the phase information of noisy 

speech via inverse short-time Fourier transform (iSTFT), as shown in Fig. 1.1. 

 

 
Figure 1.1: Basic framework for magnitude estimation in T-F domain methods [4] 

 

To get the enhanced spectrogram, various output targets are investigated in different 

networks, including spectrogram-based targets and mask-based targets. The spectrogram-based 

targets are usually adopted by regression-based models which directly maps the noisy 

spectrogram into estimated clean spectrogram. In contrast, the mask-based targets are more 

commonly used in speech enhancement since these T-F masks contain some T-F elements which 

can filter out the noise components. More specifically, the T-F masks are obtained from 

denoising system and then multiplied with noisy speech spectrogram, generating the enhanced 

speech spectrogram. The denoising processing can be expressed as follows: 

𝑆(𝑡, 𝑓) = 𝑋(𝑡, 𝑓) ⨀ 𝑀(𝑡, 𝑓)                                                (4) 

where 𝑆(𝑡, 𝑓) and 𝑋(𝑡, 𝑓) are the enhanced speech spectrogram and noisy speech spectrogram, ⨀ 

denotes the operation of element-wise multiplication, 𝑀(𝑡, 𝑓) represents the T-F mask. Various 

T-F masks are proposed for speech enhancement, including ideal binary mask (IBM) [5], ideal 

ratio mask (IRM) [6], complex ideal ratio mask (cIRM) [7] and so on. The IBM is a simple T-F 

mask to coarsely extract the clean speech from noisy speech, which can be formulated as follows: 

𝐼𝐵𝑀(𝑡, 𝑓) = 1,     𝑖𝑓 |𝑆(𝑡, 𝑓)|2 − |𝑁(𝑡, 𝑓)|2 > 0 
0,                                        𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                         (5) 

where 𝐼𝐵𝑀(𝑡, 𝑓) denotes the T-F representation of IBM. There are two states 0 and 1 in each T-

F unit of IBM mask. When the clean speech occupies the higher energy, the state will be 1 to 

retain the clean speech component. Inversely, the state 0 is taken to remove the noise speech 

component.  
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Compared with IBM, the IRM has more smooth value which is the ratio of clean speech 

spectrogram and noisy speech spectrogram, which is defined as follows: 

𝐼𝑅𝑀(𝑡, 𝑓) = |𝑆( ,𝑓)|
|𝑆( ,𝑓)| +|𝑁( ,𝑓)|

                                                 (6) 

where 𝐼𝑅𝑀(𝑡, 𝑓) denotes the T-F representation of IRM, 𝛽 is scaling factor which is usually set 

as 0.5. The value of IRM is between 0 and 1, where the value closing to 1 represents the higher 

clean speech component within the T-F unit.  

In most of T-F domain methods, the magnitude features are utilized as inputs and the phase 

features are retained for recovering the enhanced speech. However, the noisy phase information 

is usually ignored during denoising process, which restricts the performance of enhancing the 

speech quality [8]. To solve this problem, the cIRM is proposed to enhance the magnitude and 

phase information of noisy speech. Given the complex representation of clean speech 𝑆  and 

noisy speech 𝑋, the cIRM can be formulated as follows: 

𝑐𝐼𝑅𝑀 = 𝑋 𝑆 +𝑋 𝑆
𝑋 +𝑋

+ 𝑖 𝑋 𝑆 −𝑋𝑆
𝑋 +𝑋

                                                (7) 

where 𝑆  and 𝑆𝑖  represent the real and imaginary parts of the clean complex spectrogram, 𝑋  and 

𝑋𝑖  represent the real and imaginary parts of the noisy complex spectrogram. By using the cIRM, 

the magnitude and phase of speech are processed during enhancing process. 

 

FC-DNN models 

 
The authors in [4] proposed a DNN-based model for speech enhancement with masking method 

as shown in Fig. 1.2. DNN is a simple and basic architecture of neural networks, which consists 

of an input layer, multiple hidden layers and an output layer. To provide more non-linear 

representation, the rectified linear unit (ReLU) [9] is inserted in each layer. The ReLU activation 

function will not activate neurons when receiving the negative inputs, which could bring more 

sparsity and non-linearity, and also avoid the gradient vanishing problem. In order to alleviate 

the overfitting problem caused by the deep hidden layers, the dropout operation is applied to 

deactivate some neurons with some proportion.  The output layer is used to transform hidden 

features into expected output including enhanced speech or T-F mask in speech enhancement. 

For example, in Fig. 1.2, a DNN adopts several fully-connected (FC) layers to learn the 
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estimated mask which is multiplied with input speech to produce the enhanced speech. For cIRM 

estimation [6], the DNN outputs spectral masks for real and imaginary parts by employing two 

different output layers as shown in Fig. 1.3. 
 

 
 
Figure 1.2: DNN for magnitude estimation [4] 

 
 
 

 
 

Figure 1.3: DNN for cIRM estimation [6] 

 
 

CNN models 

 
Different from DNN structures, CNNs typically contain less trainable parameters due to its local 

operation and weight sharing property. The CNNs are originally proposed for image recognition 

[10], where CNN layers are used to efficiently extract spatial features of input image, generating 

the high-level features to proceed the classification task by a simple classifier. Generally, as 

shown in Fig. 1.4, the CNN based structure receives the 2-D image as input and adopts multiple 

staked groups of a convolutional layer and a max-pooling layer to extract features of image, 

where the convolutional layer extracts the spatial features within a local region and the pooling 

layer performs the down-sampling to reduce the resolution of feature maps. After some CNN 

layers, the high-level features are obtained to pass through the FC layers to classify the given 

image. 

In speech enhancement, the CNN structures are commonly adopted to process the 2-D 

spectrogram which is regarded as an image. As indicated in Fig. 1.5, the CNN takes the real and  
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Figure 1.4: CNN for image classification [11] 

 

imaginary (RI) spectrograms as the input, where the real and imaginary parts are packed together 

along the channel dimension, forming the 3-D input data. Two sub-layers are employed in the 

high-level features from CNN layers to estimate the real and imaginary spectrogram.  

 
Figure 1.5: A CNN for the estimation of real and imaginary spectrogram [12] 

 

The authors of [13] proposed a convolutional encoder-decoder (CED) network for speech 

denoising, which consists of symmetric encoder layers and decoder layers. Each encoder layer is 

comprised of a convolutional layer and max-pooling layer, and each decoder layer contains the 

convolutional layer and up-sampling layer. However, the max-pooling and up-sampling 

operations may bring potential leakage of information. Researchers further proposed a fully 

convolutional network (FCN) with encoder-decoder structure by removing the pooling and up-

sampling layer, which directly maps the noisy magnitude spectrogram into enhanced magnitude  

spectrogram as shown in Fig. 1.6. 



 7 

 
Figure 1.6: Convolutional encoder-decoder structure for magnitude estimation [13] 

 

RNN models 

 
However, CNNs require to be deep enough to capture high-level contextual representation due to 

the local operation of convolution. To enlarge the receptive field of features, some other layers 

are adopted including max-pooling layer or convolution with a shift size over one. Different 

from CNNs, the RNNs including long-short term memory (LSTM) [14] and gated recurrent unit 

(GRU) [15], can naturally capture long-term dependency of sequences due to the memory 

mechanism, which is a powerful tool for sequence modeling. Many researchers combine the 

CNNs and RNNs to construct a composite structure, named convolutional recurrent network 

(CRN), where CNN-based layers are used to extract low-level features and RNN-based layers 

further extract the contextual information of features. The CRN structures have shown an 

impressive performance in speech enhancement [16, 17].  

In [17], the authors concatenate RNN layers with CED structure to form a composite system 

for speech enhancement as presented in Fig. 1.7. It inserts the LSTM layers between encoder and 

decoder to learn the temporal information of speech features. More specifically, the encoder 

takes the magnitude spectrogram as input to extract spatial features by using several pairs of a 

convolution, batch normalization (BN) [18] and exponential linear units (ELUs) [19]. The 

convolutional layer maintains the time dimension and halves the frequency dimension by using a 

stride of 2 along the frequency direction. The ELUs are an alternative of ReLU with a better 

generalization and convergency. Following or next to the encoder, two LSTM layers are adopted 

to capture the long-term contexts by memory cells, generating the contextual features. Next, the 

decoder is used to reconstruct the magnitude spectrogram by using multiple groups of a 
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deconvolution, BN and ELUs, where the deconvolution is applied to double the frequency 

dimension of feature. Finally, the softplus activation is added at the end of decoder to constrain 

the outputs to be always positive. To improve the information flow and avoid the gradient 

vanishing, the skip connections are used to concatenate each encoder layer into corresponding 

decoder layer. 

 
Figure 1.7: A composite model of CNN and LSTM for magnitude estimation [17] 

 

Complex-valued models 

 
For a long time, it is believed that the phase information is difficult to estimate. Therefore, some 

early works only focus on enhancing magnitude while ignoring the phase estimation, which fails 

to reach the upper bound performance of speech enhancement. Afterwards, some T-F domains 

methods utilize the RI spectrogram features as inputs or take the cIRM as the training target, 

which can roughly simultaneously consider magnitude and phase information during training. 

However, these models are still real-valued although the speech phase is taken into consideration. 

Recently, authors of [20] design a complex-valued neural network for speech enhancement, 

named deep complex convolution recurrent network (DCCRN). The DCCRN is built to receive 

the complex spectrogram, which proposes the complex-valued convolution and complex-valued 

LSTM to replace the traditional convolution and LSTM in CRN, respectively, as shown in Fig. 

1.8. The encoder of DCCRN is comprised of complex encoder blocks, which include the 

complex 2-D convolution, complex-based BN and real-valued PReLU non-linearity [21] as 

shown in Fig. 1.9. In complex 2-D convolution operation, two traditional convolutional layers 

are adopted to parallelly process the real and imaginary part of complex spectrogram, which are  
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Figure 1.8: Structure of deep complex convolution recurrent network (DCCRN) [20] 

 

named as real convolution and imaginary convolution. In addition, each convolution not only 

receives its relative inputs, but also proceeds the other part of spectrogram. For example, the real 

convolution simultaneously takes the real and imaginary spectrogram as inputs to learn their 

correlations, and the same procedure is taken by the imaginary convolution. Then, the outputs of 

real and imaginary convolutions are packed together to obtain the complex convolutional outputs, 

which will pass through the BN and PReLU non-linearity. Hence, each complex convolution 

includes four separated real-valued convolutions to learn the correlation between magnitude and 

phase via the simulation of complex multiplication. Similar to the complex convolution, the 

complex LSTM can be represented by replacing the real and imaginary convolution with real-

valued real and imaginary LSTM. The complex decoder has the same structure as encoder except 

that the kernel size of decoder convolution is symmetric to that of encoder for recovering the 

feature dimension changed by encoder.  

 
Figure 1.9: Introduction of complex convolution and complex encoder [20] 
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1.1.2 Time domain models for SE 
 

Different from T-F domain methods, the time-domain models directly estimate the clean speech 

waveform from noisy waveform, which can avoid the intractable phase estimation. Many 

existing time-domain SE systems adopt the U-Net architecture [22] to model the long-range 

speech waveform, where the convolutional encoder is used to extract high-level temporal 

features which are reconstructed by a symmetric decoder with skip connections from the encoder. 

The authors of [23] implements for the first time a Wave-U-Net structure for time-domain 

speech enhancement, which consists of 1-D convolutional encoder and decoder to perform the 

down-sampling and up-sampling as shown in Fig. 1.10. More specifically, the noisy speech 

waveform is first fed into multiple stacked down-sampling blocks to obtain the compressed 

features, where each block is comprised of a 1-D convolution and decimation operation to halve 

the time resolution. Then, the decoder takes the compressed feature as inputs to separate the 

clean and noise speech, which consists of multiple pairs of liner interpolation and convolution 

for up-sampling the time dimension with a factor of 2. To reuse the encoder information, a skip 

connection is used to link encoder layer and the corresponding decoder layer.  

 
Figure 1.10: The architecture of Wave-U-Net [23] 

 

The contextual information is important for speech enhancement, which can be achieved by 

enlarging receptive fields of CNNs. Common methods to this goal are to increase the network 

depth or enlarge the kernel size, which however brings huge computational burden.  Authors of 

[24] proposed a dilated convolution to efficiently enlarge receptive field without adding 

parameters. Compared with conventional convolution, the dilated convolution can capture 
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features of larger region by inserting the dilation between kernel elements and maintaining the 

number of kernel parameters. For example, a 1×3 1-D conventional convolution operates on 

1×3 regions each time as shown in Fig. 1.11 (a). However, as shown in the Fig 1.11 (b), the 

convolution with dilation 2 can extract information with 1×5 region each time while having the 

same number of parameters as the 1 × 3 1-D conventional convolution. As the dilated 

convolutional layer gets deeper, the dilation is exponentially increased to enlarge the receptive 

field. 

 
Figure 1.11: Comparison between convention and dilated convolutions [25] 

 

Inspired by this study, the authors of [26] proposed a dilated convolution U-Net for speech 

enhancement in time domain. As shown in Fig. 1.12, the encoder is based on several 

convolutional blocks consisting of a conventional convolution to down-sample the dimension 

and a dense convolution block, which has multiple dilated convolutions with dense connection to 

increase the receptive fields and aggregate the information of former layers. After the encoder 

processing, the contextual speech features can be obtained, which will pass through the decoder 

for speech reconstruction. The decoder contains several groups of a sup-pixel convolution for up-

sampling the dimension, a dense block and a concatenation from encoder layer.  

Different from [25, 26], some researchers incorporate RNN layers between encoder and 

decoder to further extract the long-range dependency of features. In [27], the authors designed a 

composite model with LSTM and CED as shown in Fig. 1.13. The encoder layer includes two 1-

D convolutions, of which one is followed by ReLU and the other one is followed by GLU non-

linearity [28]. The first convolution is to decrease the temporal size of speech features and the 

second one is used to double the channel dimension. By a couple of encoder layers, the latent 

representations of speech waveform are obtained, which will pass through 2 LSTM layers for 

temporal extraction. The decoder layer contains a 1-D convolution for halving the channel  
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Figure 1.12: The structure of dilated convolution based U-Net for time domain SE [26] 

 

dimension, a transposed convolution for increasing the temporal size, and a GLU activation in 

between. This model can be modified to be casual by using casual convolution and unidirectional 

LSTM.  

 
Figure 1.13: The overall structure of DEMUCS [28] 

 

Considering that the RNNs only sequentially operate in sequence modeling, a temporal 

convolutional network (TCN) [29] is proposed as an alternative of RNNs to extract long-range 

dependencies from the past with a parallel processing. As indicated in Fig. 1.14, the proposed 

TCN-based SE system is realized in the time domain [30], which comprises a multilayer encoder, 
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a TCN separator and a multilayer decoder. The encoder adopts multiple 1-D convolution layers 

to obtain the feature representation, where each convolution is followed by the PReLU activation 

to provide the non-linearity. The TCN is employed to extract long-range dependencies of 

encoder outputs, which utilizes stacked dilated 1-D convolutional layers with exponentially 

increasing dilation factor for enlarging receptive field. The output of each dilated convolution is 

aggregated and then passed through the gated convolution block to generate the mask with a 

value between 0 and 1. Different from [31], this work enforces the TCN separator to learn the 

mask which will be multiplied with encoder outputs to filter the noise speech features. The 

decoder uses the same number of convolutional layers as the encoder to transform the masked 

speech features into the enhanced speech waveform. 

 
Figure 1.14: The architecture of TCN-based SE system [30] 

 

Recently, a self-attention mechanism [32] and its variants are proposed to extract long-term 

dependency of sequences, which can operate in parallel compared with RNN-based models. By 

using the self-attention, each time step in the signal sequence will be attended by other time steps 

with different weight, in order to effectively capture the long-term relationship of different 

locations of sequence. Therefore, some researchers explored the attention-based systems for 

speech enhancement. For example, the authors of [33] designed a hybrid model with 

convolutional encoder-decoder structure and self-attention block to estimate the clean waveform 

from noisy speech as shown in Fig. 1.15. Like many encoder-decoder architectures, this work 

adopts the 1-D convolutional encoder to obtain the compressed features with the reduced 

sequence length. The attention block is employed to extract abundant contextual information by 

using the multi-head attention and feed-forward neural network. The multi-head attention divides 
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the whole attention procedure into multiple sub-attention steps with parallel processing, where 

each step proceeds the self-attention in this subspace, named as one-head attention. Then, the 

outputs of all one-head attentions are concatenated to form the final results of the multi-head 

attention, where each one-head attention generates the various features by considering different 

factors. For example, some heads focus more on the attentions from neighboring locations like 

phoneme (unit of pronunciation). In contrast, some other heads consider more the attentions from 

distant positions like context of the whole sequence. In [33], the masked multi-head self-

attention is used to design the casual system for speech enhancement where the future 

information is masked in the current time step. Finally, the decoder recovers the enhanced speech 

by using transposed convolutions to increase the sequence length.    

 

 
Figure 1.15: Self-attention based model for SE in the time domain [33] 

 

1.2 Evaluation of SE models 
 
1.2.1 Speech dataset 
 

To evaluate the performance of SE systems, speech datasets are required to train the models, 

which includes training data for updating the model parameters, evaluation data for selecting the 

good model and testing data for evaluate the performance of the models. Some speech datasets 

contain both clean and noisy data with specific SNR levels for training and testing the model. 
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However, many datasets only include the clean utterances, which is required to mix with noises 

with expected SNR levels for generating the noisy speech. Some commonly used speech datasets 

are introduced below.  

TIMIT [34]: This dataset is designed to provide the recordings for acoustic-phonetic studies 

and for developing and evaluating the automatic speech recognition (ASR) systems. TIMIT 

dataset includes the utterances of 630 speakers (438 male and 192 female speakers) with eight 

major dialects of American English, generating 6300 utterances in total where each ten 

phonetically rich utterances are completed by one speaker. The total duration of the dataset is 

about 5 hours, and it is recorded at 16 kHz sampling rate. 

VCTK-DEMAND [35]: This dataset is selected from public Voice Bank corpus [36]. It has 

28 speakers including 14 male and 14 female speakers with the same accent from England, 

where each speaker speaks around 400 sentences. The dataset has 11572 utterances for training 

and 824 utterances for testing, where all utterances are sampled at 48 kHz. To generate the noisy 

dataset for training, two artificially generated (speech-shaped noise and babble) and eight noise 

recordings from DEMAND dataset [37] are selected, including speech-shaped noise, babble, 

kitchen, meeting, cafeteria, restaurant, subway, car, metro and street noises. In addition, four 

signal-to-noise (SNR) values of 15 dB, 10 dB, 5 dB and 0 dB are applied into each noise, 

creating 40 different noisy conditions, where about ten different sentences are from each speaker 

in each condition. To create the noisy dataset for testing, two other speakers (a male and a female 

speaker) from England in the same corpus are selected to mix with five noises from the 

DEMAND dataset including living, office, bus, café and square noises. Similar to the training 

noisy dataset, four different SNR values are selected for noisy testing dataset, containing 17.5 dB, 

12.5 dB, 7.5 dB and 2.5 dB. There are 20 different noisy conditions, where 20 different sentences 

are recorded from each speaker under each condition. 

DNS-2020 [38]: This dataset is introduced from the deep noise suppression (DNS) challenge 

which is to promote the research and study real-time single-channel speech enhancement. The 

clean dataset is selected from the public audiobook dataset named Librivox. The dataset records 

about 500 hours in total from 2150 speakers, where each utterance has the duration of 10 seconds 

with 16 kHz sampling rate. DNS-2020 also provides noise dataset for the purpose of noisy 

speech generation, which is selected from Audioset and Freesound dataset. 
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LibriSpeech [39]: This is a large-scale audiobook selected from LibriVox. This corpus 

collects approximately 100 hours of speech sampled at 16 kHz, which are recorded from around 

2500 speakers. Training data is categorized into three parts of 100 hours, 360 hours and 500 

hours dataset while the development and testing data are divided into the ‘clean’ and ‘other’ 

categories, respectively, where each of development and testing dataset is about 5 hours. For 

speech processing task, the LibriSpeech is usually adopted for training the large-scale speech 

pre-trained model which is used as upstream model to evaluate the performance of various 

down-stream speech tasks including speech separation, speaker classification, ASR and so on.  

 

1.2.2 Evaluation metrics 
 

To evaluate the performance of SE models, there are two methods to evaluate the enhanced 

speech quality: subjective listening and objective evaluation metrics. The first method requires 

professional listeners to evaluate the given enhanced speech, which usually depends on the rich 

experience of listeners. To obtain the relative precise evaluation results, the evaluation scores 

from more than one listener need to be averaged, which is a little expensive and time-consuming. 

The second method is more convenient for researchers, which directly adopts the proposed 

engines to evaluate the quality of enhanced speech based on the reference clean speech. This 

approach considers various aspects of quality to evaluate the processed speech, including speech 

perceptuality, speech intelligibility, speech distortion and so on. We will introduce some 

commonly used evaluation metrics for SE models as follows: 

Perceptual evaluation of speech quality (PESQ) [3]: The PESQ metric aims to evaluate the 

perceptual quality of processed speech, which is the most popular metric calculated for the 

enhanced and clean speech waveform. More specifically, the enhanced and clean speech are first 

normalized to obtain the same level of voice energy. Then, the normalized speech waveforms are 

aligned along the time dimension to pass through the auditory transformation processor to get the 

loudness spectra of each speech signal. Next, the difference between two loudness spectra is 

averaged along the time and frequency to predict the subjective perceptual mean opinion score. 

The high PESQ value, the better performance. 

Short-time objective intelligibility (STOI) [40]: The STOI measurement is used to evaluate 

the intelligibility performance of enhanced speech, which reflects whether the speech content can 
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be understandable. This metric is calculated by averaging the correlation of short-time temporal 

envelopes between the enhanced and clean speeches. The STOI metric has consistent 

correlations with human intelligibility, which is usually regarded as the second commonly used 

evaluation metric for SE models.  

Segmental signal-to-noise ratio (SSNR) [41]: The SSNR is adopted to measure the speech 

distortion, which is computed based on the segments of clean and enhanced speech signals. By 

calculating the energy and SNR of each speech segment, the averaged value of segmental SNR 

(dB) can be obtained as follows: 

𝑆𝑒𝑔𝑆𝑁𝑅 = 
10
𝑁

∑ 𝑙𝑜𝑔10
∑ ‖ ( )‖

∑ ‖ ( )− ( )‖
𝑁−1

=0                            (8) 

where 𝑆 and 𝑁 denote the number of segments and the segment size, respectively. 

Composite mean opinion scores (MOSs) [42]: The MOSs include the CSIG for evaluating 

the signal distortion, CBAK for distortion evaluation of background noise and COVL for overall 

evaluation of speech quality. Three MOSs are usually combined to form the composite objective 

measurements that are highly correlated with pre-set subjective ratings, which could indicate 

various characteristics of the distortions shown in the enhanced speech. 

 

1.3 Essential components for training 
 

After designing the neural networks, we need to train and optimize the models to minimize the 

loss between estimated output and ground truth, which is then used to update the model 

parameters by back-propagation method using gradient descent. To make the models converge, 

some essential components playing important roles during the training will be introduced below. 

 

1.3.1 Activation function 
 

Neural networks are regarded as a complex function to build the mapping between inputs and 

outputs with high-level non-linearity representation. Therefore, a non-linear activation function 

is used to provide non-linearity for the model to make it more powerful to learn complicated 

problems. Meanwhile, the activation functions must be differentiable so as to adjust the weight 
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and bias of the model by backpropagation. Some popular activation functions will be introduced 

below. 

Rectified linear unit (ReLU) [9]: The ReLU is one of the most popular activation functions 

in neural networks, which outputs the non-zero values for positive inputs and produces the zeros 

for negative inputs as shown Fig. 1.16. That means the neurons can be activated only if the 

inputs are positive, which could bring the sparsity to networks and avoid the gradient vanishing 

problem caused by the depth of network. Although the gradient at zero point does not exist in 

mathematics, we can simply set the gradient as 0, which has no impact on the backpropagation 

process.  

Sigmoid activation function: The sigmoid function aims to constrain the outputs between 

zero and one, as shown in Fig. 1.17. The sigmoid is a smooth function in terms of large inputs, 

whose curve tendency becomes very flat so that the gradient is almost zeros. Therefore, the 

gradient vanishing problem could happen at gradient value closing to zero, where the weight and 

bias are not updated. In addition, the sigmoid function is computationally expensive since it is of 

exponential form. In the SE system, the sigmoid activation function is usually used to generate a 

ratio mask in T-F domain masking method. 
 

 
Figure 1.16: ReLU activation function 

 

 
Figure 1.17: Sigmoid activation function 

 
 

Gaussian error linear unit (GELU) [43]: The GELU is developed based on the ReLU 

activation function. Different from the ReLU, the GELU cannot output the absolute zeros if the 

inputs are negative as shown in Fig. 1.18. When receiving the decreasing inputs, the possibility 

of outputting the zeros will be enlarged. The GELU has advantages of ReLU and can avoid the 

vanishing gradient problem, which has been widely used in transformer-based neural networks. 
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Figure 1.18: GELU activation function 

 

 
Figure 1.19: PReLU activation function 

 
Parametric rectified linear unit (PReLU) [21]: The PReLU is an improved version of 

ReLU, which can solve the gradient vanishing problem caused by the negative inputs. As shown 

in Fig. 1.19, the PReLU multiplies the negative inputs by a non-zero value, which will generate a 

gradient to update the weight and bias of the model. Like ReLU, the PReLU maintains the 

positive inputs as is. In PReLU, the non-zero value is a trainable parameter, which is learnt to get 

the suitable slop to provide the gradients for weight and bias adjustment.  

Softmax activation function: The softmax function takes the vector as the input and 

normalizes it into a probability distribution consisting of the probability of each component. 

After applying the softmax, each component of the vector will be constrained between 0 and 1 

based on its value, and all components will add up to 1. That means the smaller components will 

be converted to smaller probabilities while larger ones will correspond to larger probabilities. In 

classification tasks, the softmax function is usually adopted as the last non-linear function of a 

neural network to predict the estimated classes. In addition, the attention mechanism employs the 

softmax to assign the weight of each component for attention score matrix. 

 

1.3.2 Normalization 
 

Neural network is a data-driven approach, which requires a large amount of data to update the 

model parameters including weight and bias. However, the dataset usually has the features of 

different value ranges and a small number of singular samples, which might have a bad influence 

on the convergence during the training. Various normalization methods are applied to solve the 
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model learning challenge by enforcing various features have similar feature scaling, which could 

make the gradient descent converge faster. 

Batch normalization (BN) [18]: BN normalizes the features within the mean and variance 

calculated for a mini batch as demonstrated in Fig. 1.20, which has presented an effective 

performance on converging very deep networks in image processing. However, since BN 

performs on the batch dimension, it requires to work on a sufficiently large batch size to obtain 

accurate estimation of mean and variance, which leads to excessively large memory. In addition, 

it is difficult for BN to perform on the data with different lengths, like sequence modeling.  

Layer normalization (LN) [44]: LN is designed to overcome the drawbacks of BN, which 

operates along the channel dimension instead of constraining on the batch size as presented in 

Fig. 1.20. More specifically, the LN is used to compute the normalization statistics from the 

summed input features within a hidden layer so as to remove the dependency on the batch, 

making it suitable for RNN and transformer layers 

Group normalization (GN) [45]: GN is also adopted to normalize the features along the 

feature dimension as shown in Fig. 1.20. Unlike LN, the GN first divides the features into several 

groups and then normalizes each group individually. The GN also removes the dependency on 

the batch and can be employed into sequence modeling like RNN-based and transformer-based 

models. 

Note that, the LN and GN are commonly used in SE task since the SE performs the sequence 

modeling, where each speech sample might have different sequence length. In addition, the RNN 

and transformer layers are usually used for SE systems to work with the LN or GN to make SE 

models converge faster. 

 
Figure 1.20: Comparisons between BN, LN and GN [46] 

 



 21 

1.3.3 Regularization 
 
For deep learning-based approaches, it is important for trained models to obtain good 

performance in unseen dataset drawn from the same distribution as the training data, which is the 

generalization ability. It usually happens that the performance on the training data is better or 

super better than that on the unseen testing data, causing the overfitting problem. The 

regularization technologies are employed to prevent overfitting and improve the generalization 

ability of the model.  

Weight decay: The weight decay method adds a penalty term into the loss function, bringing 

an impact on shrinking the model weights during backpropagation. In practice, the weight decay 

factor is multiplied with the sum of weight squares, which can be incorporated into the weight 

update rule to produce the extra gradient. This method is used to avoid the overfitting and 

gradient explosion problem 

Dropout [47]: The dropout is a technique in which certain neurons are randomly selected to 

be turned off during the training. That means the contributions of these neurons are temporally 

removed during forward propagation and the weight updates related to them are not executed on 

the backpropagation. Note that, the dropout is only applied during training stage. During the 

testing stage, all neurons of network always work. This technique is commonly used to avoid 

overfitting problem and make the model converge faster. 

Residual connection [48]: Residual connection provides another path for outputs from 

previous layers to reach latter layers of network by skipping some intermediate layers, as shown 

in Fig. 1.21. The residual connection can always generate a gradient value of 1 during 

backpropagation, which can effectively prevent the gradient vanishing caused by obtained zero 

gradient. This technique is easy to implement in any neural networks to make them deeper 

without involving any parameters. Currently, the residual connection has been widely used in 

CNNs, RNNs, attention-based transformer and so on.  

 
Figure 1.21: Residual connection 
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Note that, these regularization techniques are employed in our work as a part of the proposed 

neural network for improving the performance of SE systems.  

 

1.3.4 Loss function 
 

To train the model, we need to design a loss function or objective function to evaluate the 

difference between estimated outputs and ground truth. If the prediction deviates much from the 

ground truth, the loss function will learn to reduce the error of prediction under the help of the 

optimization stage. The selection of loss function depends on the specific tasks, which are 

broadly categorized into regression losses and classification losses. Considering the fact that SE 

task is a regression problem, we will introduce some loss functions commonly used in SE as 

follows. 

Mean absolute error (MAE): MAE loss (or named as L1 loss) is calculated on the average 

of sum of absolute differences between predictions and ground truth, which can be formulated as: 

𝑀𝐴𝐸 = 1
𝑁

∑ |𝑦𝑖 − 𝑦𝑖|𝑁
𝑖=1                                                      (9) 

where 𝑦𝑖 and 𝑦𝑖 denote the prediction of the model and ground truth, respectively, 𝑁 means the 

number of samples. 

Mean square error (MSE): MSE loss (or named as L2 loss) is measured as the average of 

sum of squared differences between predictions and ground truth, which can be formulated as: 

𝑀𝑆𝐸 = 1
𝑁

∑ (𝑦𝑖 − 𝑦𝑖)2𝑁
𝑖=1                                                 (10) 

Signal distortion rate (SDR): The SDR loss is usually used for speech enhancement and 

separation, which is defined as:  

𝑙𝑜𝑠𝑠𝑆𝐷𝑅 = 10𝑙𝑜𝑔10
|| ||

|| − ||
                                                (11) 

where 𝑦𝑖 and 𝑦𝑖 denote the prediction of the model and ground truth, respectively, In the SE, the 

𝑦𝑖 and 𝑦𝑖 present the enhanced speech and clean speech, respectively. Note that, the higher the 

SDR loss, the better enhanced the speech quality. 
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1.4 Objective and organization of thesis 
 
The objective of this thesis is to propose novel neural networks for single-channel speech 

enhancement. In the first contribution, we propose two transformer neural networks with 

cascaded and cross-parallel structures, named as two-stage transformer and cross-parallel 

transformer. The former structure is adopted to successively learn the local information from 

each frame and global information across different frames, obtaining a better contextual 

representation of long-range speech sequence. To prevent the information leakage when shifting 

from one path to the other, the cross-parallel transformer is proposed to parallelly extract local 

and global information, whose outputs are then fused by a cross-attention based transformer to 

generate efficient contextual features. The outputs from transformer blocks are passed through a 

masking module to create a mask, which is used to multiply with encoder outputs to remove the 

redundant noise features. Our proposed models present an impressive performance of SE 

compared with existing systems while involving the fewest trainable parameters. 

Although many competitive performances are realized by networks involving attention 

mechanism or transformer as a part of them, it is not thoroughly studied as to whether the 

attention is indispensable for speech enhancement, especially when considering the trade-off 

between computational efficiency and denoising performance. In the second contribution, we 

propose an attention free architecture named SE-Mixer by using MLP as backbone. The 

proposed SE-Mixer uses mixer blocks to perform temporal and frequency mixing, where each 

block includes a temporal Conv-MLP and a frequency MLP to iteratively extract the temporal 

information from different time steps and the frequency information within each time step. We 

have also shown that the architecture without employing attention algorithm is likely to reach 

approximately the same effectiveness as compared with attention-assisted models but with 

significantly lower computational complexity. 

 

The rest of this thesis is organized as follows: 

Chapter 2: This chapter first introduces the architecture of transformer and some 

transformer-based models for speech enhancement. It then describes the proposed two-stage 

transformer and cross-parallel transformer for speech enhancement in the time domain. Finally, 

the experimental results of proposed transformer-based models are presented, including the 
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results of comparison with existing methods and ablation study of proposed models with 

different configurations. 

Chapter 3: This chapter first describes the attention-free MLP-Mixer architecture, based on 

which a new Mixer framework is presented for speech enhancement. The proposed Mixer model 

adopts the temporal MLP and the frequency MLP to perform the temporal mixing and frequency 

mixing, generating a contextual information of speech signal. Experimental results of the 

proposed approach are provided, demonstrating the attention-free models could achieve 

competitive performance of speech enhancement compared to attention- or transformer-based 

models yet with reduced computational complexity.    

Chapter 4: This chapter concludes the thesis and suggests some directions for future work. 
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Chapter 2 

 Transformer-based neural networks for speech 

enhancement 
 

In this chapter, we propose a two-stage transformer neural network and a cross-parallel 

transformer neural network for speech enhancement, abbreviated as TSTNN and CPTNN, 

respectively. This chapter is organized as follows. We first overview the vanilla transformer 

structure in Section 2.1. Based on this, the recent works using transformer-based networks for 

speech enhancement and separation are introduced in Section 2.2. In Section 2.3, we describe the 

proposed TSTNN and CPTNN for signal-channel speech enhancement in the time domain. And 

Section 2.4 provides the evaluation performance of the proposed TSTNN and CPTNN.   

 

2.1 Introduction 
 

Recently, transformer neural network is proposed to extract the long-term dependency of 

sequences, which has achieved an impressive performance in NLP and CV tasks. Many 

researchers have studied the transformer-based architectures in speech processing tasks including 

speech enhancement, speech separation, speech recognition and speech synthesis. In this section, 

we first introduce the overall structure of vanilla transformer and its components, and then 

review some speech enhancement and separation works based on transformer. 

 

2.1.1 Overview of vanilla transformer 
 

The vanilla transformer neural network is originally proposed in [32] to extract long-range 

dependencies using self-attention mechanism in sequence modeling. Meanwhile, the transformer 

can operate well in parallel compared with sequential RNN-based models. As shown in Fig. 2.1, 

the vanilla transformer consists of an encoder and a decoder, where the encoder first transforms 

inputs into feature embeddings and then the decoder decodes these high-level feature 
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embeddings into outputs. More specifically, the transformer model is auto-regressive at each step, 

where the input is a sequence of symbol representations. And, the output is probability 

distribution representing one element of symbols at a time, which will be used as additional input 

of decoder to generate the next-step output.  

 
Figure 2.1: The overall architecture of transformer [32] 

 

Transformer encoder and decoder 

 
The transformer encoder is comprised of a stack of 𝑁 identical layers, where each layer involves 

multi-head attention (MHA) mechanism and position-wise fully connected feed-forward network 

(FFN). Both MHA and FFN are followed by residual connection and layer normalization. In the 

beginning of encoder, the positional encoding (PE) is adopted to input embeddings to represent 

the positional information. Similar to encoder, the transformer decoder is composed of a stack of 
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𝑁 identical layers, each involving three sub-layers including MHA, masked MHA and FFN. The 

masked MHA is used to enforce that the output of current time step is only decided by itself and 

its previous steps by masking the subsequent time steps, which can preserve the auto-regressive 

property of transformer. The MHA of decoder performs the attention mechanism between the 

outputs of transformer encoder and masked MHA layer to help decoder generate outputs by 

making use of information from encoder. Like the encoder, the residual connections and layer 

normalization are employed at each sub-layer, and the positional encoding is added into output 

embeddings to learn the positional information.    

  

Multi-head attention  

 
The attention algorithm is used to focus on what we want just like human, which can be 

described as mapping three vectors of query, key and value to an output. As shown in Fig. 2.2, 

the input features are linearly transformed into three different feature representations, including 

queries and keys with dimension 𝑑 , and values with dimension 𝑑 . The dot products of the 

queries and keys are divided by the scaled factor 𝑑 , and then processed by the softmax 

function to obtain the weight matrices of values. Finally, the attention is performed by 

multiplying the weight matrices with values. The procedures can be written as: 

𝑄 = 𝑋𝑊𝑄, 𝐾 = 𝑋𝑊𝐾, 𝑉 = 𝑋𝑊𝑉                                           (12) 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾
𝑑

)𝑉                                 (13) 

where 𝑋 presents the inputs with feature dimension of 𝑑 𝑑𝑒 , 𝑄, 𝐾, and 𝑉 denote the queries, 

keys and values, and 𝑊𝑄, 𝑊𝐾, 𝑊𝑉  are linear transformation matrices for queries, keys and 

values, respectively.  

Instead of using a single attention function with keys, values and queries. It is useful to 

linearly project the queries, keys and values by ℎ times using different and learnable linear 

transformations to produce ℎ projected versions of keys, values and queries as shown in Fig. 2.3, 

where each one performs scaled dot product attention in parallel, regarded as one head attention. 

In the following, the generated multiple head attentions are concatenated and projected again 

with one linear layer to obtain the outputs of multi-head attention. Different from one head 

attention, the multi-head attention can make model to learn different representations of subspace  
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Figure 2.2: Scaled dot-product attention 

 

 
Figure 2.3: Multi-head attention 

 
at different positions. The procedures can be formulated as follows: 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂                       (14) 

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑋𝑊𝑖
𝑄, 𝑋𝑊𝑖

𝐾, 𝑋𝑊𝑖
𝑉)                                (15) 

where 𝑊𝑖
𝑄, 𝑊𝑖

𝐾, 𝑊𝑖
𝑉 present the 𝑖th linear transformation matrix to obtain the queries, keys and 

values, respectively, and 𝑖 = 1, 2, 3 … , ℎ , and ℎ  is the number of heads, 𝑊𝑂  is the linear 

transformation matrix to output the results of multi-head attention. 

The MHAs are used in both encoder and decoder layers to perform different roles. More 

specifically, the encoder layer uses one MHA to allow each position of sequence to be attended 

by other positions. However, the decoder layer employs two different versions of MHA, where 

the first one only allows the communications among previous positions of each time step by 

masking its future position information and the second one receives the encoder outputs as keys 

and values, and outputs of masked MHA as queries for building the communication between 

encoder and decoder.  

 

Position-wise fully connected feed-forward network 

 
The position-wise fully connected feed-forward network (FFN) is applied to each position of 

sequence separately and identically, which includes two fully-connected layers with a ReLU 

non-linearity activation in between. The procedure can be formulated as follows: 

𝐹𝐹𝑁(𝑥) = 𝑅𝑒𝐿𝑈 (𝑥𝑊1 + 𝑏1)𝑊2 + 𝑏2                                   (16) 

𝑅𝑒𝐿𝑈 (𝑧) = max (0, 𝑧)                                             (17) 



 29 

where 𝑥  is the input of FFN, 𝑊1 ∈ ℝ𝑑 ×(4𝑑)  and 𝑊2 ∈ ℝ(4𝑑) ×𝑑   are linear transformation 

matrices of FC layers, 𝑏1 ∈ ℝ4𝑑  and 𝑏2 ∈ ℝ𝑑  are bias for FC layers, 𝑅𝑒𝐿𝑈(∙) is ReLU non-

linearity operation.  

 

Positional Encoding  

 
Positional encoding (PE) is added to the inputs of transformer to represent the positional 

information, since the multi-head attention operation performs on the whole sequence without 

considering the order of the sequence. The PE has the same dimension as the input embeddings 

so that they can be summed. In vanilla transformer, the sine and cosine functions of different 

frequencies are used as PE, shown as follows: 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖) = sin (𝑝𝑜𝑠/100002𝑖/𝑑 )                                  (18) 

𝑃𝐸(𝑝𝑜𝑠, 2𝑖 + 1) = 𝑐𝑜𝑠(𝑝𝑜𝑠/100002𝑖/𝑑 )                             (19) 

where 𝑝𝑜𝑠 denotes the position and 𝑖 is the dimension. 

 

2.1.2 Existing transformer-based speech enhancement and separation 
 

Inspired by the effectiveness of transformer neural network in extracting long-range 

dependencies using self-attention mechanism, some researchers proposed transformer based 

neural network for promoting the performance of speech enhancement and separation. Authors 

of [49] proposed a transformer with gaussian-weighted self-attention for speech enhancement, 

where the attention block of vanilla transformer is modified by using a gaussian weighting 

matrix to multiply with the attention scores. As indicated in Fig. 2.4, the gaussian-weighted self-

attention block has the similar structure as original multi-head attention block except that the 

attention matrix is scaled by the gaussian weighting matrix. The attention matrix is computed 

from the matrix multiplication between key and query. Before passing through the softmax 

operation, the attention matrix is multiplied with a gaussian weight matrix with an element-wise 

manner. The procedures can be formulated as follows:  

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑆𝑐𝑜𝑟𝑒 (𝑄, 𝐾) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄𝐾
𝑑

∙ 𝐺)                               (20) 
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𝐺 =  
𝑔1,1 ⋯ 𝑔1,𝑇

⋮ ⋱ ⋮
𝑔𝑇,1 ⋯ 𝑔𝑇,𝑇

                                                    (21) 

where 𝐺 is the gaussian weight matrix with its element being given by 𝑔𝑖,𝑗 = 𝑒
| |

, where 𝑖 

denotes the target frame index, 𝑗  means the context frame index, and 𝜎  is the trainable 

parameters to decide the weight variance. Note that, the diagonal elements in 𝐺 is to scale the 

target frames themselves, which are set to be 1. However, other elements are inversely 

proportional to the distance between the target frames and context frames, which provides less 

attention to the more distant context frames and more attention to the closer ones. 
 

 
Figure 2.4: Gaussian-weighted self-attention [49] 

 

 
Figure 2.5: The structure of T-GSA [49] 

 
Based on the modified multi-head self-attention block, the authors in [49] adopt multiple 

identical transformer encoder layers to estimate the clean spectrogram magnitude from noisy 

spectrogram magnitude as shown in Fig. 2.5. The enhanced speech is obtained by the estimated 

magnitude as well as the phase of noisy speech via inverse short-time Fourier transform. 

Authors of [50] introduce the convolution-augmented transformer (conformer) to enhance the 

speech signal, where the convolution is inserted between MHA and FFN to learn the local 

contextual information. As shown in Fig. 2.6, the conformer block includes MHSA, macaron-

like FFN module, convolution module and layer normalization. Different from the vanilla 

transformer, the FFN modules have two FFNs to sandwich the MHSA and convolution module, 

where each FFN contains two FC layers and swish activation in between. The convolution 
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module is comprised of two point-wise convolutions and a 1-D depth-wise convolution in 

between, where the GLU and swish activation are applied after the first convolution and before 

the last convolution, respectively. In this work, the conformer block is inserted between encoder 

and decoder in Fig. 2.7, where the encoder encodes the feature representation of speech 

waveform and the conformer extracts the global contextual information by MHSA and local 

contextual information by convolution module, and decoder recovers the contextual information 

back enhanced speech waveform.  
 
 
 
 
 

 
Figure 2.6: Conformer structure [50] 

 

 
Figure 2.7: The structure of SE-Conformer model [50] 

 
In the waveform domain, the input speech sequences are usually super long so that the 

transformer cannot process it due to the heavy computational memory. Inspired by the dual-path 

framework proposed by [51], the authors in [52] proposed a separation transformer (SepFormer) 

for speech separation to learn the short-term and long-term dependencies of speech sequences. 

The SepFormer consists of an encoder, a masking network and a decoder. The encoder takes the 

speech waveform as input to learn the STFT-like representation which passes through the 

masking network to model the contextual information. As indicated in Fig 2.8, in the masking 

network, the inputs are first normalized by layer normalization and processed by a linear layer to 

get features. Then, the chunking stage splits the 1-D features into over-lapped chunks, which are 

then packed together to form the 2-D features. Next, the sepformer block adopts the intra 
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transformer and inter transformer to extract the short-term and long-term information, 

respectively. More specifically, the intra transformer performs within each chunk to learn the 

short-term dependencies. The inter transformer is applied into permuted features to learn the 

relationship cross chunks, resulting in the long-term dependency modeling. After multiple 

sepformer blocks, the features are procced by a PReLU activation, a linear layer and an overlap-

add stage to get 1-D features, which is followed by two FC layers and a ReLU activation 

function to obtain the mask for the separation of each speaker. Finally, the decoder recovers each 

separated speech feature back to speech waveform by using a transposed convolution. By using 

the dual-path pipeline including transformer for short- and long-term modeling, the SepFormer 

achieves an impressive separation performance with less computational complexity.  

   

 
Figure 2.8: The architecture of SepFormer for speech separation [52] 

 

2.2 Proposed transformer cores 
 
In this section, we introduce our two proposed transformer blocks, namely, two-stage 

transformer block (TSTB) and cross-parallel transformer block (CPTB). In order to extract the 

contextual information of speech features, a dual-path structure is employed in the two 

transformer blocks. The TSTB uses the cascaded local and global extraction to successively 

capture the local and global information. In contrast, the CPTB adopts the parallel local and 

global extraction to simultaneously learn the local and global information, which will be fused 

by cross-attention based fusion block for adaptive features.   
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2.2.1 Two-stage transformer 
 

We first present an improved version of the general transformer structure, based on which we 

propose a two-stage transformer block (TSTB) for extracting local and global contextual 

information of speech feature by incorporating dual-path structure. 

 
Figure 2.9: Improved transformer encoder 

 

The general transformer structure consists of encoder and decoder networks. In our proposed 

TSTB, we only use the encoder part since the input mixtures and output enhanced sequences 

have the same length in speech denoising. The original transformer encoder is comprised of three 

important modules including PE module, MHA module and position-wise FFN. Different from 

that, we remove the PE part since it is not suitable for acoustic sequence. Inspired by the 

effectiveness of RNNs in tracking order information, the first fully connected layer of FFN is 

replaced with a GRU layer to learn the positional information, as shown in Fig. 2.9. 

In MHA block, first, the input (𝑋) is mapped with different, learnable linear transformation ℎ 

times to get queries (𝑄), keys (𝐾) and values (𝑉) representation, respectively, as described in Eq. 

(22). Then, the dot product of the query with all keys is computed, followed by division of a 

constant. After applying the softmax function, the weights on the values are obtained. The 

attention of each head is the dot product of the weights and values as shown in Eq. (23). The 

attentions of all heads are concatenated and linearly projected again to obtain the final output in 

Eq. (24), which is followed by layer normalization and residual connection of input 𝑋 as given 

by Eq. (25).  
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𝑄𝑖 = 𝑋𝑊𝑖
𝑄 ,  𝐾𝑖 = 𝑋𝑊𝑖

𝐾 , 𝑉𝑖 = 𝑋𝑊𝑖
𝑉                                    (22) 

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑖, 𝐾𝑖, 𝑉𝑖) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑄 𝐾
√𝑑

)𝑉𝑖                      (23) 

𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑ℎ)𝑊𝑂                  (24) 

𝑀𝑖𝑑 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑋 + 𝑀𝑢𝑙𝑡𝑖ℎ𝑒𝑎𝑑)                               (25) 

where 𝑋 ∈ ℝ ×𝑑  is the input with sequences of length 𝑙  and dimension 𝑑 , 𝑖 = 1, 2, … ℎ  and 

𝑄𝑖, 𝐾𝑖, 𝑉𝑖 ∈ ℝ ×𝑑/ℎ  are the mapped queries, keys and values respectively, 𝑊𝑖
𝑄, 𝑊𝑖

𝐾, 𝑊𝑖
𝑉  ∈

ℝ𝑑×𝑑/ℎ denote the 𝑖th linear transformation matrix for queries, keys and values, respectively.  

𝑊𝑂 ∈ ℝ𝑑×𝑑 is the linear transformation matrix and ℎ is the number of parallel attention layers 

which is set as 4 in our proposed transformer. 

Then, the output from MHA block is processed by GRU-augmented FFN to obtain the final 

output of improved transformer encoder, where residual connections and layer normalization are 

added as well. The procedures are defined as follows:  

𝐹𝐹𝑁(𝑀𝑖𝑑) = 𝑅𝑒𝐿𝑈(𝐺𝑅𝑈(𝑀𝑖𝑑))𝑊1 + 𝑏1                             (26) 

𝑂𝑢𝑡𝑝𝑢𝑡 = 𝐿𝑎𝑦𝑒𝑟𝑁𝑜𝑟𝑚(𝑀𝑖𝑑 + 𝐹𝐹𝑁)                               (27) 

where 𝐹𝐹𝑁(∙) denotes the output of the position-wise feed-forward network, and  𝑊1 ∈ ℝ𝑑 ×𝑑, 

𝑏1 ∈ ℝ𝑑 , and 𝑑𝑓𝑓 = 4 ×  𝑑. 

Although transformer achieves an impressive performance in modeling long-range 

dependency, it yields huge computation due to massive matric multiplication operations when 

directly performed on long speech sequences. To solve the problem of long speech sequence 

modeling, authors of [51] proposed a dual-path structure to improve the performance of RNNs 

on modeling long sequence for speech separation. More specifically, the input speech sequences 

are first processed within a small frame window to learn local relationship. Then, the samples 

from different frames are aggregated to model global information. Both of the two steps are 

processed by RNN layers with normalization operations. Inspired by this, we propose a two-

stage transformer block (TSTB) for speech enhancement as shown in Fig. 2.10. It has a local 

transformer and global transformer to successively extract local and global contextual 

information, respectively.  

In the proposed TSTB, the input features 𝑋  have a shape of [ 𝐵, 𝐶, 𝑁, 𝐹 ]. The local 

transformer is first applied to individual chunks to parallelly extract local information, which 

performs on the last dimension 𝐹 of input features. Then the global transformer is employed for  
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Figure 2.10: Proposed two-stage transformer block (TSTB) 

 
fusing the information of output from local transformer to learn the global dependency of 

different chunks, which implements on the dimension 𝑁  of features. Besides, the group 

normalization and residual connection are utilized into both local and global transformer to avoid 

overfitting and gradient vanishing. 

𝑂𝑢𝑡 𝑐𝑎 =  𝐿𝑜𝑐𝑎𝑙𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝑋)[: , : , 𝑓]) +  𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝑋)                (28) 

𝑂𝑢𝑡𝑔 𝑏𝑎 =  𝐺𝑙𝑜𝑏𝑎𝑙𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝑂𝑢𝑡 𝑐𝑎 )[: , 𝑙, : ]) +  𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝑂𝑢𝑡 𝑐𝑎 )     (29) 

where 𝑙 = 1, 2, ⋯ , 𝑁, denotes the index of chunks, and 𝑓 = 1, 2, ⋯ , 𝐹 , means the number of 

samples in each chunk. 𝑅𝑒𝑠ℎ𝑎𝑝𝑒(∙) denotes the changes of feature layout, equivalent to the 

operation of dimension permutation.   

 

2.2.2 Cross-parallel transformer  
 

To tackle the potential drawback that the information delay and leakage while shifting from one 

path to the other one caused by the cascaded two-stage structure, we propose the parallel 

structure to simultaneously extract local and global information, generating the outputs of two 

branches will be dynamically fused by cross attention mechanism. By incorporating this new 

cross-parallel structure and transformer, we propose a cross-parallel transformer block (CPTB) to 

adaptively extract local and global contextual information without impact on each other.  

To construct our proposed CPTB, we first propose two improved transformers with self-

attention and cross-attention mechanism which are shown in Fig. 2.11. The improved self-

attention transformer is different from the one in TSTB. First, we propose a modified FFN to 

learn the positional information, which includes a bidirectional GRU layer as well as a FC layer 
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with GELU nonlinearity in between. The ReLU activation function is commonly used in neural 

network to alleviate the overfitting problem. However, the ReLU may lead to the gradient 

vanishing in the case of having negative inputs. Different from ReLU, the GELU activation 

function possesses the benefits of ReLU while avoiding gradient vanishing. Second, we apply 

the pre-norm strategy [53] to train a good transformer by adopting layer normalization before the 

 
Figure 2.11: Overview of two proposed improved transformers. (a) transformer with self-

attention mechanism; (b) transformer with cross-attention mechanism (Note that ‘LN’ means the 
layer normalization) 

 

MHA module and modified FFN. Authors of [54] have verified that the pre-norm based 

transformer has a similar and even better performance than post-norm based one while avoiding 

the complex warm-up preprocessing. Finally, an additional layer normalization is employed at 

the end of transformer to avoid the by-passing problem [54].  

The cross-attention based transformer applies the cross attention whose structure is the same 

as the MHA of the improved self-attention based transformer, except that the queries (𝑄), keys 

(𝐾) and values (𝑉) are obtained from different input features as shown in Fig. 2.11 (b). More 

specifically, 𝑄 comes from input feature 𝐴, however 𝐾 and 𝑉 are obtained from input feature 𝐴 . 

The cross-attention mechanism guides the transformer to allow the communication between 𝐴 

and 𝐴 during training, which makes an efficient fusion of different features. 

Based on the two improved transformers proposed above, we here propose a cross-parallel 

transformer block (CPTB) with a local transformer, a cross transformer and a global transformer 
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Figure 2.12: Proposed cross-parallel transformer block (CPTB). (B denotes the batch size; C, F 

and L are the channel, the number of frames and the frame size, respectively) 

 

as shown in Fig. 2.12. The local and global transformers both based on the self-attention are 

utilized for parallelly extracting the local and global information, respectively. Their outputs are 

fused by a cross transformer based on the cross-attention. More specifically, the input tensor 𝐼 

has a size of [𝐵, 𝐶, 𝐹, 𝐿], and the local transformer is employed on each independent frame to 

extract the feature information, which implements along with the dimension 𝐿 of the input tensor 

𝐼  as shown in Eq. (30). Simultaneously, the global transformer aggregates the feature 

information from different frames to learn the global dependency of speech sequences by 

performing on the dimension 𝐹  of the tensor 𝐼  as described in Eq. (31). Then, the cross 

transformer, as a fusion block, is used to fuse the output features from local and global 

transformers using cross-attention mechanism as given by Eq. (32). Finally, the group 

normalization [45] is adopted following each transformer for regularization. 

 
𝑂𝑢𝑡 𝑐𝑎 =  𝐿𝑜𝑐𝑎𝑙𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝐼)[: , : , 𝑙])                     (30) 

𝑂𝑢𝑡𝑔 𝑏𝑎 =  𝐺𝑙𝑜𝑏𝑎𝑙𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝐼)[: , 𝑓, : ])                  (31) 

𝑂𝑢𝑡𝑐 =  𝐶𝑟𝑜𝑠𝑠𝑇𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚𝑒𝑟(𝑂𝑢𝑡 𝑐𝑎 , 𝑂𝑢𝑡𝑔 𝑏𝑎 )                   (32) 

where 𝑙 = 1, 2, ⋯ , 𝐿, means the number of samples in each chunk, and 𝑓 = 1, 2, ⋯ , 𝐹, denotes 

the index of chunks.  𝑅𝑒𝑠ℎ𝑎𝑝𝑒(∙) means the shape changes of feature dimension, which is equal 

to the operation of dimension permutation as shown in Fig 2.12.   
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2.3 Proposed transformer neural networks 
 
In this section, we propose two transform-based models for speech enhancement, namely two-

stage transformer neural network (TSTNN) and cross-parallel transformer neural network 

(CPTNN). The TSTNN adopts the proposed two-stage transformer blocks to successively extract 

local and global contextual information of speech sequences. On the other hand, the CPTNN 

employs the cross-parallel transformer blocks to parallelly capture local and global information, 

which are then fused by the inner cross-attention transformer to generate the efficient contextual 

representation. 

 

2.3.1 Proposed architecture  
 
Our proposed TSTNN and CPTNN share similar components including the encoder, masking 

module and decoder, except for the intermediate transformer blocks as shown in Fig. 2.13. For 

example, the TSTNN adopts transformer blocks with cascaded structure, each having local and 

global transformers. In contrast, the CPTNN employs the transformer blocks with cross-parallel 

structure, where each block comprises local and global transformers in parallel and then fuses the 

two transformer outputs by another cross transformer. In both TSTNN and CPTNN, the noisy 

speech waveform is first pre-processed by to-chunk method in time domain. Then, the inputs are 

processed by convolution-based encoder to extract low-level features, generating the compressed 

features with smaller sequence length which will pass through the transformer blocks. TSTNN 

adopts the two-stage transformer blocks to successively extract local and global information of 

long-range speech sequences, yielding the feature representations considering the contextual 

information. Different from TSTNN, the CPTNN employs two parallel branches to capture local 

and global information, which are then adaptively fused by cross-attention based transformer for 

better contextual features. Next, the masking module receives the outputs from transformer 

blocks to generate a mask which will be multiplied with encoder outputs to obtain the masked 

encoder features, thereby suppressing most of noise features. Finally, the decoder is applied to 

reconstruct the masked encoder features into enhanced speech features with a similar form of 

encoder inputs, which are post-processed by overlap-add method in time domain for eventually 

producing the enhanced speech waveform. 
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Figure 2.13: Overview of proposed TSTNN and CPTNN  
(For transformer blocks, the TSTNN adopts the TSTBs, and the CPTNN employs the CPTBs) 

 
 
 

Our TSTNN and CPTNN are proposed for time-domain speech enhancement where the input 

is the speech waveform which is obtained by resampling the speech audio at a certain sampling 

rate. For example, we can obtain 32000 samples when resampling a 2-second continuous speech 

signal at 16kHZ, producing the whole utterance. However, it is in general difficult to process 

very long speech samples for the deep learning-based models even though we can randomly 

select smaller speech segments within a long speech utterance. In our proposed model, we adopt 

a to-chunk preprocessing to transform the long speech samples into shorter sequences. More 

specifically, a row input mixture 𝑋 ∈ ℝ1 × 𝑀 is splitted into 𝐹 overlapped chunks of length 𝐿 with 

a shift size 𝑆. These chunks are then stacked to create a 3-dimensional tensor 𝑇 ∈ ℝ1 × 𝐹 × 𝐿 as 

shown in Fig. 2.14. Here 𝐹 is defined as: 

𝐹 =  ⌈ (𝑀 − 𝐿)/(𝐿 − 𝑆) + 1⌉                                               (33) 

where ⌈ ∙ ⌉ rounds the number involved up to the nearest integer. Note that for the last chunk 

whose size is smaller than 𝐿, zero-padding is applied to match the equal chunk size. This newly 

constructed input is processed by speech enhancement model, outputting the similar 3-

dimensional tensor. The overlap-add stage is used as the inverse operation of to-chunk 

preprocessing to merge chunks for reconstructing the 3-D tensor back 1-D enhanced speech 

waveform.  
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Figure 2.14: Illustration of to-chunk preprocessing 

 

2.3.2 Encoder 
 

The encoder is proposed to extract compressed features from inputs, which is comprised of 

multiple layers including one input layer, 𝐷 down-sampling layers and one output layer as shown 

in Fig. 2.15. First, the number of channels of inputs is increased by input layer from 𝐶𝑖  to 64 via 

using 2-D convolutions with 64 kernels of size (1, 1). After that, each down-sampling layer 

employs a dense block using three dilated convolution layers incorporated and the 2-D 

convolution with kernels of size (1, 3) at a stride of (1, 2) to halve the dimension of the frame 

size. Finally, the output layer halves the dimension of channel via convolution with 32 kernels of 

size (1, 1), thus bringing down the computational complexity for the subsequent transformer 

networks. In addition, the layer normalization and PReLU nonlinearity [21] are used after all 

convolutional layers.  

 
Figure 2.15: Illustration of encoder layer 
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Dilated-dense block is first applied in speech enhancement in [26], which is developed based 

on the densely connected convolutional network (DCCN) [55]. In the DCCN, powerful feature 

propagation is realized by adding all previous outputs to each layer, and gradient vanishing 

problem of deep neural networks could be alleviated in the training as well. Different from [26], 

all conventional convolutions in dense block are replaced by dilated depth-wise separable 

convolutions [56] to increase the receptive field of features as well as reduce model parameters. 

An illustrative structure of depth-wise separable dilated-dense block as shown in Fig. 2.16. Each 

dense block contains N  layers of 2-D depth-wise separable convolutions with exponentially 

increasing dilation rates (1, 2, 4, …2N�1). Each convolutional layer is followed by the layer 

normalization and PReLU nonlinearity.   

 

 
Figure 2.16: Illustration of dilated-dense block 

 

2.3.3 Transformer blocks 
 

Based on our proposed TSTB and CPTB, we construct intermediate transformer blocks to 

capture the contextual information of speech features as demonstrated in Fig. 2.17. In both 

TSTNN and CPTNN, the transformer blocks are inserted after encoder to extract the long-range 

dependency of speech sequences. More specifically, the TSTNN uses  𝑁𝑇𝑆𝑇𝐵 stacked TSTBs to 

iteratively extract local and global information for better contextual representation. The CPTNN 

implements 𝑁𝐶𝑃𝑇𝐵 stacked CPTBs, each followed by the residual connection from its input for 

avoiding the gradient vanishing problem. Different from the TSTB, the CPTB is adopted to 

parallelly extract local and global features which are then dynamically fused by inner cross-

attention mechanism, leading to a global contextual feature. 
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Figure 2.17: Illustration of transformer blocks used in TSTNN and CPTNN 

 

2.3.4 Masking module 
 

The masking module utilizes the feature output from transformer blocks to generate a mask to 

enhance speech, as shown in Fig. 2.18. The channel dimension of the output from transformer 

blocks is first doubled by a convolution followed by PReLU nonlinearity to match the dimension 

of the encoder output. Then it undergoes a gated convolution [28] involved a 2-D convolution 

and sigmoid nonlinearity operation, with its outputs passing through a 2-D convolution and 

ReLU nonlinearity for creating a mask. The generated mask will be multiplied with the encoder 

output in element-wise manner for giving final masked encoder features. 

 

Figure 2.18: Illustration of masking module 

 
2.3.5 Decoder 
 

The decoder is adopted to reconstruct features from masking module into the denoised speech 

features, which is comprised of 𝐷 up-sampling layers plus one output layer as shown in Fig. 2.19. 

Each up-sampling layer employs a dilated-dense block and a sub-pixel convolution to double the 
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dimension of the frame size, which is regarded as the inverse procedure of the encoder. The sub-

pixel convolution similarly performs as the transposed convolution to enlarge the dimension size. 

Compared with the transposed convolution, it operates on the signal itself without adding zero 

entries and increases the size of feature by an up-sampling rate, which can resolve the 

checkerboard artifacts problem [57].  Finally, the output layer resumes the dimension of the 

enhanced speech features back to 𝐶𝑖  by the� 2-D convolution with a kernel size of (1, 1), 

followed by overlap-add method for generating the enhanced speech waveform.  

 

 
Figure 2.19: Illustration of decoder layer 

  
2.3.6 Loss function  
 

To train our proposed models, we adopt the loss function combining the time domain loss and 

time-frequency domain loss. The time-frequency domain loss enforces the neural network model 

to capture frequency information, making speech have higher speech intelligibility and 

perceptual quality [58], which is formulated as:   

𝑙𝑜𝑠𝑠𝐹 = 1
𝑇𝐹

∑ ∑ [(|𝑆 (𝑡, 𝑓)| + |𝑆𝑖(𝑡, 𝑓)|) − 𝑆 (𝑡, 𝑓) + 𝑆𝑖(𝑡, 𝑓) ]𝐹−1
𝑓=0

𝑇−1
=0                 (34) 

where 𝑆 and 𝑆 denote the complex spectrogram representations of clean waveform and speech 

waveform, 𝑟 and 𝑖 are the real and imaginary part of the complex variable, and 𝑇 and 𝐹 are the 

number of time frames and frequency bins, respectively. The time-domain loss is based on the 

mean square error (MSE) between the denoised speech and clean speech, which is defined as: 

𝑙𝑜𝑠𝑠𝑇 = 1
𝑁

∑ (𝑥𝑖 − 𝑥𝑖)2𝑁−1
𝑖=0                                            (35) 
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where 𝑥 and 𝑥 are the samples of the clean speech and the denoised speech, respectively, and 𝑁 

denotes the number of samples. The final loss function combines the two types of losses 

mentioned above, namely: 

𝑙𝑜𝑠𝑠 =  𝜇 ∗ 𝑙𝑜𝑠𝑠𝐹 + (1 − 𝜇)𝑙𝑜𝑠𝑠𝑇                                    (36) 

where 𝜇 is a tunable parameter and set as 0.4 in our work 

 

2.4 Experimental results 
 

2.4.1 Experimental settings 
 

We carry out our experimental studies based on a public speech dataset [35] selected from Voice 

Bank corpus, including 14 female and 14 male speakers of 11572 utterances for training and one 

male and one female speakers of 824 utterances for testing. All utterances are sampled at 48 kHz. 

The noisy mixtures are formed for training by using 2 artificially generated noises plus 8 types of 

noises from DEMAND dataset [37] and setting SNR levels to 0 dB, 5 dB, 10 dB and 15 dB. The 

noisy speech for testing is generated from 5 types of unseen noises (café, bus, living, psquare, 

office) at SNR levels of 2.5 dB, 7.5 dB, 12.5 dB and 17.5 dB. We adopt several performance 

measures to evaluate our proposed speech enhancement model: perceptual evaluation of speech 

quality (PESQ) [1] with a score between -0.5 and 4.5; Short-time objective intelligibility (STOI) 

[40] with a score ranging from 0 to 1; We also adopt three subjective mean opinion scores 

(MOSs) valued between 1 and 5 [42] for more comprehensive evaluation, i.e., CSIG for signal 

distortion, CBAK for evaluating the intrusiveness of background noise and COVL for overall 

speech quality.  

Two different inputs can be used for training SE systems, including speech waveform leading 

to time-domain structure and speech spectrogram resulting in T-F domain method. In our 

experiments, we mainly focus on the waveform inputs, where we adopt pre-processing method 

for processing long-rang speech waveform. We first resample all utterances to 16 kHz. For this 

scenario, we randomly select a 4-second segment from each utterance if that is longer than 4 

seconds for reducing the computational time. Within each batch, the smaller utterances are zero-

padded to make the equal length. In the to-chunk stage, we use the frame length of 512 samples 
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(32ms) with 50% overlap (256 samples) between adjacent frames, constructing a reduced 

sequence length based on the Eq. (33) introduced above. The feature channel of waveform inputs 

is 1 (𝐶𝑖  = 1). To have a fair comparison, we adopt the same model setting for proposed TSTNN 

and CPTNN except for inserted transformer blocks. More specifically, proposed TSTNN and 

CPTNN utilize 2 down-sampling layers in encoder and 2 up-sampling layers in decoder, where 

each layer includes a dilated-dense block using depth-wise separable convolution with dilation 

factor of 3. We use 6 TSTBs in proposed TSTNN and 4 CPTBs in proposed CPTNN, generating 

the same number of transformer blocks in two models. For proposed transformer setting, the 

input feature dimension is set as 32 and 4 attention heads are employed in MHA. Within the 

modified FFN block, we use a bidirectional GRU layer with 64 hidden units to track the position 

information of speech sequence. Other model configurations are maintained as described above 

chapter.  

We train and optimize our proposed models for 100 epochs by using Adam algorithm [60]. 

To alleviate the gradient explosion problem in sequence models, the gradient clipping is used to 

constrain the L2 norm of the gradient to 5. We adopt the dynamic strategies for the learning rate 

during training [31, 60]. More specifically, within the first 4000 training steps, the learning rate 

is initially linearly increased from 0 to 4𝑒−4. After that, the learning rate is decayed by 0.98 for 

every two epochs. It can be defined below:       

𝐿𝑟 =
k1∙ 𝑑−0.  · n · n_warmups−1.5,           n≤n_warmups 
k2∙ 0.98⌊epoch/2⌋,                                 n>n_warmups

               (37) 

where n  denotes training steps, and  k1 = 0.2 and  k2 = 4e−4  are hyperparameters. n_warmups 

denotes the number of warm-ups, which is set as 4000, 𝑑 is the feature dimension of input, which 

is set to 64 for transformer blocks. 

 

2.4.2 Comparisons with baselines  
 

Table I gives the comparison results for the proposed model and some of the existing time-

domain and T-F domain methods, evaluated on the same dataset [35]. First, our proposed 

TSTNN and CPTNN achieve an impressive performance compared with existing models. 

Especially, our CPTNN has a significant improvement on PESQ value from 1.97 to 3.07, 

showing superior performance with the lighter model complexity (only 0.76 million parameters) 
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than most of methods in time domain. Although CPTNN achieves the same PESQ score as 

DEMUCS (3.07) with large model configuration, CPTNN has only about 44 times fewer 

parameters than DEMUCS (33.5 million parameters) and it is trained without employing any 

data augmentation technologies. Compared with TSTNN using cascaded transformer structure, 

CPTNN further has a 0.1 PESQ improvement. In view of the STOI score, TSTNN and CPTNN 

have the highest STOI score (95%) compared with all other time-domain methods. Besides, 

CPTNN has superior performance in three MOSs evaluation metrics than TSTNN and other 

current waveform-based approaches. 

Second, CPTNN achieves the state-of-the-art evaluation performance compared with all T-F 

domain methods in terms of the PESQ and STOI. Moreover, the PESQ value achieved by 

CPTNN is about 0.14 higher than that of DCUNet-16 using complex network. Although 

DCUNet-16 has a better score than CPTNN in CBAK, it involves more parameters (2.3 million) 

which is about 3 times larger than CPTNN (0.76 million parameters). Meanwhile, CPTNN 

achieves the slightly higher PESQ value than T-GSA which is a transformer with modified self-

attention, and it has better performance in three MOSs evaluation scores. 

By comparing with existing time-domain and T-F domain methods, our proposed TSTNN 

and CPTNN achieve a competitive performance in modeling long-range speech sequences while 

having relatively low model parameters. The main reason is that our proposed local and global 

transformer structure can extract abundant local and global information, which are important for 

long-range speech sequences. When we further conduct the comparison between proposed 

TSTNN and CPTNN, the better performance of speech enhancement is achieved by the CPTNN. 

This finding makes us believe that our proposed cross-parallel transformer architecture not only 

efficiently extracts local and global contextual information, but also adopts an effective fusion 

block based on proposed cross-attention to fuse the extracted local and global features, which 

can promote the ability of the model to learn the long-range dependencies of speech sequences. 

 

2.4.3 Selection of 𝝁 in loss function   
 

To evaluate the effect of 𝜇 in loss function, we set its value as {0.0, 0.2, 0.4, 0.6, 0.8, 1.0} to 

observe the performance with proposed CPTNN structure. As shown in Fig. 2.20 and Fig. 2.21, 

when 𝜇 is 0.4, we can achieve best PESQ and STOI values. For 𝜇 = 1.0, i.e., when the frequency  
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Table 1: Experimental results of the proposed models and existing models on the same dataset 
[35]. Five evaluation metrics are used (higher values, better performance) and the number of 
trainable parameters is considered (‘T-F’ and ‘T’ denotes the T-F domain and time domain) 

Model T/T-F PESQ STOI CSIG CBAK COVL Para. 

Noisy - 1.97 91 3.34 2.44 2.63 - 
Wiener - 2.22 - 3.23 2.68 2.67 - 

SEGAN, [61] T 2.16 93 2.48 2.94 2.80 97.47 
Wavenet, [62] T - - 3.62 3.23 2.98 - 

Wave U-Net, [23] T 2.40 - 3.52 3.24 2.96 10.0 
Attention Wave U-Net, [63] T 2.62 - 3.91 3.35 3.27 - 

MetricGAN, [64] T-F 2.86 - 3.99 3.18 3.42 - 
DCUNet-16, [65] T-F 2.93 - 4.10 3.77 3.52 2.3 
PHASEN, [66] T-F 2.99 - 4.21 3.55 3.62 - 

Self-Adapt MHSA, [67] T-F 2.99 - 4.15 3.46 3.51 - 
Low-latency U-Net, [68] T-F 2.90 94 4.22 3.32 3.58 - 

NAAGN, [69] T-F 2.90 - 4.13 3.50 3.51 - 
DEMUCS, [27] T 3.07 95 4.31 3.4 3.63 33.5 

T-GSA, [49]  T-F 3.06 - 4.18 3.59 3.62 63 
CAUNet, [70] T 2.96 95 4.22 3.53 3.60 1.04 
CARN, [71] T-F 2.93 95 4.19 3.61 3.54 - 

SA-TCN, [72] T-F 3.02 94 4.29 3.50 3.67 9.91 

TSTNN (ours) T 2.96 95 4.33 3.53 3.67 0.92 

CPTNN (ours) T 3.07 95 4.40 3.59 3.76 0.76 
 

 

loss is exclusively used, the PESQ and STOI values are the worst, showing that using frequency 

loss alone as objective function, the performance will be lower. When we slightly decrease 𝜇 

from 1.0 to 0.4, the PESQ score raises from 2.16 to the best one 3.07. However, when we 

continue to decrease 𝜇 from 0.4 to 0.0, the PESQ value shows the decreasing trend. For STOI, 

the scores are similar when 𝜇 varies from 0.2 to 0.6 but are worse when 𝜇 is 0.8 or 1.0. This 

observation above shows that using only time-domain or frequency-domain loss as training 

target would yield a worse performance of speech denoising. In other words, a combined 

frequency and time domain loss function with a suitable weight will make the denoising 

performance much better. 
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Figure 2.20: PESQ scores based on various 𝜇 

 

 
Figure 2.21: STOI scores based on various 𝜇 

 

2.4.4 Ablation study 
 

In this section, we present some findings of ablation study performed to demonstrate the 

effectiveness of different components of our model. To simplify the experiments, we only 

conduct all comparison experiments on proposed CPTNN structure. First, inspired by the 

effectiveness of RNNs in keeping track of the positional information, we replace the first FC 

layer of FFN of vanilla transformer by a GRU layer to learn the positional information of speech 

sequences. In order to further explore the importance of positional information and the 

superiority of our modified FFN, we here set two comparison experiments by using the standard 

FFN of vanilla transformer with or without positional encoding (PE) module of vanilla 

transformer in our proposed model.  

 
 

Table 2: Evaluation results among different configurations with positional encoding and FFN 

Model PESQ STOI (%) CSIG CBAK COVL 

CPTNN (GRU-FFN, ours) 3.07 95 4.40 3.59 3.76 

CPTNN (Vanilla FFN + PE) 2.77 94 4.20 3.41 3.50 

CPTNN (Vanilla FFN) 2.71 94 4.15 3.38 3.46 
 

As shown in Table 2, the model using only standard FFN without PE module has the worst 

performance, while the one incorporating PE module achieves a better performance, indicating 

that the positional information is very important for improving the performance of speech 

enhancement. By implementing our modified FFN without PE module, there is an obvious 



 49 

improvement on denoising performance. The possible reason is that the PE of vanilla transformer 

does not work well for acoustic sequences. Specifically, for speech denoising models, the input 

features are fixed vectors rather than trainable word embeddings, making it difficult for the 

model to separate position and content for each state. Instead, in our modified FFN module, we 

use RNN-based layer to effectively learn the positional information during the training. 

 
Table 3: Network configurations with different fusion methods 

Model Fusion Block Para.(M) 

CPTNN (ours) √ 4 CPTBs 0.76 

APTNN √ 6 APTBs 0.76 

PTNN × 6 PTBs 0.76 
 

Second, the cross-parallel transformer block (CPTB) is designed to extract local and global 

features by using local and global transformers in parallel, followed by a cross transformer acting 

as a fusion block to learn the interaction between the local and global information during training, 

leading to a better fused feature representation. In order to further explore the influence of fusion 

mechanism in CPTB on evaluation performance, we here design two different transformer 

blocks both modified from our proposed CPTB, where one exclusively replaces the cross 

transformer by average operation named as average parallel transformer block (APTB), and the 

other simply removes the cross transformer named as parallel transformer block (PTB). To make 

a fair comparison, we use 6 APTBs and 6 PTBs to separately replace the transformer blocks of 

our proposed CPTNN, generating two reference models whose trainable parameters are same as 

the CPTNN, namely APTNN and PTNN as shown in Table 3, respectively.  

 
 

Table 4: Evaluation results from various comparison models with different fusion methods 

 
Model PESQ STOI (%) CSIG CBAK COVL 

CPTNN (ours) 3.07 95 4.40 3.59 3.76 

APTNN 3.02 94 4.35 3.48 3.71 

PTNN 2.91 93 4.28 3.49 3.61 
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As shown in Table 4, our proposed CPTNN reaches the best performance in all evaluation 

metrics compared with other reference models. Especially, the PTNN that has only parallel 

transformer blocks obtains the worst performance, showing that the interaction between local 

and global information is important for improving denoising performance. The APTNN that 

simply uses average operation as the fusion block has better performance than PTNN, but it is 

still inferior to the proposed CPTNN with cross-attention based fusion block, indicating that our 

proposed cross-transformer can efficiently fuse the local and global information by learning their 

interactions during training to obtain a better contextual feature representation of long-range 

speech sequences. 

 

Table 5: Evaluation results among different structures in transformer block 

 
Model PESQ STOI (%) CSIG CBAK COVL 

CPTNN (Cross-Parallel, ours) 3.07 95 4.40 3.59 3.76 
CPTNN (Cascaded) 3.03 95 4.40 3.55 3.75 

CPTNN (Parallel) 2.91 93 4.28 3.49 3.61 
 

Next, we explore the effectiveness of our cross-parallel structure by comparing it with 

cascaded structure and parallel structure and provide relevant scores in Table 5. For the parallel 

structure, we simply employ the parallel transformer block (PTB) mentioned above by removing 

cross-attention transformer in CPTB. For the reference model with cascaded structure, we adopt 

a similar transformer structure implemented by TSTNN. In TSTNN, a two-stage transformer 

block was proposed to effectively extract contextual information, where the local transformer 

and global transformer are applied to extract local and global information with cascaded 

connection iteratively. In order to verify the effectiveness of our proposed cross-parallel 

structure, we only replace the cross-parallel structure of the transformer block with a cascaded 

structure just like TSTNN, where six cascaded transformer blocks are employed to construct a 

reference model with the same number of trainable parameters as CPTNN for a fair comparison.  

As shown in Table 5, the parallel architecture obtains the worst speech denoising 

performance especially PESQ and STOI scores when compared with other two structures. The 

possible reason is that the lack of communications between local and global information impedes 
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the contextual modeling of long-range speech sequences. For the cascaded structure, it reaches 

the same value in STOI and CSIG as the cross-parallel architecture while performs worse in 

other evaluation metrics due to the fact that the inputs of global transformer in the sequential 

structure are far from the inputs of local transformer. Instead, our proposed CPTNN extracts the 

local and global information simultaneously by utilizing local and global transformers, and their 

outputs are fused by the efficient cross-attention based transformer. 

 
Table 6: Evaluation results among two different cross-attention mechanisms 

 
Model PESQ STOI (%) CSIG CBAK COVL 

CPTNN (CrossAtt_V1, ours) 3.07 95 4.40 3.59 3.76 
CPTNN (CrossAtt_V2) 2.94 95 4.34 3.52 3.66 

 

Finally, we further analyze the effectiveness of the cross-attention based transformer which 

fuses the two output features from local and global transformer respectively, where one output 

represents the information of local dependencies within each frame and the other one means a 

sum of global dependencies of different frames. In our proposed cross-attention transformer, the 

keys (K) and values (V) are from the features processed by the global transformer, and queries 

(Q) are the outputs from the local transformer. This allows the global transformer to receive the 

contributions from the local transformer for generating the fused contextual feature 

representation.  

Actually, there is another choice to make the outputs of the local transformer act as keys (K) 

and values (V) and the outputs from the global transformer perform as queries (Q). For 

comparing these two options, we design a comparison model which implements the cross-

attention mechanism to make the global transformer contribute on the local transformer for 

completing the fusion, namely CrossAtt_V2. From Table 6, we can observe that the comparison 

model based on CrossAtt_V2 mechanism has a 0.12 reduction in PESQ score and worse results 

in CSIG, CBAK and COVL. It indicates that our proposed cross-attention mechanism is more 

efficient for fusing the local and global information as it keeps the global transformer absorb the 

supplements from the local transformer.  
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2.4.5 Performance on selective noise with different SNRs 
 

Here we investigate our proposed model and other configurations on subset of testing data, 

where challenging Café and Psquare noises are used to generate the noisy utterances at SNRs of 

2.5 dB, 7.5 dB, 12.5 dB and 17.5 dB. As shown in Table 7, our proposed CPTNN (𝜇 = 0.4) has 

made significant improvement on the denoising performance in Café and Psquare noises, in term 

of PESQ and STOI scores. For PESQ, our proposed CPTNN achieves obvious improvement of 

the score in two given noises with all given SNR levels. More specifically, proposed CPTNN has 

best PESQ values in Café noise environment at all four SNRs among all configurations. 

Meanwhile, CPTNN obtains best PESQ improvement in Psquare noise environment at 7.5 dB 

and 17.5 dB and has slightly lower score than CPTNN (𝜇 = 0.6) and cascaded structure at SNRs 

of 2.5 dB and 12.5 dB, respectively. For STOI, the proposed CPTNN has the best score in 

Psquare noise at most of SNR levels while has the slightly lower score than CPTNN (𝜇 = 0.2) 

and CPTNN with CrossAtt_V2 mechanism in Café noise case. By comparing with other 

configurations, the CPTNN indicates the superiority of speech denoising at challenging noise 

environment of low SNR level. 

 
Table 7: PESQ and STOI comparisons among different configurations 

 

 
 

Moreover, we present the enhanced spectrogram of proposed CPTNN and other models with 

different configurations in a Café noisy environment with a SNR level of 2.5 dB. As shown in 

Fig. 2.22, we first found that proposed CPTNN has better denoising performance than most of 

comparison models in terms of highlighted regions (red and yellow regions). Second, proposed 

Metric
Noise Type

Noise SNR (dB) 2.5 7.5 12.5 17.5 Avg. 2.5 7.5 12.5 17.5 Avg. 2.5 7.5 12.5 17.5 Avg. 2.5 7.5 12.5 17.5 Avg.
Unprocessed 1.15 1.33 1.54 1.95 1.49 1.24 1.46 1.84 2.39 1.73 78.1 87.3 91.2 94.4 87.8 86.9 91.3 93.8 93.8 91.4

CPTNN (ours, μ=0.4) 1.93 2.49 2.88 3.21 2.63 2.38 2.81 3.04 3.39 2.91 88.1 92.5 94.6 95.4 92.6 91.5 94.8 95.8 94.9 94.2
CPTNN, μ=0.0 1.57 1.91 2.16 2.52 2.04 1.89 2.12 2.37 2.66 2.26 85.3 90.6 92.5 94.4 90.7 89.5 92.9 94.3 93.2 92.5
CPTNN, μ=0.2 1.85 2.42 2.70 3.03 2.50 2.37 2.69 2.92 3.24 2.81 88.3 92.5 96.6 95.6 93.3 91.2 94.8 95.7 95.1 94.2
CPTNN, μ=0.6 1.92 2.48 2.82 3.12 2.59 2.45 2.81 3.02 3.35 2.91 87.9 92.2 94.4 95.6 92.5 91.2 94.8 95.8 95.1 94.2
CPTNN, μ=0.8 1.57 2.01 2.21 2.36 2.04 1.98 2.17 2.31 2.45 2.23 82.0 86.1 87.7 88.9 86.2 85.8 88.2 89.0 88.0 87.8
CPTNN, μ=1.0 1.61 1.89 2.12 2.24 1.97 1.91 2.11 2.18 2.33 2.13 81.6 85.5 87.0 88.2 85.6 85.4 87.2 88.3 87.5 87.1

CPTNN, Vinalla FFN + PE 1.75 2.23 2.52 2.98 2.37 2.15 2.53 2.82 3.19 2.67 86.7 91.3 93.6 95.1 91.7 90.7 93.7 95.4 94.4 93.6
CPTNN, Vinalla FFN 1.65 2.11 2.44 2.87 2.27 2.03 2.45 2.71 3.15 2.59 85.7 90.7 93.1 95.2 91.2 89.7 93.7 95.2 94.5 93.3

PTNN 1.81 2.38 2.76 3.14 2.52 2.34 2.75 3.03 3.37 2.87 86.7 91.9 94.1 95.4 92.0 91.1 94.4 95.5 94.9 94.0
APTNN 1.82 2.43 2.87 3.18 2.58 2.40 2.80 3.04 3.39 2.91 87.1 92.0 94.5 95.6 92.3 91.4 94.7 95.6 95.0 94.2

Cascaded 1.89 2.47 2.81 3.16 2.58 2.39 2.73 3.06 3.34 2.88 87.3 92.1 94.4 95.6 92.4 91.5 94.6 95.7 95.0 94.2
CPTNN, CrossAtt_V2 1.93 2.49 2.74 3.04 2.55 2.40 2.73 2.92 3.18 2.81 88.5 92.8 94.8 95.6 92.9 91.5 94.8 95.8 94.8 94.2

Café Psquare
PESQ

Café Psquare
STOI
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CPTNN has a similar harmonic structure as Cascaded model, but the proposed CPTNN could 

restore more approximate structure than Cascaded model in highlighted region (orange region). 

This proves that proposed CPTNN is more efficient to reconstruct the spectrum details and make 

them be similar as the clean speech in the challenging noise conditions.  

 
Figure 2.22: Spectrogram of different configurations based on an audio sample mixed with Café 

noise at an SNR of 2.5 dB 

 

2.5 Summary 
 

In this chapter, we have proposed two transformer neural networks for speech enhancement, 

including two-stage transformer neural network (TSTNN) and cross-parallel transformer neural 

network (CPTNN). We first modified the standard transformer encoder by removing the 

positional encoding and replacing the FFN by a GRU-augmented FFN for positional information 

tracking. The TSTNN and CPTNN are built based on a similar framework such as encoder, 

masking module and decoder, except for the transformer blocks. The TSTNN adopts several 

pairs of local and global transformers with cascaded structure to extract the long-term 

dependency of speech sequence. The local transformer performs on each frame to learn the local-

term information. The global transformer is implemented across multiple frames to capture the 

long-term information. To overcome the potential drawback of information leakage caused by 

the cascaded structure, our proposed CPTNN employs multiple cross-parallel transformers to 
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parallelly extract local and global information, whose outputs are then fused by the cross-

attention transformer to obtain the adaptive contextual information. Note that, the obtained 

contextual information from two-stage transformers or cross-parallel transformer will pass 

through a masking module to create a mask which will be used to filter the encoder outputs for 

reconstructing the enhanced speech via a decoder.  

The extensive experimental results indicate that our proposed TSTNN and CPTNN have 

achieved an impressive performance of speech enhancement compared with existing methods in 

all evaluation metrics. Especially CPTNN obtains a better performance than TSTNN, which 

shows the effectiveness of cross-parallel structure on long-range dependency modeling. 

Furthermore, our proposed TSTNN and CPTNN involve relatively fewer trainable parameters 

than current approaches.    
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 Chapter 3 

 Attention-free neural networks for speech 

enhancement 

 
In this chapter, we propose a novel and attention-free architecture based on multi-layer 

perceptron (MLP) for speech enhancement, named SE-Mixer. This chapter is organized as 

follows. We first overview the MLP-Mixer in Section 3.1. Based on this, the recent works using 

Mixer structure for speech tasks are introduced. In Section 3.2, we describe the proposed SE-

Mixer and single-channel speech enhancement. And Section 3.3 presents the evaluation 

performance of the proposed SE-Mixer.   

 
3.1 Introduction to MLP-Mixer 

 
 
Transformer-based neural networks have achieved an impressive success in many fields 

including NLP and CV. However, for long-term sequences, the transformer is very computation-

expensive due to numerous matrix operations. Recently, many researchers have studied 

attention-free models and achieved competitive performance to transformer-based models but at 

reduced model complexity. The MLP-Mixer model is proposed in [73] for exploring an MLP 

based structure for image classification without attention operation. Different from the 

transformer using multi-head self-attention to capture the long-term relationship among the 

visual features, the MLP-Mixer is a simple architecture only replying on the MLP structure, 

basic matrix multiplication operation and changes of data layout. As shown in Fig. 3.1, the 

proposed MLP-Mixer is mainly based on the Mixer layers and FC layers. As a core idea, the 

Mixer layer is comprised of one token-mixer MLP and one channel-mixing MLP, each 

containing two FC layers and a GELU non-linearity in between as indicated in Fig. 3.2.  
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Figure 3.1: MLP-Mixer for image classification [73] 

 

 
Figure 3.2: The details of Mixer layer [73] 

 

In the proposed MLP-Mixer, the Mixer layer receives the sequence of 𝑆 image patches which 

are obtained by splitting the whole image without overlaps. Each image patch is projected to 

form the patch with feature dimension 𝐶. The sequence of image patches will form the two-

dimensional input data 𝑋 ∈ ℝ𝑆 × 𝐶, where 𝑆 = 𝐻𝑊/𝑃2 is the number of image patches, 𝐻 and 𝑊 

denote the height and width of the whole image, 𝑃 means the resolution of image patch. The 

input 𝑋  is first passed through the channel-mixing MLP to make different channel features 

communicate with each other, which implements on the dimension 𝐶. Then, the token-mixing 

MLP is employed to act on the dimension 𝑆  of input 𝑋  for building the connection among 

different locations or tokens, where the locations and tokens mean the image patches. 

Additionally, the layer normalization is used before each MLP, and skip-connection is applied 

after each MLP. The whole procedures can be formulated as follows: 

𝑂𝑢𝑡𝑐ℎ𝑎 𝑒 − 𝑖 𝑖 𝑔 = 𝑋 + 𝑅𝑒𝑠ℎ𝑎𝑝𝑒(𝑊2𝜎(𝑊1(𝑅𝑒𝑠ℎ𝑎𝑝𝑒 𝐿𝑁 (𝑋) [: , 𝑖])))             (38) 

𝑂𝑢𝑡 𝑒 − 𝑖 𝑖 𝑔 = 𝑂𝑢𝑡𝑐ℎ𝑎 𝑒 − 𝑖 𝑖 𝑔 + 𝑊3𝜎(𝑊4𝐿𝑁 𝑂𝑢𝑡𝑐ℎ𝑎 𝑒 − 𝑖 𝑖 𝑔 [𝑗, ∶])))       (39) 

where 𝑖 = 1 .  .  . 𝐶 and 𝑗 = 1 .  .  . 𝑆 are the index of channel and that of the token dimension,  𝑊1  
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and 𝑊2 are the linear transformation matrix of channel-mixing MLP,  𝑊3 and 𝑊4 are the linear 

transformation matrix of token-mixing MLP, and 𝜎(∙) is the operation of GELU non-linearity. 

Inspired by the MLP-Mixer proposed for image classification as an attention-free model, 

authors of [74] adopted the mixer-based structure for speech synthesis where both time mixing 

and channel mixing are proposed for successively extracting the temporal information and spatial 

information of speech features as shown in Fig. 3.3. More specifically, in time mixing, to 

overcome different input sequence lengths, the depth-wise 1-D convolutional layer is adopted to 

replace the FC layer in the original MLP, allowing communication between the features of 

different time frames within a limited region. Then, the channel mixing employs the MLP to 

learn the relationship between different feature channels within a certain time frame, which 

operates on the dimension of feature channel. By using multiple stacked mixer blocks, the 

temporal and spatial information of speech sequences are learnt to form the contextual features 

for following procedures.   

 
Figure 3.3: Mixer-TTS for text-to-speech task [74] 

 
3.2 Proposed attention-free neural network  
 

Many competitive denoising methods are realized by networks involving attention mechanism or 

transformer as a part of them but it is not thoroughly studied as to whether the attention is 

indispensable for resolving long-range dependency problems in speech enhancement, especially 
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when considering the trade-off between computational efficiency and denoising performance. 

Recently, a simple but efficient architecture named MLP-Mixer has been proposed in [73] for 

image recognition by exclusively using two FC layers as backbone to perform token mixing and 

channel mixing, exhibiting a comparable performance to transformer-based methods with lower 

computational complexity. Inspired by this study, in this section, we propose an MLP based 

architecture without attention mechanism for speech enhancement, named as SE-Mixer. We first 

present the whole structure of the proposed SE-Mixer and then describe our temporal MLP and 

frequency MLP for extracting temporal and frequency information of speech sequences.  

 

3.2.1 Proposed SE-Mixer architecture   
 

Fig. 3.4 shows the whole structure of our proposed SE-Mixer, which consists of an encoder, a 

mixing module and a decoder. 

 

 
Figure 3.4: Overview of SE-Mixer architecture 

 

The encoder consists of a STFT feature extractor and a FC layer to obtain the feature 

representation of noisy speech sequences. First, the magnitude and phase feature of noisy speech 

are extracted by using STFT, where the magnitude spectrum 𝑀 ∈ ℝ𝑇×𝐹  is utilized as input 

feature, and the phase part 𝑃 ∈ ℝ𝑇×𝐹is retained for final reconstruction of the enhanced speech 

waveform. Here 𝑇  denotes the sequence length or the number of frames, and the 𝐹  is the 

frequency dimension or the number of frequency bins. Then, a FC layer linearly projects the 

magnitude spectra into feature representations with reduced feature dimension 𝑋 ∈ ℝ𝑇×𝐻, which 

will be processed by the following mixer module. 

The mixer module is comprised of 𝐿 mixer blocks, as shown in Fig. 3.4, to extract the 

contextual information of speech features 𝑋, where each one includes a temporal Conv-MLP and 
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a frequency MLP to iteratively extract temporal information from different time steps and 

frequency information at each time step. Moreover, sum of the output of each mixer block and 

residual connection from its input are passed through the next mixer block, which could avoid 

the gradient vanishing problem during the training. After the mixer module, the outputs 𝑆 ∈

ℝ𝑇×𝐻 will have the same dimension as the input features 𝑋. 

In the decoder, the output 𝑆 from mixer module is first processed by a FC layer to increase 

the feature dimension from 𝐻 to 𝐹 , followed by the sigmoid non-linearity to obtain a mask 

𝑀 𝑎 ∈ ℝ𝑇×𝐹 with a value ranging from 0 to 1. The generated mask will be multiplied with the 

magnitude feature of the noisy speech in element-wise manner, creating the enhanced magnitude 

spectrum of speech. Then, the enhanced magnitude is employed along with the noisy phase to 

reconstruct the enhanced speech waveform by iSTFT. 

 

3.2.2 Proposed temporal MLP and frequency MLP 
 

In the MLP-Mixer proposed for image classification, the channel MLP and token MLP are 

proposed to perform the channel mixing and token mixing, where the channel information within 

each image token and spatial information of different tokens are learned for better feature 

representation. The MLP-Mixer, as an attention-free structure, indicates that a simple MLP-

based structure can achieve a comparable performance to vision transformer neural networks 

with highly computational attention mechanism. Inspired by this study, we propose two MLPs 

for speech features to extract temporal information and frequency information, named as 

temporal MLP and frequency MLP.   

Our proposed temporal MLP is designed to extract multi-scale temporal features from time 

steps since some continuous time frames have abundant speaker information, but some others are 

silent voice. The temporal MLP consists of a multi-scale convolution block, a FC layer and a 

GELU non-linearity in between, as shown in Fig. 3.5. It acts on time steps of inputs to perform 

temporal mixing. The multi-scale convolution block is utilized to extract rich temporal features 

over various time scales as shown in Fig. 3.6, where the input feature 𝑋 ∈ ℝ𝑇×𝐻  is first 

processed by group normalization and then passes through a couple of bottleneck MLPs 

augmented by the dilated convolutions (𝑇 denotes time steps and 𝐻 is feature dimension). The 

dilated convolution is useful for enlarging the receptive field of feature [25] and is applied in 
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time dimension of input features with an objective to control the different time scales. The 

bottleneck structure can decrease the redundancy of features by reducing the feature dimension 

with the first layer and then reconstructing the compressed features of the same dimension as the 

inputs with the second layer, which can involve the reduced model parameters.  
 

 
Figure 3.5: Proposed temporal MLP 

 

 
Figure 3.6: Proposed multi-scale convolution block 

                             

Within each bottleneck convolution-augmented MLP, a FC layer first decreases the feature 

dimension of inputs into 𝐶 as shown in Eq. (40), where 𝐶 is the number of hidden units. Next, 

the features are reshaped into [𝐶, 1, 𝑇] format and then fed into the dilated 2D convolution with 

kernels of size (1, 3) to learn the temporal information along the dimension 𝑇 as given in Eq. 

(41), where dilation rate 𝑑 controls the time scale. Next, the output features are reshaped back to 

[𝑇, 𝐶] format, which is followed by the group normalization and PReLU non-linearity, and then 

mapped by a FC layer to produce the final output of each scale as in Eq. (42). The outputs from 

all scales are concatenated together along feature channel and normalized by group 

normalization to obtain the final output of the multi-scale convolution block as shown in Eq. (43).  

𝑃𝑟𝑜𝑗𝑖 = 𝐺𝑁(𝑋)𝑊𝑖 + 𝑏𝑖                                                   (40) 

𝑀𝑖𝑑𝑖 =  𝐶𝑜𝑛𝑣2𝐷𝑖(𝑃𝑟𝑜𝑗𝑖; 𝑘; 𝑑𝑖; 𝑝𝑖)                                         (41) 

𝑆𝑐𝑎𝑙𝑒𝑖 = 𝑃𝑅𝑒𝐿𝑈 𝐺𝑁(𝑀𝑖𝑑𝑖) 𝑊𝑖 + 𝑏𝑖                                  (42) 

𝑀𝑢𝑙𝑡𝑖𝑆𝑐𝑎𝑙𝑒 = 𝐺𝑁 𝐶𝑜𝑛𝑐𝑎𝑡(𝑆𝑐𝑎𝑙𝑒1, ⋯ , 𝑆𝑐𝑎𝑙𝑒𝑖)                        (43) 

where 𝑊𝑖 ∈ ℝ𝐻×𝐶,  𝑏𝑖 ∈ ℝ𝐶, 𝑊𝑖 ∈ ℝ𝐶×𝑆, and  𝑏𝑖 ∈ ℝ𝑆 denote linear transformation matrices  
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of the 𝑖th bottleneck block, 𝑖=1, 2, ⋯ , ℎ, ℎ being the number of bottleneck blocks, and 𝑆 is the 

hidden units of the second FC layer. In Eq. (41), 𝑘 is the kernel size of 2D convolution which is 

set as (1, 3), 𝑑𝑖 = 2𝑖−1 means the dilation rate in 𝑖th bottleneck block, and 𝑝𝑖 is the padding for 

convolution and set as 2 × 𝑑𝑖 . 𝐺𝑁(∙)  and 𝑃𝑅𝑒𝐿𝑈(∙)  are the group normalization and non-

linearity operation, respectively. 

Then, the output from multi-scale convolution block is processed by the GELU non-linearity 

and a FC layer to obtain the final output of temporal Conv-MLP, where residual connection and 

layer normalization are applied as well, which can be denoted as follows:   

𝑂𝑢𝑡𝑝𝑢𝑡𝑇 = 𝐺𝐸𝐿𝑈(𝑀𝑢𝑙𝑡𝑖𝑆𝑐𝑎𝑙𝑒)𝑊 + 𝑏                                         (44) 

𝑀𝐿𝑃𝑇 = 𝐿𝑁(𝑂𝑢𝑡𝑝𝑢𝑡𝑇 + 𝑋)                                                    (45) 

where 𝑊 ∈  ℝ𝑑 × 𝐻 with 𝑑𝑇  = ℎ ×  𝑆,  𝑏 ∈ ℝ𝐻  denotes the linear transformation matrix for 

output of temporal Conv-MLP. 𝐿𝑁(∙) is layer normalization operation. 
 

 
 

Figure 3.7: Proposed frequency MLP 

 

 
 

Figure 3.8: Proposed mixer block 

 
After extracting temporal features, the frequency MLP is proposed to extract frequency 

information at each time step by using a pure MLP including two FC layers, as shown in Fig. 3.7, 

which acts on frequency channel to perform frequency mixing. The GELU non-linearity and 

dropout operation are also used to promote the generalization and avoid overfitting. In addition, 

the residual connection and layer normalization are adopted to obtain the final outputs of the 

frequency MLP. The procedures are defined as follows:   
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𝑂𝑢𝑡𝑝𝑢𝑡𝐹(𝑀𝐿𝑃𝑇) =  𝐺𝐸𝐿𝑈(𝑀𝐿𝑃𝑇𝑊 +  𝑏 )𝑊 + 𝑏                            (46) 

𝑀𝐿𝑃𝐹 = 𝐿𝑁(𝑂𝑢𝑡𝑝𝑢𝑡𝐹  +  𝑀𝐿𝑃𝑇)                                           (47)  

where 𝑊 ∈ ℝ𝐻×𝑑,  𝑏 ∈ ℝ𝑑 , 𝑊 ∈ ℝ𝑑×𝐻 and 𝑏 ∈ ℝ𝐻 denote linear transformation matrices 

of two FC layers.  𝐻 is the feature dimension of outputs from temporal Conv-MLP and 𝑑 is the 

hidden units of the first FC layer. Note that our frequency MLP utilizes the bottleneck structure 

to generate the dimension reduction in the intermediate layer by setting 𝑑 as 𝐻/4. 

Based on the proposed temporal MLP and frequency MLP, we constitute a mixer block to 

successively extract temporal information from different time steps and frequency information at 

each time step. As shown in Fig. 3.8, the input features with temporal dimension 𝑇 and 

frequency dimension 𝐹  are first passed through the temporal MLP to extract temporal 

information with different time scales, generating multi-scale temporal features for subsequent 

frequency processing. The obtained temporal features are first processed by permutation block to 

get the data format with transposed dimension, which is then fed to the frequency MLP to extract 

frequency-wise features at each time step. Finally, the output features are temporal-wise and 

frequency-wise feature representations, which are permuted to form the same dimension as the 

inputs of the mixer block.  

 

3.2.3 Loss function 
 

We use power-compressed MSE loss [66] to train our model, including amplitude loss and 

phase-aware loss for considering both magnitude and phase information. The amplitude loss is 

defined as follows: 

 ℒ𝑎 𝑖 𝑑𝑒 = 𝑀𝑆𝐸 𝑎𝑏𝑠 𝑋𝑐
𝑒 ℎ , 𝑎𝑏𝑠 𝑋𝑐

𝑐  

    =  1
𝑇𝐹

 ∑ ∑ ( 𝑋(𝑡, 𝑓) −  |𝑋(𝑡, 𝑓)| )2𝐹−1
𝑓=0

𝑇−1
=0                    (48) 

where 𝑋𝑐
𝑒 ℎ  and 𝑋𝑐

𝑐  are the power-law compressed spectrogram of enhanced speech 

spectrogram and clean speech spectrogram, respectively, 𝑎𝑏𝑠(∙) is the operator for obtaining the 

absolute value, 𝑇 and 𝐹 are the number of time frames and frequency bins, 𝑝 is the compression 

factor, which is set as 0.3. Different from the amplitude loss, the phase-aware loss is computed 

based on the MSE loss between the enhanced speech spectrogram and the clean spectrogram 

with a power-law compression, which is formulated as follows: 
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 ℒ ℎ𝑎 𝑒 = 𝑀𝑆𝐸 𝑋𝑐
𝑒 ℎ , 𝑋𝑐

𝑐  

    =  1
𝑇𝐹

 ∑ ∑ (𝑋(𝑡, 𝑓) − 𝑋(𝑡, 𝑓) )2𝐹−1
𝑓=0

𝑇−1
=0                          (49) 

where 𝑋 = |𝑋| 𝑒𝑗∠𝑋, and 𝑝 is the compression factor, which is set as 0.3 in our experiments. 

Our final loss function is a weighed sum of amplitude loss and phase-aware loss, which is 

defined as follows: 

ℒ𝑃𝐶𝑀𝑆𝐸 =  𝛼ℒ𝑎 𝑖 𝑑𝑒 + 𝛽ℒ ℎ𝑎 𝑒  

                                                           = 1
𝑇𝐹

∑ ∑ [𝛼 𝑋(𝑡, 𝑓) 0.3 − |𝑋(𝑡, 𝑓)|0.3
2

+𝐹−1
𝑓=0

𝑇−1
=0

                                                                       𝛽(𝑋(𝑡, 𝑓) − 𝑋(𝑡, 𝑓) )2]                                            (50) 

where 𝛼 and 𝛽 are hyperparameters set as 𝛼 =10, 𝛽 = 1 in our work. Instead of only considering 

the pure amplitude information or pure phase information, both phase and amplitude information 

are taken into consideration in the loss function, which makes the phase in each T-F bin with 

higher amplitude to be emphasized. In other words, our loss function can supervise the model to 

focus on the T-F bins with high amplitude where abundant speech signals are located. 

 

3.3 Experimental results 
 

3.3.1 Experimental setups 
 

To compare the proposed SE-Mixer with other existing methods, we implement our experiments 

on a publicly available VCTK dataset, including 28 speakers of 11572 utterances for training set 

and 2 speakers of 824 utterances for testing set. For training, the noisy samples are mixed with 2 

types of artificially generated noises and 8 types of noises from the DEMAND at 4 signal-to-

noise ratio (SNR) values of 0, 5, 10, and 15 dB. The testing dataset is synthesized by 5 unseen 

noises from the DEMAND with 4 SNRs of 2.5, 7.5, 12.5 and 17.5 dB. 

All the utterances are resampled to 16 kHz and the 512-point STFT is applied to each 3-

second segment by using 30ms Hann window with 10ms stride, leading to a 257-D feature vector 

in each frame. In the proposed SE-Mixer, the FC layer of encoder and decoder has 128 and 257 

hidden units, respectively. For the mixer module, we use 8 proposed mixer blocks, each 

employing 4 bottleneck Conv-MLP blocks with exponentially increasing dilation rate (1, 2, 4 
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and 8), leading to four different time scales. In each bottleneck Conv-MLP block, 32 and 64 

hidden units are used by the first and final FC layer. During the training stage, the proposed SE-

Mixer is trained for 300 epochs and optimized by Adam algorithm [59]. Moreover, we 

dynamically schedule the learning rate while training. More specifically, the initial learning rate 

is set as 0.01 and then is decayed to 1𝑒−  by using Cosine annealing schedule [75]. 

We evaluate our proposed model by adopting five evaluation metrics, including two objective 

metrics and three subjective mean opinion scores (MOSs). The perceptual evaluation of speech 

quality (PESQ) is a popular objective metric to measure the enhanced speech, with a value 

between -0.5 and 4.5. Another metric short-time objective intelligibility (STOI) ranges from 0 to 

1. The three MOSs are CSIG evaluating speech distortion, CBAK reflecting noise distortion and 

COVL measuring for overall speech quality. All these scores have a value ranging from 1 to 5. 

 

3.3.2 Comparisons with baselines 
 

Table 8 summarizes the comparison results of our SE-Mixer model with some of the state-of-the-

art speech denoising models on the same dataset [35]. First, SE-Mixer obviously improves the 

PESQ value from 1.97 to 3.05, which shows a superior performance to most existing time-

domain and T-F domain models while at the lowest model complexity (only 0.71 million 

parameters). In view of speech intelligibility performance, SE-Mixer obtains the best STOI score 

(95%) among the comparison methods. SE-Mixer obtains a slightly inferior PESQ value (3.05) 

than DEMUCS (3.07), but it has only about 47 times fewer trainable parameters than DEMUCS 

(33.5 million parameters) and moreover it is implemented without any data augmentation 

technologies. Besides, SE-Mixer has comparable achievement on MOSs to current models, 

where the DCUNet-16 achieves the best CBAK score using complex-valued network but worse 

performance than SE-Mixer in other metrics. 

Second, we further compare the proposed SE-Mixer with some attention-based and 

transformer-based models to verify whether the attention mechanism is indispensable for 

processing long-range speech sequences in speech enhancement. From Table 8, we can observe 

that our attention-free SE-Mixer still achieves comparable and even superior performance to 

attention-based denoising models. Specifically, SE-Mixer has a better PESQ improvement than 

Attention Wave-UNet, NAAGN, Self-Adapt MHSA, CARN, SADNUNet and TSTNN, but  
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Table 8: Experimental results of the proposed and existing models on the VCTK dataset 

 
Model T/T-F PESQ STOI CSIG CBAK COVL Para. MACs 

Noisy - 1.97 91 3.34 2.44 2.63 - - 
Wiener - 2.22 - 3.23 2.68 2.67 - - 

SEGAN, [61] T 2.16 93 3.48 2.94 2.80 97.47 9.47 
Wavenet, [62] T - - 3.62 3.23 2.98 - - 

Wave U-Net, [23] T 2.40 - 3.52 3.24 2.96 10.0 2.45 
Attention 

WaveUNet [63] T 2.62 - 3.91 3.35 3.27 - - 

MetricGAN, [64] T-F 2.86 - 3.99 3.18 3.42 - - 
DCUNet-16, [65] T-F 2.93 - 4.10 3.77 3.52 2.3 21.01 

PHASEN, [66] T-F 2.99 - 4.21 3.55 3.62 - 6.12 
Self-Adapt MHSA, [67] T-F 2.99 - 4.15 3.42 3.57 - - 
Low-latency U-Net, [68] T-F 2.90 94 4.22 3.32 3.58 - - 

NAAGN, [69] T-F 2.90 - 4.13 3.50 3.51 - - 
DEMUCS, [27] T 3.07 95 4.31 3.4 3.63 33.5 17.27 

T-GSA, [49] T-F 3.06 - 4.18 3.59 3.62 63.0 - 
CARN, [71] T-F 2.93 95 4.19 3.61 3.54 - - 
GaGNet [76] T-F 2.94 - 4.26 3.45 3.59 5.94 1.63 
FSCNet [77] T-F 3.05 - 4.28 3.57 3.68 0.9  

SADNUNet [78] T 2.82 - 4.18 3.47 3.51 2.63 - 
TSTNN [79] T 2.96 95 4.33 3.53 3.67 0.92 75.52 
CPTNN [80] T 3.07 95 4.40 3.59 3.76 0.76 29.83 

SE-Mixer (ours) T-F 3.05 95 4.20 3.50 3.63 0.71 0.21 
 

 
slightly inferior to T-GSA (3.06) using transformer with gaussian-weighted self-attention and 

CPTNN (3.07) using cross-parallel transformer. TSTNN using two-stage transformer performs 

slightly better in MOSs metrics in terms of CSIG and COVL, while has about 0.1 reduction of 

PESQ compared with SE-Mixer. Additionally, SE-Mixer has the fewest trainable parameters 

which is about 1.3 times fewer than TSTNN and approximately 155 times fewer than T-GSA, 

respectively. From the above observations, we found that the proposed SE-Mixer still has a 

superior performance in speech enhancement even though it is free of attention mechanism. 

Moreover, SE-Mixer has lowest multiply-accumulate operation (MACs) which is approximately 

345 times fewer than TSTNN and about 141 times fewer than CPTNN, indicating an extremely  



 66 

low computation complexity. 

 

3.3.3 Ablation study 
 

In this section, we further explore the performance of our proposed SE-Mixer with different 

network configurations. First, the proposed mixer block, as an important component, is designed 

to effectively extract the temporal and frequency features through the proposed temporal MLP 

and frequency MLP. In order to explore the impact of the number of mixer blocks on speech 

enhancement, we here set up two comparison models including 4 and 6 mixer blocks as shown in 

Table 9, namely SE-Mixer_Small and SE-Mixer_Mid, respectively. Moreover, for a fair 

comparison, we maintain other configurations consistent, including time scales in temporal MLP. 

 
Table 9: Network configuration with different blocks and time scales 

 
 Time_Scales Blocks Param. 

SE-Mixer 4 8 710k 
SE-Mixer_Mid 4 6 549k 

SE-Mixer_Small 4 4 388k 
SE-Mixer_FixedScale 4 & fixed 8 710k 

SE-Mixer_2Scales 2 8 426k 
SE-Mixer_1Scale 1 8 284k 

 

Additionally, our proposed multi-scale convolution block is applied to extract temporal 

features from different time scales by controlling the dilation rate in each bottleneck dilated 

convolution, which plays a similar role as multi-head attention in transformer. Different from 

transformer, our proposed multi-scale convolution block is free of attention mechanism and 

resorts to basic matrix multiplication and changes of feature layout (reshapes). Therefore, we 

further analyze the influence of time scales in temporal Mixer on performance by designing 

another three comparison models as indicated in Table 9. We first use the same number of 

bottleneck dilated convolutions in multi-scale convolution block, where the dilation rates are all 

set as 1 (equal to 2D-convolution with kernel size of (1, 3)), leading to the same time scales in 

temporal MLP. Next, we set the number of bottleneck dilated convolution as 1 and 2 respectively, 

leading to the other two comparison models with 1 and 2 time scales in temporal MLP. 
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Table 10: Experimental results of different configurations 

 
 PESQ STOI CSIG CBAK COVL 

SE-Mixer 3.05 95% 4.20 3.50 3.63 

SE-Mixer_Mid 3.04 94% 4.22 3.45 3.64 
SE-Mixer_Small 2.99 94% 4.15 3.44 3.58 

SE-Mixer_FixedScale 2.98 94% 4.15 3.45 3.57 
SE-Mixer_2Scales 2.97 94% 4.16 3.44 3.58 

SE-Mixer_1Scale 2.96 94% 4.10 3.42 3.53 

 

As presented in Table 10, the performance scores of speech enhancement steadily grow as the 

number of mixer blocks increases, especially PESQ and STOI. It is worth mentioning that SE-

Mixer_Small still reaches the remarkable results in PESQ (2.99) as well as other evaluation 

metrics with only 384k trainable parameters, indicating that the proposed mixer block is highly 

efficient for dealing with long-range speech sequences. Moreover, in contrast to the comparison 

models with different time scales, SE-Mixer outperforms other configurations using fixed or 

fewer time scales in all objective metrics, revealing that adopting enough and different time 

scales in our temporal Conv-MLP is notably crucial for extracting sufficient temporal features 

and advancing the performance of speech denoising.   

 
Table 11: Experimental results of different denoising blocks 

 
 Time 

Mixing 
Frequency 

Mixing PESQ STOI CSIG CBAK COVL 

SE-Mixer √ √ 3.05 95% 4.20 3.50 3.63 
SE-Temporal √ × 3.00 94% 4.16 3.48 3.59 

SE-Frequency × √ 2.65 94% 3.94 3.27 3.29 

SE-Transformer × × 2.60 93% 3.42 3.11 2.99 
 

Finally, to analyze the components of the proposed mixer block, we design two comparison 

models by removing temporal Conv-MLP or frequency MLP, yielding SE-Frequency and SE-

Temporal as shown in Table III. To compare the proposed SE-Mixer with transformer using the 

same architecture and input features, we replace the mixer block by several improved 

transformer proposed from TSTNN, leading to the SE-Transformer comparison model. As 
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indicated in Table 11, omitting temporal Conv-MLP or frequency MLP performs worse than the 

SE-Mixer retaining temporal MLP and frequency MLP, presenting that temporal mixing and 

frequency mixing are crucial for processing long-range speech sequence. Especially, SE-

Frequency has obviously inferior evaluation scores than SE-Mixer, in terms of PESQ and MOS 

scores, showing that the temporal Conv-MLP with multi-scale operation plays an important role 

in speech enhancement. Moreover, compared with SE-Transformer, our SE-Mixer achieves 

impressive improvement on evaluation scores, revealing that our proposed attention-free mixer 

block is very efficient for processing long-range speech sequences. 

 

 

3.4 Summary 
 

In this chapter, we have proposed an attention-free architecture as an alternative to the 

transformer for long-range sequence modeling in speech enhancement. This new structure, 

named as SE-Mixer, consists of an encoder, multiple mixer blocks and a decoder, all based on 

the MLP, matrix multiplication and changes of data layout. The encoder encodes the speech 

spectrogram to obtain the speech features via a FC layer. The mixer blocks are proposed to 

extract contextual information of speech feature, where each block is comprised of a temporal 

MLP and frequency MLP. The temporal MLP mixes the temporal information among different 

time scales by introducing the multi-scale convolution into MLP, where the dilated convolution 

used in multi-scale convolution controls the time scales. The frequency MLP mixes the 

frequency information by adopting a simple MLP. By successively extracting temporal and 

frequency information, the contextual information is obtained and further processed by a FC 

layer to create a mask, which will be multiplied with input magnitude spectrogram to get the 

enhanced magnitude spectrogram. Finally, the noisy phase is used along with the enhanced 

magnitude for reconstructing the enhanced speech waveform via iSTFT. 

The experimental results show that our proposed SE-Mixer achieves a competitive 

performance among existing methods including attention- or transformer-based models while 

involving lowest model complexity.  We have also shown that the architecture without attention 

algorithm is likely to reach approximately the same effectiveness as compared with attention-

assisted models but with significantly lower computational complexity. 
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Chapter 4 

 Conclusions and Future work 

 
4.1 Summary of the work 
 

In this thesis, novel deep-learning-based approaches have been proposed for single-channel 

speech enhancement. More specifically, the efficient neural networks including attention-based 

transformer neural networks and attention-free multi-layer perceptrons have been investigated 

for learning the long-term dependency in speech enhancement. In addition, designing a speech 

enhancement system with a low footprint and computational complexity is the other important 

goal of this thesis. 

In Chapter 2, two neural network models based on transformer are proposed for sequence 

modeling in speech enhancement, where the transformer has been widely studied in NLP tasks 

and shows superiority in extracting long-term dependency of long sequences. We first propose a 

two-stage transformer neural network (TSTNN) to extract local and global information by using 

local and global transformer with cascaded connection, respectively. Specifically, the local 

transformer is implemented on the individual frame to learn the short-term relationship. Then, 

the global transformer is used to summarize the features across the various frames to capture the 

long-term information. After iteratively learning the local and global information, the contextual 

feature representation is obtained for speech denoising. To further resolve the information 

leakage existing in cascaded structure, we propose an improved version of transformer with 

cross-parallel structure, named CPTNN, to parallel perform the local and global extraction. The 

cross-attention based transformer is employed to dynamically fuse the outputs of two-branch 

extraction, generating the efficient contextual information of speech features. Proposed TSTNN 

and CPTNN share a similar structure including an encoder, a masking module and a decoder, 

except for the intermediate transformer blocks. The outputs from transformer blocks are passed 

through the masking module to create a mask, which will be multiplied with encoder outputs to 

remove the noise-related information. Through the conducted experiments, we have shown that 

our proposed TSTNN and CPTNN obtain the competitive performance compared with existing 
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state-of-the-art methods while involving considerably fewer trainable parameters. Especially for 

CPTNN, it achieves a superior performance than other current methods in the most of evaluation 

metrics.  

In Chapter 3, we propose an attention-free architecture, named SE-Mixer, to verify whether 

attention- or transformer-based networks are indispensable for resolving the long-term 

dependency problem in speech enhancement. It consists of an encoder, a decoder and stacked 

mixer blocks in between. The encoder is used to transform the input speech into compressed 

speech features which will be processed by the mixer blocks for capturing the contextual 

information. Each mixer block is comprised of temporal MLP and frequency MLP to perform 

the temporal mixing and frequency mixing, respectively, where the temporal MLP extracts the 

multi-scale temporal information from different time steps, and the frequency MLP captures the 

abundant frequency information at individual time step. The decoder is adopted to convert the 

contextual speech features into the enhanced speech by masking method. Our experimental 

results reveal that the proposed SE-Mixer achieves a comparable performance to existing models 

with and without attention mechanism while having the fewest parameters and complexity. We 

also show that the attention-free models have capacity to attain the same or even better 

effectiveness compared with attention-augmented models but with significantly lower 

computational complexity. 

 

4.2 Future work 
 

This thesis mainly focuses on the deep learning approaches for single-channel speech 

enhancement. However, many real-word applications like microphone, involve the multi-channel 

speech enhancement system. Fortunately, our proposed neural networks are relatively flexible 

and could be implemented on multi-channel speech enhancement with a few modifications. In 

addition, our proposed models are non-casual systems for speech enhancement, which means 

that the denoising begins after looking through the whole utterance. Many real-life applications 

require speech enhancement systems to have real-time property, such as real-time online meeting 

scenario. It would be interesting to see the casual or real-time performance of the proposed 

models with casual setting. 

Furthermore, our proposed neural network models are trained and evaluated on the public 
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VoiceBank-Demand dataset. Some studies have revealed that DNN-based methods fail to 

generalize to untrained corpora even though they perform well on a trained corpus [81]. We plan 

to train our models on the larger datasets such as LibriSpeech and then evaluate it on VoiceBank-

Demand to explore the cross-corpus generalization of the transformer-based and attention-free 

architectures.   
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