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ABSTRACT

In recent years, Residual Networks (ResNets) have signifi-
cantly increased the modeling power of convolutional neu-
ral networks (CNNs) by introducing residual connections. In
this paper, we explore the incorporation of spatial and chan-
nel attention into the structure of ResNets for noisy speech
recognition tasks. In our experiments, we implemented spa-
tial attention as a bottom-up top-down structure where the in-
put features are first down sampled and then up sampled to
generate attention maps. At each block of the ResNet, the
generated CNN features are composed with spatial attention
maps over the temporal-frequency space, learning to attend to
salient acoustic features and suppress noise. Our model also
includes channel attention that attends to different channels
of feature maps. ResNet blocks with spatial and channel at-
tention modules can be easily stacked to construct deeper net-
works. We show that the proposed network structure has the
ability to suppress noisy signals in speech audio without re-
quiring parallel clean speech for training, and achieve promis-
ing WER reductions on CHiME2 and CHiME3.

Index Terms— Noisy Speech Recognition, Acoustic
Modeling, Residual Neural Networks, Attention Mechanism

1. INTRODUCTION

Recent advances in training neural networks have signifi-
cantly improved performance in various artificial intelligence
tasks. The attention mechanism, which allows selective focus
of the network at different points in time, has been exten-
sively studied in areas such as image classification [1, 2],
image caption generation [3], machine translation [4], and
speech recognition [5, 6]. These studies formulate attention
as a sequential process and assign attention weights over the
sequence to capture useful information.

Because of the sequential characteristics of attention, re-
current neural networks (RNNs) and long short term memory
networks (LSTMs) are widely used to model the attention
mechanism in sequential problems with encoder-decoder
structures, where the encoder converts the input sequence
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(e.g., a sequence of words or speech frames) into an embed-
ding sequence and the decoder generates output labels based
on the embeddings as well as the attention weights. The use
of such structures has demonstrated outstanding performance
in many sequence-to-sequence problems.

Attention mechanisms have also found their way into feed
forward models, such as DNNs or CNNs, in sequence-to-
sequence modeling. For example, Gehring et al. [7] ap-
plied CNNs to machine translation tasks and achieved sig-
nificant improvement over RNN models with higher compu-
tational efficiency. Another study by Vaswani et al. [8] also
used feed forward networks for neural machine translation.
In their work, the researchers proposed what is called the
Transformer Network in handling machine translation prob-
lems and achieved state-of-the-art performance.

What is particularly interesting about Vaswani et al.’s
work is the introduction of self-attention into machine trans-
lation. Instead of assigning attention over sequences, self-
attention explores local feature structures and is generated
based on the dot product of the previous layer’s output, thus
helping to generate better feature embeddings and improve
performance. Povey et al. [9] similarly adopted a self-
attention layer in a time-restricted manner to jointly attend to
different positions centered around the current time frame.

Self-attention has also been widely explored in other re-
search areas such as image semantic segmentation [10], hu-
man pose estimation [11], and image classification [12]. In
these studies, self-attention is implemented by incorporating
a bottom-up top-down (hourglass shape) structure into blocks
of convolutional layers to explore feature maps at different
levels of the networks for each input image. The results of the
studies showed significant improvement in respective tasks
achieved by the self-attention structure.

Drawing from previous work, we experiment with a
bottom-up top-down structure in automatic speech recog-
nition (ASR). Although the bottom-up top-down structure
has been used in autoencoders, the novelty of our work lies
in the integration of the structure into CNNs as self-attention
for noise reduction without parallel clean speech. We refer
to this structure as the spatial attention module and use it to
extract spatial feature patterns within CNNs’ feature maps.
Residual Neural Networks (ResNets) [13], a variant of CNN,
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Fig. 1. An example of the network formed by stacking attention modules. The upper branch is the convolutional branch, and the lower branch
is the attention branch which uses the bottom-up top-down structure to generate attention weight. The hyperparameter s denotes the number
of residual blocks used to process features prior to the branches, while t denotes the number of residual blocks used in the convolutional
branch.

are used for modeling acoustic features and simultaneously
trained with the spatial attention modules with the same
back-propagated error information.

After training, the spatial attention module generates spa-
tial attention matrices at each time step. However, instead
of assigning attention weights over different positions of the
acoustic frame sequence, the spatial attention is multiplied
with local features, emphasizing the most salient features and
suppressing noise in each input context window.

Spatial attention can be viewed as a masking technique,
but it has some critical differences from speech enhancement
techniques. First, the goal of the learning process is not to
generate masks for denoising, but rather for improving the
ASR acoustic model’s prediction of senone labels. Second,
instead of only composing with the input features, the atten-
tion matrices are applied on multiple feature extraction levels.
Finally, unlike supervised speech enhancement, learning the
attention does not require parallel clean speech.

Since multiple feature map channels are generated at each
level of a CNN network, we also integrate channel attention
to explicitly model the varying importance of different chan-
nels. Combining spatial attention within one feature map, and
channel attention across channels of feature maps shows im-
proved recognition performance on noisy speech data.

The rest of the paper is organized as follows. Section 2 de-
scribes the experimental methods, including the detailed con-
struction of spatial and channel attention structures. Section
3 describes the CHiME2 and CHiME3 datasets as well as the
features we used. In Section 4, we present the experimental
setup and the results of our experiments. Finally, Section 5
concludes the paper and discusses future work directions.

2. METHODOLOGY

In this study, ResNets serve as the base structure for acoustic
modeling [14, 15, 16, 17]. ResNets introduce skip connec-
tions between blocks of convolutional layers, improving the
propagation of gradients and allowing training even deeper
CNNs without optimization difficulties (e.g. gradient vanish-
ing) in a traditional CNN training scheme. We detail in the

next sections how spatial and channel attention is integrated
into the ResNet architecture.

2.1. Spatial Attention

Our spatial attention module is a weight assigning scheme
that can be attend to different parts of the current input fea-
ture (locally), differing from traditional attention mechanisms
that attend to positions over a sequence. An example network
formed by concatenating spatial attention modules is shown
in Fig. 1, similar to the structure used in [12].

The process of generating the attention matrix first down
samples the input feature map several times until the size of
the feature map reaches a pre-set resolution, and then up-
sample through interpolation until it gets back to the orig-
inal size. The down-sampling process can be implemented
by a max pooling or average pooling operation. Convolution
layers are inserted between the pooling layers to make the
attention generation process trainable. In traditional CNNs,
pooling layers can have some effect on suppressing noise in
feature maps, but as receptive fields are local the cannot ac-
cess context information outside the region. To alleviate the
problem, we apply the bottom-up top-down structures on the
whole feature map; by explicitly using global information, we
can generate attention weights to better suppress noise signals
and emphasize salient features.

After getting the attention weights, we conduct an element-
wise multiplication between the attention weight matrix and
the feature map. Similar to the concept of residual learning,
we add the output of the convolutional branch to the product,
which is used to generate the final weights through a sigmoid
function. This can be expressed as:

Wi, c
(x) = σ((1 +Mi,c(x))⊗ Fi,c(x)), (1)

where Mi,c(·) and Fi,c(·) are the outputs of the attention and
convolutional branches, and σ is the sigmoid function.

2.2. Channel Attention

In addition to spatial attention, we also incorporate a channel
attention/gating mechanism (first proposed in [18]). The idea
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Fig. 2. An example of the channel attention unit.

is similar to spatial attention, with the purpose of trying to
incorporate global information to explicitly model the impor-
tance between different channels in feature maps. The struc-
ture of a channel attention module is shown in Fig. 2. The
process of generating channel attention weights can be split
into two steps. The first is the squeezing step that produces
the global information embedding, calculated as:

ec = Fsq(xc) =
1

W ×H

W∑
i=1

H∑
j=1

xc(i, j), (2)

where ec is the global embedding for channel c, xc is the fea-
ture in the cth channel, andW andH are the width and height
of the input feature map. What the squeezing step does is to
calculate the average value of each channel.

The second step is the excitation step, which uses global
embedding to recalibrate the feature map by first generating a
scaling weight vector and scaling channels with the weights.
The scaling weight vector is obtained by feeding the global
embedding vector into a feed-forward layer and then through
a sigmoid function. The process can be expressed as:

s = Fex(e,W) = σ(W2δ(W1e)), (3)

x̃ = Fscale(s, x) = s ⊗ x, (4)

where s is the vector of the scaling weights, and δ(·) is the rec-
tifier linear unit (ReLU) activation function. x̃ is the channel
weighted feature map, and ⊗ is a channel-wise multiplica-
tion between the scaling weight vector and the original input
feature map.

We also adopt the concept of residual learning in the chan-
nel attention module, and add a skip connection between the
input feature map to the output of the channel scaling to get
the final output:

O = x̃ + x = (1 + s)⊗ x, (5)

In our work, we found that the spatial attention module
can help the model focus on speech related features and sup-
press noises, and the channel attention can learn to automat-
ically assign more weights to channels with more helpful in-
formation to better recognize the speech. Combining both

attention modules, we achieved significant improvement on
noisy datasets.

3. DATASETS AND FEATURES

For our experiments, we used two noisy datasets: CHiME2
and CHiME3. Both datasets are constructed based on the
WSJ0 corpus.

The CHiME2 dataset contains 7138 utterances in total,
recorded by 83 different speakers. For the noisy speech, the
signal-to-noise (SNR) ratio ranges from -6 to 9 db and is ran-
domly selected for each utterance. The training set includes
6 different levels of SNR, i.e. -6, -3, 0, 3, 6, 9 dB. The de-
velopment and evaluation set respectively contains 409 noisy
utterances from 10 speakers and 330 noisy utterances from 8
other speakers.

The CHiME3 dataset includes both simulated and real
noisy speech utterances. In total, the training set contains
7138 simulated utterances of 83 speakers of the WSJ0 SI-84
training set and 1600 real noisy utterances of 4 speakers. Both
the simulated and real noisy utterances are generated in four
different noise conditions: café (CAF), street junction (STR),
public transport (BUS) and pedestrian area (PED). The de-
velopment set contains a total of 3280 utterances (1640 simu-
lated and real utterances respectively) and the test set includes
2640 utterances (1320 simulated and real utterances respec-
tively).

The features used to train the ResNets are 40-dimensional
fbank features extended with deltas and double-deltas. The
context window length is 5, which makes the input feature
include 11 frames. For CNNs, the input features are organized
as 40 × 11 × 3 tensors.

4. EXPERIMENTAL SETUP AND RESULTS

We used Kaldi to build the speech recognition pipeline and
TensorFlow [19] to train the network for acoustic modeling.
Senone labels were generated by a GMM/HMM system in
Kaldi; for CHiME2, labels were generated from the clean
data but the acoustic model was trained on nosiy data. For
CHiME3, these were trained from noisy data (no clean speech
or clean labels were used): beamforming was first performed
to extract enhanced speech from the 5-channel microphone
array signals, and then features were created based on the en-
hanced wave files.

In our experiments, we used attention modules with two
residual blocks prior to the branches in the modules (s = 2)
and two residual blocks inside the convolutional branch (t =
2). The residual block adopts the structure in [13], where each
one includes two convolutional layers; batch normalization
is used after each convolutional layer, followed by a ReLU
activation function.

For both CHiME2 and CHiME3, we constructed two
attention-based ResNets with 20 and 40 convolutional layers.
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Network Component Output size Filter
Conv layer 40 × 11 7 × 7, 128

Attention module 40 × 11 3 × 3, 128
Att-ResNet-20 Residual block 10 × 11 3 × 3, 256

Attention module 10 × 11 3 × 3, 256
Residual block 5 × 6 3 × 3, 512

Conv layer 40 × 11 7 × 7, 64
Attention module 40 × 11 3 × 3, 64

Residual block 20 × 11 3 × 3, 128
Attention module 20 × 11 3 × 3, 128

Att-ResNet-40 Residual block 10 × 11 3 × 3, 256
Attention module 10 × 11 3 × 3, 256

Residual block 5 × 6 3 × 3, 512
Attention module 5 × 6 3 × 3, 512

Residual block 5 × 6 3 × 3, 1024

Table 1. Structures of networks in experiments. Att-ResNet-20
is the network with 20 convolutional layers; Att-ResNet-40 has 40
convolutional layers.

Table 1 shows the components of both networks and their
respective properties.

We compared the performance of the attention ResNets
with two baseline systems. The first one is a 7-layer feed-
forward DNN, and the second is a ResNet with the same num-
ber of convolutional layers. The results are shown in Table 2.

Introducing attention helps to improve recognition perfor-
mance. As Table 2 shows, for CHiME2, the 20-layer spatial
attention based ResNet achieved 0.6% absolute WER reduc-
tion compared with the 20-layer ResNet with no attention,
and the 40-layer spatial attention based ResNet outperformed
the baseline by 2.1%. The added channel attention further re-
duced the WER for both the 20-layer and 40-layer ResNets.
The best result came from the 40-layer spatial and channel
attention based ResNet, achieving a WER reduction of 2.5%
and 4.1% over the 40-layer ResNet and 7-layer DNN.

For CHiME2, Bagchi et al. [20] introduced a spectral
mapper to generate clean speech, reporting a WER of 14.7%
on denoised speech. Although we only worked on acoustic
modeling on noisy speech, we achieved slightly better perfor-
mance compared to [20]. This shows that the attention mod-
ules are capable of modeling some types of noisy speech with
no clean speech during training, and can be useful in situa-
tions where parallel clean speech is not accessible.

For CHiME3, the results also showed improvement with
the added attention modules, although it was not as significant
as that for the CHiME2 dataset. Both the 20-layer and 40-
layer spatial and channel attention based ResNets achieved
WER reductions compared with the respective baselines.

5. DISCUSSION AND CONCLUSION

This paper explores integrating spatial and channel attention
into training ResNets for noisy speech recognition. Our ex-
periments showed considerable performance improvements;

Network CHiME 2 CHiME 3
Real Simu

7-layer DNN 17.8% 20.5% 24.3%
ResNet-20 17.1% 20.3% 24.0%
Att-ResNet-20-sp 16.5% 19.8% 23.7%
Att-ResNet-20-sp+ch 16.1% 19.7% 23.5%
ResNet-40 16.2% 20.1% 23.8%
Att-ResNet-40-sp 14.1% 19.7% 23.4%
Att-ResNet-40-sp+ch 13.7% 19.5% 23.4%

Table 2. WER for different models. Att-ResNet-sp refers to spa-
tial attention based ResNet; Att-ResNet-sp+ch refers to spatial and
channel attention based ResNet. 20 and 40 refer to the number of
convolutional layers.

the best result came from the 40-layer spatial and channel at-
tention based ResNet on CHiME2, with an absolute WER re-
duction of 2.5% and 4.1% respectively over a 40-layer ResNet
without attention and a 7-layer DNN. This result is even better
than some recent research that uses clean speech.

The performance discrepancy between CHiME2 and
CHiME3 may be a result of the availability/unavailability
of clean labels. CHiME2 provides clean speech, which we
used to generate clean labels. In CHiME3, however, clean
speech is only available for the simulated set but not the
real set; therefore, we used labels generated from the noisy
speech for both sets, which could have an impact on the
performance. Another possible reason is that our proposed
attention model may be more effective handling the types of
noise in CHiME2. The noisy conditions in CHiME3 may
pose further challenges for the model to distinguish between
speech and noise signals.

Overall, integrating spatial and channel attention into
CNNs can be helpful for noisy speech recognition, particu-
larly in situations where parallel clean speech is inaccessible.
In our experiments, we applied attention based ResNets on
acoustic modeling, but the model structure can also be used
for other problems. It can be generally used as a feature
extractor and plugged into places where CNNs are used. In
addition, the spatial and channel attention modules are not re-
stricted to ResNets only; they can be coupled with other types
of network structures as well. For future work, we would
like to explore the application of attention mechanisms with
different network structures and use them in other domains of
research such as denoising.
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