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Abstract 
In response to the fact that the World is gradually entering an aging society, and the problem that traditional Internet of 
Things (IoT) systems are operationally complex and lack humanization, a conformer network-guided speech recognition for 
smart home Internet of Things system is proposed in this paper. Firstly, by introducing a voice recognition module with an 
embedded processor, not only traditional voice recognition has been achieved, but also cloud transmission of voice has been 
realized, breaking through the bottleneck of low computing and storage capabilities of the main control chip. Then, by using 
Internet of Things technology, the complex algorithms are transferred to the cloud for execution. There is a significant 
improvement in voice recognition. By leveraging the distributed storage feature of the cloud, a user-specific voice database 
can be established categorically. This enables the provision of a vast amount of data basis when users are learning. In 
response to the shortcomings of the existing Conformer speech recognition model, such as insufficient extraction ability of 
time-frequency features, redundant model structure and large number of parameters, this paper proposes a speech recognition 
model based on asymmetric convolution and gated feed-forward neural network. Different-sized asymmetric convolutions 
are used to perform multi-scale fusion and down-sampling on the time-frequency features of the speech sequence. This not 
only enhances the model's ability to extract time-frequency features but also effectively reduces the information loss during 
down-sampling. At the same time, the gated feed-forward module is introduced to replace the double half-step feed-forward 
network in Conformer, reducing the number of network parameters while simplifying the model structure. Finally, based on 
a large amount of data, the system gradually builds a personalized speech recognition library for the user through learning. 
Through experiments, the effectiveness of the proposed intelligent fusion-based Internet of Things system in terms of speech 
recognition accuracy, computing power, and the intelligence level of voice interaction has been verified. 
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1. Introduction

In recent years, with the development of science and 
technology, speech recognition and Internet of Things 
(IoT) technologies have been widely applied in intelligent 
retrieval, telemedicine, intelligent transportation, and smart 
home, among others [1-3]. Among them, smart home is an 
important application field of speech recognition and 
Internet of Things technology, and it has great development 
potential [4-6]. However, in the aspect of intelligent  
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interaction in smart homes, there are problems such as 
complicated operations, insufficiently user-friendly design 
for the elderly, low voice recognition rate, rigid 
communication, and slow data transmission speed. To 
address these issues, scholars have conducted extensive 
researches. For example, Zhang et al. [7] proposed a new 
idea of combining Internet of Things technology with 
Kinect depth sensors, using three-dimensional body-
sensing camera sensors in the home stereoscopic space to 
recognize human body postures and perform some voice 
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recognition. However, Chinese voice control was not 
currently supported and had certain limitations. Zhang et al. 
[8] proposed an Internet of Things (IoT) smart home
system based on a microcontroller of a single-chip
microcomputer, comprehensively elaborating on the
development level of IoT technology and using IoT
technology and mobile APPs to control household
appliances. However, it was relatively cumbersome in
terms of human-computer interaction, and the functions of
the mobile APP and other features were not particularly
perfect. The consideration for elderly users was not
comprehensive enough. In terms of the combination of
speech recognition and the Internet of Things, Juluru et al.
[9] proposed a speech recognition-based smart home
assistant, integrating IoT technology and speech
recognition technology to simplify the human-computer
interaction method. However, it merely utilized the
LD3320 speech module as a command switch for use,
without uploading the voice data to the cloud server. The
communication would be rather rigid, and the data
processing capability was not strong enough. Zhou et al.
[10] utilized LD3320 and Cortex-M3 cores for voice
interaction control. However, due to the limited computing
power and storage space of a single chip, it would restrict
the computing speed and affect the user's experience.

In order to enhance people's experience with smart 
homes, applying voice recognition and self-learning 
algorithms to smart homes is an effective solution. Ahmed 
et al. [11] proposed a speech endpoint detection based on 
deep learning, and described the research on the hardware 
and software algorithms of voiceprint recognition. Here, 
the algorithms such as endpoint recognition, Multi-
Resolution Aural Cepstrum Coefficient (MRACC), and 
Deep Neural Network (DNN) have provided good 
references for enhancing the user experience of smart 
homes. Wu et al. [12] also made many attempts in the 
application of artificial intelligence voiceprint recognition 
technology in the Internet of Things, and comprehensively 
combined Internet of Things technology and voiceprint 
recognition technology [13], but they only discussed this 
technology and did not provide practical solutions. 

Automatic Speech Recognition (ASR) is a technology 
that uses algorithms to convert human speech signals 
containing lexical content into text information. With the 
rapid development of artificial intelligence, speech 
recognition technology has become one of the hottest 
topics in the current field of science and technology, 
playing an important role in both military and civilian voice 
automation control systems. Among them, the end-to-end 
speech recognition model is a new type of speech 
recognition technology. This model can map the acoustic 
feature sequence to the output labels using a single neural 
network, without the need for complex system design and 
pre-aligned training. The end-to-end speech recognition 
model has become a research hotspot in the current field of 
speech recognition due to its simplicity, efficiency and 
flexibility. 

End-to-end speech recognition methods can be classified 
into two categories: the connectionist temporal 

classification (CTC) algorithm [14] and the attention-based 
encoder-decoder (AED) algorithm [15]. The CTC method 
directly maps the input sequence to the output sequence 
without the need for label alignment. However, CTC is 
highly dependent on the pronunciation dictionary and 
language model, and requires independent assumptions. 
For complex speech sequences, it may result in translation 
errors [16]. In contrast, AED can adaptively focus on the 
key parts of the input speech sequence through the attention 
mechanism, thereby enhancing the flexibility and 
robustness of the model and reducing its dependence on the 
pronunciation dictionary and language model. During the 
actual training process, AED can adopt the multi-task 
learning method and combine the CTC loss to optimize the 
shared encoder. This training strategy effectively improves 
the convergence performance of the model and mitigates 
the impact of the alignment problem. 

For the widely used AED method, researchers can adopt 
various different model structures. Kamal et al. [17] 
introduced the Transformer model into the field of speech 
recognition. This method utilized the parallel processing of 
the self-attention mechanism inside the Transformer to 
handle long sequence information and capture global 
context information. The Conformer model [18] used a 
hybrid network structure based on the Transformer, 
combining the convolutional neural network (CNN) that 
was good at extracting local features with the self-attention 
mechanism. This structure enabled the model to have the 
ability to capture both global context and local correlations. 
In the field of speech recognition, Conformer has achieved 
excellent performance and has become one of the models 
that attract much attention in the current research field of 
speech recognition. 

The Conformer speech recognition model has achieved 
remarkable results, but there are two aspects that are 
worthy of discussion and research: (1) Speech information 
has time-frequency characteristics. The Conformer model 
down-samples the time-frequency features of the speech 
information through two sub-sampling layers. This 
structure will lose a considerable amount of frequency 
features, which directly affects the recognition accuracy of 
the model [19]. (2) The Conformer architecture draws on 
the design concept of Macaron-Net [20] and employs a 
Macaron-style dual half-step feed-forward module. This 
design can effectively enhance the model's recognition 
performance. However, its dual feed-forward modules 
contain more weight parameters, thereby increasing the 
computational cost of the entire network, which limits the 
practical deployment scenarios and recognition speed of 
the Conformer model. 

To enhance the ability of the acoustic model to extract 
time-frequency features in speech recognition, Rajab et al. 
[21] used the VGG network architecture as the initial layer
of the model and performed down-sampling of the speech's
time-frequency features through two max pooling layers.
Aich et al. [22] employed a MobileNetV2-like architecture
to fuse two speech time-frequency feature maps of
different resolutions, aiming to achieve multi-stream and
multi-scale feature extraction. Berghi et al. [23] replaced
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the sub-sampling layers in Conformer with the stack-based 
ConvNeXt architecture to leverage the information 
contained in the time-frequency speech features. The above 
methods can effectively extract the time-frequency features 
of speech. However, introducing additional model 
architectures will result in a more complex network 
structure. Moreover, to improve the recognition efficiency 
of the model, Yu et al. [24] used local generative attention 
instead of self-attention, reducing the computational 
complexity of the model and enhancing its performance. 
Burchi et al. [25] introduced progressive downsampling 
and group attention mechanisms in the Conformer model, 
improving the method and accelerating the training and 
inference speed of the model. Although these methods 
reduce the computational cost of the model, they do not 
involve a reduction in model parameters. 

In response to the above issues, this paper proposes a 
conformer network-guided speech recognition method for 
smart home Internet of Things system. This system consists 
of a main control board, a speech acquisition module, a 
cloud server, a mobile APP, and an off-site control board. 
This system has two working modes: local area network 
and wide area network. It uses a built-in processor-based 
speech recognition module. While conducting traditional 
recognition, it can also selectively transmit the collected 
speech information to the cloud server through the built-in 
processor, and execute the complex speech processing 
algorithms on the cloud, thereby improving the accuracy of 
voiceprints. At the same time, a user's voice database is 
classified and established in the cloud, and a personal 
voiceprint database belonging to the user is created based 
on the data storage. The intelligent integrated IoT system 
in this paper abandons traditional interaction technologies 
such as keyboards and touch screens, adopts voice 
interaction while retaining the functions of the mobile 
phone APP, takes into account the needs of elderly users 
while also catering to the usage habits of young people. 
Compared with the traditional LD3320 speech recognition 
module, it breaks through the limitations of the computing 
and storage capabilities of the main control chip, and can 
provide certain technical support for the arrival of the 
artificial intelligence era. 

2. Intelligent integrated IoT system
architecture

Figure 1 presents the key architecture diagram of the 
system, including the wide area network closed-loop 
system structure and the local area network closed-loop 
system structure. Users can select different working modes 
according to the usage scenarios. 

In Figure 1, a closed-loop control system is constructed 
through three communication methods: WiFi, ZigBee and 
Bluetooth, to complete a complete set of operations for 
receiving, processing and executing commands of voice 
information. Since it does not involve the use of peripheral 
resources [26], when the device is in a long-term working 
state, it can effectively reduce channel pressure and power 

consumption, and increase the battery life. In order to 
enhance the user experience and increase the intelligence 
level of the system, a closed-loop network is established 
among the central controller, cloud server, remote devices, 
and users through communication methods such as WiFi, 
4G and 5G. 

Figure 1. Intelligent integrated IoT system 
architecture 

The introduction of cloud servers has overcome the 
computational capacity bottleneck of the STM32 central 
controller. During each heartbeat cycle, the controller 
communicates with the cloud server once, reporting the 
command data, device status, and user usage during the 
heartbeat cycle. The cloud server uses each device terminal 
as a data node of the neural network and then utilizes the 
computing power of the central server to form a central 
system with learning capabilities [27,28]. 

3. Conformer-based speech recognition

3.1. Conformer model 

The Conformer model combines deep separable 
convolution with the self-attention mechanism to integrate 
local and global feature relationships and achieves 
excellent results in many speech recognition tasks. The 
structure of the Conformer encoder model is shown in 
Figure 2. 

The convolutional down-sampling layer consists of a 
3×3 convolution with a stride of 2, which is responsible for 
down-sampling the time-frequency features of the input 
audio sequence to reduce the computational complexity in 
the subsequent stages. The fully connected layer converts 
the time-frequency features into time-series features and 
inputs them into the Conformer module to complete feature 
extraction. 

The Conformer module consists of four sub-modules: 
two feed-forward modules (FFM), a multi-head self-
attention module (MHSA), and a convolution module 
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(Conv). Residual connection methods and layer 
normalization strategies are employed at the beginning and 
end of each module. Among them, two feedforward 
modules that use half-step residual weights sandwich the 
multi-head self-attention module and the convolution 
module in between. This structure is called the Macaron 
style. 

Audio sequence

SpecAug

Conv down-
sampling layer

FC

Dropout

Conformer×N

Output 
sequence

FFM

+

MHSA

+

Conv

FFM

+

+

Layer 
Normalization

 
 
Figure 2. Conformer encoder model structure 
 
For the input 𝑥𝑥𝑖𝑖  of the i-th layer in the Conformer 

module and the output 𝑦𝑦𝑖𝑖, the calculation is as shown in 
equations (1)~(4). 

𝑥̅𝑥𝑖𝑖 = 𝑥𝑥𝑖𝑖 + 1
2
𝐹𝐹𝐹𝐹𝐹𝐹(𝑥𝑥𝑖𝑖)                      (1) 

𝑥𝑥′𝑖𝑖 = 𝑥̅𝑥𝑖𝑖 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑥̅𝑥𝑖𝑖)                     (2) 
𝑥𝑥′′𝑖𝑖 = 𝑥𝑥′𝑖𝑖 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑥𝑥′𝑖𝑖)                     (3) 

𝑦𝑦𝑖𝑖 = 𝑥𝑥′′𝑖𝑖 + 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝑥𝑥′′𝑖𝑖 + 1
2
𝐹𝐹𝐹𝐹𝐹𝐹(𝑥𝑥′′))     (4) 

3.2. Overview of the proposed speech 
recognition model 

This paper proposes a speech recognition model based 
on asymmetric convolution and gated feed-forward neural 
network (ACGFNN). While keeping the decoder 

unchanged, the convolutional down-sampling layer and the 
encoder of the Conformer model are optimized. The overall 
structure of this proposed model is shown in figure 3, 
consisting of a pre-processing module, an asymmetric 
convolution front-end, and an encoder. The pre-processing 
module performs Log-Mel feature extraction on the 
original audio sequence. The asymmetric convolution 
front-end is responsible for down-sampling the audio 
features and adding positional encoding to the down-
sampled feature sequence. The encoder is composed of N 
stacked ACGFNN modules and is responsible for mapping 
the down-sampled feature sequence to the hidden layer. 
Finally, the decoder maps the hidden layer to the sequence 
of natural speech and obtains the final output result. 

 
Audio sequence

Preprocessing 
module

Asymmetric 
convolution

+

ACGFNN

Position 
encoding

×N

Encoder output 
sequence  

Figure 3. ACGFNN model 

3.3. Asymmetric convolution front-end 

The asymmetric convolution front-end consists of an 
asymmetric convolution block (ACB), a fully connected 
layer (FC), and an activation function GELU. As shown in 
Figure 4(a), for the audio features with an input frame rate 
of 10ms, two asymmetric convolution layers with a step 
size of 2 are used to down-sample the features along the 
time axis and frequency axis to 40ms respectively, in order 
to reduce the computational complexity of subsequent 
steps. Meanwhile, the GELU activation function is used to 
perform nonlinear transformation on the features. Finally, 
the down-sampled time-frequency features are converted 
into time series features through a fully connected layer for 
output. 

The calculation of the output 𝑌𝑌  for the input audio 
feature 𝑋𝑋 is shown in equations (5) to (7). 

𝑋𝑋� = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐴𝐴𝐴𝐴𝐴𝐴(𝑋𝑋))                      (5) 
𝑋𝑋� = 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝐴𝐴𝐴𝐴𝐴𝐴(𝑋𝑋�))                       (6) 

𝑌𝑌 = 𝐹𝐹𝐹𝐹(𝑋𝑋�)                               (7) 
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Unlike text sequences that only have temporal features, 
speech sequences possess both temporal and frequency 
features. Like other AED-based methods, the Conformer 
model devotes most of its model capacity to temporal 
feature modeling. In the model, only two sub-sampling 
layers are used to down-sample the time-frequency features 
of the speech signal to reduce the computational 
complexity. Then, these features are directly converted into 
time-series features for feature extraction by the encoder. 
This down-sampling strategy is insufficient in extracting 
the frequency features of the speech sequence, resulting in 
significant information loss and affecting the recognition 
accuracy of the model. To address the aforementioned 
issues, this paper designs a lightweight multi-scale down-
sampling structure based on asymmetric convolutional 
layer, replacing the ordinary down-sampling layer in the 
original Conformer structure. 

 
X

Asymmetric 
convolution

GELU

Asymmetric 
convolution

GELU

FC

Y

10ms

20ms

40ms

(a) front structure

Conv2

X

Conv3Conv1

BN BN BN

3×1Conv 3×3Conv 1×3Conv

+
3×3Conv

(b) sampling structure  
 

Figure 4. Asymmetric convolutional layer structure 

The asymmetric convolution layer employs two one-
dimensional convolutions to enhance the convolution of 
the square frame in both horizontal and vertical directions. 
Compared with the traditional symmetric convolution 
layer, this method can enhance the influence of local 
significant features and has achieved success in many 
computer vision tasks. The lightweight multi-scale down-
sampling structure based on asymmetric convolution layer 
designed in this paper is shown in Figure 4(b). The 
asymmetric convolution layer consists of four sub-layers: 
Conv1, Conv2, Conv3, and the batch normalization layer 
(BN). Conv1 and Conv3 are one-dimensional asymmetric 
convolutions with kernel sizes of 3×1 and 1×3 respectively, 
Conv2 is a square convolution with a kernel size of 3×3, 
and the batch normalization layer is used to stabilize the 
feature sequence. 

For the input audio features, Conv1 and Conv3 
respectively perform down-sampling along their frequency 
axis and time axis. The sampling results undergo batch 
normalization to ensure the stability of the feature 

gradients. Then, the normalized features are fused with the 
time-frequency features obtained by down-sampling 
Conv2 simultaneously along the frequency axis and time 
axis. This processing method enriches the feature space of 
the audio and enhances the generalization ability and 
robustness of the model. The calculation of the down-
sampling process is shown in Equation (8). 

𝐼𝐼 = 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶1(𝑋𝑋) + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶2(𝑋𝑋) + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶3(𝑋𝑋)       (8) 
Here, 𝑋𝑋  represents the input audio features. Ⅰ 

represents the output result after down-sampling. 
Compared with encoder-decoder models based on 

attention mechanisms (such as Transformer, Conformer, 
etc.), the proposed method achieves multi-scale down-
sampling of input audio features by using stacked 
asymmetric convolutional layers, thereby extracting and 
integrating features with different receptive field sizes on 
the time axis and frequency axis. This new method 
enhances the model's ability to handle features of different 
time domains and frequency domain scales. Compared 
with the convolutional down-sampling layer, this method 
can extract the time-frequency features of speech 
sequences more effectively without significantly 
increasing the number of model parameters. It also reduces 
the information loss during the down-sampling process and 
improves the model's expressive power. 

3.4. Encoder structure 

The encoder is composed of 𝑁𝑁  identical ACGFNN 
modules. As shown in Figure 5, each encoder layer consists 
of three sub-modules: the multi-head self-attention module 
(MHSA), the convolution module (Conv), and the gated 
feed-forward module (GFFM). Each module uses residual 
connections and layer normalization (LN) strategies before 
and after to enhance the performance of the model. 
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Figure 5. ACGFNN encoder structure 

For the input 𝑥𝑥𝑖𝑖 of the 𝑖𝑖 − 𝑡𝑡ℎ layer and the output 𝑦𝑦𝑖𝑖 , the 
calculation is as shown in equations (9) to (12). 

𝑥𝑥�𝑖𝑖 = 𝑥𝑥𝑖𝑖 + 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝑥𝑥𝑖𝑖)                         (9) 
𝑥𝑥′𝑖𝑖 = 𝑥𝑥�𝑖𝑖 + 𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶(𝑥𝑥�𝑖𝑖)                         (10) 
𝑥𝑥′′𝑖𝑖 = 𝑥𝑥′𝑖𝑖 + 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑥𝑥′𝑖𝑖)                      (11) 

yi = 𝑥𝑥′′𝑖𝑖 + 𝐿𝐿𝐿𝐿(𝑥𝑥′′𝑖𝑖)                          (12) 
The feed-forward module (FFM) in the Conformer 

architecture has a calculation as shown in equation (13). 
𝐹𝐹𝐹𝐹𝐹𝐹(𝑥𝑥) = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(𝑥𝑥𝑥𝑥))𝑊𝑊2          (13) 

Where, 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(·) represents the Dropout operation. 
𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆ℎ(·)  represents the Swish activation function. 𝑥𝑥 ∈
𝑅𝑅𝑇𝑇×𝑑𝑑 indicates a feature sequence with an input length of 
𝑇𝑇 and a dimension of 𝑑𝑑 . 𝑊𝑊1 ∈ 𝑅𝑅𝑑𝑑𝑖𝑖×𝑑𝑑ℎ  represents a feed-
forward layer with an input dimension of 𝑑𝑑𝑖𝑖 and a hidden 
layer dimension of 𝑑𝑑ℎ . 𝑊𝑊2 ∈ 𝑅𝑅𝑑𝑑ℎ×𝑑𝑑𝑖𝑖  represents a feed-
forward layer with an input dimension of 𝑑𝑑ℎ and a hidden 
layer dimension of 𝑑𝑑𝑖𝑖. 

The Conformer model introduces a Macaron-style dual 
half-step feed-forward module based on the Transformer 

architecture. Specifically, two half-step feed-forward 
layers are inserted before the multi-head self-attention 
module and after the convolution module. Although this 
method can significantly improve the recognition accuracy, 
it also adds more network parameters to the already 
complex Conformer model. In the current context where 
there is an increasing focus on model light-weighting, 
excessive network parameters make it difficult for the 
model to run and deploy in resource-constrained scenarios 
such as embedded devices or mobile devices. Moreover, 
larger network models are not conducive to real-time 
inference, which is crucial for applications that require 
rapid response and real-time speech recognition systems. 
To address this issue, this paper replaces the dual feed-
forward layer architecture in Conformer with a single gated 
feed-forward layer. 

The gated feed-forward module is a feed-forward neural 
network that incorporates gated linear units [4] (GLU). 
This module captures long-term dependencies in the 
sequence through a gating mechanism, enhancing the 
processing ability of noise and variations in the speech 
sequence. The module calculation is shown in equation 
(14). 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑥𝑥) = 𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷𝐷(𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑥𝑥𝑊𝑊1) ⊗ (𝑥𝑥𝑥𝑥))𝑊𝑊2    (14) 
Where 𝑊𝑊1 ∈ 𝑅𝑅𝑑𝑑𝑖𝑖×𝑑𝑑ℎ , 𝑉𝑉 ∈ 𝑅𝑅𝑑𝑑𝑖𝑖×𝑑𝑑ℎ , 𝑊𝑊2 ∈ 𝑅𝑅𝑑𝑑𝑖𝑖×𝑑𝑑ℎ , 𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 

represents GELU activation function. ⊗  indicates 
element-wise multiplication. 

Compared with the original Conformer model that has 
dual half-step residual connection feed-forward layers, this 
new method replaces the dual feed-forward module 
structure in the original model with a single feed-forward 
module integrated with a gated linear unit. The model is 
more concise and efficient. It has a smaller number of 
parameters while achieving better performance. 

4. Experiments and Result Analysis 

We compare the performance of the Transformer and 
Conformer model on the AISHELL-1 and aidatatang200zh 
datasets [29]. The experimental results are shown in Table 
1. In terms of the parameter number, compared with the 
Conformer model, the ACGFNN model reduces the 
parameter quantity by 12.8%. In terms of experimental 
performance, the word error rate decreases by 0.44% and 
0.4% on the validation set and test set of the AISHELL-1 
dataset, and by 0.43% and 0.39% on the aidatatang200zh 
dataset. The results show that the ACGFNN model 
significantly reduces the word error rate while maintaining 
a relatively low parameter quantity. Its excellent 
performance in different datasets verifies the model's 
strong generalization ability

 
Table 1. Comparison of experimental results of each model on different datasets 

Model Parameter size/M AISHELL-1 aidatatang200zh 
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validation Test validation Test 
Transformer 30.5 6.22 6.88 6.56 6.80 
Conformer 46.3 4.53 4.89 3.97 4.68 
ACGFNN 40.4 4.09 4.49 3.54 4.29 

To further verify the effectiveness of the proposed 
method in this paper, experiments are conducted on the 
mainstream AISHELL-1 dataset in the field of speech 
recognition, and the experimental results are compared 
with those of advanced methods. The comparison methods 
are all encoder-decoder models based on the attention 

mechanism. The results are shown in Table 2. The 
experimental results indicate that the ACGFNN model is 
with only 40.4M parameters, which achieves better word 
error rates on the test set than other comparison models, it 
demonstrates the most advanced performance. 

Table 2. Comparison of experimental results of each model on the AISHELL-1 dataset 

Model Parameter size/M Validation Test 
Speech-Transformer [30] 52.2 6.58 7.38 

LDSA [31] 49.8 5.80 6.50 
ESPnet [32] 46.2 4.84 5.18 

Lite-Transformer [33] 51.1 4.71 5.07 
WeNet [34] 46.3 4.46 4.62 
RoPE [35] 49.5 4.35 4.70 

U2 [36] 48.4 4.15 4.64 
ACGFNN 40.4 4.09 4.49 

 
We also compare the model training duration and 

decoding speed of our method with those of the 
Transformer and Conformer speech recognition models on 
the AISHELL-1 and aidatatang200zh datasets based on the 
ESPnet speech recognition framework. For the evaluation 
of model training duration, the average training time per 
epoch of each model is used as the measurement standard. 
In the evaluation of decoding speed, the Real-Time Factor 
(RTF) of speech recognition is adopted as the assessment 
criterion, where a smaller RTF value indicates better 
performance in terms of time consumption of the model. 
The experimental results are shown in Table 3. 

Table 3. Comparison of training time (TT) and RTF 

Model AISHELL-1 aidatatang200zh 
TT RTF TT RTF 

Transformer 10.53 0.29 9.89 0.43 
Conformer 13.93 0.40 12.97 0.55 
ACGFNN 15.02 0.37 15.24 0.48 
 
According to the experimental results in Table 3, the 

ACGFNN model outperforms the other two models in 
terms of training time, but it outperforms the Conformer 
model in terms of real-time rate for speech recognition. 
This is mainly because the Conformer model adds 
convolution and double half-step feed-forward modules in 
the Transformer framework, thus requiring more training 
parameters. The proposed ACGFNN model is based on the  

 
Conformer model, results in an increase in model 
complexity. However, by replacing the dual half-step feed-
forward module with a single gated feed-forward neural 
network, it successfully improves the real-time rate of 
speech recognition. Compared to Conformer, the real-time 
rate (RTF) index of the ACGFNN method in this study on 
the AISHELL-1 dataset decreases by 0.03, and on the 
aidatatang200zh dataset, it decreases by 0.07. These results 
further prove the superiority of the ACGFNN model in 
terms of speech recognition speed. 

In order to verify the effectiveness of each module in the 
ACGFNN model and the impact of different encoder layers 
on the model performance, this paper conducts multiple 
ablation experiments on the AISHELL-1 dataset. The 
experimental results are shown in Table 4. Among them, 
the first row in Table 4 presents the results of the ACGFNN 
model; the second row uses an ordinary convolutional 
front-end instead of the asymmetric convolutional front-
end; the third row replaces the gated feed-forward with the 
Conformer dual feed-forward module; the fourth row adds 
a double half-step gated feed-forward with a Macaron 
pattern on the basis of the ACGFNN model; the fifth row 
shows the results of the ACGFN1 model with 15-layer 
encoder, which has a similar number of parameters to the 
Conformer model. 

Table 4. The ablation experiment results on the 
AISHELL-1 dataset 
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Method Encoder 
layer 

Parameter 
size/M 

Validation Test 

ACGFNN 12 40.4 4.09 4.49 
-ACB 12 40.0 4.37 4.75 
-GFNN 12 46.7 4.19 7.61 
+Mac 12 59.3 5.22 4.58 
ACGFN1 15 46.7 4.15 4.55 
 
According to the experimental results in Table 4, the 

following conclusions can be drawn. Firstly, the the 
multiple improved methods proposed in this paper can 
enhance the overall performance of the model. For example, 
removing the asymmetric convolutional layer can result in 
0.26% decrease in word error rate on the test set, and 
removing the gated feed-forward module can cause 0.12% 
decrease in word error rate on the test set. This verifies the 
effectiveness of the proposed module in this paper; 
secondly, removing the non-symmetric convolutional layer 
has a greater impact on the model's performance. The non-
symmetric convolutional layer enriches the feature space 
of the audio by multi-scale fusion of the input's time-
frequency characteristics, thereby reducing the interference 
of noise and significantly improving the convergence speed 
of the model. Furthermore, whether by adding a dual gated 
feed-forward structure to the ACGFNN model or by using 
ACGFN1 with an increased number of encoder layers, the 
model performance will deteriorate. 

5. Conclusion 

This paper presents a new system that integrates intelligent 
voice and the Internet of Things (IoT) system. The 
intelligent voice recognition method is based on 
asymmetric convolution and gated feed-forward neural 
networks, effectively enhancing the intelligence level of 
the IoT system. The proposed intelligent fusion-based new 
IoT system has significant advantages over traditional IoT 
systems in terms of the accuracy of voice recognition, the 
computing capacity of data processing, and the intelligence 
level of voice interaction. This further validates the 
accuracy and convenience of interaction of the system. 
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