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Audio wave

l

Feature extraction

[ Acoustic model 1
Decoder
[ Language model 1

Speech recognition
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I 2.1: IM7 9] mtatu] g2 712 A1 A 9HE o] WSJ eval92 CERTF WER

(a) WSJ Si-2842 25t CER¥ WER

‘ Greedy
2g sietulg 7§45 | CER  WER
4x160 LSTM 0.96M 10.78  37.1
4x160 LSTM, 1-D depthwise 0.97M 9.64 33.6
12x190 SGCN (K = 5) 0.99M 7.32 2651

(b) WSJ Si-284 Ht} & WSJ Si-ALLZ &= $F CERY} WER

‘ Greedy
=k | sietulgl 7|4 | CER  WER
4x160 LSTM 0.96M 8.64 31.2
4x160 LSTM, 1-D depthwise 0.97M 6.72 24.1
12x190 SGCN (K = 5) 0.99M 5.53  20.20

F22: o8 AE Aol = ZR Yl X 9] WSJ eval92 CERYF WER

‘ Greedy
b= sietu]g 7§45 | CER  WER
15x150 SGCN 0.80M 599  21.79
12x190 SGCN 0.99M 5.53  20.20
9x210 inception res SGCN 1.01M 5.33  20.20
10x190 inception res SGCN 0.92M 5.60  20.68
10x210 inception res SGCN 1.11M 517 19.49
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‘ Greedy
7 zieto]e 7|4 | CER  WER
12x190 SGCN 0.99M 732  26.51
12x190 shortcut res SGCN 0.99M 772  27.64
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33 A4S AolHE 2Ry 2 maQ Y-S Yol ZAT A tfu] S
| oamey | smElyg | lemEyd | AA =y
2 | A8AZ xRT | APAZE xRT | ARAIZF xRT | AFPAZE xRT
15x150 SGCN 1135.21  0.448 818.55 0.323 659.56 0.260 516.09 0.204
12x190 SGCN 1157.94  0.457 843.74 0.333 683.49 0.270 535.48 0.211
9x210 res SGCN 1168.14  0.461 847.89 0.335 680.14  0.269 535.35 0.211
10x190 res SGCN  1115.68  0.440 814.12 0.322 655.95 0.259 520.74 0.206
10x210 res SGCN  1271.23  0.502 924.03 0.365 737.57 0.291 572.41 0.226
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ABSTRACT

Nowadays, many embedded devices, such as smartphones and Amazon Alexa, use
automatic speech recognition (ASR) technology for the hands-free interface. Espe-
cially neural network-based algorithms are widely employed in ASR because of high
accuracy and resiliency in noisy environments.

Neural network-based algorithms require a large amount of computation for real-
time operation. As a result, most of today’s ASR systems adopt server-based process-
ing. However, privacy concerns and low latency bring increased demand for on-device
ASR. For on-device ASR, the power consumption should be minimized to increase the
operating time.

Many neural network models have been developed for high-performance ASR.
Among them, the recurrent neural network (RNN) based algorithms are most com-
monly used for speech recognition. Especially long short-term memory (LSTM) RNN
is very well known. However, executing the LSTM algorithm on an embedded device
consumes much power because the cache size is too small to accommodate all the
network parameters. Frequent DRAM accesses due to cache misses not only slow the
execution but also incur a lot of power consumption. One possible solution to miti-
gate this problem is to compute multiple output samples at a time, which is called the
multi-time step parallelization, to reduce the number of parameter fetches. However,
the complex feedback structure of LSTM RNN does not allow multi-time step parallel
processing.

This thesis presents a Residual Simple Gated Convolutional Network (Residual
Simple Gated ConvNet) model with only about 1M parameters. Nowadays, many

CPUs can accommodate neural networks with a parameter size of 1M in cache me-
37



mory. Thus, this model can run ASR very fast and efficiently without consuming much
power. The developed model is also based on a convolutional neural network, thus the
multi-time step processing can easily be applied. To achieve high accuracy with a small
number of parameters, the model employs one-dimensional depthwise convolution,
which helps to find temporal patterns of the speech signal. We also considered incep-
tion residual connections to reduce the needed number of layers, but this approach
needs to be more improved. The developed Residual Simple Gated ConvNet showed
very fairly high accuracy even with 1M parameters when trained on WSJ speech cor-
pus. This model demands less than 10% of CPU time when running on ARM-based
CPUs for embedded devices.

keywords: Speech Recognition, Sequence Modeling, Recurrent Neural Network
(RNN), Convolutional Neural Network (CNN), Embedded Device
student number: 2016 - 26378
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