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Abstract

Speaker recognition refers to a technology that analyzes voice frequencies that are different for each individual
and compares them with pre-stored voices to determine the identity of the person. Deep learning-based speaker
recognition is being applied to many fields, and pet robots are one of them. However, the hardware performance of
pet robots is very limited in terms of the large memory space and calculations of deep learning technology. This is
an important problem that pet robots must solve in real-time interaction with users. Lightening deep learning models
has become an important way to solve the above problems, and a lot of research is being done recently. In this
paper, we describe the results of research on lightweight speaker recognition for pet robots by constructing a voice
data set for pet robots, which is a specific command type, and comparing the results of models using residuals. In
the conclusion, we present the results of the proposed method and Future research plans are described.
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Table 1. Voice data set for pet robots.
B 1.4 2E8 24 HoH NE

1 2 00 20
Person Total
A B 000 T
Train 40 40 o 40 800
Come
Test 10 10 - 10 200
Train 40 40 o 40 800
Go
Test 10 10 10 200
Train 40 40 e 40 800
Wait
Test 10 10 - 10 200
Train 40 40 o 40 800
Sit
Test 10 10 - 10 200
Train 40 40 s 40 800
Down
Test 10 10 10 200
Total 250 | 250 o 250 | 5,000
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Table 2. Four types of residual blocks.
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Table 3. Accuracy and lightweight performance
comparison between used models

3 AESE 22 719 Fek 3 FEet ds Hlu

Model ResCNN 6 | ResCNN 8

ResCNN 10| ResNet 18

Acc 42.52 85.27 98.21 99.11
Training
Time 3m 32s 4m 16s 5m 13s 5m 39s
Inf;.rence 0.002 Sec | 0.004 Sec | 0.006 Sec | 0.012 Sec
me

MAC 467.05 M | 650.91 M

841.94 M 18 G

Param 307.9 k 1.23 M

49 M 11.17 M

Table 4. clustering results between models.
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