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Research on audio model generation technology based on a
hierarchical federated framework

WANG Jianzong', ZHANG Xulong', JIANG Guilin?, CHENG Ning', XIAO Jing'

(1. Ping An Technology (Shenzhen) Co., Ltd., Shenzhen 518046, China; 2. Hunan Chasing Financial Holdings Co., Ltd., Changsha
410035, China)

Abstract: This study focuses on the development of next-generation audio generation techniques, specifically through
the construction of a federated audio model training framework. The goal is to enable efficient and robust audio repres-
entation learning on data massive scale, providing high-performance solutions for various downstream audio tasks. The
key scientific challenges addressed in this research and their corresponding methods include the following: 1) Proposing
a federated learning framework suitable for audio models to address issues such as data heterogeneity, communication
efficiency, and privacy protection. 2) Introducing a pretraining method based on contrastive learning, utilizing <audio,
text description> data pairs to learn semantic features and enhance the model’s generalization and diversification capab-
ilities. 3) Presenting a fine-tuning method grounded in prompt learning, utilizing a small amount of annotated data to im-
prove the model’s adaptability and customization capabilities. 4) Developing a distributed optimization algorithm to
compress audio models so as to reduce model complexity and resource consumption, thereby improving deployment and
operational efficiency. Through experimental evaluation in the downstream task of sound effect conversion, the pro-
posed method achieved a score of 3.81 in terms of mean opinion score. The experimental results show that the proposed
method achieves good performance in sound effect conversion tasks.

Keywords: audio model; federated learning framework; audio representation learning; data heterogeneity; privacy pro-

tection; contrastive learning; prompt learning; model compression
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SEIEE Z [E] ) Mel {8135 5 5 (MCD){H . MCD i#
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G N T IR Tk . MR T IR, A
$ A9 7 A WE 5 T SpeechSplit, XLz AT HEE
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®1 FEHEBE MCD L&
Table 1 Comparison of MCD of different models

itk wE W) HE R
AutoVCP! 9.56 9.32 9.31 9.29
CycleGAN-VC3 9 9.32 9.02 8.91 9.14
SpeechSplit 27 8.62 8.47 8.40 8.28
NaturalSpeech 2 1% 8.78 8.56 8.63 8.31
ARIT7 8.50  8.33 834 8.6
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Table 2 Comparison of MOS of different models

WIRZS WE W] HE O OB
Ground truth 4.43 4.52 4.60 4.58
AutoVC ™! 2.86 3.08 3.12 3.20
CycleGAN-VC3 B 3.19 3.29 342 3.24
SpeechSplit 7 3.58 3.63 3.76 3.79
NaturalSpeech 2 % 3.55 3.61 3.71 3.68
AR5k 361 367 375 381

4 #5FRE

A SCIR S8 T —AUE B B AR ST, I 16
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PR AL AT IR F Fe e 206 . SRR, AR SOT Ik
AE % A R0 BE AT 5 55 R0 19 5% 4, IR AE MOS |
MCD HFR 5 AR 25 75 L T3 5% BT 55 o

22 19 MOS M4 R mT DU i, i A
RUFE W 35 T 7L 2038 0 i AR 25 3R 55 R A T3k 2k
Tk MBI TR A LTk, B2 S5
T L ST F AP AR R 22 B, 45 0 19 T vk 1) S 3
R 3.7 MIEOL T o —J7 i, X R T Tt
O B IE, O 5 R B R 4 A OC AR AR
Mo BEA, N FFRR AT A e e 45 SR T g )
SRR E PR B TR o FEZR I eI BE HbR T~ R
B 2%, TP B B A IR RN R 1 H A o

16 ABX PR A, A F1 B 4351 S i JE 26 Fl A S
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22, A R B 2 Rl AL 3E 35 BT 388 th i O s A e s
ST FAAREE o X TR, WA
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T AR5 o

3 HANEREESLE

Table 3 Comparison of preference score on similarity

i wE W/ HE HE
AutoVC 0.06 0.08 0.10 0.06
CycleGAN-V(C3 29 0.19 0.20 0.18 0.21
SpeechSplit 7 0.25 0.22 0.25 0.24
NaturalSpeech 2 % 0.22 0.20 0.21 0.22
AR5k 028 030 026 027
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