wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

BFRBFINERMS HERNSHERE
RWE, BYE T

SIRAAX

KRBE, BYfE MM ETERBEINEERNSERRNSOEEE]. HENRE 2022, 49(12): 59-
65.

WU Yun-han, BAI Guang-wei, SHEN Hang. Multi-dimensional Resource Dynamic Allocation Algorithm
for Internet of Vehicles Based on Federated Learning [J]. Computer Science, 2022, 49(12): 59-65.

BN EEE (SERXINEE IE JIRNBREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
EXGBoost 5SSHAPEAR BKIZH RSN TN RAFED 775

Integrating XGBoost and SHAP Model for Football Player Value Prediction and Characteristic Analysis
HHEHEIE, 2022, 49(12): 195-204. https://doi.org/10.11896/jsjkx.210600029

EFHSERNATEEWERRE D%
Classification of Unreproducible Build Causes Based on Log Information

HEHNRIE, 2022, 49(12): 109-117. https://doi.org/10.11896/jsjkx.220300227

FRERRBESHFAREEEFSE
Developer Recommendation Method for Crowdsourcing Tasks in Open Source Community

HEHNRIE, 2022, 49(12): 99-108. https://doi.org/10.11896/jsjkx.220400289

EFRPBFINEE PR AR RN SIS
Fault Detection and Diagnosis of HVAC System Based on Federated Learning

HENEIS, 2022, 49(12): 74-80. https://doi.org/10.11896/jsjkx.220700280

ETFBIPEIMGamma @ FEX
FL-GRM:Gamma Regression Algorithm Based on Federated Learning

BRI, 2022, 49(12): 66-73. https://doi.org/10.11896/jsjkx.220600034


https://www.jsjkx.com/CN/10.11896/jsjkx.211000123
https://www.jsjkx.com/EN/10.11896/jsjkx.211000123
https://www.jsjkx.com/CN/10.11896/jsjkx.210600029
https://doi.org/10.11896/jsjkx.210600029
https://www.jsjkx.com/CN/10.11896/jsjkx.220300227
https://doi.org/10.11896/jsjkx.220300227
https://www.jsjkx.com/CN/10.11896/jsjkx.220400289
https://doi.org/10.11896/jsjkx.220400289
https://www.jsjkx.com/CN/10.11896/jsjkx.220700280
https://doi.org/10.11896/jsjkx.220700280
https://www.jsjkx.com/CN/10.11896/jsjkx.220600034
https://doi.org/10.11896/jsjkx.220600034

http: /www. jsjkx. com

DOI:10. 11896/jsikx. 211000123

St A 2

ETEHRBEINERMNSERENSTEEE

REE gl %k M
BrIT b AFHENMEERA¥K w8 211816
(Wyh1130@outlook. com)

H E XEINEBRMAATSEFTRBACEN R LSRN PSS ATEARSFARBERRLZANER.RET —
HETEAFZIGERMEETRyE S &H, —F @, 56X BN ZEFFTERNRS B RIEFTESFOTRE BL S %
FROTAIE ATZEREFT —FEEFILE BLIL RS BREGHKIETMN LR LR GHAT, A AIRE S B
SUFR:;F—FTE.FEIANDPUHEERELTRERNABEINRGF R, RABEAFZIEMARFZEEF O ZER %
A, ZHERMRRAES ST RO SR ZT, BN EHITRERREERAEZAATHAES GG T R, FBE
RAEZF E B AW AP BEARZARTFRE AR WBEMTRKAFITIORSE,

EKER FMALBREI; SRRy TR MEFT

hEESES TP393

Multi-dimensional Resource Dynamic Allocation Algorithm for Internet of Vehicles Based on
Federated Learning

WU Yun-han,BAI Guang-wei and SHEN Hang

College of Computer Science and Technology,Nanjing Tech University, Nanjing 211816 ,China
Abstract In consideration of the characteristics of multi-dimensional resource consumption fluctuating with time in the Internet
of Vehicles system and users’ demands for efficient computing services and data privacy and security,this paper proposes a me-
thod of multi-dimensional resource allocation for Internet of Vehicles based on federated learning. On the one hand, the allocation
of computing,cache and bandwidth resources is considered comprehensively to ensure the completion rate of computing tasks and
avoid the redundant allocation of multidimensional resources. For this purpose.a deep learning algorithm is designed to predict the
consumption of various resources through the data collected by edge servers. On the other hand, considering the data island prob-
lem caused by users’ data privacy and security requirements, federated learning architecture is adopted to obtain a neural network
model with better generalization. The proposed algorithm can not only adjust the allocation of multi-dimensional resources over
time, but also meet the resource requirements that change over time,and ensure the efficient completion of computing tasks in the
Internet of Vehicles system. Experimental results show that the algorithm has the characteristics of fast convergence and good
model generalization.and can complete the aggregation of federated learning with fewer communication rounds.
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