http: /www. jsjkx. com

4 A A 2
O tﬁ-m sa;tg? DOI: 10. 11896/jsikx. 190400002

E T 5348 H Q-learning HJ P2P M 2838 R4 #l

ERT HKIEFE EHEE EE
BTV AFEFHFRK TL 710129
(965116429@qq. com)

W OE BERFAEEmALTELSHNLPIP ALY T RETZATHRBSHBLAMNTTREF O SN AZA B FHME,
FEHE HHARFERL AR ZLZARNEBABEGT R MEH S L FHGMmE, %‘%%ﬁi%%’ﬁ‘ B RBAFEAEIRTHREZ LN

BIEAR NG T mARAE, AT HRZEFM, L PETT ARG E T X8 F Qlearning ¥ TR ZMH ., & 4%

TOEARE AN MERTXARE RN, EARE RERESRE T T L0 bﬁ{ﬁ*ﬁlﬁ. CARKE L LA T N %liz:ﬁ&éﬁf’-i,

MRIERT TRZE AT R TP, B AR A EZ E L8, B2 8 KA AT Q-learning #9 74 & 5 X A4,

Wi iR AL R T A KB B AR TR 09 3672, &0 B R A %%éi%% TSN AT A ET TR P AL R T B R ER ﬁ?

FIMH R T EAREER R —FR Y TOARNEZ AT SRR A, AR TARY & T4 AuH Fo 255 A g Kk o

iﬁ%ﬂ%%?ﬁ%é%ﬁ#%ﬁ%é%ﬁ%ﬁ%Xﬁ%%%mmﬁﬂﬂﬁ%i%%f% LR IEETARE, BAEKE

R AW .5 GBI-BI £ i # Interest CN Sk A0k, AT & kAL S & P 5, 48 B AT 19, B 0 T 4045 B B L9 4 %%

SHRE L, RAMAT B THEFMNZE WA P2P WA FHOFTRIEEHET R MA R FIT4H RGP A

KA dE &ML P2P M4 ;3 & 254 ;Q-learning; 3% & Fo ik 7 Bk 3k

mEESES TP393

P2P Network Search Mechanism Based on Node Interest and Q-learning
LI Long-fei,ZHANG Jing-zhou, WANG Peng-de and GUO Peng-jun

School of Automation, Northwest Polytechnic University,Xi’an 710129, China

Abstract Adding smartphone devices to the resource sharing system based on unstructured P2P network can satisfy people’s re-
quirements for diversity,convenience,high frequency,real-time and high efficiency of resource sharing. However, the expansion of
network scale and the increase of network node heterogeneity will inevitably lead to the decrease of system resource search effi-
ciency,the sharp increase of redundant information and the more non-network. To solve these problems.,an improved resource
search mechanism based on node interest and Q-learning was designed. Firstly,nodes are clustered according to interest similari-
ty,and interest sets are divided. Then.interest trees are constructed according to the capability values of interest sets. This struc-
ture avoids the generation of message loops,which greatly reduces redundant information. In resource search,flooding algorithm
is used to forward messages in interest trees,and Q-learning-based message forwarding mechanism is used among interest trees,
which is constantly strengthened. The most likely paths to obtain the target resources are transformed.and query messages are
propagated preferentially on these paths. In addition, for the “hot spot” resource problem,an adaptive hot spot resource index
mechanism was designed to reduce the repeated path searching and redundant message volume. To solve the problem of node fail-
ure, the root node redundancy mechanism and the strategy method of piggyback detection were given. The analysis results show
that the method can reduce message redundancy caused by root node failure and common node failure respectively. The simulation
results show that compared with GBI-BI algorithm and Interest CN algorithm, the proposed search algorithm can improve hit
rate,shorten response time,reduce redundant information,and has better comprehensive performance. Finally,it solves the prob-
lems of low efficiency of resource search and high overhead of network traffic caused by the addition of smartphone devices to
P2P network.

Keywords Unstructured P2P network.Node interest, Q-learning, Search algorithms,Node failure
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