£ 000 http://www.cqvip.com|

A LA 2006Vol. 33No. 5

— P ETHEFIT AR K ARE

KEE E—
(ZHAEfEREFER B 650091

W ¥ T Internet 6 RBT M, AA 6938 h Hik 0 i€ B R F 4 M8 8K, M — 4 49 RIP,OSPF,BGP ¥ JU#, #7
AR EHAOERTHARSOB OB, AXRE—-HETHBRFILEOB MY, BEABGT EA4E -4
Agent, {{ AH BT Lk BRARAFAFEARTMRBENEMAH AL TRARER L MERLT MG
E AN O R ETARE-MRAGHE TG, AN, T ERTREGMEFH AL BE, HRBAH— L LKA
BehB il A A QS AR G ER BT ~ A B HER.

XN HBEFY . BOREY, FEHE,QSHY ,

A Routing Model Based on Reinforcement Learning Algorithm
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Abstract With the development of internet, the routing algorithms have been improved for some special demands.
Based on some former algorithms such as RIP, OSPF, BGP, some new algorithms have been given. This paper approa-
ches a routing model which is based on reinforcement learning algorithms. Every routing note is treated as an Agent.
Using the idea of reinforcement learning algorithms, the notes can gain some information of the net from the probability
of forwarding, though it does not know the topology of the net. So the note can choose a better forwarding path.

Meanwhile it can make some changes, when the block of net is occurred. This model also gives a new idea for routing

algorithms which used in some special field such as QoS Routing.
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