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Abstract

In response to the increasing demand of vehicular networks and the shortage of spectrum resources,
this paper proposes a reinforcement learning-based spectrum aggregation and sharing model for
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multi-channel vehicular networks by combining the spectrum aggregation function of cognitive ra-
dio and a multi-agent reinforcement learning. Each vehicle-to-vehicle link, as an agent, interacts
with the communication environment together. Each link obtains observations independently while
receiving a common reward. Such a setup is used to facilitate cooperation among multiple agents to
train the Q-network for the purpose of improving spectrum aggregation location picking and power
allocation as an agent action. Simulation results show that multiple agents can successfully learn to
cooperate in a distributed manner through appropriate reward design and training mechanisms.
Without losing the total bandwidth of vehicle-to-infrastructure link transmission, this model can
substantially improve the load delivery rate of vehicle-to-vehicle links.
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1. 5|8

% Hk M V2X  (vehicle-to-Everything) &= % | V21 % #% (Vehicle-to-Infrastructure) fl V2V % %
(Vehicle-to-Vehicle)d . R85 AR IR 55 22 KB 75 B0 =i vi i V21 852K, K EH:3] BS (Base
Station)3F MERE 2 BB, DR SL KT V21 HERERT QoS %57 T Y HE A A2 B % 1) A& e iy 9 K/ o 7ERTT
RETRIE V2L AR SEMI 2 N, M S BT RE R 20l I V2V FEEKCEAH S0 R 50 2 18] AR FLIEAE, 2k
AT HHE AL ) 22 45 8 R 3REX CSI (Channel State Information), CSIEW AIEEWAE . #E. /TR
SR, I RIE R ATE E Sem B IAEE ) “AAERIR” , BTLL V2V 8% 1 QoS (Quality of Service)
BRI R B REIR A s P n S e . TEAUE SR H a8 R R, LEEEE RS V2X B QoS 1)
—ANAEEH T 1]

BT L 25 TE S i V2X O BERE QoS IR, ASCEEE TINEITCE B G BE A ThRE( 1]
AR B A R FR B P nT DL IE S A 2 % 2 VR (2] RIS A B S 2B P A ROR P ) e s
TV A 2 VI R R 8 B R AT DL D b e AR AR 5% . O T AR RIS B, FRATTRE V21 B
BEAT 1WA, AEFCDOESR 7 b A, JF D DI R AT . Rk, A RSO 77 g SR A T
V2V BB R R TE ARG S V2T R L A AT RO A e, SRS 1 (0 S S T B A R S
DR . AR BIRIGIN T V2V BERRAE A IRAGE FIRMFILEEENNLS, AW RFEN TR ITE
IR, vt ) @I 2 AR 9 1Y) B A

SR, A mRIZ 3ok T CSI AL IR AN 2 1%, {H RL (Reinforcement Learning)$& it | —#f
Fa € BA SR TR A BRI (R PR B AR I HAT — RAUBNE . SCHBR[3 150 42 3 B vh {5 T PRasE AR AL T
WORMPRER, $RE T — P TR & BN A MRS TR, M 7 x4 CSIHER . fE[4]h,
0 V2 X BIREAT A BRI AT B AL V21 BRI A B, DS M SR B RIS E 2 T, ARG
WS T4 . B ARG T RS, IR LA FE Rk s 7 5T RL B 7R g V2X 4% rh
(IR 43 BC I R [S] (6] FE[7]HHFFL T 125 2 R Rk V2V BERSAE S A AT D i, % Fe bt T 2 8
ek AL EE RIS 255 . [RIL, TATEAE S F 4 MARL (Multi-Agent Reinforcement Learning) K fif
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Bt i B —FE[8]o ABAEL B M 2% V21 BEEEAN K 2% V2V BERE, 15 %58 = 5 UK B AL (R B SR 1 [T I
N W IR S5 PR A AR e 1 e B ATl B R S . V2T BRI R 06 5 1) U 32 0K 500 4231 BS DRI
RN RS, V2V BEEE S B A AL D2D SEAE I EE PCS B e A AR A R, K
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Figure 1. Vehicular network scenario diagram
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Figure 2. The interaction between agent and vehicular network
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Figure 3. Agent aggregation channel action
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Figure 4. Training accumulative reward
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