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VEYNZ 549 dsAAe kAL A HFH 5o g vl waha Add B4 g%
AAZ FAFe 5/‘32 283 Gyl B4l 71Eo] —7— LJ_’— At dA7] B4alel QKD (Qunatum Key
Distribution) 7]£< A H °k7<}7](D1rect Key)E& A¥oz 4 ¥A7](Indirect Key)s A3d3tol A=

AL Adsty] Ha g waA FJF A }%94 2EA 285 98 QKDY 7 A&
A & et Jdut B =Ee agz OiEﬂ/“ H]E"]EL(Graph Attention Network, GAT) 7|9k A&7
3} 845 (Deep Remforcement Learning, DRL)S &4 u 33 QKD A3} 7|HS Aokstu), Aokt
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%312 % (Greedy Algorithm)¥}9] vl H71E F3] QKD #2434l GAT 7|9t DRL 49 7} <
o F= o},

FHE 2o A4
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Us 8 A7 de] Alade] EEe] itk QKD ¢ Learning (DRL))[3]> A% 2174 (Deep Neural Network
715 A4 7](Direct Key)® 73 7](Indirect Key)Z i3}, (DNN)& 53l 71& Zatetge dAE sfdgeh 1z of
FA7Ie A, &3, A = *}E]ﬂﬂr 53 7= 4 g4 Y E9 3 (Graph Attention Network (GAT))4]&
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(Reward)& HU3lst= A2 (Policy)E Zeth AL 99 o
AEZ} E¥3e dd9 PF(Action)ES UERIL oo]A —EL{%—ErOH o
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Scenario 2(B)

Algorithm Toy | Butterfly

GAT + PPO 0.0 0.0 23.19 2.09

Greedy 3.0 30.11 4.63
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