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Services that introduce stores to users on the Internet are increasing in recent years. Each service conducts
thorough analyses in order to display stores matching each user’s preferences. When sufficient data cannot be
obtained, a multi-armed bandit algorithm is applied. Bandit algorithms advance learning by testing each of a
variety of options sufficiently and obtaining rewards (i.e. feedback). It is practically impossible to learn everything

when the number of items to be learned periodically increases.

In order to solve this problem, we propose a

recommender system based on deep reinforcement learning. In deep reinforcement learning, a multilayer neural

network is used to update the value function.
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* 20 EEBFEIZHT S MRR & Recall@3 DA 237

method_ [ hyper_parameter [ reward_type H MRR [ Recall@3 ]

ddpg - Taction_vec 0.302 0.327

0.295 0.317

linuchb a=10 0.271 0.280

a=14 0.268 0.276

thompson_sampling 0.281 0.296

softmax T=0.2 Titem_vec 0.292 0.311

T =0.05 0.288 0.304

ucb 0.273 0.285

e_greedy 0.1 0.288 0.303

e=0.3 0.290 0.306

random - 0.287 0.306
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