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Abstract As an important ongoing field in machine learning, reinforcement learning has received
extensive attention in recent years. The multi-armed bandit (MAB) problem is a typical problem of
the exploration and exploitation dilemma in reinforcement learning. As a classical MAB problem, the
stochastic multi-armed bandit (SMAB) problem is the base of many new MAB problems. To solve the
problems of insufficient use of information and poor generalization ability in existing MAB methods,
this paper presents an adaptive SMAB algorithm to balance exploration and exploitation based on the
chosen number of arm with minimal estimation, namely CNAME in short. CNAME makes use of the
chosen times and the estimations of an action at the same time, so that an action is chosen according to
the exploration probability, which is updated adaptively. In order to control the decline rate of
exploration probability, the parameter w is introduced to adjust the influence degree of feedback
during the selection process. Furthermore, CNAME does not depend on contextual information,
hence it has better generalization ability. The upper bound of CNAME's regret is theoretically proved
and analyzed. Our experimental results in different scenarios show that CNAME can yield greater
reward and smaller regret with high efficiency than commonly used methods. In addition, its

generalization ability is very strong.
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Fig. 1 Average rewards and average regrets of algorithm

CNAME with different values of parameter w
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Table 1 Average Rewards and Average Regrets of
CNAME (we[0.1,1])
®1 CNAME HEFEREHREMEYEE(we[0.1,1])

w Average Rewards Average Regrets
0.1 1.451 0. 085
0.2 1. 443 0.089
0.3 1.453 0.081
0.4 1. 448 0. 087
0.5 1.457 0.079
0.6 1. 446 0.088
0.7 1. 469 0.074
0.8 1.472 0.071
0.9 1. 478 0. 068
1.0 1. 468 0.075

Note: The best result is highlighted in bold.
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BN w=100,m, =1 B, HERK W E K 0. 990;
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WR RN, B w B K25
BAHRT /.

25 ERT IR SR w RAR S 52 PR PRI G IR, A
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LM SR w WA X E] 0. 1.1 ]rh {4
3.2 LW 2:MNBIEE MR
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flls 3 S 28 LA 3k R AR i S PR BE.

550 1 AL AR 2 56 ) A SR T BE AL AR Y i
MIE 2573 A1 9 B 46 - 1000 A BEAL™ A2 1) 22 58 ik 18
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p JIRMEME Ry 007 260 1 B IE SO0 A1 5 B A ShAF
2B IR — D IIME N s TT 220 1 IEZS 70 A AR
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Table 2 Parameters and Experimental Results of

Six Algorithms
R2 CHEENSBEERIEER

T
e-greedy e=0.1 1.338 0.185
e-decreasing e0o=10 1.378 0.143
SoftMax =0.2 1. 470 0.081
decreasing SoftMax 70 =20 1.478 0. 060
UCB1 =7 1.419 0.088
CNAME w=0.95 1. 491 0. 054

Note: The best result is highlighted in bold.
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Fig. 2 Average rewards of CNAME and the other
three algorithms
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Fig. 3 Average regrets of CNAME and the other
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2) CNAME &1 SoftMax & i M HAR Ff

CNAME 55 ¥ 19 W 8 3 B2 B% {Ik T decreasing
SoftMax 5% , {0 H - #4855 F SoftMax .1k il
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Table 3 Average Latency of Six Algorithms
£33 6MERNFHER

Algorithms Parameters Average Latency/ms
e=0.05 427
e-greedy e=0.1 494
e=0.15 475
€0 =5 424
e-decreasing g0 =10 397
€0 =15 389
=0.1 411
SoftMax r=0.15 410
r=0.2 409
7o=15 401
decreasing SoftMax 70 =20 392
T0=25 388
UCB1 =7 373
w=0.1 372
CNAME w=0.5 374
w=1 376

Note: The best result is highlighted in bold.
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Fig. 4 Cumulative rewards of CNAME and the

other three algorithms
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