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We focus on the budget-limited multi-armed bandit(BL-MAB) problems. In BL-MAB problems, the agent’s
actions are costly and constrained by a fixed budget. LAKUBE is BL-MAB algorithm for highly budget-constrained
situation. LAKUBE has parameter K, that limits the number of arms of exploration. But, K, need to set optimal
value. We propose new BL-MAB algorithm seKUBE. seKUBE decides to the number of arms of exploration. In
our experiments, we compared the existing bandit algorithm with our proposed bandit algorithm.

1. BU®IC

SNy 74+ (Multi-armed bandit, DU MAB) R
L, BB Ay rery BBT—LEER) 2 7LA
TE2Xy 79 —%2BLAENETHS, 7T—oh oo N5H
B, 20N T 2 HERAR IS LIRET 5. AW
%2 Tld MAB RIEDIERD—>TH 3 FHEHIRL KN 74 v
I (Budget-limited Multi-armed-bandit, S BL-MAB) [
RIS . BL-MAB BEOHE LTax s KOTFED
FET S, 7—L%2 7L ATBMICIaR M yOPEE2HE L&

iU 5 2,

ATk, BL-MAB fEDO 7L ITY) XL D—>TH 5
LAKUBE[1] ici#:H 7 %. LAKUBE &, KUBE[2] 2 %E &
FETNTYALT, FEIWNIOLEETIZETRVM:RE
%59 %, LAKUBE I3, RfNo7—sIUELZHWE L
IAY LAY Y 2y P =7 ADIHABYFEIRTW» 3
[5][6][7].

LAKUBE 713V AL TIRERT 27— b 8%, /87 X —
Y Ko ko THIRL, ZOBIGHZIT). BRRLWET7T—2o%
TLA Lo BlloREB7T—L%2fEETE L, BHE
BERTHONLERE L LT L2 TLATEIEEZL
9. BRI Tiﬂ7% Y Ko OFFETEIC O WTIIEE &
LCEY, PRI LICHEYZRMEE 5 2 201U 7% 6 2w, A
7T, ?f%$@ﬁmﬁit&&¢ ETHRT L7 — b8
ZWET 5Tk seKUBE 28%7 5.,

AL OWER %2 DN IOR Y, 8 2 EiZBEA D BLMAB [
DT7NTY)ZALIZDVTIHERNE, FIWTIIREFETH S
seKUBE IZDWTE KT 5. & 4 B CIEFERERE L OREHRIC
DWVTIRRS, RBICARXEEF LD S,

2. FEERN>TFoy 7TV L
2.1 KUBE

Knapsack based Upper confidence Bound exploration and

Exploitation (M KUBE & WER) &, #GA & FIRHICEER %

RS OHEETT, AR ISR, BRI R I R DA
#HPTHT, 052-735-7407, ito.takayuki@nitech.ac.jp

19 PEHIRAY T4y b7V ITY ALTHS 2] KUBE %
Algorithm1 1253 %, BITDOEHDE T L step ZET.

Algorithm 1 The KUBE Algorithm
1: t=1;B; = B;
2: while pulling is feasible do
3: if B; < min;c; then
STOP { pulling is not feasible}
end if
if t < K then
Initial phase: play arm i(t) = t;
else
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use density-ordered greedy to calculate M*(B;) =
{mj 4}, the solution of Equation 1;

10: randomly pull 4(¢) with P(i(t) = i) =

*
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11:  end if
12:  update the estimated upper bound of arm i(t);

13: B+ :Bt—ci(t);t:t-f—l;
14: end while
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Algorithm 2 The LAKUBE Algorithm
1:t=1,B:=B;1< K, < K;
2: while pulling is feasible do
3: if By < min;c; then

4: STOP { pulling is not feasible}

5. end if

6. if t < K, then

7 Initial phase: play arm i(t) = ¢;

8: else

9: use density-ordered greedy to calculate M*(B;) =

{mj .}, the solution of Equation 1;

10: randomly pull i(¢) with P(i(t) =) = 7::” ;
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11:  end if

12:  update the estimated upper bound of arm i(t);
13: Bit1 =B — ciey;t =t+1;

14: end while
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Algorithm 3 The seKUBE Algorithm

1: t=1; By = B; F = true;

2: set threshold value to K;
3: while pulling is feasible do
4: if B; < min;c; then

5: STOP { pulling is not feasible}

6: end if

7. if t < K and F then

8: Initial phase: play arm i(t) = t;

9: if 2(2(33 > max{ c(Z(g;’ =1,2,---,K} then

10: F = false;

11: end if

12: else

13: use density-ordered greedy to calculate M*(B;) =
{mj 4}, the solution of Equation 1;

14: randomly pull i(t) with P(i(t) = i) = Z;niltm*,

k=1 k,t

15:  end if

16:  update the estimated upper bound of arm i(t);
17: Bt :Bt—Ci(t);t:t-f—l;

18: end while
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FH | KUBE | LAKUBE | seKUBE Casel | seKUBE Case2

500 0.856552447 | 0.324531912 0.855695687 0.854992899
1000 0.480411395 | 0.224908523 0.368648984 0.285200844
1500 0.319726049 | 0.183745956 0.252374878 0.196767704
2000 || 0.239967418 | 0.150799581 0.190455551 0.147261175
2500 0.192179764 | 0.130577678 0.152443495 0.121979604
3000 0.160324725 | 0.116665919 0.127810652 0.104187753
3500 0.137143598 | 0.104452408 0.108874421 0.090971242
4000 0.120068968 | 0.094810631 0.094955732 0.080699647
4500 0.106791385 | 0.087680347 0.084537749 0.073274129
5000 0.096167939 | 0.081509321 0.077078386 0.067740959
5500 0.086979121 | 0.075195259 0.069767896 0.063498949
6000 0.079734725 0.07001883 0.063589747 0.059546941
6500 0.073602121 0.065170771 0.059497681 0.055897531
7000 0.068341313 | 0.060624054 0.055327918 0.052877602
7500 0.063785468 | 0.056684205 0.05171439 0.050124907
8000 0.059797501 | 0.053236899 0.048552553 0.048214918
8500 0.056280001 | 0.050195355 0.045762697 0.046295502
9000 || 0.053153334 | 0.047491223 0.043282825 0.044589799
9500 0.050356649 | 0.045073015 0.040850542 0.043063439
10000 || 0.047838001 0.042894732 0.038864265 0.041895477
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