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Discusssion on Limitation of Simultaneous Multiagent Learning in Unstationary Environment
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In MAL, exploration of an agent affect to others’ learning as a noise, while exploration is necessary to catch-
up changes of the unstationary environment. We formalize the MAL situation from the viewpoint of learning of
probability distribution, in which the purpose of the learning is defined as maximization of probability to choose
the right that acquires more benefit than other actions. An agent need to explore all actions to check and confirm
the best action especially in an unstationary environment, in which the best action may change over time even
if other agents do not change their policies. Based on the formalization, we investigate a simple case of resource
sharing problems to show existence of the boundary of learning performance that limit the convergence of learning

to the right policy.
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Changes of Lower Boundary by Exploration Ratio

lower boundary of e:

0.06 0.08
epsilon

0200000000 Exploration Ratioe 00000

000o00d,.04d,.00000000000000 <0
ooooOoOoOoO0OO0OO0OO0OO0O00O000000000:0000
ooooooooooo

0000 (7)0 () 000000000000 0000
oo
PG UOOODODOO0O0D0D0DO egreedy DOOOD0ODOO0O
- 2]

—d

d,

DDDDDDDDDDDDDDDDDDDEU

00l0e0 0000000000 m
oo
. - _ 112
E’dafwa
e 12 o - |2
= E‘%—¢l +E‘%—wa
K N .
> (= —dg.)?
= ETga,c +e€ (K a,c)
+e(l = dg o + =(1- 2N (9)

34 00O0ODOOOOOODODOO

000000000 (9YoOooUoooooooooooo
00000 2000000000000D0D00C000000
00000 T7To0o0000oooooooooooooooo
J00000000Dexploration 0 O0D0O00OD0OOD0OODO €
00000000000o0o0o000ooooooooooog
00000000 ed00oooooDooOoDODOOOOOoOooOoO
00000o0o0o0ooooo0o0o0o0oooooo ToOOoOooOoo
0000000 TOO0O0OoOoOoooooooooooooo
00o000o0ooooOoO0ooooooooooooog Ap
000 APDOOD0O0ODOOOO0OOOODOODODODOOO

0000000000000 ed00T0ODO0ODOOODOO
0000O0000o0oo0OoooooooDoooooooog
00000O00O0O0OO0OO0OoOOoU0OO APp, OODOODODOOO
O toi;DDDDDDDDDDDDDDDDDDDDDDDD
0 1000000000000 ¢000 APO p, 0T 00O
0000000000000 ¢t+7T000 APO 4, 0000

00000000000 d,0d, 000000000000
0000000000000000000000000000

d,0d,00000000000000000

2
0000,°0000000000000000000000
ooooo

d, —d', To?, (10)

Changes of Lower Boundary by Exploration Ratio
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