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ABSTRACT
In the multi-agent systems, even if each agent behaves selfish or
cooperative, its behavior influences the other agents’ behaviors and
their behaviors influence its behavior cyclically. Thereore a cer-
tain information about the relative position of each agent among
all the agents may be able to be extracted only from its behavior.
If this information can be extracted, each agent has the possibility
to improve its efficiency only by seeing its own behavior without
knowing about the information of the other agents. In this paper,
we verified this hypothesis by using the competitive multi-agent
simulation environment named Minority Game, and confirmed that
each agent’s performance gain was actually possible. This analyt-
ical technique may be especially useful for massively multi-agent
systems.

1. INTRODUCTION
Generally, in the multi-agent systems, each agent only has local

view and cannot obtain the global information of the agents as a
whole. In this case, for the each agent to be able to do is to infer the
global view or its relative position by getting information from the
other agents. But, there is no confirmation that the correct informa-
tion can be obtained. At this point, in the multi-agent system, even
if each agent behaves selfish or cooperative, its behavior influences
the other agents’ behaviors, in other words, its behavior changes the
state of the environment formed by the agents. Then, the changed
environment also influences each agent’s behavior, and this cycle
continues. Hence, it can be thought that the behavior of each agent
may include some certain information about its relative position in
the agents as a whole. If these information actually exist and each
agent can extract one of these information, it can know its position
by only checking its own behavior and may be able to improve its
behavior efficiently. The purpose of this paper is to verify the pos-
sibility of this assumption by using the Minority Game (MG)[?].
In MG, a lot of agents play a simple game and even though they
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Figure 1: Rules and strategy table

have quite local view and behave quite selfish, certain cooperative
behaviors are emerged. So, some information about each agent’s
performance must be included in the behavior of each agent in MG.

2. MINORITY GAME
Firstly, we review the rules of MG (see Fig.??(a)). There are

n (odd number) autonomous agents, each of which independently
chooses between two alternatives (group-0or group-1) according
to its own behavioral rules, that is, it does not see other agents’ be-
haviors. After all of the agents choose one alternative or the other,
and the agents that finish in the minority group are considered to
be winners. This is one round of the game. Each winner agent is
awarded one point, and the total numbers of winner agents is the
profit in this round of the game. The each agent makes its selection
by using one of multiple strategy tables that it holds. The entities in
the table contain all combinations ofm past history of the minority
group choices and next decisions that corresponds to each of the
combinations for the next round (see Fig.??(b)). At the beginning
of the game, each agent preparess (s ≥ 2) strategy tables, and the
next decision entries of each strategy table is stored randomly by 0
or 1. After the game starts, the entries of each table cannot be mod-
ified. In the first round of the game am-past-winner-group-history
is randomly set, for example, to [1|1|0], and each agent randomly
choises one of its holdings strategy tables and sees the next de-
cision entry corresponding to [1|1|0] (see Fig.??(b)). And if the
next decision entry isgroup-1, the agent selectsgroup-1. Then if
the agent becomes winner, one point is assigned to the agent and
also to the selected strategy table. And if the agent loses, one point
is deducted from the selected tables. After the score of the strategy
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Figure 2: (a) Standard deviations of the number of winning agents. (b) Mean numbers of winning agents

tables of all the agents are updated, then them-past-winning-group-
historyis updated from [1|1|0] to [1|0|1] becausegroup-1becomes
winner-group in this round of the game. In the second and sub-
sequent rounds, each agent selects the strategy table that has the
highest score. The round is repeated a predetermined number of
times, and the final result of the game is the total number of points
acquired by winner-agents.

2.1 Coordinated behaviors
Then, the following overall order is emerged through such the

simple rules. The game was played for the number of rounds de-
scribed below; One trial for each parameter pair,(s, m), {s|2, 5, 10, 16, 32,
64}, {m|3 to 16}, is 10,000 rounds of the game by 201 agents; ten
trials were conducted for each pair. Fig.??(a) shows the stan-
dard deviation of the number of winning agents, and Fig.??(b)
shows the mean numbers of winning agents. The horizontal lines
in Fig. ??(a) and (b) represent the standard deviation and mean
value when all of the agents choicegroup-0or group-1randomly
for each round. These graphs show that, for the lower values ofs,
especially fors = 2, the standard deviation became lowest and the
mean number of winning agents became highest whenm was from
about three to five. Fig. 2(c) shows the rankings of the 201 agents
by average score after 10,000 rounds (s = 2). In the case where
each agent randomly selectedgroup-0or group-1, all of the agents
were able to get approximately 4750 points. In contrast to this,
the mean score was high for smallm (m = 3 to 5), and although
some few differences between agents can be seen in the scores, all
or almost all of the agents were able to achieve stable high scores.
These simulation results mean that some kind of cooperative behav-
ior among the agents was driving the winning-group ratio closer to
100:101 in smalls, especially ins = 2, andm. Especially, the most
interesting characteristic is that, although we would expect behav-
ior based on longer histories to be more efficient,m larger than 10
produce results that are the same as those of random behavior. In
this paper, we mainly ran the game by several number of agents
like n = 101, 201, and 301, and since our interesting is in the coop-
erative behavior of agents, we ran the game bys=2 (each agent has
two strategy tables).

3. AGENT BEHAVIOR AND POWER-LAW
For each agent, its holding strategy tables are very important to

decide its behavior, so, in [?], we investigated how the strategy ta-
bles are used by each agent to analyze each agent detail behavior.
Then, up to now, we have discovered the following curious fact,
While the high winning ratio agents used both strategy tables, there
was no typical fixed period for the continuous use of one strategy

table. That is , a self-similarity was visible in these results. Fig.??
shows, on log-log scales, per-agent histograms of the periods over
which either of the strategy tables was continuously used. Results
for m=3, 7, and 14 are given for (a)n = 101, and (b)n = 301.
Power-law can be seen in both cases ofm=3 (graphs were nearly
straight lines) and this also reflects the presence of a self-similarity.
To the contrary, whenm=14 power-law is not seen. Interestingly,
the histograms for agents withm=7 show a mix of the two types
of results; some agents are similar to the graphs form=3, while
others are similar to those form=14. It can be thought that the
straight lines are forcooperative agents, while the curves are for
non-cooperative agents. So, we calculated the all slopes of the his-
tograms in Fig. 3 (see Fig.??). As you can see, the consistent
relation can be seen that is the slope of high winning-ratio agent is
more horizontal (nearer to 0) than that in low winning-ratio agent.
That is, it can be thought that each agent can know its rough posi-
tion among the group by seeing whether the way of its own strategy
table selection obeys the power-law or not.

4. IMPROVEMENT OF WINNING-RATIO
USING POWER-LAW FEATURE

The easiest way to change the agent’s behavior is to renew its
holding strategy tables. So, the following experiments in which
each agent renews its strategy tables by three rules were done. As
for the experiment, we ran the game by 101 agents (n = 101,s=2).
After the game is repeated 10,000 times (10,000 times is one turn),
each agent’s efficiency is evaluated by the following three kinds
of criteria, and each agent which is identified as inefficient renews
its strategy tables, then next 10,000 times is started cyclically. In
the experiment we repeated the renewing process 10 times that
is we ran the game total 100,000 times. We prepared these three
evaluation-rules:

(evaluation-1) Since the agent with its power-law slope being nearly
0 has high winning-ratio, we randomly selectu pieces of agents
whose power-law slope become lower than the previous turn, and
selectedu pieces of agents renew their strategy tables. In this
evaluation, since the calculation of each agent’s power-law is com-
putable only from its behavior, each agent need not know the total
of agents in the game. However since this evaluation uses only the
change of slope even the high winning-ratio agent may renew its
strategy tables.
(evaluation-2) We randomly selectu pieces of agents whose power-
law slope become lower than the certain value (0.75), and selected
agents renew their strategy tables. In this evaluation, we use the fol-
lowing knowledge that is, there are consistent relation between the
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Figure 4: Slopes of the histograms in Fig. 5.

power-law slope and the winning-ration in each agent and this con-
sistent relation does not depend on the total of participating agents
in the game. In this evaluation, each agent can know its approx-
imate position without knowing the total of participating agents,
and agents only having low winning-ratio can renew their strategy
tables.
(evaluation-3) We selectu pieces of agents having low score, and
selectedagents renew their strategy tables. In this evaluation, it is
necessary for each agent to know the following global information,
each agent’s score and the number of total of participating agent.
This evaluation can be thought as the best way to select the agent
to renew its strategy table. We prepared this evaluation for the com-
parison to above evaluation-1 and -2.

Fig. ?? shows the score of 101 agents of nine kinds of evalu-
ation settings. We ran the three kinds of games (u=5, u=10, and
u=20) for each evaluation. And as mentioned above, in each sit-
uation, strategy table renewing process was repeated 10 times and
score of agents after the each renewing process was plotted to the
graph of each evaluation setting. As a result, in all settings it can be
confirmed that the winning-ratio has improved in all almost agents.
First of all,u = 5 was the best in all three kinds of evaluation. The
reason can be thought as follows; if we select too many agents,
many renewed strategy tables may destroy the current good strat-
egy table’s combination of high winning-ratio agents and thus the
effect of renewing may be lost. As for the evaluation-1 and -2,
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Figure 5: Score of 9 kinds of evaluation settings

evaluation-2 was better than evaluation-1 as we expected because
in evaluation-2, only the agents having low winning-ratio are able
to renew their strategy tables. Consequentially, evaluation-2 was
the most effective though it had been expected that evaluation-3
was at first most effective. While the evaluation-3 uses the several
global information, it pays attention only to the score transition of
agent. On the other hand, the evaluation-1 and -2 pay attention to
the agent behavior. So, in the following two situations, “the score is
good by chance even if the evaluation of behavior is bad” and “the
score is bad by chance even if the evaluation of behavior is good”,
agent should not renew its strategy tables in the former situation,
and should renew them in the latter situation, thus this experiment
result shows paying attention to agent behavior is effective as the
evaluation methodology.

5. CONCLUSION
In this paper, we verified whether the efficiency of each agent

behavior was able to be improved only by seeing its behavior in
MG. In MG, important information for the agent to know the ef-
ficiency of its behavior was power-law. Power-law is most typical
factor of scal-free network. For example, in the Internet it is known
that power-law can be seen in the flow of packets when the number
of packets of flowing is the maximum in the traffic [?]. This means
if the flow of traffic can be controlled to follow of power-law when
the flow of traffic becomes an inefficiency situation due to some
troubles, the flow of traffic may be corrected to an efficient situa-
tion. In the future work, we also plan to apply this coordination
methodology to an actual system like the ubiquitous information
communication systems and to verify whether an efficient perfor-
mance improvement is possible.
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