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Abstract

The Q-learning method we previously intro-
duced for general-sum stochastic games is
guaranteed to converge given some restric-
tions on the form of the game, both the ac-
tual game and the agents’ model of the game
during learning. In experimental trials on a
two-agent grid world, we find that violations
of the restriction to unique equilibrium values
for the underlying game impede convergence,
whereas violations for the modeled game dur-
ing learning are less important. In compar-
isons of multiagent Q-learning with multiple
single-agent QQ-learning, we find that the for-
mer performs better in general.

1. Introduction

Stochastic games (Filar & Vrieze, 1997; Thusijsman,
1992) are multi-stage games in which agents’ payoff
functions may change from stage to stage. Each agent
in such a game faces a Markov decision process (MDP),
which is intertwined with other agents’ MDPs. The
framework of stochastic games can be used to model
a wide range of dynamic multiagent systems such as
coordination games (Claus & Boutilier, 1998), pursuit
games (Denzinger & Fuchs, 1996; Ono & Fukumoto,
1996), and robotic soccer (Balch, 1997; Stone, 1998).

In a previous paper (Hu & Wellman, 1998), we intro-
duced a multiagent Q-learning algorithm for general-
sum stochastic games. In our learning algorithm, an
agent learns about Q-values that are functions of states
and agents’ joint actions. An agent’s Q-table is a set
of Q-values for every state and joint action. The op-
timal Q-value is defined in Nash equilibrium (Nash,
1951), where each agent’s strategy is a best response
to the others’ and no agent can gain by unilateral de-
viation. We proved the convergence of our learning

algorithm under the restrictions on the Nash equilib-
rium Q-tables and Q-tables during learning.

The restriction on the agents’ Q-tables during learning
is particularly strong because we can hardly guarantee
the form of these Q-tables during learning. This limits
the scope of the application of this learning algorithm.
We are interested in relaxing this restriction. Before
developing a theoretical proof, we use experiments to
test the possibility. Our experiments also serve to shed
light on the possibility of relaxing the other restriction
on the equilibrium Q-tables.

We have constructed two grid-world games. The first
game satisfies the restriction on equilibrium Q-tables
but violates the restriction on Q-tables during learn-
ing. The second game violates both restrictions. The
multiagent Q-Learning converges in the first game, but
does not converge in the second game. Our exper-
imental results suggest that the restriction on Nash
equilibrium Q-tables is necessary for the convergence,
but the restriction on Q-tables during learning is less
important.

We compare the performance of this multiagent Q-
learning method with single-agent Q-learning method.
In both games, our learning agent is more likely to
reach a joint optimal path when it is uses multiagent
Q-learning than using single-agent Q-learning. This
implies the better offline-learning performance of mul-
tiagent Q-learning than single-agent QQ-learning.

2. Review of Multiagent Q-learning

In standard (single-agent) Q-learning, an agent up-
dates its Q-values based on the following equation:

Qiy1(s,a) = (1—a) Q4 (s, a)+au[ri+p max Q¢(s¢41,0)],
(1)

where s € S is a state, a € A is an action, a4 € [0,1)
is the learning rate, r; is the reward at time ¢, and S is



the discount rate. Watkins and Dayan (1992) proved
that sequence (1) converges to the optimal Q*(s,a),
which is defined as the total discounted reward at-
tained by taking action a in state s and then following
the optimal policy thereafter.

For an n-player stochastic game, we define the Nash
equilibrium Q-values of agent k, Q*(s,a',...,a"), as
the agent’s total discounted rewards when all agents
execute their joint actions (a!,...,a") in state s
and then follow their Nash equilibrium strategies
wl, ..., m" thereafter. A set of strategies (7l,...,77)
is a Nash equilibrium if for ¥ = 1,...,n, the strat-
egy 7 is the best response to the other strategies
(ml,. .. wk=t gkl xn). A Nash equilibrium Q-
table of agent k, QF, is a set of Nash equilibrium Q-
values for every state and joint actions.

The fact that an agent’s Nash equilibrium Q-values
depend on other agents’ strategies requires the agent
to learn about those strategies. One way to know those
strategies is through learning other agents’ Q-tables.
Our learning agent, say agent k, maintains n Q-tables,
one for itself and one for every other agent. Let agent
k’s internal Q-table of agent i be Q. Q%(s) is part
of the Q-table Q! under state s. Agent k updates the
entries in each table Q%% = 1,...,n, according to the
following rule:

Qi_H(s,al, a")y=(1- at)Qi(s,al, .oa")
+taulrf 4+ Bt (seg1) 7" (50401) Q) (s41)], (2)

where 7!(sg41) T (s¢11)Qi(s1+1) represents the

product of 7 (sir1),.-., T (se41), and Qi(sit1)-
The tuple (m(st41),-..,7"(s¢41)) is a mixed-
strategy Nash equilibrium of the normal-form game
(QF (5t41), -+, QF (5141))-

We proved the convergence of this learning algorithm
for 2-player stochastic games. Our convergence theo-
rem relies on the following assumptions:

Assumption 1 Every state s € S and action a* €
Al a? € A2 are visited infinitely often.

Assumption 2 The learning rate o; satisfies the fol-
2

lowing conditions for all s,t,a', a?:
1.0 < afs,a,a?) < 1, Y2 (s, a,a?) =
00, and >_,° [ae(s,at,a?)]? < oo, and the latter

two hold uniformly and with probability 1.

2. ai(s,at,a?) =0if (s,al,a?) # (si,af,a?).

The second condition on «; implies that the learning
agent updates only the entry in the Q-tables corre-
sponding to current state and current actions chosen
by the agents.

Assumption 3 Let Q! and Q? be the agents’ Nash
equilibrium Q-tables. Let Q} and Q% be Q-tables
learned at time t. For every t and every state
s € S, a Nash equilibrium of the bimatriz game
(QL(s),Q%(s)) and a Nash equilibrium of the bima-
triz game (Q}(s),Q3(s)) satisfy the same one of the
following properties:*

1. The Nash equilibrium is optimal for both agents,
meaning both agents receive their highest payoffs
when they choose the Nash equilibrium strategies.

2. The Nash equilibrium is a saddle point, which
means an agent receives a higher payoff when the
other agent deviates from the equilibrium strategy.

Note that the two properties are exclusive. A Nash
equilibrium satisfying property 1 in general should not
satisfy property 2 except in special cases.?

Assumption 3 puts strong restrictions on the Q-tables
during learning, and the Nash equilibrium Q-tables. In
general, the restriction on the Q-tables during learn-
ing can hardly be met because the updates are asyn-
chronous. Therefore we are interested in relaxing these
restrictions. Before developing a theoretical proof, we
would like to use experiments to test the possibility.

3. Experimental Setup

We construct two grid-world games with different
properties to test the convergence of our learning al-
gorithm. Our goal is to see to what extent the re-
strictions in Assumption 3 might be relaxed. Our first
game satisfies the condition on games, but does not
ensure that it is invariant during learning. Our second
game violates the condition even for the actual game.

Even though grid-world games are highly simplified
multiagent worlds, they have all the elements needed
in a dynamic game: the changing states (when agents
move around), the actions taken at each location, the
reward functions, and the optimal decision that takes
an agent from its initial location to its destination.
Similar grid games with one agent have been stud-
ied by Sutton and Barto (1998) and Mitchell (1997,
Chapter 13). A two-person zero-sum grid game has

In our statement of the assumption in a previous pa-
per (Hu & Wellman, 1998), we neglected to include the
qualification that the same condition be satisfied by both
bimatrix games. As Bowling (Bowling, 2000) observed,
this qualification is crucial.

%If every entry of Q*(s) is the same, then any strategy
would be agent 1’s Nash equilibrium strategy. In this case,
a Nash equilibrium point is both a global optimum and a
saddle point.



been studied by Littman (1994). Our grid games are
two-person general-sum games in which both agents
can win at the same time.

Our first game is shown in Figure 1. The second game
is shown in Figure 2. In both games, two agents start
from the lower left corner and lower right corner, try-
ing to reach their goal cells. In Grid Game 1, the goal
cells are at the upper right and the upper left corner.
In Grid Game 2, both agents’ goal cells are the upper
middle cell. An agent can move only one cell a time
and in 4 possible directions: Left, Right, Up, Down. If
two agents attempt to move into the same cell (exclud-
ing a goal cell), they are bounced back to their previous
cells. The game ends as soon as one agent reaches its
goal. The agent who reaches its goal get a positive
payoff, while the one who does not gets nothing. Both
agents may reach their goal cells at the same time. In
that case, both are rewarded with positive payoffs.
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Figure 1. Grid game 1
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Figure 2. Grid game 2

The objective of an agent in this game is therefore to
reach its goal with minimum steps. If the other agent
takes less steps to reach its goal cell, our agent will get
nothing. One possibility arising from zero-sum games
is that an agent may block the other agent’s path so
that none of them can reach the goal. This is not an

optimal strategy in our game. The fact that the other
agent’s win does not prevent our agent’s wining makes
agents more prone to coordination. The task of an
agent is to find a shortest path that does not interfere
with the other agent’s path.

A path (plan) is a sequence of actions from the starting
position to the final destination. In the terminology of
stochastic games, such a plan is called a strategy, or
policy. A shortest path that does not interfere with
the other agent’s path represents an optimal strategy.
Two shortest paths that do not interfere with each
other constitute a Nash equilibrium, since each path
(strategy) is a best response to the other.

We assume that agents do not know the locations of
their goals at the beginning of the game. Furthermore,
agents do not know their own and the other agent’s
payoff functions.® Agents choose their actions simul-
taneously. They can observe the previous actions of
both agents and the current state (the joint position
of both agents). They also observe the immediate re-
wards after both agents choose their actions.

3.1 Representation as a Stochastic Game

The grid-world games can be easily modeled as
stochastic games. The action space for each agent is
Al = A? = {Left, Right, Down,Up}. The state space is
S = {s|s = (I*,1%)}, where each state s = (I!,1?) rep-
resents the agents’ joint location. Agent 4’s location
', i =1 or 2, is represented by (X,Y) coordinates, as
shown in Figure 3. Given that two agents cannot oc-
cupy the same position, and excluding the cases where
at least one agent is in its goal cell, the number of pos-
sible joint positions is 72 — 8 — 7 = 57 for Grid Game
1 and 8 x 7= 56 for Grid Game 2.

If an agent reaches its goal position, it scores 100
points. If it reaches other positions without colliding
with the other agent, it scores 0 points. If it collides
with the other agent, it scores —1 and both agents are
bounced back to their previous positions. These scores
are the agents’ immediate rewards.

The state transitions are deterministic in Grid Game 1,
which means the current state and agents’ joint action
will uniquely determine the next state. In Grid Game
2, most state transitions are deterministic except in the
following case: If an agent chooses Up from position
(1,1) or (3,1), it moves up with probability 0.5 and
remains in its previous position with probability 0.5.

3Note that a payoff function is a correspondence from
all state-action tuples to rewards. An agent may be able to
observe a particular reward, but still lacks the knowledge
of the overall payoff function.
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Figure 3. The coordinates for a grid-world game

We limit our study to stationary strategies. A sta-
tionary strategy 7' = (mi(s'),...,7%(s™)) assigns a
probability distribution over available actions for each
state s7, j = 1,...,m, where m is the number of states.
7i(s?) is called a pure strategy if it assigns probability
1 to one of the actions. From a stationary strategy
with a pure strategy for each state, we can derive a
path, which is an agent’s movements from its initial
position to its goal cell.

3.2 Nash Equilibrium

A Nash equilibrium consists of a pair of stationary
strategies (w1, 72) in which each strategy is a best re-
sponse to the other. Two shortest paths that do not
interfere with each other constitute a Nash equilibrium
solution. Table 1 shows one Nash equilibrium of Grid
Game 1. This Nash equilibrium corresponds to the
first graph in Figure 4, which also shows several other

Nash equilibrium paths of Grid Game 1.

Table 1. A Nash equilibrium of Grid Game 1

wt(s) | ©°(s)

STATE s
st =((1,1)(3,1)) Up Up
s =((1,1)(2,1)) Up Up

ST =((1,2)(3.2)] | Riaur | Ur
s =((1,2)(3,3)) | RiguT | LEFT
T ((3,2)(2.3)) | Ur | LerT

s°7 =((3,2)(3,3)) Up LEFT

Examples of Nash equilibrium paths for Grid Game 2
are shown in Figure 5.
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Figure 4. Nash equilibrium paths, Grid Game 1
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Figure 5. Nash equilibrium paths, Grid Game 2

3.3 Nash Equilibrium Q-values

As defined in Section 2, a Nash equilibrium Q-value for
the tuple (s,a',a?) is an agent’s total discounted re-
ward when both agents execute the joint action (a', a?)
in state s and follow a pair of Nash equilibrium strate-
gies (w1, 72) thereafter.

3.3.1 EQUILIBRIUM Q-VALUES OF GRID GAME 1

Agents 1 and 2’s Nash equilibrium Q-values of Grid
Game 1 for state ((1,1)(3,1)) are shown in Table 2.
The value 97 is derived from the fact that agents re-
ceive 0 at the current time period, and will receive 100
after 3 periods if they follow their joint optimal path,
97 = 0+ 0.99% x 100. In the table, the values of R;
and Rs depend on which Nash equilibrium the agents
choose in the next state. The next state under joint
action (Right, Left) and current state ((1,1)(3,1)) is
still ((1,1)(3,1)). There exist three pure-strategy Nash
equilibria for the bimatrix game in state ((1,1)(3,1)):
{Right, Up}, {Left, Up} and {Up, Up}. Therefore
Ry = 97 and Ry = 97. Thus Table 2 can be fur-
ther simplified as Table 3. Every Nash equilibrium is
a global optimum and has the same value as the other
equilibria. Thus the first condition in Assumption 3 is
satisfied.



Table 2. Grid Game 1: Nash equilibrium Q-tables in state
(1, 1)(3, 1))

AGENT 2
Left Up
AGeENT 1 Right | —1+0.99R,, —1+ 0.99R> | 97, 97
Up 97, 97 97, 97

Table 3. Grid Game 1: Nash equilibrium Q-values in state

(1L,DB)

AGENT 2
Left Up
AGENT 1 piht 1795, 95 197, 07
Up [97, 97 | 97,97

3.3.2 EQUILIBRIUM Q-VALUES OF GRID GAME 2

The Nash equilibrium Q-values of Grid Game 2 for
state ((1,1)(3,1)) are shown in Table 4. In the table,
the values of Ry and R depend on which Nash equi-
librium the agents choose in the next state. There are
three different solutions for (R, R?), which lead to dif-
ferent Nash equilibrium Q-tables for state ((1,1)(3,1)),
shown in Table 5. The mixed-strategy Nash equi-
librium of the third table is (m!(s!),n%(s')) =
((0.97,0.03), (0.97,0.03)). The two pure-strategy Nash
equilibria are {Right, Up} and {Left, Up}. It is easy
to check that these Nash equilibria are neither global
optima nor saddle points. Therefore the first condition
of Assumption 3 is violated.

Table 4. Grid Game 2: Nash equilibrium Q-tables in state
((1,1)(3,1))

AGENT 2
Left Up
Right [ =1+ 0.99R;, 98, 48.5
—1+4 0.99R>
Up 48.5, 98 48.5 + 1 R1,
48.5 + 1Ry

4. Experimental Results
4.1 The Learning Process

A learning agent learns its own Q-table and the Q-
table of its counterpart. In cases where both agents
are learning agents, each of them learns two Q-tables.
If the two agents start from the same initial Q-tables
and use the same Nash equilibrium to update every
Q-table during learning, they would learn the same
Q-tables in the end of the game.

A learning agent initializes Q'(s,a!,a?) = 0 and

Q*(s,a',a?) = 0 for all s,a',a®. A game starts from
the initial state ((1,1)(3,1)). After observing the cur-

Table 5. Grid Game 2: Two pure-strategy Nash equilib-
rium Q-tables and one mixed-strategy Nash equilibrium
Q-table in state ((1,1)(3,1))

AGENT 2
AGENT 1 Left Up
Right | 47, 96 98, 48.5
Up | 48.5, 98 | 60.6, 73
AGENT 2
AGENT 1 Left Up
Right | 96, 47 98, 48.5
Up | 48.5, 98 | 73, 60.6

MIXED-STRATEGY NASH EQUILIBRIUM

AGENT 1 AGENT 2
Left Up
Right | 47.34, 47.34 98, 48.5
Up 48.5, 98 60.6, 60.6

rent state, agents choose their actions simultaneously.
They then observe the new state, both agents’ rewards
and the action taken by the other agent. The learn-
ing agent updates its Q-tables according to (2). The
discount rate f = 0.99. In the new state, agents re-
peat the process above. When at least one agent move
into its goal position, the game re-starts with a new
episode. In the new episode, each agent is randomly
assigned a new position (except its goal cell). The
learning agent still keeps the Q-values learned from
previous episodes. The experiment (training) stops
after 5000 episodes. Each episode on average takes
about 8 steps. So one experiment usually takes about
40,000 steps.* The total number of state-action tuples
in Grid Game 1 is 424. This suggests that each tuple
is visited about 95 times. This is an approximation to
“infinitely often” stated in Assumption 1. As shown in
the next paragraph, the learning rate is defined as the
inverse of the time of visits. When a; = 5= = 0.01,
the results from new visits would hardly change the
Q-values already learned.

; ; 1,2y _ 1
The learning rate we adopt is a4 (s, a*, a*) = T

where n;(s,a',a?) is the number of times the tuple
(s,a',a®) has been visited. It is easy to show that
this definition of learning rate satisfies the conditions
> ai(s,at,a?) = oo and Y, af(s,at,a?) < oo re-
quired by Assumption 2.

4Note that a stochastic game is represented by one
episode. In each episode, there are finite periods before the
game ends. The decision problem of each individual agent
can still be modeled as an infinite-horizon problem because
the agent is uncertain when the game will end. Different
episodes represent the training periods during learning.



When updating the Q-values, an agent has to choose
a Nash equilibrium value from the next bimatrix game
(Q'(s"),Q%(s")), where s’ is the next state. There may
be multiple Nash equilibria. The Nash equilibria are
calculated by Lemke-Howson method (Cottle et al.,
1992) and are listed in a certain order. An agent can
have different ways of picking a Nash equilibrium from
the solution list. A First Nash agent always picks the
first one from the list. A Second Nash agent always
picks the second one if there are more than one in the
list, otherwise it uses the first one. A Best expected
Nash agent picks the Nash equilibrium which yields
the highest expected payoff to itself if there are more
than one in the list, otherwise it uses the first one.

4.2 Q-tables during Learning

We find out that in Grid Game 1 the bimatrix games
derived from Q-tables during learning violates the
second restriction in Assumption 3. Table 6 shows
the results for state ((1,1)(3,1)) after certain learning
episodes. The pure-strategy Nash equilibrium in this
game, (Right, Up), is neither a global optimum nor
a saddle point. In Grid Game 2, we find the similar
violation of Assumption 3. The pure-strategy Nash
equilibrium (Up, Up) in Table 7 is neither a global
optimum nor a saddle point.

Table 6. Grid Game 1: Q-tables in state ((1,1)(3,1)) after
20 episodes if always choosing the first Nash

AGENT 2
Left Up
AGENT 1 poopy 0T, -1 [ 485, 0
Up [0,0 10,07

Table 7. Grid Game 2: Q-tables in state ((1,1)(3,1)) after
61 episodes if always choosing the first Nash

AGENT 2
Left Up
AGENT 1 bt 3T, 3170, 65
Up [0,0 |49, 49

4.3 Convergence Results: The Final Q-tables

In each experiment, after 5,000 episodes of training
the learning agent’s Q-tables settle down to certain
values. One example of such learned Q-tables for Grid
Game 1 is shown in Table 8. Two learned Q-tables
for Grid Game 2 are shown in Table 9 and Table 10.
Two things are to be noted here: First, a learning
agent always uses the same Nash equilibrium value to
update both Q-tables. Second, an agent’s learning re-
sults are not affected by the other agent’s action choice

or learning algorithm. That’s because the convergence
of Q-learning only requires an agent to observe (for in-
finite times) all possible actions and states, regardless
of the sequence of these actions and states.

Table 8. Final Q-values in state ((1,1
first Nash in Grid Game 1

)(3,1)) if choosing the

AGENT 2

Left Up
AGENT 1 pioht 186, 87 | 83, 85
Up 96,91 [ 95,95

Table 9. Final Q-values in state ((1,1)(3,1)) if choosing the
first Nash in Grid Game 2

AGENT 2

Left Up
AGENT 1 pioht 1739, 84 1 97, 51
Up 46,93 [ 59, 74

Table 10. Final Q-values in state ((1,2)(2,1)) if choosing
the first Nash in Grid Game 2

NASH EQUILIBRIUM Q-VALUES

AGENT 2
AGENT 1 Left Right Up
Right [ 99, 0 99, 0 97, 97
Down | 97, 97 | 98, 98 0, 99
Up | 99,0 99, 0 99, 99

FINAL Q-VALUES

AGENT 1 AGENT 2
Left  Right Up
Right [ 97,0 | 98,0 | 84, 87
Down | 86, 86 | 41, 88 0, 99
Up [ 99,0 | 99,0 | 99, 96
We can see that the results in Table 8 are

very close to the theoretical derivation in Table
3, and the results in Table 9 are close to the
theoretical derivation in the first table of Table
5. For each state s/, we derive a Nash equi-
librium (7!(s?),7%(s7)) from the learned Q-tables
(Q'(s7),Q%*(s%)). A sequence of such solutions of ev-
ery state, ((m'(s'),n2(s")),..., (z'(s™), 7% (s™))), is
supposed to be a Nash equilibrium for the whole grid
game. We then see if this solution is a Nash equilib-
rium derived from theory. In Grid Game 1, our ex-
periments show that multiagent Q-learning reaches a
Nash equilibrium 100% of times if the learning agent
is either a First Nash agent or a Second Nash agent.
In Grid Game 2, however, multiagent Q-learning only
reaches a Nash equilibrium 68% of times if the agent
is a First Nash agent, and 90% of times if the agent



is a Second Nash agent. Therefore the convergence of
this Q-learning is not guaranteed in Grid Game 2.

4.4 Offline-Learning Performance of Different
Types of Learning Agents

One of the practical concerns in applying this mul-
tiagent Q-learning method is whether an agent gains
by modeling the other agent. So far in practice, most
people still uses single-agent Q-learning (Ono & Fuku-
moto, 1996; Stone, 1998) for learning in multiagent
systems. We investigate through our experiments the
performance under multiagent Q-learning and under
the single-agent Q-learning when the other agent uses
different learning methods.

An agent can assume one of the following four types:
the First Nash agent, the Second Nash agent, the Best
Expected Nash agent, and the Single agent. The Single
agent uses single-agent Q-learning method specified in
(1). Such an agent ignores the actions of the other
agent. We assume that the Single agent knows the
other agent’s current position so that it can use that
information as part of the state variable. We want to
see if two agents can reach a joint optimal path when
taking on these different types.

The experimental results for Grid Game 1 are shown in
Table 11. For each case, we ran 50 experiments. The
percentage represents the number of times of reaching
a joint optimal path out of 50 runs. As we can see from
the table, when both agents are Single agents, they
reach a Nash equilibrium only 20% of times. This is
not surprising since the Single agent never models the
other agent’s actions. It is therefore difficult for such
agents to coordinate their paths. When one agent is
Nash agent and the other is Single agent, the chance
of reaching a Nash equilibrium increases to 62% on
average. This is as we expected because a Nash agent
takes the other agent’s action into account and tries to
avoid conflicting paths. When both agents are Nash
agents, but use different updating rules, they will end
up with a Nash equilibrium 80% of times.> Finally,
when both agents are Nash agents and use the same
updating rule, they end up with a Nash equilibrium
solution all the time.

The experimental results for Grid Game 2 are shown
in Table 12. As we can see from the table, when both
agents are Single agents, they reach a Nash equilibrium
50% of times. When one agent is a Nash agent and

®Note that when both agents are Expected Nash agents,
they may use different Nash equilibrium from the soluti! on
list. A Nash equilibrium solution giving the best expected
payoff to one agent may not lead to the best expected pay-
off for another agent.

Table 11. Learning performance in Grid Game 1

LEARNING STRATEGY ResuLts OF
LEARNING
AGENT 1 AGENT 2 PERCENTAGE OF
TO-
TAL RUNS THAT
REACH A NASH
EQUILIBRIUM
SINGLE SINGLE 20%
SINGLE FirsT NAsH 60%
SECOND 50%
NaAsH

BEST EX- | 76%
PECTED NASH
SECOND 60%
NaAsH
BEST Ex- | 76%
PECTED NASH

FIRST NASH

SECOND BEST EX- | 84%
NaAsH PECTED NASH

BEST EX- | BEST EX- | 100%
PECTED NASH | PECTED NASH

FIRST NASH FIRST NASH 100%
SECOND SECOND 100%
NAsH NAsH

the other is a Single agent, the chance of reaching a
Nash equilibrium increases to 51.3% on average. When
both agents are Nash agents, but use different updat-
ing rules, they will end up with a Nash equilibrium
55%°8 of times on average. Finally, when both agents
are Nash agents and use the same updating rule, they
end up with a Nash equilibrium 79%7 of times.

The above experiments show that agents are more
likely to reach a joint optimal path when they fol-
low multiagent Q-learning than follow single-agent Q-
learning. This implies that an agent in general per-
forms better under multiagent Q-learning than un-
der single-agent Q-learning, regardless the learning
method used by another agent.

5. Conclusions

We test the convergence of a multiagent Q-learning al-
gorithm for general-sum stochastic games in two grid-
world games. The grid-world games are constructed
to relax the assumptions on the property of Q-tables
during learning and the property of the Nash equilib-
rium Q-tables. Our experiments show that the multi-
agent Q-learning converges in the game satisfying the
restriction on Nash equilibrium Q-tables but violat-
ing the restriction on Q-tables during learning. The
learning fails to converge in the game violating both
T 64%+78%+36%+42% .

6This is calculated from T
68%+90%
L .

"This is calculated from



Table 12. Learning performance in Grid Game 2

LEARNING STRATEGY ResuLts — OF
LEARNING
AGENT 1 AGENT 2 PERCENTAGE
OF TOTAL
RUNS
THAT REACH
A NAsH
EQUILIBRIUM
SINGLE SINGLE 50%
SINGLE FIRST NASH 54%
SECOND 62%
NAsH
BEST EX- | 38%
PECTED NASH
FIrRsT NASH SECOND 64%
NAsH
BEST Ex- | 78%
PECTED NASH
SECOND BEST EX- | 36%
NAsH PECTED NASH
BEST EX- | BEST EX- | 42%
PECTED NASH | PECTED NASH
FIRST NASH FIRST NASH 68%
SECOND SECOND 90%
NAsSH NAsSH

restrictions. These results suggest that the restriction
on Nash equilibrium Q-tables is necessary for conver-
gence, but the restriction on Q-tables during learning
is not essential. This poses the possibility to relax the
latter restriction in future theoretical study.

We compare the performance of this multiagent Q-
learning method with single-agent Q-learning method.
When the other agent assumes different types, in both
games, our learning agent is more likely to reach a joint
optimal path when it uses multiagent Q-learning than
using single-agent Q-learning. This implies that the
offline-learning performance of multiagent Q-learning
is better than single-agent Q-learning. In the future,
we would like to investigate the online learning perfor-
mance of this multiagent Q-learning algorithm.
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