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ABSTRACT

Learning in multiagent systems is generally slow because
the agent has to extract its correct policy through not only
through its interaction with the environment, but also from
its interactions with other learning agents. In this paper, we
present an approach that significantly improves the learning
speed in multiagent systems by allowing an agent to up-
date its estimate of the rewards for all its available actions,
not just the action that was taken. Our results show that
the rewards on such “actions not taken” are beneficial early
in training, particularly when agent teams are leveraged to
estimate those rewards.
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1. LEARNING
Learning in large multiagent systems is a critical area of

research with applications ranging from robocup soccer, to
rover coordination, to air traffic management [3, 4]. What
makes this problem particularly challenging is that the agents
in the system provide a constantly changing background in
which each agent needs to learn its task. In this paper,
we explore the concept of agents learning from actions they
do not take by estimating the rewards they would have re-
ceived had they taken those actions. These counterfactual
rewards are estimated using the theory developed for struc-
tural credit assignment, and prove effective in the congestion
games. We use congestion games to test our algorithm as
such games provide an environment where agents need to co-
ordinate their actions, rather than learn to take particular
actions. This type of problem is ubiquitous in routing do-
mains (e.g., on a highway, a particular lane is not preferable
to any other lane, but what matters is how many others are
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using a particular lane). The system performance is quan-
tified by a full system reward function G. This reward is
a function of the full system state z (e.g., the joint action of
all agents in the system), and is given by:

G(z) =

nX
k=1

xke
−xk

C (1)

where: n is the number of possible actions, xk is the number
of agents taking action k, and C is a real-valued parameter
that represents the capacity of the resource.

The agent actions in this problem is to select a resource.
The learning algorithm for each agent is a simple reinforce-
ment learner (action value). Each agent keeps an n-dimensional
vector providing its estimates of the reward it would receive
for taking each possible action, and picks an action prob-
abilistically based on those values [2]. Having each agent
receive the full system reward leads to slow learning [1]. As
a consequence, in this work, we use the difference reward
as a starting point [1]:

Di(z) = G(z) − G(z − zi) (2)

where z−zi specifies the state of the system without agent i
(we use zero padded vector addition on states in this paper).

2. ACTION NOT TAKEN (ANT) REWARDS
Though the difference reward given in Equation 2, pro-

vides a reward tuned to an agent’s actions, it is still based
on an agent sampling each of its actions a (potentially large)
number of times. In this work, in order to increase the learn-
ing speed, we introduce the concept of action-not-taken re-
wards, or ANT rewards. The goal with ANT rewards is to
provide estimates of how the system would have turned out
had an agent taken a particular action. The mathematics
that allow the computation of the difference reward can be
used to compute this type of reward. For an agent i who
selected action a at this step, the counterfactual reward for
action b is given by:

Di→b(z) = G(z − za
i + zb

i ) − G(z − za
i ) (3)

where Di→b is the reward for agent i taking action b; za
i is

the state component where agent i has taken action a; zb
i is

the state component where agent i has taken action b.
For an agent taking action a, the second term of Equa-

tion 3 (G(z − za
i )) is the same as the second term of Equa-

tion 2. Namely the reward for the state where agent i has
not taken the particular action that it took. The first term
though is the key to the ANT-reward, and gives the reward
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that would have resulted had agent i taken action b rather
than action a. Utilizing this structure, Di

ANT becomes:

Di
ANT =

j
G(z) − G(z − za

i ) for i → a
G(z − za

i + zb
i ) − G(z − za

i ) for i → b �= a
(4)

where i → a means that agent i has taken action a. Note,
the removal of the state in which agent i has taken action
a in the second term represents the system state without
agent i. Because agent i had taken action a, this removal
results in a state where agent i has taken neither action a nor
action b (which it has never taken). Hence the second term
is the same for both conditions conditions of Equation 4.
Figure 1 shows that agents using ANT-rewards early sig-
nificantly speeds up the learning process, though does not
result in agents reaching higher performance (120 agents,
C=6, n=5, averaged over 20 runs).

Figure 1: System performance for ANT with early
stopping (ES). Stopping occurs at week 6.

3. TEAM ESTIMATES FOR ANT
The computation of the second term of Equation 4 can

be improved if agents use information from“team members”
to update their reward estimates. Extending this further,
instead of using the team members as information sources,
all team members taking a particular answer can receive the
same reward. The learning strategy is to use team infor-
mation only during the first weeks (three in the reported
results, but the performance is similar for minor changes to
this parameter) of learning and switch to the regular differ-
ence reward (Equation 2) for the rest of the training period.
The key aspect of this approach is that the team members
measure the impact of a team not taking a particular action,
rather than an individual agent. As a result, agents learn
with their team in a smaller state, leading to:

Di
Team=

8<
:

G(z)−G(z − za
Ti

) for Ti → a
G(z−za

i +zb
j )−G(z−zb

Ti
−za

i ) for i → b ∈ T i

0 otherwise
(5)

where za
Ti

is the state component of team members of agent
i taking action a. In this formulation, the impact of all of
agent’s i teammates are removed before the reward is cal-
culated. Note in this case, unlike in Equation 4, the second
term is different for the two actions. This is because this
term estimates the impact of removing all team members of
i that had taken a particular action. When agent i changes
its action, this also changes the team members taking the
same action as i. For the action a selected by agent i, we
only need to remove all its team members who took that
action. But to find the counterfactual reward for action b,

we need to remove the actual action of agent i (action a)
and then remove the team members who had taken action
b. Though conceptually similar to previous rewards, the
presence of team members leads to this subtle difference in
the computation of the team action-not-taken reward.

Providing a weighting factor for the second term of the
counterfactual reward further improves this process, by mak-
ing the reward estimate more accurate. This leads to a
weighted team reward for agent i and action b by replac-
ing the condition (i → b ∈ T i) in Equation 5 by:

Di→b
WT = G(z − za

i + zb
i ) − μ˛

˛
˛T i

ki→b

˛
˛
˛
· G(z − zb

Ti
− za

i ) (6)

where μ˛
˛
˛T i

ki→b

˛
˛
˛
is the average number of team members tak-

ing action b.

Figure 2: System performance for the weighted
team rewards.

Figure 2 explores this idea for 460 agents in a system with
7 actions and a capacity of 4. Because the optimal capacity
in this case is 7× 4 = 28, this creates significant congestion.
The results show that traditional D starts to suffer in this
case, and that the weighted DWT outperforms DTEAM .

In summary, the use of estimated rewards for actions not
taken by agents provides a significant speedup in learning,
as well as improved system performance, particularly when
agent use teams to provide accurate estimates for those re-
wards. The extensions of this work include explicit commu-
nication structures among the team members, agents adopt-
ing particular roles within a team, and better estimates of
counterfactuals to improve the reward estimates. We are
currently investigating all three extensions of this work.
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