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Abstract

Multiagent learning in Markov Decisions Processes is challenging because of
the presence of two credit assignment problems. First, credit must be assigned for
an action taken at time step t that results in a reward at time step t′ > t. Second,
credit must be assigned for the contribution of agent i to the overall system perfor-
mance. The first credit assignment problem is typically addressed with temporal
difference methods such as Q-learning or TD(λ). The second credit assignment
problem is typically addressed by either decomposing the system or creating cus-
tom reward functions. In domains where the coupling among the agent is critical
but not overly tight, both credit assignment problems can be addressed simulta-
neously. “Q Updates with Immediate Counterfactual Rewards-learning” (QUICR-
learning) is designed to specifically address such problems and improve both the
convergence properties and performance of Q-learning in large multiagent prob-
lems. QUICR-learning uses counterfactual actions to eliminate the component of
an agent’s reward that is independent of an agent’s action, while allowing this re-
ward to operate without explicit knowledge of the structure of the agents’ coupling.
Results on a multiagent grid-world problem shows that QUICR-learning provides
significantly faster and better results than conventional and local Q-learning. Ad-
ditional results on a traffic congestion problem show that the improvements due to
QUICR-learning are not domain specific and can provide up to a ten fold increase
in performance over existing methods.

1 Introduction
Coordinating a set of interacting agents that take sequences of actions to maximize a
system level performance criteria is a difficult problem. Addressing this problem with
a large single agent reinforcement learning algorithm is ineffective in general because
the state-space becomes prohibitively large. A more promising approach is to give each
agent in the multiagent system its own reinforcement learner. This approach, however,
introduces a new problem: how to assign credit for the contribution of an agent to the
system performance, which in general is a function of all agents. Allowing each agent
to try to maximize the system level global reward is problematic in all but the smallest
problems as an agent’s reward is masked by the actions of all the other agents in the
system. In Markov Decisions Processes (MDPs) presented in this paper, the global
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reward may be influenced by as many as 3200 actions (actions of 100 agents over 32
time steps). Purely local rewards allow us to overcome this “signal-to-noise” problem.
On the other hand, local rewards are problematic, since there are no guarantees that
policies formed by agents that maximize their local reward will also maximize the
global reward.

In this paper, we describe “Q Updates with Immediate Counterfactual Rewards
learning” (QUICR-learning) which uses agent-specific rewards that ensure fast con-
vergence in multiagent coordination domains 1. Rewards in QUICR-learning are both
heavily agent-sensitive, making the learning task easier, and aligned with the system
level goal, ensuring that agents receiving high rewards are helping the system as a
whole. QUICR-learning uses standard temporal difference methods but because of
its unique reward structure, provides significantly faster convergence than standard Q-
learning in large multiagent systems. The key contribution of this paper is to leverage
existing multiagent rewards and ensure that they remain agent-sensitive and aligned in
a multi-time step problem.

In the next Section, we discuss the Markov Decision Process, and variants needed
to simplify large multiagent problems. We then discuss the temporal and structural
credit assignment problems in multiagent systems, and describe the QUICR-learning
algorithm. The following two sections present results on two different problems that re-
quire coordination, showing that QUICR-learning performs up to ten times better than
standard Q-learning in multiagent coordination problems. Finally we present a brief
summary of the related research, discuss the implications and limitations of QUICR-
learning, then highlight future research directions.

2 Markov Decision Processes
The multiagent credit assignment problem consists of determining how to assign re-
wards (e.g., credit) for a sequence of actions taken by a set of agents. In this paper, we
analyze this credit problem, using a Markov Decision Process (MDP). We can define a
standard MDP as a tuple 〈S,A,Θ,R,Π〉, where S is a finite set of states, A is a finite
set of actions, Θ is the transition function mapping a state and an action to the next
state,R is the reward function mapping an action and state to a real valued reward, and
Π is the policy mapping states to actions. The goal of the system is to find a policy
π ∈ Π that leads to high values of future sum of rewards. In complex, multiagent
problems, finding an optimal policy π is difficult and requires centralization. In this
paper, instead we focus on finding solutions to simplified versions of the Markov Deci-
sion Process that can be efficiently solved by a multiagent system. We summarize the
centralized problem as well as three decentralized versions of decreasing difficulty as
follows:

• Centralized 〈S,A,Θ,R,Π〉: Find single policy π mapping system state s ∈ S
to system action a ∈ A that maximizes future system rewards r ∈ R.

• Full State Multiagent 〈S,Ai,Θ,R,Πi〉: Agent i finds policy πi ∈ Πi mapping
system state s to agent’s action ai ∈ Ai that maximizes future system rewards r.

1QUICR-learning was originally presented in [2]
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• Local State Multiagent 〈Si, Ai,Θ,R,Πi〉: Agent i finds policy πi mapping
agent’s state si ∈ Si to agent’s action ai that maximizes future system rewards
r.

• Independent Agents 〈Si, Ai,Θ,Ri,Πi〉: Agent i finds policy πi mapping agent’s
state si to agent ’s action ai that maximizes future agent’s local rewards ri ∈ Ri.

In this work, we focus on problems where the system state s ∈ S can be broken
down into agent states, and denote the state of agent i by si ∈ Si. In addition, the joint
action a ∈ A can be broken down into agent actions ai ∈ Ai. Note, this makes no
assumptions about the interactions of the agents’ states or actions (particularly about
how joint states and actions lead to rewards) and whether those actions are independent.

2.1 Full State Multiagent Problem
In the centralized MDP we need to find a policy that will generate a system action
a ∈ A, given the state of the system s ∈ S. As the number of agents increases, the size
of the state and action spaces grow exponentially. In all but the most simple multiagent
problems, finding a good policy π through direct methods becomes intractable. As an
alternative to finding a global policy π for all agents, we can have each agent i find its
own policy πi mapping a state s to an agents individual action ai. In this approach, each
agent is separately trying to create a policy that looks at the state of the entire system
and will try to take an action that will lead to high values of future global rewards. The
advantage of this approach is that the action space for each agent’s policy is relatively
small, and agents can create policies in a distributed manner. However, again the state
space is grows exponentially with the number of agents, and finding good policies are
difficult in all but the most trivial systems.

2.2 Local State Multiagent Problem
In domains where the state transitions for an individual agent are critically dependent
on the states of all the other agents, an agent may be forced to take into account the
state s of the entire system into its policy. These problems are extremely complex, as
an agent has to take into account the effect of the states of all the other agents on its own
state transitions, as well the the effect of all the states on its reward. Luckily in many
domains, the states of all the other agents are more important with respect to an agent’s
reward than with respect to its own state transitions. Such domains include satellite and
UAV surveillance. In these domains agents rarely collide or need to avoid each other
so detailed information about other agents’ states are not important. In these domains
an agent needs to know about it’s own state, and perhaps the value of an “aggregate”
state summarizing the states of all the other agents. Domains such as traffic congestion
control are similar in that we do not care about the states of individual vehicles, but
instead care about the aggregate number of vehicles in important locations.

In these types of problems, the state space for an agent can be significantly simpler
than the full state of the entire system. In such domains the state space for an agent i
can include its own state si, in addition to the aggregate state of all the other agents. In
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problems where this aggregate state changes slowly, we can even eliminate the aggre-
gate state, and the agent’s state space will only consist of its own state si. The agents
goal then is to create a policy that maps an agents current state to an action that will
try to maximize the the system reward, which is still a function of all the states of the
system. The goal the the QUICR-learning algorithm is to improve the performance of
this process.

2.3 Independent Agent Problem
In some domains the states of the agents are completely independent: the action an
agent should take to maximize the system reward is independent of the states of the
other agents. In such domains the goal of an agent is to find a policy that maps its own
state si to its action ai that will maximize its own reward ri. In these domains there is
no true multiagent problem, since all the agents can act independently.

3 Solving MDPs and Credit Assignment
In solving an MDP we need to create a policy that maximizes the sum of future rewards.
Starting from the current time step t, the undiscounted sum of rewards until a final time
step T can be represented by:

Rt =
T∑
τ=t

rτ . (1)

To solve this problem we need to address the temporal credit assignment problem
of how our current action a at time t affects the future rewards. Solving this problem
can be complicated since an action taken now may increase our immediate reward, at
the cost of reducing future rewards. In most multiagent problems, in addition to the
temporal credit assignment problem, we also have the structural credit assignment
problem: how an action ai taken by an individual agent i affects the system reward
R, which is a function of the actions of all of the agents. Solving both these credit
assignment problems at once is difficult since each reward is a function of actions from
different agents over different time steps. Every reward is a function of the states of
all the agents, and every state is a function of all the actions that preceded it (even
though it is Markovian, the previous states ultimately depend on previous actions). In
a system with n agents, a reward received on the last time step can be affected by up to
n ∗ T actions. Looking at rewards received at different time steps, on average 1

2n ∗ T
actions may affect a reward in tightly coupled systems. Agents need to use this reward
to evaluate their single action; in the domains presented in the results sections with
forty agents and twenty time steps there are up to 800 actions affecting the reward!

Note that both the full state and local state multiagent problems contain both credit
assignment problems since they both maximize the full system reward, while the in-
dependent agent problem only contains the temporal credit assignment problem, since
each agent is maximizing a reward that is only a function of its own state. In the fol-
lowing sections we describe how to address these credit assignment problems within
the framework of reinforcement learning.
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3.1 Standard Q-Learning
Reinforcement learners such as Q-learning address (though imperfectly) how to assign
credit of future rewards to an agent’s current action. The goal of Q-learning is to create
a policy that maximizes the sum of future rewards, Rt, from the current state [23, 41,
49]. It does this by maintaining tables of Q-values, which estimate the expected sum
of future rewards for a particular action in a particular state. In the TD(0) version of
Q-learning, a Q-value, Q(st, at), is updated with the following Q-learning rule 2:

Q(st, at) = rt +maxaQ(st+1, a) . (2)

This update assumes that the action at is most responsible for the immediate reward rt,
and is less responsible for the sum of future rewards,

∑T
τ=t rτ (sτ ). This assumption

is reasonable since rewards in the future are affected by uncertain future actions and
noise in state transitions. Instead of using the sum of future rewards directly to update
its table, Q-learning uses a Q-value from the next state entered as an estimate for those
future rewards. Under certain assumptions, Q-values are shown to converge to the
actual value of the future rewards [49].

Even though Q-learning addresses the temporal credit assignment problem (i.e.,
tries to apportion the effects of all actions taken at other time steps to the current re-
ward), it does not address the structural credit assignment problem (i.e., how to ap-
portion credit to the individual agents in the system). At every time step Q-learning
uses the system reward rt, which is a function of the actions of many agents. As a
result when many agents need to coordinate their actions, standard Q-learning is gen-
erally slow since it needs all agents to tease out their time dependent contribution to
the global system performance based on the system reward they receive. An additional
issue with standard Q-learning is that in general an agent needs to fully observe the
actions of other agents in order to compute its reward. This requirement is reduced in
the “Local Q-Learning” and “QUICR-Learning” algorithms presented in this paper.

3.2 Local Q-Learning
One way to address the structural credit assignment problem and allow for fast learning
is to assume that our multiagent problem is an independent agent problem. Without this
assumption, the immediate reward function for a multiagent reward system may be a
function of all the states:

rt(st,1, st,2, . . . , st,n) ,

where st,i is the state for agent i and is a function of only agent i’s previous actions.
The number of states determining the reward grows linearly with the number of agents,
while the number of actions that determine each state grows linearly with the number
of time steps. To reduce the huge number of actions that affect this reward, often the

2To simplify notation, this paper uses Q-learning update notation for deterministic (where learning rate
α = 1 converges), undiscounted Q-learning. The extensions to non-deterministic and discounted cases
through the addition of learning rate and discounting parameters are straight-forward.
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reward is assumed to be linearly separable:

rt(st) =
∑
i

wirt,i(st,i) .

Then each agent receives a reward rt,i which is only a function of its action. Q-learning
is then used to resolve the remaining temporal credit assignment problem. If the agents
are indeed independent and their pursuing their local rewards has no deleterious side
effects on each other, this method leads to a significant speedup in learning rates as
an agent receives direct credit for its actions. However, if the agents are coupled, then
though local Q-learning will allow fast convergence, the agents will tend to converge
to the wrong policies (i.e., policies that are not globally desirable). In the worst case of
strong agent coupling, this can lead to worse than random performance [50]).

3.3 QUICR-Learning
In this section we present QUICR-learning, a learning algorithm for multiagent systems
that does not assume that the system reward function is linearly separable. Instead it
uses a mechanism for creating rewards that are a function of all of the agents, but still
provide many of the benefits of hand-crafted rewards. In particular, QUICR-learning
rewards have:

1. high “alignment” with the overall learning task.

2. high “sensitivity” to the actions of the agent.

The first property of alignment means that when an agent maximizes its own reward
it tends to maximize the overall system reward. Without this property, a large multia-
gent system can lead to agents performing useless work, or worse, working at cross-
purposes. Having aligned rewards is critical to multiagent coordination. Reward sen-
sitivity means that an agent’s reward is more sensitive to its own actions than to other
agents’ actions. This property is important for agents to learn quickly. Note that as-
signing the full system reward to all the agents (e.g., standard Q-learning) has low
agent-sensitivity, since each agent’s reward depends on the actions of all the other
agents.

QUICR-learning is based on providing agents with rewards that are both aligned
with the system goals and sensitive to the agent’s states. It aims to provide the benefits
of customizing rewards without requiring detailed domain knowledge. In a task where
the reward can be expressed as in Equation 1, let us introduce the difference reward
(adapted from [50]) given by:

dit(st) = rt(st)− rt(st − st,i + ct,i) ,

where st − st,i + ct,i denotes a counterfactual where the state of agent i, st,i, has been
replaced by the counterfactual state ct,i, which is independent of the state st 3. We

3This notation uses zero padding and vector addition rather than concatenation to form full state vectors
from partial state vectors. The vector “zi” in our notation would be ziei in standard vector notation, where
ei is a vector with a value of 1 in the ith component and is zero everywhere else.
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discuss the justification for this reward heuristic at the end of the section. Difference
rewards of this form have been used successfully in a number of wide number of single-
time-step domains, where rewards that were highly aligned the the overall task and
highly sensitive to the agents actions were needed [4, 3, 46, 42, 45, 47, 50].

Given the definition of the difference reward, an MDP that is maximizing the sum
of future difference rewards will be maximizing the following:

Di
t(st) =

T∑
τ=t

rτ (sτ )− rτ (sτ − sτ,i + cτ,i) . (3)

From this equation, there are clear restrictions for the counterfactual cτ,i. First of all
to be Markovian, given the state sτ , cτ,i should be independent of all the previous
states. In addition our definition of difference reward requires cτ,i to be independent
of current state. These two restrictions force the sequence of cτ,i to have completely
independent dynamics to the rest of the problem. Since adding dynamics to cτ,i sim-
ply introduces unneeded complexity, we simplify with a time-independent ci and or an
agent-independent c. The effect of these counterfactuals is to move the agent i to an
absorbing state, where it never moves. Any attempt to create a sequence of counter-
factuals that follows the actual dynamics will either break the Markov assumption of
the definition of d. Given this simplification, the difference reward can be defined as:

dit(st) = rt(st)− rt(st − st,i + c) , (4)

where the expression st − st,i + c denotes replacing agent i’s state with state c.
Now the Q-learning rule can be applied to the difference reward, resulting in the

QUICR-learning rule:

QUICR(st, at) = rt(st)− rt(st − st,i + c)
+maxaQ(st+1, a)

= dit(st) +maxaQ(st+1, a) . (5)

Note that since this learning rule is Q-learning, albeit applied to a different reward
structure, it shares all the convergence properties of Q-learning. In order to show that
Equation 5 leads to good system level behavior, we need to show that agent i maximiz-
ing dit(st) (e.g., following Equation 5) will maximize the system reward rt.

3.3.1 Alignment of Difference Reward

Note that by definition (st−st,i+ c) is independent of the actions of agent i, since it is
formed by moving agent i to the absorbing state c from which it cannot emerge. This
effectively means the partial differential of dit(st) with respect to agent i is4:

∂

∂si

dit(st) =
∂

∂si

(rt(st)− rt(st − st,i + c))

4Though in this work we show this result for differentiable states, the principle applies to more general
states, including discrete states.
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=
∂

∂si

rt(st)−
∂

∂si

rt(st − st,i + c)

=
∂

∂si

rt(st)− 0

=
∂

∂si

rt(st). (6)

Therefore any agent i using a learning algorithm to optimize dit(st) will tend to opti-
mize rt(st).

3.3.2 Sensitivity of Difference Reward

In a wide variety of domains the difference reward has been empirically shown to be
more sensitive to the agents’ actions than the system reward [4, 3, 46, 42, 45, 47, 50].
Although this benefit is highly dependent on the structure of the particular domain.
A more theoretical justification can be given in domains where an agent’s impact on
the system reward is coupled with a small number of other agents, but independent of
many others. Let us assume that the reward in such a domain can be decomposed into
an additive set of terms:

r(s) = ri(si) + r−i(s−i) + rk(s) , (7)

where ri(si) is the impact of agent i’s action independent of the actions of other agents,
r−i(s−i) is the impact of other agents’ actions independent of agent i, and rk(s) is the
impact of agent i’s action coupled with the actions of other agents. If the system reward
is in this form, the difference reward becomes:

dit(st) = rt(st)− rt(st − st,i + c)
= ri(st,i) + r−i(st,−i) + rk(st)− (ri(c) + r−i(st,−i) + rk(c, xt,−i))
= ri(st,i) + rk(st)− rk(c, xt,−i) .

Here the terms independent of agent i’s action cancel out and all that we are left with is
the term solely dependent on agent i’s action and the coupled terms. If the magnitude
of these coupled terms are relatively small (agents are not tightly coupled together),
then we would expect the difference reward to be more sensitive to an agent’s actions.

3.4 QUICR-Learning and Difference Rewards
The difference reward in QUICR-Learning, dit(st) = rt(st)−rt(st−st,i+c), is closely
related to the Difference Reward used in multiple non-time-extended problems [3, 50]:

DRi(s) = r(s)− r(s− si + c) , (8)

where c is independent of state si. The strait-forward conversion of this into single-
time-step rewards is:

DRit(st) = r(st)− r(st − st,i + ct) , (9)
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where ct is independent of state st. The reward dit(st) is a form of DRit(st) that places
greater restriction on ct: it must be independent of all previous states. This restriction
is needed to keep the Markov assumption as mentioned previously.

One could consider loosening the restrictions on bt so that it is only independent of
the current state. With this less restrictive, ct, an action taken by agent i can still only
affect the first term of DRit: r(st). Therefore using the less restrictive, ct, still results
in a reward that is aligned with the system reward for a single time step, and allows us
additional flexibility in creating rewards. In this paper we analyze a particular form of
this reward, which we call the local difference reward, dl:

dlit(st) = r(st)− r(st − st,i + clt) , (10)

where clt is the state entered as a result of taking action zero instead of action at. By
replacing st,i with a more local state, we can often improve sensitivity reward. Since
the counterfactual is more closely related to the original action, the value of r(st −
st,i + clt) will be more related to r(st), reducing the side effects that a more extreme
counterfactual would cause. However, while dl is aligned with the system reward at any
single time step, it breaks the Markov assumption and ultimately causes the reward to
be not “aligned through time.” The subtle difficulty is that values of dlit get propagated
back to previous states through Q-learning. If clt is not independent of all previous
states, values that are not aligned with the system reward may be propagated back to
previous states. This problem is shown in Figure 1. In this example an agent can take
two actions for two time steps, ending up in one of four possible states. In addition to
the possible “factual” states is also a set of “fictional” counterfactual states that are used
in the computation of d. The topmost figures show that the sum of difference rewards
ranks four possible final states the same way that the sum of global rewards does.
However the bottom right figure shows how this is not true with the local difference
reward. While at any particular time step the local difference reward is aligned with
the global reward, the sum of local difference rewards is not aligned with the sum of
global rewards. Even though this lack of alignment through time sometimes does not
matter, experimental results presented later in this paper show that it is often important.

4 Multiagent Grid World Experiments
To evaluate the performance of QUICR-learning, we perform experiments that test the
ability of agents to maximize a reward in a grid world domain. These experiments will
show the relative performance of QUICR-learning, Q-learning, local Q-learning, and
Q-learning using the local difference reward. In addition these experiments will give
us insight into the relative tradeoffs between reward sensitivities and reward alignment
between the four different rewards used in these learning algorithms.

Our grid world domain used in these experiments is a multiagent version of a stan-
dard grid world problem [41]. In the single-agent problem, at each time step, the agent
can move up, down, right or left one grid square, and receives a reward (possibly zero)
after each move. The observable state space for the agent is its grid coordinate and
the reward it receives depends on the grid square to which it moves. In the episodic
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d

dl

4 3 1 2 0

4-1=3 3-1=2 2-1=1 0-1=-1

4-3=1 3-3=0 2-0=2 0-0=0

Figure 1: Alignment of Rewards. An agent starts at the top most node and takes one
of two possible actions for two time steps. System reward is received at last time step
shown is circles of leaf nodes. Dotted circles represent “counterfactual” states used in
the computation of d. To receive the maximum system reward the agent should go left
twice. Below each leaf node is the reward computed by the difference reward (d) and
the local difference reward (dl). Here agents using d will order the rewards the same
way as agents using r. To maximize d an agent will go left twice. However, agents
using dl will order them differently. To maximize dl an agent will go right, then left.

version, which is the focus of this paper, the agent moves for a fixed number of time
steps, and then is returned to its starting location.

In the multiagent version of the problem there are multiple agents navigating the
grid simultaneously influencing each others’ rewards. In this problem agents are re-
warded for observing tokens located in the grid. Each token has a value between zero
and one, and each grid square can have at most one token. When an agent moves into
a grid square, it observes a token and receives a reward for the value of the token. Re-
wards are only received on the first observation of the token. Future observations from
the agent or other agents do not receive rewards in the same episode. More precisely,
rt is computed by:

rt(st) =
∑
i

∑
j

VjI
t
st,i=Lj

, (11)

where It is the indicator function which returns one when an agent in state st,i is in the
location of an unobserved token Lj . The global reward of the multiagent grid world
problem is to observe the highest aggregated value of tokens in a fixed number of time
steps T.
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4.1 Learning Algorithms
In our experiments for both this grid world problem and the traffic congestion prob-
lem(presented in the next section) we tested the multiagent system using variants of
the temporal difference method with λ = 0 (TD(0)). The actions of the agents were
chosen using an epsilon-greedy exploration scheme and tables were initially set to zero
with ties broken randomly (in the traffic congestion experiment ε was set to 0.05 and
in the multiagent grid world experiment ε was set to 0.15). The learning rate was set
to 0.5 (however to simplify notation we do not show the learning rates in the update
equations). The four algorithms are as follows:

• Standard Q-learning is based on the full reward rt:

Q(st, at) = rt(st) +maxaQ(st+1, a) . (12)

• Local Q-learning is only a function of the specific agent’s own state:

Qloc(st, at) = sumjVjI
t,i
st,i=Lj

+maxaQloc(st+1, a).

• QUICR-learning instead updates with a reward that is a function of all of the
states, but uses counterfactuals to suppress the effect of other agents’ actions:

QUICR(st, at) = rt(st)− rt(st−st,i+c)
+ maxaQUICR(st+1, a) ,

where st − st,i + sb is the state resulting from removing agent i′s state and
replacing it with the absorbing state c.

• DL Q-learning is similar to QUICR-learning, but uses a different counterfactual
state. Instead of replacing the state st,i by the absorbing state sb, it is replaced
by the state that the agent would have been in if he had taken action 0, which
causes the agent to move to the right:

QDL(st, at) = rt(st)− rt(st − st,i + srightt−1,i)
+ maxaQDL(st+1, a) ,

where srightt−1,i is the state to the right of st−1,i.

4.2 Simulation Results
In the multiagent grid world experiments we use two different token distributions to
test different aspects of the learning method. In the first set of experiments we explore
a domain with a structured token distribution. In this distribution the most valuable
tokens are in the center. The value of the tokens then decreases from the center until
the edge of the domain is reached, where the tokens again increase in value. Figure 2
shows an instance of the grid world using this distribution for the 20x20 world, used in
the experiments with 40 agents.
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Figure 2: Edge Token Distribution.
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Figure 3: Multiagent Grid World Problem (40 Agents) Edge Token Distribution.

This domain is designed to create both credit assignment problems at once. Hav-
ing a small set of valuable tokens in the center creates a structural credit assignment
problem, since all of the agents want to observe these valuable tokens, if they are not
taking into account what other agents are doing. This token distribution also creates a
temporal credit assignment problem as many of the valuable tokens are located at the
edge of the domain and can only be observed close to the end of an episode. To reach
these tokens, agents have to take actions that have little return for many time steps.

Figure 3 shows the performance for 40 agents on a 400 unit-square world for
episodes of 20 time steps (error bars of ± one σ are included). The performance
measure in these figures is the sum of full rewards (rt(st)) received in an episode,
normalized so that the maximum reward achievable is 1.0. Note all learning methods
are evaluated on the same reward function, independent of the reward function that they
are internally using to assign credit to the agents. The results show that agents using lo-
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cal Q-learning perform poorly and only achieve a highly suboptimal solution. This low
performance is caused by all the agents focusing on the valuable tokens in the center
of the domain. Agents using Q-learning also perform poorly since each agent as little
influence on the value of its reward. Note however, that agents using Q-learning even-
tually do outperform agents using local Q-learning, since Q-learning is at least aligned
with the system goal. Agents using QUICR-learning learn quickly in this domain and
achieve the highest end result. This happens since QUICR-learning using a reward that
is both aligned to the system goal and also highly sensitive to the agent’s actions. In-
terestingly DL Q-learning performs even better than QUICR-learning at first, but then
its performance stagnates as agents reach a lower performing solution. This result is
caused by the dlt reward used in DL Q-learing being even more sensitive to the agent’s
actions than the d reward, but not being aligned with the system level goals. The high
sensitivity causes the agents to learn quickly, but ultimately they learn to maximize a
reward that is slightly different than the system reward, causing a suboptimal conver-
gence.
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Figure 4: Scaling Multiagent Grid World Problem Edge Token Distribution.

Figure 4 explores the scaling properties for each algorithm using this token distri-
bution. As the number of agents is increased, the difficulty of the problem is kept con-
stant by increasing the size of the grid world, and allocating more time for an episode.
Specifically the ratio of the number of agents to total number of grid squares and the
ratio of the number of agents to total value of tokens is held constant. In addition the
ratio of the furthest grid square from the agents’ starting point to the total amount of
time in an episode is also held constant (e.g., 40 agents, 20x20 grid, 20 steps, 400
agents, 63x63 grid, 63 time steps).

As predicted agents using Q-learning scale poorly, because of the low sensitivity of
the system reward. Local Q-learning also scales poorly even though the local reward is
highly sensitive. However, this can be explained by both algorithms simply performing
barely above random in all the experiments. In contrast QUICR-learning achieves high
levels of performance even when there are many agents.
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Figure 5: Random Token Distribution.

In the second set of experiments we investigate the behavior of agents in a grid
world where the token values are randomly distributed. In this world, for n agents,
there are n/3 Gaussian “attractors” whose centers are randomly distributed. Figure 5
shows an instance of the grid world using this distribution for the 20x20 world, used in
the experiments with 40 agents.

Figure 6 shows the performance for 40 agents on a 400 unit-square world for
episodes of 20 time steps. The results show again that local Q-learning generally
produces poor results. This problem is caused by all agents aiming to acquire the
most valuable tokens, and congregating towards the locations of high value tokens.
In essence, in this case agents using local Q-learning compete, rather than cooperate.
The agents using standard Q-learning perform even worse as the agents are plagued
by the credit assignment problem associated with each agent receiving the full world
reward for each individual action they take. Agents using QUICR-learning on the other
hand learn rapidly, outperforming both local and standard Q-learning by a large mar-
gin. Agents using DL Q-learning initially learn even faster than agents using QUICR-
learning, but converge to an inferior final solution.

Figure 7 explores the scaling properties for each algorithm. The scaling results
show that agents using standard Q-learning deteriorate rapidly as the number of agents
increases. Agents using QUICR-learning on the other hand are not strongly affected by
the increase in the size of the problem, and outperformed local and standard Q-learners.
This is because QUICR-learning agents received rewards that were both aligned with
the sytem goal had high agent sensitivity (i.e.,less affected by the size of the system).
This result underscores the need for using rewards that suppress the affect of other
agents actions in large systems.
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Figure 6: Multiagent Grid World Problem (40 Agents) Random Token Distribution.

5 Traffic Congestion Experiment
To evaluate the performance of QUICR-learning in another domain, we perform exper-
iments that test the ability of agents to maximize a reward based on an abstract traffic
simulation. In this experiment n drivers can take a combination of m roads to make it
to their destination. Each road j has an ideal capacity cj representing the size of the
road. In addition each road has a weighting value wj representing a driver’s benefit
from taking the road. This weighting value can be used to represent such properties
such as a road’s difficulty to drive on and convenience to destination. In this exper-
iment a driver starts on a road chosen randomly. At every time step, the driver can
choose to stay on the same road or to transfer to one of two adjacent roads. In order to
test the ability of learners to perform long term planning, the global reward is zero for
all time steps, except for the last time step when it is computed as follows:

rt =
∑
j

kj,te
(−

kj,t
cj

)
, (13)

where kj,t is the number of drivers on road j at time t.

5.1 Learning Algorithms
As in the multiagent grid world problem, we test the performance of the following four
learning methods:

• Standard Q-learning is based on the full reward rt:

Q(st, at) = rt(st) +maxaQ(st+1, a) . (14)

• Local Q-learning is only a function of the specific driver’s own road, j:

Qloc(st, at) = kj,te
(−

kj,t
cj

) +maxaQloc(st+1, a) .
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Figure 7: Scaling Multiagent Grid World Problem Random Token Distribution.

• QUICR-learning instead updates with a reward that is a function of all of the
states, but uses counterfactuals to suppress the effect of other driver’s actions:

QUICR(st, at) = rt(st)− rt(st−st,i+sb)
+maxaQUICR(st+1, a) ,

where st − st,i + sb is the state resulting from removing agent i′s state and
replacing it with the absorbing state sb.

• DLt Q-learning is similar to QUICR-learning, but uses a simpler form of coun-
terfactual state. Instead of replacing the state st,i by the absorbing state sb, it is
replaced by the state that the driver would have been in if he had taken action 0,
which in this case is the same road he was on the previous time step : st−1,i. The
resulting update equation is:

QDL(st, at) = rt(st)− rt(st − st,i + st−1,i)
+maxaQDL(st+1, a) .

5.2 Simulation Results
Experimental results on the traffic congestion problem show that QUICR-learning
learns more quickly and achieves a higher level of performance than the other learning
methods (Figure 8). While standard Q-learning is able to improve performance with
time, it learns very slowly. This slow learning rate is caused by Q-learning’s use of
the full system reward rt(st), which is a function of the actions of all the other drivers.
When a driver takes an action that is beneficial, the driver may still receive a poor
reward if some of the fifty nine other drivers took poor actions at the same time. In
contrast, local Q-learning learns quickly, but since it uses a reward that is not aligned
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with the system reward, drivers using local Q-learning eventually learn to take bad ac-
tions. Early in learning drivers using local Q-learning perform well as they learn to use
the roads with high capacity and higher weighting. However, as learning progresses the
drivers start overusing the roads with high weighting, since their reward does not take
into account that using other roads would benefit the system as a whole. This system
creates a classic Tragedy of the Commons scenario. By over utilizing the “beneficial”
roads, the drivers end up being worse off than if they had acted in a cooperative man-
ner. Drivers using DRt Q-learning have similar problems because although they are
aligned at each time step, they are not aligned across time steps.
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Figure 8: Traffic Congestion Problem (50 Agents).

To test the ability of the learning methods to scale to large numbers of drivers, we
have a set of scaling experiments ranging from 40 to 500 drivers. Scaling is performed
by adjusting the capacities of the roads in proportion to the number of drivers, and
normalizing the system reward. The results of the scaling experiments are shown in
Figure 9. These results show that drivers using Q-learning do not scale well, as their
performance becomes even lower than their initially low level when the number of
drivers increases. Drivers using local Q-learning are mostly unaffected by scaling,
maintaining a constant low level of performance. In contrast, drivers using QUICR-
learing scale very well when there are a large number of drivers, with performance
increasing as the number of drivers increases. This increase in performance can be
attributed the discrete nature of the reward function. When there are a large number
of drivers it is easier to position them in such a way that the distribution is close to
optimal.

6 Single-Time-Step Problems
While reinforcement learning is usually used in problems where agents need to take
a sequence of actions that maximize a sum of rewards, it is illustrative to show how
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Figure 9: Scaling for Traffic Congestion Problem.

the learning algorithms perform on a single-time-step version of the traffic congestion
problem. In particular, we claim that while the sum of dlt rewards is not aligned with
a sum of global rewards rt, it is aligned at every particular time step. Therefore in
a single-time-step problem the dl reward should rank actions the same as the global
reward.

In this experiment again the drivers are trying to find the best lanes to be in to min-
imize congestion. However, in this version they can choose to be in any lane, instead
of only being able to chose the lane to right or left of their previous lane. In addi-
tion in this experiment drivers only choose their lanes once, and the rewards reflect
the drivers choice of lane for this single time step. The results of this experiment are
shown in Figure 10. Again drivers using local Q-learing initially reaches a reason-
able performance level, but quickly decline in performance, as the local reward is not
aligned with the global one. Also as before, drivers using the global reward learn very
slowly. As before drivers using QUICR-learning learn quickly and achieve a high value
of the reward. However, drivers using DL Q-learning also perform nearly identical as
drivers using QUICR-learning as the local difference reward becomes identical to the
difference reward in the single-time-step case.

7 Related Work
Using machine learning techniques to coordinate multiagent systems has been ap-
proached from several different ways in the literature originating from a diverse set
of field. While many of the methods are interrelated we will summarize them by divid-
ing them up into four main categories:

• Subgoal Methods: These solutions use either hand made or automatically gener-
ated subgoals to significantly reduce the complexity of multiagent learning.
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Figure 10: Single Action Traffic Congestion Problem.

• Factoring and Local Methods: These solutions setup the multiagent problem in
such a way that a good global solution can be formed while agents optimize
locally.

• Hierarchical MDPs: These solutions look at ways of breaking the multiagent
problem into hierarchies, either through time or space.

• Game Theory: These techniques apply game theoretic analysis to the multiagent
problem.

The applicability of these techniques range in how much information is known about
the multiagent system, how tightly coupled the agents are, how many agents there are
and the strictness of the convergence requirements.

Subgoal Methods

Currently subgoal methods that leverage domain knowledge to exploit a problem’s
substructure, are some of the best performing multiagent learning methods. In robotic
soccer for example, player specific subtasks are used, followed by tiling to provide
good convergence properties [40]. With proper implementation it was shown that in
this domain effective learning could be accomplished using actual robots without any
simulation. In a robot coordination problem for the foraging domain it was also shown
that specific rules induce good division of labor [22]. In addition with multi-robot path
finding spacial decomposition has been used to simplify path finding in both single
agent and multiagent problems [39].

Factoring and Local Methods

As the number of agents becomes large it is difficult for multiagent reinforcement sys-
tems to perform well [43]. One way to address this issue is to decompose the multiagent
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systems into independent groups, where learning within groups of agents (or groups of
variables) becomes an easier problem [16, 24, 26, 8, 38, 7, 34, 30]. These techniques
typically take advantage of a certain amount of linearity of the reward function [11, 37].
In domains where groups of agents can be assumed to be independent, the task can be
decomposed by learning a set basis functions used to represent the value function,
where each basis only processes a small number of the state variables [17]. In domains
that can be decomposed into “sub-agents” with additive rewards, Q-decomposition can
be used to apply Q-learning to multiagent problems [35]. This work has been extended
by using bounding methods to improve performance through state pruning [33]. On
a multiagent resource allocation problem, influence diagrams have been used with de-
composition to simplify the multiagent problem [27]. Also multiagent Partially Ob-
servable Markov Decision Processes (POMDPs) can be simplified through piecewise
linear rewards [29]. In addition, in some domains neighborhood information can be
used to create local rewards that greatly speed up multiagent learning [5].

Hierarchical MDPs

Hierarchical methods can be used to simplify both single-agent and multiagent rein-
forcement learning problems [32, 28, 6]. Task decomposition in single agent RL can
be achieved using hierarchical reinforcement learning methods such as MAXQ value
function decomposition [13]. This work was extended to multiagent systems, taking
advantage of hierarchical structure by limiting agent coordination to the highest lev-
els of the hierarchy [28]. This technique was shown to be effective in an scheduling
task for a set of automated vehicles [28]. In addition hierarchies have been addressed
by extending the notion of a set of basis function used in factored MDPs to a system
tree used to represent the hierarchy [18]. These hierarchies have been used to improve
efficiency in multiagent problems [18]. Hierarchies have also been used to improve
communication between agents in a multiagent gridworld problem [14].

Game Theory

Game theoretic techniques have also been successfully applied to multiagent reinforce-
ment learning problems [36, 25, 21, 19, 12, 31]. For a small number of agents, game
theoretic techniques were shown to lead to a multiagent Q-learning algorithm proven
to converge to Nash equilibria [20]. This process was generalized to correlated equi-
libria where different methods were obtained by choosing which equilibria was ob-
tained [19]. For use in stochastic games, convergence properties in Q-learning were
improved with the “Win or Learn Fast” (WoLF) algorithm that varied the learning rate
of the agents depending on their context [9]. Also applied to stochastic games methods
based on Bayesian methods were shown to improve multiagent learning by providing
better exploration capabilities [12]. In economics Groves’ mechanism [15] presents a
way of providing incentives so that a players payoff is aligned with the global payoff.
In addition Vickrey tolls [48] present a mechanism for isolating a particular players
cost to a system.
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8 Discussion
Using Q-learning to learn a control policy for a single agent in a coordination prob-
lem with many agents is difficult, because an agent will often have little influence over
the reward it is trying to maximize. In our examples, an agent’s reward received after
an action could be influenced by as many as 3200 other actions from other time-steps
and other agents. Even temporal difference methods that perform well in single agent
systems will be overwhelmed by the number of actions influencing a reward in the mul-
tiagent setting. To address this problem, this paper introduces QUICR-learning, which
aims at reducing the impact of other agent’s actions without assuming linearly sepa-
rable reward functions. Within the Q-learning framework, QUICR-learning uses the
difference reward computed with immediate counterfactuals. While eliminating much
of the influence of other agents, this reward is shown mathematically to be aligned
with the global reward: agents maximizing the difference reward will also be maxi-
mizing the global reward. Experimental results in a traffic congestion problem and a
grid world problem confirm the analysis, showing that QUICR-learning learns in less
time than standard Q-learning, and achieves better results than Q-learning variants that
use local rewards and assume linear separability. While this method was used with
TD(0) Q-learning updates, it also extends to TD(λ), Sarsa-learning and Monte Carlo
estimation.

In our experiments an agent’s state is never directly influenced by the actions of
other agents. Despite this, the agents are still tightly coupled by virtue of their reward.
Agents can, and did affect each other’s ability to achieve high rewards, adding com-
plexity that does not exist in systems where agents are independent. In addition even
though agents do not directly influence each other’s states, they indirectly affect each
other through learning: an agent’s actions can impact another agent’s reward, and the
agents select actions based on previous rewards received. Hence an agent’s action at
time step t does affect other agents at t′ > t through their learning algorithms. The
mathematics in this paper does not address these indirect influences and is a subject of
further research. However, experimental evidence shows that agents can still cooperate
despite these indirect effects. In fact even when agents directly influence each other’s
states, in practice they may still cooperate effectively as long as they use agent-sensitive
rewards that are aligned with the system reward as has been shown in experiments pre-
sented in [1] .
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