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Abstract
Assignment problems are a classic combinatorial optimiza-
tion problem in which a group of agents must be assigned to
a group of tasks such that maximum utility is achieved while
satisfying assignment constraints. Given the utility of each
agent completing each task, polynomial-time algorithms ex-
ist to solve a single assignment problem in its simplest form.
However, in many modern-day applications such as satel-
lite constellations, power grids, and mobile robot schedul-
ing, assignment problems unfold over time, with the utility
for a given assignment depending heavily on the state of the
system. We apply multi-agent reinforcement learning to this
problem, learning the value of assignments by bootstrapping
from a known polynomial-time greedy solver and then learn-
ing from further experience. We then choose assignments us-
ing a distributed optimal assignment mechanism rather than
by selecting them directly. We demonstrate that this algo-
rithm is theoretically justified and avoids pitfalls experienced
by other RL algorithms in this setting. Finally, we show that
our algorithm significantly outperforms other methods in the
literature, even while scaling to realistic scenarios with hun-
dreds of agents and tasks.

Code — https://github.com/Rainlabuw/rl-enabled-
distributed-assignment

Introduction
Large-scale distributed systems like the power grid, trans-
portation networks like Uber and Lyft, and satellite inter-
net constellations are increasingly integrated in and critical
to every aspect of our day-to-day lives, and will only be-
come more so as time goes on. We can model these sys-
tems as a large group of agents working together to achieve
broader goals - individual batteries and power plants work-
ing to satisfy grid-wide demand (Giovanelli et al. 2019), re-
quested rides being distributed between cars (Qin, Zhu, and
Ye 2022), or satellites working together to provide internet
across the Earth (Lin et al. 2022).

In order to operate these systems efficiently, it is of-
ten necessarily to solve optimization problems at a massive
scale. Given n agents and m tasks, one of the most natural
optimization questions to ask is “How can agents be opti-
mally assigned to tasks?”

Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

While we will see later that the simplest version of this
question admits efficient solutions, most realistic problems
are more complex. Specifically, in real systems, assignments
must be made repeatedly rather than at a single instant. Fur-
thermore, these problems are often state dependent - when
an assignment is made, the state of the system changes,
which affects the value of future assignments (i.e. a satellite
has to change its orientation to complete a task). These more
complex problems are often NP-hard (Gerkey and Matarić
2004) and thus difficult to approach with classical methods.

The temporal nature of this problem suggests that sequen-
tial decision-making techniques like reinforcement learning
(RL) may be an attractive solution. However, as the number
of agents in the environment grows, so too does the com-
plexity of solving the problem with a centralized algorithm
(Albrecht, Christianos, and Schäfer 2024). For this reason,
we look to multi-agent reinforcement learning (MARL) to
enable our solution to scale up to the massive problem size
required in realistic problem domains. Naive application of
MARL is difficult for several reasons; rewards must be spec-
ified such that cooperation on the global objective is guaran-
teed, and actions taken by individual MARL agents must
attempt to satisfy the constraint that each agent is assigned
to a unique task (i.e. to avoid conflicting assignments).

In this work, we present a novel, theoretically justified al-
gorithm that addresses both of these challenges. Rather than
having agents learn to assign themselves to tasks directly, we
have each agent learn the expected value of an assignment,
and use these learned values as the input to an optimal dis-
tributed task assignment mechanism. This allows agents to
execute joint assignments that satisfy assignment constraints
and avoid selfishness, while learning a joint policy which is
near-optimal on the level of the entire system. This architec-
ture is depicted in Figure 1.

While prior work has used MARL in a similar fashion
to address assignment problems, this work often focused
on variants of the problem specific to ride-sharing (Shah,
Lowalekar, and Varakantham 2020; Azagirre et al. 2024).
Throughout this work, we will take a far more general ap-
proach, and focus instead on satellite internet constellations
as a novel motivating example (i.e. agents are satellites, and
tasks are regions on Earth to provide internet to). This is a
compelling application for a few reasons. First, satellite as-
signment problems are uniquely complex in that orbital me-
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Figure 1: Architecture of REDA. 1) Calculate independent estimates of future utility for each agent, combine into a matrix.
2) Select joint assignment xk = α(Qπ

k ) which maximizes social utility, not utility for any given agent. 3) Execute xk in
environment and observe results. 4) Train agents’ independent value estimates based on minibatch from replay buffer.

chanics dictates that a satellite cannot accomplish the same
task indefinitely, and thus that frequent transitions between
tasks must be considered. Second, these systems have ex-
ploded in size in just a few years to contain thousands of
agents, with few existing algorithms which can provide the
high degree of autonomy, efficiency, and resilience required
in this environment. Finally, these systems are incredibly ex-
pensive, with the marginal cost of a satellite approaching
$500,000. If more efficient planning enables reducing the
size of the constellation by even a few satellites out of thou-
sands, it could save tens of millions of dollars.

As such, we apply our algorithm to a highly realistic satel-
lite constellation management scenario, complete with high-
fidelity orbital mechanics and hundreds of satellites and
tasks, a scale which is extremely uncommon among non-
heuristic approaches in the literature (Wang et al. 2021). De-
spite this, we find that our approach outperforms other state-
of-the-art approaches by 20 − 50% across both multi-agent
reinforcement learning (COMA (Foerster et al. 2018), IQL
(Matignon, Laurent, and Le Fort-Piat 2012), IPPO (De Witt
et al. 2020)) and classical optimization (HAAL, (Holder,
Kraisler, and Mesbahi 2024)).

In summary, the contributions of this paper are:
• A MARL approach for assignment problems which

seamlessly integrates existing greedy planners into
MARL, but improves upon their solution for better long-
term planning.

• Novel insight into the workings of the method through
simple experiments, direct comparison with state-of-the-
art RL methods, and theoretical analysis that provides in-
tuition on global convergence properties.

• Empirical results on a real satellite assignment problem
that show a vastly improved ability to manage long-term

resource constraints even when planning in complex en-
vironments with hundreds of satellites and tasks.

Technical Preliminaries
Mathematically, we can formulate the simplest version of an
assignment problem with n agents and m tasks as:

α(β) = argmax
x∈X

n∑
i=1

m∑
j=1

βijxij (1)

where:
• β ∈ Rn×m is the benefit matrix, where βij corresponds

to the utility of agent i completing task j.
• x ∈ X ⊂ {0, 1}n×m is the assignment matrix, where
xij = 1 if agent i is assigned to task j, and xij = 0
otherwise.

• X := {x ∈ {0, 1}n×m |
∑m

j=1 xij = 1 ∀i,
∑n

i=1 xij ≤
1 ∀j} is the set of valid assignments. This corresponds
to the set of assignment matrices such that each agent
completes 1 task, and each task is completed by at most
1 agent.

When benefits β are given, this is a well-studied problem
for which a solution can be easily obtained in polynomial
time (i.e. with a single Python command) (Kuhn 1955). As
such, we denote the solution to Equation 1 as a function
α : Rn×m → X .

Consider the sequential assignment problem (SAP), a
more complex case where assignments need to be made at
several time steps, and the assignment benefits β̂ depend on
some state s ∈ S that evolves according to a transition func-
tion T : S ×X → S.

max
π

Eπ

[ T∑
k=1

n∑
i=1

m∑
j=1

γk−1[β̂(sk)]ij [xk]ij

]
(2)
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where xk and sk denote the assignment and state at time step
k, s1 ∼ S0, γ is the discount factor, and Eπ denotes that
states evolve according to the transition dynamics sk+1 ∼
T (sk, xk) and that assignments are chosen with respect to
the policy xk ∼ π(sk).

The clear parallel between this problem and a more
standard finite-time Markov Decision Process M =
(S,A, S0, T , r, γ) seen in RL is outlined in Table 1.

RL Formulation SAP Formulation
A (action space) X (valid assignment space)
a ∈ A (action) x ∈ X (assignment)
r(s, a) (reward func.)

∑
i,j [β̂(s)]ijxij (benefit func.)

Table 1: Mapping between classic RL and SAP problem for-
mulation.

In this setting, the Q-function for policy π is defined
as Qπ(sk, xk) := Eπ[r(sk, xk) +

∑T
t=k+1 γ

t−kr(st, xt)],
which represents the total expected future reward of begin-
ning in state sk, making assignment xk, and following policy
π thereafter.

In order to scale solutions to large groups of agents and
tasks, it is desirable to formulate this centralized RL prob-
lem as a MARL problem. In the MARL case, we define
a joint assignment x = (x1, · · · , xn) and a joint policy
π = (π1, · · · , πn), xi ∼ πi. The assignment space for a
single agent xi := argmaxj xij ∈ [m] is now a single inte-
ger denoting the task agent i is assigned to.

We assume that the environment is partially observable,
and that agents are equipped with an observation function
Oi : S → Oi which they use to observe components of
the state oi ∼ Oi(s) ∈ Oi on which to condition their Q-
functions.

We now describe the deficiencies in previous approaches
to solving the SAP.

Related Work
Classical methods for the sequential assignment
problem
Although efficient, optimal solutions exist for finding an op-
timal assignment for a single time step (1), the SAP (2)
is NP-hard except in trivial cases and is thus much harder
to tackle using classical approaches. Much of the existing
work relies on purely heuristic methods (Pachler de la Osa
et al. 2021) or ignores the state-dependent aspect of the prob-
lem entirely (Bui et al. 2022). In one recent work (Holder,
Kraisler, and Mesbahi 2024), the authors develop HAAL,
which uses information from several time steps to generate
assignments in the style of model-predictive control, but the
method is limited to a specific class of deterministic SAPs.

RL for the sequential assignment problem
Similar to (Shah, Lowalekar, and Varakantham 2020), we
bootstrap RL learning from a greedy assignment mecha-
nism and use Gaussian noise to induce exploration. How-
ever, Shah et al is focused on a particular variant of the SAP

specific to the problem of pooling rides when ride-sharing.
By contrast, we present a generalized method for solving the
SAP across domains, and present both a theoretical analysis
and an empirical comparison with state-of-the-art RL and
MARL algorithms, providing intuition into the global con-
vergence properties of the method.

Other work at the intersection of RL and assignment prob-
lems allows agents to directly learn to propose their value for
completing a task (Chang et al. 2020), introducing problems
of incentive-compatibility, or do not directly learn the values
of individual assignments (Hwang, Chen, and Lee 2007),
greatly limiting the expressiveness of the method. By con-
trast, our method avoids such problems by using a central-
ized consensus mechanism, while maintaining the expres-
siveness of learned values.

Why don’t normal MARL methods work?
Existing MARL techniques have seen success when applied
to incredibly complex problems like DOTA 2 (Berner et al.
2019), but the SAP poses a unique challenge.

The first challenge is deciding how to specify the reward
function for an agent i, ri(s, x). Given that our objective is
a global maximization over tasks completed by all agents
rather than any single agent, one might be tempted to use
cooperative rewards, where ri(s, x) = r(s, x), as in (Rashid
et al. 2020; Sunehag et al. 2017). However, as we will see
later, agents with this reward function struggle to disentangle
the effect of their actions among the many other agents in the
group, even when applying techniques like COMA, which
are designed to enable a single agent to assess its counter-
factual impact on the joint reward (Foerster et al. 2018).

Conversely, one might take note of the recent success
of completely independent agents in cooperative domains
(De Witt et al. 2020; Papoudakis et al. 2020; Yu et al. 2022)
and provide agents with the rewards they yield solely from
tasks they complete, ri(s, xi) = [β̂(s)]ixi . When specify-
ing rewards in this way, the learning problem is significantly
easier because rewards correlate more directly with agent
actions, and we hope that cooperation between agents in al-
locating tasks emerges naturally from the training process.
Empirically, however, we see this behavior does not emerge
easily, and that many agents simultaneously assign them-
selves to the most valuable tasks, even if the tasks can only
be completed by a single agent.

This leads us to the second difficulty of applying MARL
to assignment problems, which is that without an explicit
constraint, joint assignments often consist of multiple agents
completing the same task, meaning that x /∈ X . Clearly,
some centralization or communication between agents is
necessary to ensure that agents do not duplicate assignments.
Our method provides a principled approach for allowing
agents to resolve conflicts and learn to make socially opti-
mal and valid assignments x ∈ X .

Method
The function α introduced in Equation 1 is a solution to
both of these difficulties. First, note that given information
about the benefit to individual agents i for completing tasks
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j, βij , α yields assignments which are optimal on the level
of the entire group. Additionally, α yields joint assignments
x ∈ X—i.e. those that avoid assigning multiple agents to
the same task—by definition.

Thus, we would like to use α as our joint policy, π(s) =
α(β). However, in the SAP setting the state-dependent na-
ture of the planning problem means that we do not know the
long-term benefit of assignments a priori, and thus cannot
easily access a β ∈ Rn×m. Instead, we propose to learn the
expected future value of each assignment i → j from expe-
rience, and use these values as input to α.

Using agent Q-functions in the assignment
mechanism α
Many Q-learning based algorithms such as DQN (Mnih
et al. 2013) require the ability to take actions ϵ-
greedily with respect to the current policy, xk =
argmaxx∗∈X Qπ(sk, x

∗). However, in the assignment set-
ting, acting greedily with respect to the joint policy π be-
comes a difficult non-convex optimization problem. Our
method provides a way of approximating this behavior.

A key part of why we can do this is because of a decom-
position of the joint Q function that exists in the assignment
problem setting (similar to the one used in (Sunehag et al.
2017)), which we outline in Theorem 1.
Theorem 1 (Decomposition of Qπα

into Qπα

i ). Let πα :
S → X be a constant, deterministic joint policy. Define the
Q-function for an individual agent with respect to this joint
policy πα as:

Qπα

i (sk, j) := Eπα

[
ri(sk, j) +

T∑
t=k+1

γt−kri(st, x
i
t)

]
Then, in the assignment problem setting, where r(s, x) =∑n
i=1

∑m
j=1 β̂(s)xij =

∑n
i=1 ri(s, x

i),

Qπα

(sk, x) =
n∑

i=1

m∑
j=1

Qπα

i (sk, x
i)xij for x = πα(sk).

(3)

Proof. This follows from the fact that r(s, x) =∑n
i=1 ri(s, x

i)—that is, the sum of the reward for the indi-
vidual agents is equal to the joint reward, and the reward for
agent i is conditioned only on agent i’s assignment, xi. See
supplemental materials on arXiv for the complete proof.

In words, given a state sk, Qπα

i (sk, j) is defined as the to-
tal expected future reward that agent i will obtain, given that
agent i is assigned to task j, and then that all agents follow
the joint policy πα for future assignments. Given the partial
observability of our environment, in practice we make the
approximation Qπα

i (s, j) ≈ Qπα

i (Oi(s), j).
Here, we can begin to see the clear connection between

Equations 1 and 3; if we define our benefit matrix (pre-
viously β) to be Qπ

k ∈ Rn×m such that [Qπα

k ]ij =

Qπα

i (oik, j), then argmaxx∗∈X Qπα

(sk, x
∗) ≈ α(Qπ

k ).
Then, we can make assignments according to:

xk = α(Qπα

k ) ≈ argmax
x∗∈X

Qπα

(sk, x
∗). (4)

While Equation 3 only holds for x = πα(s), if we assume
that policies change slowly during the learning process such
that α(Qπα

k ) ≈ πα(s), then Equation 4 is a valid approx-
imation. Thus, when we learn estimates of Qπα

i (oik, j) di-
rectly from experience, we can build Qπα

k and have agents
act not by picking assignments that are best for themselves,
but through the mechanism α which is guaranteed to return
a socially optimal outcome for the group. This motivates our
algorithm which we fully specify in the next section.

RL-Enabled Distributed Assignment (REDA)
REDA, described in Algorithm 1 and depicted in Figure 1, is
our method for generating solutions to the SAP, with key dif-
ferences from a standard independent DQN algorithm (e.g.
(Tampuu et al. 2017)) on lines 6-11 and 21-23.

Algorithm 1: RL-Enabled Distributed Assignment (REDA)

Given: state-dependent benefit function β̂ : S → Rn×m

1: Initialize Q-network parameters θ, target Q-network pa-
rameters θ̄ = θ

2: Initialize a replay buffer D
3: for episode e = 1, 2, ... do
4: for time step k = 1, ..., T do
5: Collect joint observation ok = (o1k, · · · , onk )
6: With probability ϵ: xk ← α(β̂(sk)) (act greed-

ily w/r/t the current benefit matrix)
7: Otherwise:
8: Build Qπ

k such that [Qπ
k ]ij ← Qπ

i (o
i
k, j; θ)

9: Qavg ← 1
nm

∑n
i=1

∑m
j=1 |[Qπ

k ]ij |
10: Generate perturbation matrix ξ ∈ Rn×m,

where ξij ∼ N(0, 2Qavgϵ)
11: xk ← α(Qπ

k + ξ) (act ∼optimally w/r/t the
estimated values of Qπ

i (o
i
k, j; θ))

12: Collect joint assignment xk = (x1
k, · · · , xn

k )
13: Collect joint reward rk = (r1k, · · · , rnk ),

where rik ← ri(sk, x
i
k)

14: Observe next state sk+1 ∼ T (sk, xk)
15: Collect joint observation ok+1

16: Store joint transition (ok, xk, rk, ok+1) in D
17: Sample random mini-batch of B joint transitions

(ot, xt, rt, ot+1) from D
18: if st+1 is terminal then
19: Targets yit ← rit for all i
20: else
21: Build Qπ

t+1, [Qπ
t+1]ij ← Qπ

i (o
i
t+1, j; θ)

22: xt+1 ← α(Qπ
t+1)

23: Targets yit ← rit + γQπ
i (o

i
t+1, x

i
t+1; θ̄) ∀i

24: end if

25: Loss L(θ)← 1
B

B∑
t=1

∑n
i=1

(
yit−Q(oit, x

i
t; θ)

)2

26: Update parameters θ by minimizing L(θ)
27: Update target network parameters θ̄ periodically
28: end for
29: end for
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Bootstrapping from a greedy policy. Sequential assign-
ment problems are unique in that there always exists a sub-
optimal, non-parametrized policy with which we can boot-
strap our policy from; π(s) := α(β̂(s)), where we simply
make the greedy assignment with respect to the current ben-
efit matrix at every time step, without regard for future ben-
efits. At the beginning of training, we act with this greedy
policy with probability ϵ, filling our replay buffer with rea-
sonable state-assignment pairs before beginning to learn to
improve on this policy.

Exploration. To induce further exploration, we also add
randomly distributed noise ξ to Qπ , scaled by the current av-
erage magnitude of Qπ , Qavg, such that sub-optimal joint as-
signments are selected with some probability. This is a more
effective exploration strategy than making entirely random
joint assignments x ∈ X given the size of the search space,
|X| = m!

(m−n)! .
Unlike previous work (Shah, Lowalekar, and Varakan-

tham 2020), perturbations do not need to be tuned accord-
ing to reward magnitude because the noise is scaled directly
according to the values of Qπ .

Target specification. Another important aspect of REDA
is the way learning targets are specified. Because the pol-
icy π can only select assignments x ∈ X , targets must
also satisfy this constraint. In other words, Lines 21 through
23 express y = r + maxx∗∈X Qπ(s, x) rather than y =
r + maxx∗ Qπ(s, x). We find the best assignment x∗ ∈ X
by again using α—following the standard DQN paradigm
(Mnih et al. 2013), Qπ

t+1 is generating using the value net-
work with parameters θ, but the assignment xt+1 is evalu-
ated using the target network with parameters θ̄.

Computing α(Qπ) in a distributed way. In deploy-
ment, each agent can independently compute α(Qπ), ei-
ther by receiving the values of Qπ

i (o
i
k, j) ∀i, j, or by using

market-based mechanisms in which agents exchange bids
with neighboring agents until they are matched with the task
for which they are willing to pay more than all other agents,
as in (Zavlanos, Spesivtsev, and Pappas 2008). This means
that as long as agents can communicate about task values,
the algorithm can be executed in a distributed fashion.

Theoretical justification
To further motivate why REDA produces sensible policies,
we can show that the REDA target update causes Qi to con-
verge to the true Qπ

i under reasonable assumptions.
Lemma 1. Let Qi ∈ Q be an arbitrary Q-function. Let
F : Q → Q be the operator corresponding to the REDA
target update in the tabular case, without target networks or
the greedy guide policy:

(FQi)(o
i
k, j) = Eπ

[
ri(sk, j) + γQi(o

i
k+1, x

i
k+1)

]
Assume a finite observation space, and that each

observation-assignment pair (oi, j) is visited infinitely of-
ten under a constant policy π. Then, if Qn+1

i ← FQn
i ,

limn→∞ Qn
i = Qπ

i .

Proof. The REDA target update is analogous to a SARSA
update (Singh et al. 2000), so this can be easily proven

by showing that F is a γ-contraction on the space of Q-
functions, and that Qπ

i is the unique fixed point of this con-
traction. See the supplemental materials on arXiv for the
complete proof.

The critical assumption inherent in Lemma 1 is that the
policy does not change before each observation-assignment
pair is visited infinitely many times. However, assuming that
a sufficiently small learning rate is chosen, Lemma 1 will
approximately hold for REDA and it can be assumed that
the Q-values used in the mechanism α will converge to their
desired values, Qπ

i .
This has several important implications. First, in situ-

ations where agents are providing information to central-
ized mechanisms for assignment, one often has to consider
incentive-compatibility and whether agents are being truth-
ful about the information they provide. Lemma 1 shows
that based on REDA’s training process, the values Qi(o

i, j)
used in the assignment mechanism α will indeed converge
to Qπ

i (o
i, j) as desired, and that agents are not able to act

strategically or lie for personal benefit, a claim which we
verify by experiment.

Second, it motivates that REDA is a method of approxi-
mating DQN on the joint Q-function Qπα

. Because Lemma
1 states that given enough updates, Qi → Qπα

i , Equation
4 holds and α(Qπα

) ≈ argmaxx∗∈X Qπα

(s, x∗). Then,
acting according to xk = α(Qπα

k + ξ) is approximately
ϵ-greedy action selection with respect to Qπα

, and target
updates

∑n
i=1 y

i
k =

∑n
i=1 r

i
k + αi(Q

πα

k+1) approximate an
optimal target update yk = rk +maxx∗∈X Qπα

(sk+1, x
∗),

where αi(β) is the value provided to agent i from assign-
ment α(β). Thus, we can expect REDA to inherit similar
properties relating to the convergence of Qπα

to Qπ∗
.

This key insight can explain REDA’s strong performance
at the system level as compared to state-of-the-art RL meth-
ods which act with independent agents, as we will see in the
following section.

Empirical Experiments
We first test REDA in a simple SAP setting to provide in-
tuition about why it is able to outperform existing methods
in the literature. Then, we scale it up, applying it to a com-
plex satellite constellation task allocation environment with
hundreds of satellites and tasks, showing the power and effi-
ciency of this method.

Does REDA encourage unselfish behavior?
We design our first experiment to test whether REDA can
avoid selfish assignments. We have three agents, three tasks,
and three states. Agent 1 is the “dictator” in that its assign-
ment fully dictates the state transition, sk+1 = x1

k. β̂(s) is
specified as follows:

β̂(1) =

[
2 3 0
0 2 3
3 0 2

]
, β̂(2) =

[
0 3 0
0 0 0.1
0.1 0 0

]
,

β̂(3) =

[
0 0 3
0.1 0 0
0 0.1 0

]
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Figure 2: Performance over 5 runs of various algorithms
in dictator environment, shown with standard deviation
shaded. Note that after ϵ decays to 0 at t = 10,000, per-
formance for REDA instantly approaches the theoretical
maximum, while other algorithms remain significantly
below the maximum.
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Figure 3: Performance over 5 runs of various algorithms
in a realistic constellation environment with 324 satellites
and 450 tasks, shown with standard deviation shaded. ϵ is
decayed to zero over 300k time steps. REDA consistently
converges and obtains more reward than all other tested
algorithms.

Rather than requiring x ∈ X , which cannot be satisfied
by existing algorithms, we specify that when agents assign
themselves to a task, they receive benefit corresponding to
what proportion of the task they completed (i.e. 50% when
two agents complete the same task). This disincentivizes du-
plicated assignments, and means that in this SAP, the opti-
mal policy is the joint assignment xk = (1, 2, 3) for all k,
yielding 60 reward over 10 time steps. However, the greedy
optimal policy for agent 1 is to continually assign itself to
task 2, securing 3 reward for itself each time step but causing
the system as a whole to receive far less benefit by driving
the state to s = 2.

Performance of various algorithms in this environment is
shown in Figure 2. Qualitative analysis of the results yields
significant insights into the trade-offs of each method. While
REDA immediately drives the group to optimal joint pol-
icy, both IQL and IPPO reliably converge to the greedy joint
policy xk = (2, 3, 1) ∀k. This means the dictator is acting
selfishly and driving the system to state 2 at the expense of
other agents—in the satellite context, this might correspond
to a satellite completing a high priority task itself rather than
allowing a better suited satellite to complete it instead.

COMA avoids this greedy behavior, but still has difficulty
disentangling the effect of agents on the joint reward. In ex-
periments, it converges to the joint policy xk = (1, 3, 1) ∀k,
which suggests that it cannot determine whether agent 1 or
3 should complete task 1.

Can REDA be applied to large problems?
To demonstrate the ability of REDA to scale to large com-
plex environments, we use satellites in a constellation as
agents and points on the Earth’s surface as tasks. We gener-
ate a constellation of 324 satellites evenly distributed around

the Earth, with 450 randomly placed tasks simulating inter-
net users. Some tasks are assigned a higher priority, and thus
provide higher reward for satellites who complete them. The
state-dependent benefit of an assignment i → j consists of
three components:
• The priority of task j, and its distance from satellite i’s

position in orbit.
• A penalty for switching assignments between two time

steps (i.e. xi
k−1 ̸= j), corresponding to the energy and

time expenditure required for changing satellite orienta-
tion.

• The power state pi of the satellite. Starting at 1 power,
each time a satellite is assigned to a task in its range of
visibility, 0.2 power is expended, and being assigned to a
task out of view corresponds to charging, raising power
by 0.1. Once a satellite is out of power, it captures no
benefit for the rest of the episode.

This is a very challenging optimization problem, as satel-
lites have to balance multiple conflicting priorities: ensuring
that they are assigned to tasks that they will remain close
to in their upcoming orbital motion (so as to avoid hav-
ing to change assignments frequently), equitably distribut-
ing tasks amongst the hundreds of satellites, and managing
their power state over a 100 time step episode.

In order to scale to this large problem, and given that a
single satellite can only physically observe a small portion of
Earth’s surface at a given time, we model the environment as
a Partially Observed Markov Decision Process. Specifically,
observations are limited to information on the top 10 closest
tasks, the previous assignment xi

k−1, and the power state pi,
as well as information related to the nearest 10 satellites to
satellite i in orbit.
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Figure 4: Performance of tested algorithms on various metrics; percentage of satellites without charge at the end of the episode
(lower is better), percentage of satellites completing the same task as another satellite (lower is better), and the average number
of time steps satellites are assigned to the same tasks (higher is better). We can see that REDA outperforms IQL and IPPO
across the board, while avoiding having satellites run out of power as when using classical methods like HAAL.

Similarly, in reality satellites can only complete a subset
of the tasks at a given time. Thus, we limit the size of the
action space to 11, the first 10 corresponding to an assign-
ment to the top 10 closest tasks, with the remaining action
corresponding to completing any other task. A satellite be-
ing assigned to a task it cannot complete can be interpreted
as a satellite deciding to forgo benefit at that time step and
instead charge its battery. A full description of the experi-
mental setup is provided on arXiv.

All tested algorithms operate with this reduced observa-
tion and action space to maintain parity. Results for COMA
are not provided because COMA requires training a central-
ized critic that can learn the value of all possible joint as-
signments, making it impractical for problems with a large
joint state space.

Figure 3 shows the results of our algorithm in this en-
vironment. We find that REDA has low variance and con-
sistently outperforms all other tested algorithms. To ensure
a fair comparison, IQL was also provided with pretraining
from the greedy policy, while IPPO was trained from scratch
after behavior cloning on the greedy policy was found not to
be beneficial. See the supplemental materials on arXiv for
further details on hyperparameter selection, network archi-
tecture, and compute requirements.

In Figure 4, we can see qualitatively why REDA performs
so well on this task. State-of-the-art MARL approaches
avoid running out of power, but generate assignments with
a significant amount of conflict. Classical approaches like
HAAL make consistent assignments, but fail to manage their
power state over the course of the episode, running out of
power far before the end of the episode. REDA succeeds in
all three areas; it entirely eliminates conflicting assignments
and minimizes changes in assignment to the extent possible
while still successfully managing satellite power states over
the entire episode.

Discussion
We present REDA, a MARL method for learning efficient
solutions to complex, state-dependent assignment problems.
Rather than allow agents to act completely independently or
attempt to learn the effect of their actions on the reward of
the entire group, REDA strikes a balance, allowing agents to
focus on learning about their personal rewards while select-
ing actions according to an optimal distributed task assign-
ment mechanism. This allows the algorithm to ensure agents
act unselfishly while learning efficient solutions even in very
large problem settings.

Limitations and Future Work
One limitation is that assignment problems, even when in-
cluding state dependence, lack the expressiveness needed
for certain problem settings. For example, REDA assumes
that the reward can indeed be decomposed as r(s, x) =∑n

i=1 ri(s, x
i). In certain scenarios, like when satellite

beams can cause frequency interference with one another,
this assumption does not hold. Additionally, as presented
REDA only applies to scenarios where agents can only com-
plete a single task, and where tasks can only be completed
by a single agent. Future work will investigate to what extent
REDA can be applied to a broader class of problems.

However, even this somewhat more limited set of prob-
lems is still broad enough to encompass a large variety
of pressing abstract and practical problems. For example,
REDA can be straightforwardly applied to the multiple Trav-
eling Salesman Problem, another hugely important combi-
natorial optimization problem.

We also plan to apply REDA in a variety of applied prob-
lem settings, including distributed power grid management
and large-scale transportation networks. REDA could even
be used as a high-level planner in a hierarchical RL setting.
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