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Abstract—We propose a novel formulation of the ‘“effective-
ness problem” in communications, put forth by Shannon and
Weaver in their seminal work [2], by considering multiple
agents communicating over a noisy channel in order to achieve
better coordination and cooperation in a multi-agent reinforce-
ment learning (MARL) framework. Specifically, we consider a
multi-agent partially observable Markov decision process (MA-
POMDP), in which the agents, in addition to interacting with the
environment, can also communicate with each other over a noisy
communication channel. The noisy communication channel is
considered explicitly as part of the dynamics of the environment,
and the message each agent sends is part of the action that
the agent can take. As a result, the agents learn not only to
collaborate with each other but also to communicate “effectively”
over a noisy channel. This framework generalizes both the
traditional communication problem. The main goal is to convey
a message reliably over a noisy channel and the “learning to
communicate” framework that has received recent attention
in the MARL literature, where the underlying communication
channels are assumed to be error-free. We show via examples that
the joint policy learned using the proposed framework is superior
to that where the communication is considered separately from
the underlying MA-POMDP. This is a very powerful framework,
which has many real world applications, from autonomous
vehicle planning to drone swarm control, and opens up the rich
toolbox of deep reinforcement learning for the design of multi-
user communication systems.

I. INTRODUCTION

Communication is essential for our society. Humans use lan-
guage to communicate ideas, which has given rise to complex
social structures, and scientists have observed either gestural or
vocal communication in other animal groups, the complexity
of which increases with the complexity of the social structure
of the group [3]. Communication helps to achieve complex
goals by enabling cooperation and coordination [4], [S]. Ad-
vances in our ability to store and transmit information over
time and long distances have greatly expanded our capabilities
and allows us to turn the world into the connected society that
we observe today. Communication technologies are at the core
of this massively complex system.

Communication technologies are built upon fundamental
mathematical principles and engineering expertise. The fun-
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damental quest in the design of these systems has been
to deal with various imperfections in the communication
channel (e.g., noise and fading) and the interference among
transmitters. Decades of research and engineering efforts have
produced highly advanced networking protocols, modulation
techniques, waveform designs and coding techniques that can
overcome these challenges quite effectively. However, this
design approach ignores the aforementioned core objective of
communication in enabling coordination and cooperation. To
some extent, we have separated the design of a communication
network that can reliably carry signals from one point to
another from the ‘language’ that is formed to achieve coordi-
nation and cooperation among agents.

This engineering approach was also highlighted by Shannon
and Weaver in [2] by organizing the communication problem
into three “levels”: They described level A as the technical
problem, which tries to answer the question “How accurately
can the symbols of communication be transmitted?”. Level B
is referred to as the semantic problem, and asks the question
“How precisely do the transmitted symbols convey the desired
meaning?”. Finally, Level C, called the effectiveness problem,
strives to answer the question “How effectively does the
received meaning affect conduct in the desired way?”. As
we have described above, our communication technologies
mainly deal with Level A, ignoring the semantics or the
effectiveness problems. This simplifies the problem into the
transmission of a discrete message or a continuous waveform
over a communication channel in the most reliable manner.
The semantics problem deals with the meaning of the mes-
sages and is relatively abstract. There is a growing interest
in the semantics problem in the recent literature [6]-[10].
However, these works typically formulate the semantics as
an end-to-end joint source-channel coding problem, where the
reconstruction objective can be distortion with respect to the
original signal [11], [12], or a more general function that can
model some form of ‘meaning’ [6], [13]-[15], which goes
beyond reconstructing the original signal'.

In this paper, we deal with the “effectiveness problem”,
which generalizes the problems in both level A and level
B. In particular, we formulate a multi-agent problem with
noisy communications between the agents, where the goal of

ITo be more precise, remote hypothesis testing, classification, or retrieval
problems can also be formulated as end-to-end joint source-channel coding
problems, albeit with a non-additive distortion measure.
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Fig. 1. An illustration of a MARL problem with noisy communication
between the agents, e.g., agents communicating over a shared wireless
channel. The emerging communication scheme should not only allow the
agents to better coordinate and cooperate to maximize their rewards, but
also mitigate the adverse effects of the wireless channel, such as noise and
interference.

communications is to help agents better cooperate and achieve
a common goal. See Fig. 1 for an illustration of a multi-agent
grid-world, where agents can communicate through noisy
wireless links. It is well-known that multi-agent reinforcement
learning (MARL) problems are notoriously difficult, and are a
topic of continuous research. Originally, these problems were
approached by treating each agent independently, as in a stan-
dard single-agent reinforcement learning (RL) problem, while
treating other agents as part of the state of the environment.
Consensus and cooperation are achieved through common or
correlated reward signals. However, this approach leads to
overfitting of policies due to limited local observations of
each agent and it relies on other agents not varying their
policies [16]. It has been observed that these limitations can
be overcome by leveraging communication between the agents
[5], [17].

Recently, there has been significant interest in the emergence
of communication among agents within the RL literature [18]-
[21]. These works consider MARL problems, in which agents
have access to a dedicated communication channel, and the
objective is to learn a communication protocol, which can
be considered as a “language” to achieve the underlying
goal, which is typically translated into maximizing a specific
reward function. This corresponds to Level C, as described by
Shannon and Weaver in [2], where the agents change their
behavior based on the messages received over the channel
in order to maximize their reward. However, the focus of
the aforementioned works is the emergence of communication
protocols within the limited communication resources that can
provide the desired impact on the behavior of the agents, and,
unlike Shannon and Weaver, these works ignore the physical
layer characteristics of the channel.

Our goal in this work is to consider the effectiveness
problem by taking into account both the channel noise and
the end-to-end learning objective. In this problem, the goal
of communication is not “reproducing at one point either
exactly or approximately a message selected at another point”
as stated by Shannon in [2], which is the foundation of the
communication and information theoretic formulations that
have been studied over the last seven decades. Instead, the goal
is to enable cooperation in order to improve the objective of

the underlying multi-agent game. As we will show later in this
paper, the codes that emerge from the proposed framework can
be very different from those that would be used for reliable
communication of messages.

We formulate this novel communication problem as a
MARL problem, in which the agents have access to a noisy
communication channel. More specifically, we formulate this
as a multi-agent partially observable Markov decision pro-
cess (POMDP), and construct RL algorithms that can learn
policies that govern both the actions of the agents in the
environment and the signals they transmit over the channel. A
communication protocol in this scenario should aim to enable
cooperation and coordination among agents in the presence
of channel noise. Therefore, the emerging modulation and
coding schemes must not only be capable of error correction/
compensation, but also enable agents to share their knowledge
of the environment and/or their intentions. We believe that this
novel formulation opens up many new directions for the design
of communication protocols and codes that will be applicable
in many multi-agent scenarios from teams of robots to platoons
of autonomous cars [22], to drone swarm planning [23].

We summarize the main contributions of this work as
follows:

1) We propose a novel formulation of the “effectiveness
problem” in communications, where agents commu-
nicate over a noisy communication channel in order
to achieve better coordination and cooperation in a
MARL framework. This can be interpreted as a joint
communication and learning approach in the RL con-
text [15]. The current paper is an initial study of this
general framework, focusing on scenarios that involve
only point-to-point communications for simplicity. More
involved multi-user communication and coordination
problems will be the subject of future studies.

2) The proposed formulation generalizes the recently stud-
ied “learning to communicate” framework in the MARL
literature [18]-[21], where the underlying communica-
tion channels are assumed to be error-free. This frame-
work has been used to argue about the emergence
of natural languages [24], [25]; however, in practice,
there is inherent noise in any communication medium,
particularly in human/animal communications. Indeed,
languages have evolved to deal with such noise. For
example, Shannon estimated that the English language
has approximately 75% redundancy. Such redundancy
provides error correction capabilities. Hence, we argue
that the proposed framework better models realistic
communication problems, and the emerging codes and
communication schemes can help better understand the
underlying structure of natural languages.

3) The proposed framework also generalizes communica-
tion problems at level A, which have been the target
of most communication protocols and codes that have
been developed in the literature. Channel coding, source
coding, as well as joint source-channel coding prob-
lems, and their multi-user extensions can be obtained as
special cases of the proposed framework. The proposed
deep reinforcement learning (DRL) framework provides



alternative approaches to the design of codes and com-
munication schemes for these problems that can out-
perform existing ones. We highlight that there are very
limited practical code designs in the literature for most
multi-user communication problems, and the proposed
framework and the exploitation of deep representations
and gradient-based optimization in DRL can provide a
scalable and systematic methodology to make progress
in these challenging problems.

4) We study a particular case of the proposed general
framework as an example, which reduces to a point-to-
point communication problem. In particular, we show
that any single-agent Markov decision process (MDP)
can be converted into a multi-agent partially observable
MDP (MA-POMDP) with a noisy communication link
between the two agents. We consider both the binary
symmetric channel (BSC), the additive white Gaussian
noise (AWGN) channel, and the bursty noise (BN)
channel for the noisy communication link and solve the
MA-POMDP problem by treating the other agent as part
of the environment, from the perspective of one agent.
We employ deep Q-learning (DQN) [26] and deep deter-
ministic policy gradient (DDPG) [27] to train the agents.
Substantial performance improvement is observed in the
resultant policy over those learned by considering the
cooperation and communication problems separately.

5) We then present the joint modulation and channel coding
problem as an important special case of the proposed
framework. In recent years, there has been a growing
interest in using machine learning techniques to design
practical channel coding and modulation schemes [11],
[28]-[32]. However, with the exception of [32], most
of these approaches assume that the channel model is
known and differentiable, allowing the use of supervised
training by directly backpropagating through the channel
using the channel model. In this paper, we learn to
communicate over an unknown channel solely based
on the reward function by formulating it as a RL
problem. The proposed DRL framework goes beyond
the method employed in [32], which treats the channel
as a random variable, and numerically approximates
the gradient of the loss function. It is shown through
numerical examples that the proposed DRL techniques
employing DDPG [27], and actor-critic [33] algorithms
significantly improve the block error probability (BLER)
of the resultant code.

II. RELATED WORKS

The study of communication for multi-agent systems is not
new [34]. However, due to the success of deep neural networks
(DNNs) for reinforcement learning (RL), this problem has
received renewed interest in the context of DNNs [24] and
deep RL (DRL) [18], [35], [36], where partially observable
multi-agent problems are considered. In each case, the agents,
in addition to taking actions that impact the environment,
can also communicate with each other via a limited-capacity
communication channel. Particularly, in [18], two approaches

are considered: reinforced inter-agent learning (RIAL), where
two centralized Q-learning networks learn to act and com-
municate, respectively, and differentiable inter-agent learn-
ing (DIAL), where communication feedback is provided via
backpropagation of gradients through the channel, while the
communication between agents is restricted during execution.
Similarly, in [37], [38], the authors propose a centralized
learning, decentralized execution approach, where a central
critic is used to learn the state-action values of all the agents
and use those values to train individual policies of each agent.
Although they also consider the transmitted messages as part
of the agents’ actions, the communication channel is assumed
to be noiseless.

CommNet [35] attempts to leverage communications in
cooperative MARL by using multiple continuous-valued trans-
missions at each time step to make decisions for all agents.
Each agent broadcasts its message to every other agent, and
the averaged message received by each agent forms part
of the input. However, this solution lacks scalability as it
depends on a centralized network by treating the problem as
a single RL problem. Similarly, BiCNet [39] utilizes recurrent
neural networks to connect individual agent’s policy with a
centralized controller aggregating the hidden states of each
agent, acting as communication messages.

The reliance of the aforementioned works on a broadcast
channel to communicate with all the agents simultaneously
may be infeasible or highly inefficient in practice. To overcome
this limitation, in [19], the authors propose an attentional
communication model that learns when communication is
needed and how to integrate shared information for cooperative
decision making. In [21], directional communication between
agents is achieved with a signature-based soft attention mecha-
nism, where each message is associated to the target recipient.
They also propose multi-stage communication, where multiple
rounds of communication take place before an action is taken.

It is important to note that, with the exception of [40],
all of the prior works discussed above rely on error-free
communication channels. MARL with noisy communications
is considered in [40], where two agents placed on a grid world
aim to coordinate to step on the goal square simultaneously.
However, for the particular problem presented in [40], it can
be shown that even if the agents are trained independently
without any communication at all, the total discounted reward
would still be higher than the average reward achieved by the
scheme proposed in [40].

IITI. PROBLEM FORMULATION

We consider a multi-agent partially observable Markov
decision process (MA-POMDP) with noisy communica-
tions. Consider first a Markov game with N agents
(S, {OIN | {A;}N,, P,r), where S represents all possible
configurations of the environment and agents, O, and A; are
the observation and action sets of agent 7, respectively. P is
the transition kernel that governs the environment, and r is the
reward function. At each step ¢ of this Markov game, agent @
has a partial observation of the state ogt) € O;, and takes action
agf') € A;, Vi. Then, the state of the MA-POMDP transitions



from s(*) to s(**1) according to the joint actions of the agents
following the transition probability P(s(*+1)|s(*) a(®)), where
alt) = (agt), e a,g\t,)). Observations in the next time instant
follow the conditional distribution Pr(o(*+1)|s(*) a(®)). While,
in general, each agent can have a separate reward function, we
consider herein the fully cooperative setting, where the agents
receive the same team reward r() = r(s() a(®)) at time ¢.

In order to coordinate and maximize the total reward, the
agents are endowed with a noisy communication channel,
which is orthogonal to the environment. That is, the envi-
ronment transitions depend only on the environment actions,
and the only impact of the communication channel is that the
actions of the agents can now depend on the past received
messages as well as the past observations and rewards. We
assume that the communication channel is governed by the
conditional probability distribution F., and we allow the
agents to use the channel M times at each time ¢. Here,
M can be considered as the channel bandwidth. Let the
signals transmitted and received by agent i at time step ¢
be denoted by mgt) € CM and Ii’lgt) € CM, respectively,
where C,; and C, denote the input and output alphabets of the
channel, which can be discrete or continuous. We assume for
simplicity that the input and output alphabets of the channel
are the same for all the agents. Channel inputs and outputs
at time t are related through the conditional distribution
P(MOM®) = Pr(M = {m{"}}¥,[M = {m{"}},),
where M = (rihy,...,y) € RV*M denotes the matrix of
received signals with each row m; corresponding to a vector
of symbols representing the codeword chosen by agent ¢, and
likewise for M = (my,...,my) € RV*M js the matrix
of transmitted signals. That is, the received signal of agent
1 over the communication channel is a random function of
the signals transmitted by all other agents, characterized by
the conditional distribution of the multi-user communication
channel. In our simulations, we will consider independent
and identically distributed channels as well as a channel with
Markov noise, but our formulation is general enough to take
into account arbitrarily correlated channels, both across time
and users.

We can define a new Markov game with noisy commu-
nications, where the actions of agent ¢ now consist of two
components, the environment actions a,gt) as before, and the
signal to be transmitted over the channel mgt). Each agent,
in addition to taking actions that affect the state of the
environment, can also send signals to other agents over M
uses of the noisy communication channel. The observation of
each agent is now given by (ol(-t), rhz(-t)); that is, a combination
of the partial observation of the environment as before and the
channel output signal.

At each time step ¢, agent  observes (o, ', 1, ') and selects
an action (agt), mgt)) according to its policy m; : O; x CM —
A; x CM . The overall policy over all agents can be defined as
ImI:S8 — A, where A = A; x ... An. The objective of the
Markov game with noisy communications is to maximize the
discounted sum of rewards

O ®

o0
Vi(s) = En thflr(t) sV =5 (1)
t=1
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Fig. 2. Illustration of the guided robot problem in grid world. The set Az of 16
possible actions the scout agent can take using handcrafted (HC) codewords.

for any initial state s € S and + is the discount factor to ensure
convergence. We also define the state-action value function,
also referred to as Q-function as

Qu(s®,a0) =Ey | 3 A0-0:0|s0 40| )
1=t

In the subsequent sections we will show that this formu-
lation of the MA-POMDP with noisy communications lends
itself to multiple problem domains where communication is
vital to achieve non-trivial total reward values, and we devise
methods that jointly learn to collaborate and communicate
despite the noise in the channel. Although the introduced MA-
POMDP framework with communications is fairly general
and can model any multi-agent scenario with complex multi-
user communications, our focus in this paper will be on
point-to-point communications. This will allow us to expose
the benefits of the joint communication and learning design,
without having to deal with the challenges of multi-user
communications. Extensions of the proposed framework to
scenarios that would involve multi-user communication chan-
nels will be studied in future work.

IV. GUIDED ROBOT WITH POINT-TO-POINT
COMMUNICATIONS

In this section, we consider a single-agent MDP and turn
it into a MA-POMDP problem by dividing the single agent
into two separate agents, a guide and a scout, which are
connected through a noisy communication channel. In this
formulation, we assume that the guide observes the state of
the original MDP perfectly, but cannot take actions on the
environment directly. Contrarily, the scout can take actions on
the environment, but cannot observe the environment state.
Therefore, the guide communicates to the scout through a
noisy communication channel and the scout has to take actions
based on the signals it receives from the guide through the
communication channel. The scout can be considered as a
robot remotely controlled by the guide agent, which has
sensors to observe the environment.

We consider this particular setting since it clearly exposes
the importance of communication as the scout depends solely
on the signals received from the guide. Without the communi-
cation channel, the scout is limited to purely random actions
independent of the current state. Moreover, this scenario also



allows us to quantify the impact of the channel noise on the
overall performance since we recover the original single-agent
MDP when the communication channel is perfect; that is,
if any desired message can be conveyed over the channel
in a reliable manner. Therefore, if the optimal reward for
the original MDP can be determined, this would serve as an
upper bound on the reward of the MA-POMDP with noisy
communications.

As an example to study the proposed framework and
to develop and test numerical algorithms aiming to solve
the obtained MA-POMDP problem, we consider a grid
world of size L x L, denoted by £ = [L] x [L], where
[L] ={0,1,...,L — 1}. We denote the scout position at time
step t by pgt) = (mgt), ygt)) € L. At each time instant, the scout
can take one action from the set of 16 possible actions 4 =
{[170]7 [_17 0]’ [07 1]) [07 _1]7 [17 1}7 [_17 1]) [_15 _1]7 [17 _1]7
[27 O]a [_27 O]’ [07 2]7 [05 _2]5 [2, 2]7 [_27 2]7 [_27 _2}7 [25 _2]}'
See Fig. 7 for an illustration of the scout and the 16 actions
it can take. If the action taken by the scout ends up in a
cell outside the grid world, the agent remains in its original
location. The transition probability kernel of this MDP is
specified as follows: after each action, the agent moves to the
intended target location with probability (w.p.) 1 — 6, and to a
random neighboring cell w.p. 4. That is, the next state is given
by st = s 14®) wp. 1-§, and st = s 4q() 4 (1)

where z(Y) is uniformly distributed over the set
{[170]7 [17 1}7 [05 1]v [_1’ 1]7 [_17 0]7 [0, _1]5 [_L _1]7 [17 _1]}
w.p. 0.

The objective of the scout is to find the treasure, located at
Py = (24,Yy4) € L as quickly as possible. We assume that the
initial position of the scout and the location of the treasure are
random and are not the same. The scout takes instructions from
the guide, who observes the grid world, and utilizes a noisy
communication channel M times to transmit signal m(*) to
the scout, who observes m() from the output of the channel.
To put it in the context of the MA-POMDP defined in Section
III, agent 1 is the guide, with observable state ogt) = s,
where st = (pgt),pg), and action set A; = C;. Agent 2 is
the scout, with observation oét) = 1m® and action set Ay =
A (or, more precisely, ogt) = (s(t),(z)),o(;) = (@,ﬁlgt))). We
define the reward function as follows to encourage the agents
to collaborate to find the treasure as quickly as possible:

(t)

'r(t) _ 10, lf Ps : pg, (3)
—1, otherwise.
The game terminates when pgt) = pg-

We should highlight that despite the simplicity of the
problem, the original MDP is not a trivial one when both the
initial state of the agent and the target location are random,
as it has a rather large state space, and learning the optimal
policy requires a long training process in order to observe
all possible agent and target location pairs sufficiently many
times. In order to simplify the learning of the optimal policy,
and focus on learning the communication scheme, we will pay
special attention to the scenario where 6 = 0. This corresponds
to the scenario in which the underlying MDP is deterministic,

~. -
\T(t)/

Environment

Fig. 3. Information flow between the guide and the scout.

and it is not difficult to see that the optimal solution to this
MDP is to take the shortest path to the treasure.

We consider three types of channel distributions: the BSC,
the AWGN, and the BN channel. In the BSC case, we have
C: = {—1,+1}. For the AWGN channel and the BN channel,
we have C; = {—1,+1} if the input is constrained to binary
phase shift keying (BPSK) modulation, or C; = R if no
limitation is imposed on the input constellation. We will
impose an average power constraint in the latter case. In
both cases, the output alphabet is C,, = R. For the BSC, the
output of the channel is given by mﬁ” = mf;t) ®n®, where
n® ~ Bernoulli(p). For the AWGN channel, the output at
the ith use of the channel is given by m!” = m"¥ + n®),
where n) ~ A(0,021)) is the zero-mean Gaussian noise
term with covariance matrix U%I v and I, is M-dimensional
the identity matrix. For the BN channel, the output at the ¢th
use of the channel is given by Iilz(-t) = mz(-t) + n,(f), where
nl(f) is a two state Markov noise, with one state being the
low noise state N (0,021,/) as in the AWGN case, and the
other being the high noise state N(0,(c2 + o2)Ip). The
probability of transitioning from the low noise state to the
high noise state and remaining in that state is p,. In practice,
this channel models an occasional random interference from
a nearby transmitter.

We first consider the BSC case, also studied in [1]. The ac-
tion set of agent 1is A; = {—1,+1}™, while the observation
set of agent 2 is Oy = {—1,+1}™. We will employ deep Q-
learning network, introduced in [26], which uses deep neural
networks (DNNs) to approximate the Q-function in Eqn. (2).
More specifically, we use two distinct DNNs, parameterized by
61 and -, respectively, representing DNNs for approximating
the Q-functions of a(gent 1 (%uide) and agent 2 (scout).
The guide observes olt) = (pgt ,Dg) and chooses a channel
input signal mgt) = agt) = argmax, le(ogt)7a) € A,
based on the current Q-function approximation. The signal
is then transmitted across M uses of the BSC. The scout
observes ogt) = Iilgt) at the output of the BSC, and chooses

an action based on the current Q-function approximation

agt) = arg max, ng(ogt), a) € As. The scout then takes the
action aét), which updates its position pgtH), collects reward

r(®), and the process is repeated. The reward r(*) is fed to both
the guide and the scout to update 6, and 6.
As is typical in Q-learning methods, we use replay



buffer, target networks and e-greedy to improve the learned
policy. The replay buffers R; and Ry store experiences
(ogt),agt),r(”,ogtﬂ)) and (oét),aét),r(t),oétﬂ)) for the
guide and scout, respectively, and we sample them uniformly
to update the parameters €, and 6-. This prevents the states
from being correlated. We use target parameters 8; and 65,
which are copies of 8; and 65, to compute the DQN loss
function:

1
Loon(6:) = 5 (T(t) +ymax {Q- (0", a)}

2
_Qgi(ogﬂ,ay))) i=1,2. 4

The parameters 6; are then updated via gradient descent
according to the gradient Vg, Lpon (), and the target network
parameters are updated via
0, <710, +(1—-71)0;, i=12, (5)

where 0 < 7 < 1. Due to Q-learning being bootstrapped,
if the same (Qg, is used to estimate the state-action value of
time step ¢ and ¢ + 1, both values would move at the same
time, which may lead to the updates to never converge (like a
dog chasing its tail). By introducing the target networks, this
effect is reduced due to the much slower updates of the target
network, as done in Eqn. (5).

To promote exploration, we use e-greedy, which chooses a
random action w.p. € at each time step:

a(t) _ {arg max, Qei(oz(’t)

‘ a ~ Uniform(A4;),

,a), wp.l—e

(6)
W.p. €,

where a ~ Uniform(A4;) denotes an action that is sampled
uniformly from the action set A;. The proposed solution for
the BSC case is shown in Algorithm 1.

For the binary input AWGN and BN channels, we can use
the exact same solution as the one used for BSC. Note that the
observation set of the scout is @5 = RM. However, the more
interesting case is when A; € RM | 1t has been observed in
the JSCC literature [11], [41], that relaxing the constellation
constraints, similar to analog communications, and training the
JSCC scheme in an end-to-end fashion can provide significant
performance improvements thanks to the greater degree of
freedom available to the transmitter. In this case, since the
guide can output continuous actions, we can employ the deep
deterministic policy gradient (DDPG) algorithm proposed in
[27]. DDPG uses a parameterized policy function uw(ogt)),
which specifies the current policy by deterministically map-

. . (t . . .-
ping the observation o}’ to a continuous action. The critic
le(ogt),ud,(ogt))), then estimates the value of the action
taken by ,uv,(ogt)), and is updated as it is with DQN in Eqn.
4).

The guide policy is updated by applying the chain rule to
the expected return from the initial distribution

J =FE,m1 pr2 7 Z'ytilr(t)(ogt),og),agt),agt)) , (D
t=1

(®)

where o;7 ~ p™ is the discounted observation visitation

(®)

distribution for policy a,;” ~ ;. Since we solve this problem

Algorithm 1: Proposed solution for the guided robot
problem with BSC.

Initialize Q networks, 6,7 = 1, 2, using Gaussian
N(0,1072). Copy parameters to target networks 8; < ;.

episode = 0

while episode < episode-max do

episode = episode + 1
= 0 episode

€= €nd + (€0 — €end)e(77)‘)

while Treasure NOT found OR t < tyqx do

arg max, Qo, (ogt), a), wp.1—c¢,

a ~ Uniform(A1), w.p. €.
Observe 0% = Pysc(md? m!")
arg max, Qo, (ogt), a), wp.1l—c¢,
a ~ Uniform(Az), w.p. €.
Take action aét)
if £ > 1 then
Store experiences:

(Ogt(_zi)f)agt(_ti)f)?ﬂ(t_1)’ O(lt()x)) < R and
(05 , Qs 77“(“1),02 ) € R2

o) =

, collect reward r®

end

Get batches B1 C R1, B2 C Re

Compute DQN average loss Lpon(0:),7 = 1,2 as in
Eqn. (4) using batch B;

Update 0; using Vg, Lpon(0:),¢ = 1, 2. Update target
networks 6, ,¢ = 1,2 via Eqn. (5)

end

by letting each agent treat the other agent as part of the
environment, the value of the action taken by the guide is only
dependent on its observation ogt) and action M,(oﬁ”). Thus,
we use a result in [42] where the gradient of the objective J
in Eqn. (7) with respect to the guide policy parameters ) is
shown to be

V¢J = Eogt)wpn |:V¢Q91 (O, a)‘ozo(lt)vazuw(ogt))} (8)

= Eogt)Np,rl [Vanl (O, a)| (t)

0=04

Ja=p1y (0§"))

Vbt 0)],_0 ©)

if certain conditions specified in Theorem 1 are satisfied.
Theorem 1 ( [42]): A function approximator Qg(o,a)
is compatible (i.e., the gradient of the true Q func-
tion Qg+ is preserved by the function approximator) with
a deterministic policy fp(0), such that VgJ(¢) =
]E[Vd)/hb (O)VaQO (Oa a)|a:u¢,(o)], if
1) anG(Oaa)|a:u¢(o) = v’(b.u‘l.b(o)—re’ and
2) 6 minimizes the mean-squared
Ele(0;0,) Te(0; 8,1))], where
e(O;O,Q/J):Va [QB(Oaa)‘a:mp(o)_QG* (07 a>|a:M¢(O)]’
and 0" are the parameters that describe the true Q
function exactly.

error,

In practice, criterion 2) of Theorem 1 is approximately sat-
isfied via mean-squared error loss and gradient descent, but
criterion 1) may not be satisfied. Nevertheless, DDPG works
well in practice.



The DDPG loss is two-fold: the critic loss is computed as

15355(01) = (r +5{ Qo (01 sy~ (o)) }

y)?
~ Qa, (" i 0)) (10)
whereas the policy loss is computed as
Lo (4) = =Qo, (0, s (01). (11

As with the DQN case, we can also use a replay buffer
and target network to train the DDPG policy. To promote
exploration, we add noise to the actions taken as follows:

ai” = iy 0}”) +w® (12)

where w® is an Orstein-Uhlenbeck process [43] to generate
temporally correlated noise terms. The proposed solution for
the AWGN and BN channel is summarized in Algorithm 2.
We find that by relaxing the modulation constraint to R,
the learned policies of guide and scout are substantially better
than those achieved in the BPSK case. The numerical results
illustrating this conclusion will be discussed in Section VI.

To ensure that the actions taken by the guide meet the power
constraint we normalize the channel input to an average power
of 1 as follows:

(t)
oK) VAT

., M. (13)

The signal-to-noise ratio (SNR) of the AWGN channel is then
defined as
SNR = —10log;4(c

2) (dB). (14)

Due to the burst noise, we define SNR of the BN channel by
the expected SNR of the two noise states:

SNR = —10((1 — pp) log1o(a72) + py logg (a7, + 7)) (dB).
15)
In Section VI, we will study the effects of both the channel
SNR and the channel bandwidth on the performance. Natu-
rally, the capacity of the channel increases with both the SNR
and the bandwidth. However, we would like to emphasize
that the Shannon capacity is not a relevant metric per se
for the problem at hand. Indeed, we will observe that the
benefits from increasing channel bandwidth and channel SNR
saturate beyond some point. Nevertheless, the performance
achieved for the underlying single-agent MDP assuming a
perfect communication link from the guide to the scout serves
as a more useful bound on the performance with any noisy
communication channel. The numerical results for this exam-
ple will be discussed in detail in Section VI.

V. JOINT CHANNEL CODING AND MODULATION

The formulation given in Section III can be readily extended
to the aforementioned classic “level A” communication prob-
lem of channel coding and modulation. Channel coding is a
problem where B bits are communicated over M channel
uses, which corresponds to a code rate of B/M bits per
channel use. In the context of the Markov game introduced
previously, we can consider 27 states corresponding to each

Algorithm 2: Proposed solution for guided robot prob-
lem for AWGN and BN channel.

Initialize Q networks 6;,7 = 1, 2, using Gaussian
N(0,1072) and policy network ¥ if A; € R™. Copy
parameters to target networks 6; < 0;, Y~ < .

episode = 1

while episode < episode-max do

t=1
€ = €end + (€0 — €end)e(%)
while Treasure NOT found OR t < tyq do
Observe o(t> (pgt),pg)
if Ay ={-1,+1}" then
m® = a{ =

arg max, Qo, (ogw,a)7 w.p. 1 —e,
{a ~ Uniform(.A;), w.p. €.

else if A, =R then

m® = 1y (o) 4 w®

Normahze my % via Eqn (13)
(t) _

Observe o% PAWGN(m2 |m(t>)
PBN nlt |7TL t))

QO Jargmax, le(ogt),a), w.p. 1 —¢,
§) =

a ~ Uniform(Az), w.p. e.

(t)

Take action as’, collect reward rt

if t > 1 then
Store experiences:
(o P af! ™V =1 o )€R1 and
t—1
t:t(_fél ) ( ) pt= 1) ))ERQ
end

Compute average scout loss Lpon(02) as in Eqn. (4)
using batch B2 C Ro

Update 8 using Vg, Lpon(62)

if A1 ={—1,+1}" then

Compute DQN average loss Lpon(61) as in Eqn.
(4) using batch By C R1

Update 01 using Ve, Lpon(61)

Update target network 8 ,% = 1,2 via Eqn. (5)

else if A; = R then

Compute average DDPG Critic loss L5rie.(0,) as in
Eqn. (10) using batch 5;

Compute average DDPG Policy loss Ly (1) as in
Eqn. (11) using batch B; y

Update 6, and v using Ve, Lii;(61) and
V. Liypes (W)

Update target network 6.

episode = episode + 1

,0=1,2,4~ via Eqn. (5)

end

possible message. Agent 2 has 27 actions, each corresponding
to a different reconstruction of the message at agent 1. All
the actions transition to the terminal state. The transmitter
observes the state and sends a message by using the channel M
times, and the receiver observes a noisy version of the message
at the output of the channel and chooses an action. Herein, we
consider the scenario with real channel input and output values
and an average power constraint on the transmitted signals
each time ¢. As such, we can define O; = Ay = {0,1}? and
Ay = Oy = CM. We note that maximizing the average reward
in this problem is equivalent to designing a channel code with
blocklength B and rate B/M with minimum BLER.

There have been many recent studies focusing on the design
of channel coding and modulation schemes using machine



Fig. 4. Information flow between the transmitter and the receiver.

learning techniques [11], [28]-[32]. Most of these works
use supervised learning techniques, assuming a known and
differentiable channel model, which allows backpropagation
through the channel during training. On the other hand, here
we assume that the channel model is not known, and the agents
are limited to their observations of the noisy channel output
signals, and must learn a communication strategy through trial
and error.

A similar problem is considered in [32] from a supervised
learning perspective. The authors show that by approximating
the gradient of the transmitter with the stochastic policy gradi-
ent of the vanilla REINFORCE algorithm [44], it is possible to
train both the transmitter and the receiver without knowledge
of the channel model. We wish to show here that this problem
is actually a special case of the problem formulation we
constructed in Section III and that by approaching this problem
from a RL perspective, the problem lends itself to a variety of
solutions from the vast RL literature.

Here, we opt to use DDPG to learn a deterministic joint
channel coding-modulation scheme and use the DQN algo-
rithm for the receiver, as opposed to the vanilla REINFORCE
algorithm used in [32]. We use negative cross-entropy (CE)
loss as the reward function:

2B
r = —Lep(mi)) = 3" log(Pr(clm{")),  (16)
k=1

where ¢; is the kth codeword in (. The receiver DQN
is trained simply with the CE loss, while the transmitter
DDPG algorithm receives the reward (). Similar to the
guided robot problem in Section IV, we use replay buffer
to improve the training process. We note here that in this
problem, each episode is simply a one-step MDP, as there
is no state transition. As such, the replay buffers store only
0", M 1), (08, alV r(1) and a target network is not
required. Consequently, the DDPG losses can be simplified as

LG(01) = (Qo, (0 sy (o) = 7)),
L) pts = —Qo, (05, uap (05))

Furthermore, we improve upon the algorithm used in [32]
by implementing a critic, which estimates the advantage of a
given state-action pair by subtracting a baseline from policy
gradient. That is, in the REINFORCE algorithm, the gradient
is estimated as

a7
(18)

Ve, J(01) = Vg, logm (a(ll)|ogl); 0.)rd) . (19)

Algorithm 3: Proposed solution for joint channel
coding-modulation problem.

Initialize DNNs 6,7 = 1,2, with Gaussian A/(0,1072), and
policy network %) if using DDPG.

episode = 1

while episode < episode-max do

€ = €end + (60 - eend)eiw
Observe 05” ~ Uniform(O;)
mi” = gy (o) +
Normalize mll) via Eqn. (13)
Observe 05" = Pawan (s [m{") or Pan(ms)|m
ol = argmax, Qe (0<1 a)
2 a 1\~Y2 >
Collect reward r
Store experiences:
(ogl),agl),r(l)) € R1 and (oél),aél),r(l)) € R2
Get batches B1 C R1, B2 C R2
Compute average receiver loss LCE(ogl); 6:) as in Eqn.
(16) using batch B2
Update 02 using VQQLCE(OS); 05)
if use DDPG then
Compute average transmitter losses LS. (61) and
LYY (4h) as in Eqns. (17,18) using By .
Update 6 and ¥ Ve, LSiie (01) and V. Lyt (1)
else if use REINFORCE then
Compute average transmitter gradient Vg, J(61) as
in Eqn. (19) using B
Update 01 using Vg, J(601)
else if use Actor-Critic then
Compute average transmitter loss Vg, J(61) as in
Eqn. (21) using B:
Update 0; using Vg, J(601)
Update value estimate v, (o§1>) via Eqn. (22)
episode = episode + 1

M)

end

It is shown in [33] that by subtracting a baseline b(ogl)),
the variance of the gradient VgJ(0) can be greatly reduced.
Herein, we use the value of the state, defined by Eqn. (1),
except, in this problem, the trajectories all have length 1.
Therefore, the value function can be simplified to

b(0y”) = vr, (0f) = Ex, [r]of"].
The gradient of the policy with respect to the expected return

J(64) is then

Vo, J(81) = Vi, logm (a0} 1) (r(") — vz, (07").
2D
In practice, to estimate vrz(o; '), we use a weighted moving
average of the reward collected for a given state oy ) e O, in
Bl(ogl)) = {(0,a) € Bilo= ogl)} for the batch of trajectories

Bll
«
(1) Z 7,(1)(0’ a)7

|Bl(01 )‘(o,a)eBl(o(ll))

(20)

(1)

r (0) 4= (1=) v, (01 +

(22)
where « is the weight of the average and v, (051)) is initialized
with zeros. We use o = 0.01 in our experiments. The
algorithm for solving the joint channel coding and modulation
problem is shown in Algorithm 3. The numerical results and
comparison with alternative designs are presented in the next
section.
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Fig. 5. Example visualization of the codewords used by the guide, and the path taken by the scout for M = 7 uses of a BSC with p. = 0.2 and § = 0. The

origin is at the top left corner.

TABLE 1
DNN ARCHITECTURE AND HYPERPARAMETERS USED.
Qo Hap Hyperparameters
Linear: 64 Linear: 64 v =0.99
ReLU ReLU €0 = 0.9
Linear: 64 Linear: 64 €end = 0.05
ReLU ReLU A = 1000
. A;|, if DQN, . .
Linear: {'17 d " DSPG Linear: dim(A;) 7 =0.005

VI. NUMERICAL RESULTS

We first define the DNN architecture used for all the exper-
iments in this section. For networks, the inputs are processed
by three fully connected layers followed by the rectified linear
unit (ReLU) activation function. The weights of the layers
are initialized using Gaussian initialization with mean 0 and
standard deviation 0.01. We store 100K experience samples
in the replay buffer (|R;| = 100K), and sample batches of
size 128 for training. We train every experiment for 500K
episodes. The function used for e-greedy exploration is

__ episode )

€ = €end T+ (60 - eend)e( A (23)

where A\ controls the decay rate of e. We use the ADAM
optimizer [45] with learning rate 0.001 for all the experiments.
The network architectures and the hyperparameters chosen are
summarized in Table I. We consider SNR € [0, 23] dB for the
AWGN channel. For the BN channel, we use the same SNR
range as the AWGN channel for the low noise state and set
op = 2 for the high noise state. We consider p, € {0.1,0.2}
to see the effect of changing the high noise state probability.

For the grid world problem, presented in Section 1V, the
scout and treasure are uniformly randomly placed on any
distinct locations upon initialization (i.e., py # pgo)). These
locations are one-hot encoded to form a 2L? vector that

is the observation of the guide 0(1t). We fix the channel
bandwidth to M = {7,10} and compare our solutions to a
scheme that separates the channel coding from the underlying
MDP. That is, we first train a RL agent that solves the grid
world problem without communication constraints. We then
introduce a noisy communication channel and encode the
action chosen by the RL agent using a (7,4) Hamming code
before transmission across the channel. The received message
is then decoded and the resultant action is taken. We note
that the (7,4) Hamming code is a perfect code that encodes
four data bits into seven channel bits by adding three parity
bits; thus, it can correct single bit errors. The association
between the 16 possible actions and codewords of 4 bits
can be done by random permutation, which we refer to as
random codewords (RC), or hand-crafted (HC) association by
assigning adjacent codewords to similar actions, as shown in
Fig. 2. By associating adjacent codewords to similar actions,
the scout will take a similar action to the one intended even if
there is a decoding error, assuming the number of bit errors is
not too high. Lastly, we compute the optimal solution, where
the steps taken forms the shortest path to the treasure, and use
a Hamming (7,4) channel code to transmit those actions. This
is referred to as “Optimal actions with Hamming Code” and
acts as a lower bound for the separation-based results.

For the joint channel coding-modulation problem, we again
compare the DDPG and actor-critic results with a (7,4) Ham-
ming code using BPSK modulation. The source bit sequence
is uniformly randomly chosen from the set {0,1}* and one-
hot encoded to form the input state ogl of the transmitter.
We also compare with the algorithm derived in [32], which
uses supervised learning for the receiver and the REINFORCE
policy gradient to estimate the gradient of the transmitter.

We first present the results for the guided robot problem.
Fig. 6 shows the number of steps, averaged over 10K episodes,
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Fig. 6. Comparison of agents jointly trained to collaborate and communicate
over a BSC to separate learning and communications with a (7,4) Hamming
code.

needed by the scout to reach the treasure for the BSC case
with 6 = {0,0.05}. The “optimal actions without noise”
refers to the minimum number of steps required to reach
the treasure assuming a perfect communication channel and
acts as the lower bound for all the experiments. It is clear
that jointly learning to communicate and collaborate over a
noisy channel outperforms the separation-based results with
both RC and HC. In Fig. 5, we provide an illustration of
the actions taken by the agent after some errors over the
communication channel with the separate learning and com-
munication scheme (HC) and with the proposed joint learning
and communication approach. It can be seen that at step 2
the proposed scheme takes a similar action (—1,—1) to the
optimal one (—2,0) despite experiencing 2 bit errors, and in
step 3 despite experiencing 3 bit errors (Fig. 5b). On the other
hand, in the separate learning and communication scheme with
a (7,4) Hamming code and HC association of codewords to
actions, the scout decodes a very different action from the
optimal one in step 2 which results in an additional step being
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Fig. 7. Comparison of the agents jointly trained to collaborate and commu-
nicate over an AWGN channel to separate learning and communications with
a (7,4) Hamming code.

taken. However, it was able to take a similar action to the
optimal one in step 4 despite experiencing 2 bit errors. This
shows that although handcrafting codeword assignments can
lead to some performance benefits in the separate learning
and communication scheme, which was also suggested by
Fig. 6, joint learning and communication leads to more robust
codeword assignments that give much more consistent results.
Indeed, we have also observed that, unlike the separation
based scheme, where each message corresponds to a single
action, or equivalently, there are 8 different channel output
vectors for which the same action is taken, the codeword to
action mapping at the scout can be highly asymmetric for
the learned scheme. Moreover, neither the joint learning and
communication results nor the separation-based results achieve
the performance of the optimal solution with Hamming code.
The gap between the optimal solution with Hamming code
and the results obtained by the guide/scout formulation is
due to the DQN architectures’ limited capability to learn the
optimal solution and the challenge of learning under noisy
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Fig. 8. Comparison of the agents jointly trained to collaborate and communicate over an BN channel to separate learning and communications with a (7,4)

Hamming code.

environments. Comparing Fig. 6a and 6b, the performance
degradation due to the separation-based results is slightly
greater than those from the joint framework. This is because
the joint learning and communication approach is better at
adjusting its policy and communication strategy to mitigate the
effect of the channel noise than employing a standard channel
code.

Similarly, in the AWGN case in Fig. 7, the results from
joint learning and communication clearly outperforms those
obtained via separate learning and communication. Here, the
“Real” results refer to the guide agent with A; = RM,
while the “BPSK” results refer to the guide agent with
Ay = {—1,+1}M. The “Real” results here clearly outperform
all other schemes considered. The relaxation of the channel
constellation to all real values within a power constraint
allows the guide to convey more information than a binary
constellation can achieve. We also observe that the gain from
this relaxation is higher at lower SNR values for both ¢

values. This is in contrast to the gap between the channel
capacities achieved with Gaussian and binary inputs in an
AWGN channel, which is negligible at low SNR values and
increases with SNR. This shows that channel capacity is not
the right metric for this problem, and even when two channels
are similar in terms of capacity, they can give very different
performances in terms of the discounted sum reward when
used in the MARL context.

In the BN channel case (Fig. 8), similar observations can
be made compared to the AWGN case. The most significant
difference is that we see a larger performance improvement
over the separation case when using our proposed framework
than in the AWGN case. This is particularly obvious when
using BPSK modulation, where the gap between the BPSK
results for the joint learning and communication scheme and
those from the separate learning and communication is larger
compared to the AWGN channel case. This shows that in this
more challenging channel scenario, the proposed framework is
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better able to adjust jointly the policy and the communication
scheme to meet the conditions of the channel. It also again
highlights the fact that the Shannon capacity is not the most
important metric for this problem as the expected SNR is not
significantly less due to the burst noise, but we observe an even
more pronounced improvement using the proposed schemes
over the separation schemes.

In Figs. 6, 7 and 8§, it can be seen that when the grid
world itself is noisy (i.e., § > 0), the agents are still able to
collaborate, albeit at the cost of higher average steps required
to reach the treasure. The convergence of the number of steps
used to reach the treasure for each channel scenario is shown
in Fig. 9. The slow convergence for the BSC channel indicates
the difficulty of learning a binary code for this channel. We
also study the effect of the bandwidth M on the performance.
In Fig. 10, we present the average number of steps required
for channel bandwidths M = 7 and M = 10. As expected,
increasing the channel bandwidth reduces the average number
of steps for the scout to reach the treasure. The gain is
particularly significant for BPSK at the low SNR regime as
the guide is better able to protect the information conveyed
against the channel noise thanks to the increased bandwidth.

Next, we present the results for the joint channel coding and
modulation problem. Fig. 11 shows the BLER performance
obtained by BPSK modulation and Hamming (7,4) code, our
DDPG transmitter described in Section V, the one proposed
by [32], and the proposed approach using an additional critic,
labeled as “Hamming (7,4)”, “DDPG”, “REINFORCE”, and
“Actor-Critic”, respectively. It can be seen that the learning
approaches (DDPG, REINFORCE and Actor-Critic) perform
better than the Hamming (7,4) code. Additionally, stochastic
policy algorithms (REINFORCE and Actor-Critic) perform
better than DDPG. This is likely due to the limitations of
DDPG, as in practice, criterion 1) of Theorem 1 is often
not satisfied. Lastly, we show that we can improve upon the
algorithm proposed in [32] by adding an additional critic that
reduces the variance of the policy gradients, which leads to
a better policy. The results obtained by the actor-critic algo-
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Fig. 10. Impact of the channel bandwidth M = {7,10} on the performance
for an AWGN channel (§ = 0).

rithm are superior to those from the REINFORCE algorithm,
especially in the higher SNR regime. On average, the learning-
based results are better than the Hamming (7,4) performance
by 1.24, 2.58 and 3.70 dB for DDPG, REINFORCE and
Actor-Critic, respectively.

When considering the BN channel case, as shown in Fig.
13, while the BLER increases due to the increased noise for
all the schemes, we still see improved performance with the
learning algorithms. Fig. 12 shows the convergence behavior
of different learning algorithms for 5dB channel SNR. We can
see that the actor-critic algorithm converges the quickest and
achieves the lowest BLER, while REINFORCE converges the
slowest but achieves lower BLER than DDPG at the end of
training. This is in accordance with the BLER performance
observed in Fig. 11. We reiterate that the joint channel
coding and modulation problem studied from the perspective
of supervised learning in [32] is indeed a special case of the
joint learning and communication framework we presented in
Section III from a MARL perspective, and can be solved using
a myriad of algorithms from the RL literature.

Lastly, we note that due to the simplicity of our network
architecture, the computation complexity of our models is
not significantly more than the separation based results we
present herein. The average computation time for encoding and
decoding using our proposed DRL solution is approximately
323us compared to 286us for the separate learning and
communication case with a Hamming (7,4) code, using an
Intel Core 19 processor. This corresponds to roughly 13%
increase in computation time, which is modest considering the
performance gains observed in both the guided robot problem
and the joint channel coding and modulation problem.

Remark 1: We note that both the grid world problem and
the channel coding and modulation problems are POMDPs.
Therefore, recurrent neural networks (RNNs), such as long-
short term memory (LSTM) [46] networks, should provide
performance improvements as the cell states can act as belief
propagation. However, in our initial simulations, we were not
able to observe such improvements, although this is likely to
be due to the limitations of our architectures.
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Fig. 12. Convergence behavior for the joint channel coding and modulation
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Remark 2: Even though we have only considered the
channel modulation and coding problem in this paper due
to lack of space, our framework can also be reduced to the
source coding and joint source-channel coding problems by
changing the reward function. If we consider an error-free
channel with binary inputs and outputs and let the reward
depend on the average distortion between the B-length source
sequence observed by agent 1 and its reconstruction generated
by agent 2 as its action, we recover the lossy source coding
problem, where the length-B sequence is compressed into M
bits. If we instead consider a noisy channel in between the two
agents, we recover the joint source-channel coding problem
with an unknown channel model.

VII. CONCLUSION

In this paper, we have proposed a comprehensive framework
that jointly considers the learning and communication prob-
lems in collaborative MARL over noisy channels. Specifically,
we consider a MA-POMDP where agents can exchange mes-
sages with each other over a noisy channel in order to improve
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Fig. 13. Comparison of the agents jointly trained to collaborate and commu-
nicate over an BN channel to separate learning and communications with a
(7,4) Hamming code.

the shared total long-term average reward. By considering the
noisy channel as part of the environment dynamics and the
message each agent sends as part of its action, the agents not
only learn to collaborate with each other via communications
but also learn to communicate “effectively”. This corresponds
to “level C” of Shannon and Weaver’s organization of the
communication problems in [2], which seeks to answer the
question “How effectively does the received meaning affect
conduct in the desired way?”. We show that by jointly
considering learning and communications in this framework,
the learned joint policy of all the agents is superior to that
obtained by treating the communication and the underlying
MARL problem separately. We emphasize that the latter is the
conventional approach when the MARL solutions obtained in
the machine learning literature assume error-free communica-
tion links are employed in practice when autonomous vehicles
or robots communicate over noisy wireless links to achieve
the desired coordination and cooperation. We demonstrate



via numerical examples that the policies learned from our
joint approach produce higher average rewards than those
where separate learning and communication is employed. We
also show that the proposed framework is a generalization
of most of the communication problems that have been tra-
ditionally studied in the literature, corresponding to “level
A” as described by Shannon and Weaver. This formulation
opens the door to employing available numerical MARL
techniques, such as the actor-critic framework, for the design
of channel modulation and coding schemes for communication
over unknown channels. We believe this is a very powerful
framework, which has many real world applications, and can
greatly benefit from the fast developing algorithms in the
MARL literature to design novel communication codes and
protocols, particularly with the goal of enabling collaboration
and cooperation among distributed agents.
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