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Abstract—In this work we examine the problem
of learning to cooperate in the context of wireless
communication. We consider the two agent setting
where agents must learn modulation and demodulation schemes that enable them to communicate with
each other in the presence of a power-constrained
additive white Gaussian noise (AWGN) channel. We
investigate whether learning is possible under different levels of information sharing between distributed
agents that are not necessarily co-designed. We make
use of the “Echo” protocol, a learning protocol where
an agent hears, understands, and repeats (echoes)
back the message received from another agent. Each
agent uses what it sends and receives to train itself to
communicate.
To capture the idea of cooperation between agents
that are “not necessarily co-designed,” we use two
different populations of function approximators —
neural networks and polynomials. In addition to diverse learning agents, we include non-learning agents
that use fixed standardized modulation protocols such
as QPSK and 16QAM. This is used to verify that
the Echo approach to learning to communicate works
independent of the inner workings of the agents, and
that learning agents can not only learn to match
the communication expectations of others, but can
also collaboratively invent a successful communication
approach from independent random initializations. In
addition to simulation-based experiments, we implement the Echo protocol in physical software-defined
radio experiments to verify that it can work with real
radios.
To explore the continuum between tight co-design
of learning agents and independently designed agents,
we study how learning is impacted by different levels
of information sharing — including sharing training symbols, sharing intermediate loss information,
and sharing full gradient information. The resulting
learning techniques span supervised learning and reinforcement learning. We find that in general, co-design
(increased information sharing) accelerates learning
and that this effect becomes more pronounced as the
communication task becomes harder.
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I. I NTRODUCTION
Machine learning is a technology and associated
design paradigm that has recently seen a resurgence largely due to advances in computational
capabilities. Consequently, there has been increasingly active research in the areas of supervised
and reinforcement learning, both in the underlying
technology as well as in the development of design
paradigms appropriate to using these technologies
in diverse application contexts. This paper is about
seeing whether machine learning paradigms can be
used to aid us with achieving interoperability in
a wireless communication setting. The established
paradigm for interoperation is that of standards
— communication protocols are not only handcrafted by individual humans, these hand-crafted
protocols are standardized and certified by authorized committees of people. Can we use machine
learning techniques to learn how to communicate
with minimal assumptions on shared information,
and if so how well can we learn?
Communication is a fundamentally cooperative
activity between at least two agents. Consequently,
communication itself can be viewed as both a
special case of cooperation as well as a building block that can be leveraged to permit more
effective cooperation. The fundamental limits to
learning how to cooperate with a stranger have been
studied in an abstract theoretical setting in [1], [2],
[3], [4], [5]. By asking how two intelligent agents
might understand and help each other without a
common language, a basic theory of goal-oriented
communication was developed in these papers. The
principal claim is that for two agents to robustly
succeed in the task of learning to collaborate, the
goal must be explicit, verifiable, and forgiving.
However the approach in these works took a funda-
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This problem of learned communication has been
tackled using learning techniques under different
assumptions on the information that the agents are
allowed to share and how tightly coordinated their
interaction is. Early work in this area [7], [8], where
gradients are shared among agents, demonstrated
the success of training a channel auto-encoder using
supervised learning when a stochastic model of the
channel is known. Subsequent works relax the assumption on the known channel model by learning
a stochastic channel model by using GANs as in
[9], [10], [11] or by approximating gradients across
the channel and using that for training. However,
these approaches cannot be said to represent communication with strangers, and instead represent a
way of having co-designed systems learn to communicate. If instead of sharing gradients we can
only share scalar loss values then with access to
a shared preamble, reinforcement learning can be
used to train the system as demonstrated in [12] and
[13] without having access to a stochastic channel
model.

each other1 The work in [12] considered a neural
network based modulator that was trained using
reinforcement learning, but the demodulator was
nearest neighbors based and required no training —
it used small-sample-based supervised learning. Our
work in the present paper builds on this and studies
the case where agents do not have access to a
shared preamble, and also introduces the concept of
“alienness” among agents. After all, if our goal is to
understand the learning of communication between
strangers, we need to be able to test this. We
consider modulators and demodulators represented
using different types of function approximators such
as neural networks and polynomials.By doing so we
wish to separate the effect of the specific function
approximators used from the meta protocols (specifically the Echo protocol) used to do the learning.
Our main contribution is to investigate whether
the Echo protocol is universal, i.e. does it allow
two agents to learn to communicate irrespective of
their type, and what level of information sharing is
necessary for it to work. We consider agents with
different levels of “alienness” based on the hyperparameters, architectures, and techniques used in
their modulators and demodulators. To explore the
gradient between complete codesign and strangers,
we explore different levels of information sharing,
namely shared gradients, shared loss information,
shared preambles (echo-shared-preamble), and finally the case where only the overall protocol is
shared (echo-private-preamble). Machine learning
scholarship is notorious for producing results that
are not easily reproducible, and failure to identify
the source of and explain the reasoning behind
performance gains [14]. Keeping this in mind, in

Moving closer to minimal co-design, if we further
restrict ourselves to the case where the two agents
only have access to a shared preamble, the “Echo”
protocol, where an agent hears, understands, and
repeats (echoes) back the message received from
the other agent, as specified in [12] has been shown
to work. By comparing the original message to
the received echo, a learning agent can get feedback about how well the two agents understand

1 Round-trip stability is not by itself a sufficient condition
to guarantee mutual comprehension. After all, one agent might
just be doing raw mimicry and just repeating back the analog
signal value received with no attempt to actually demodulate.
However, in [12], the key insight was that intelligent agents,
though strangers, are believed to be cooperative and so wish
to actually understand and communicate with each other. They
don’t need to actually coordinate with another designer to realize
that sheer mimicry would not necessarily advance their goal of
cooperation. Consequently, the Echo protocol can rely on the
good intention to eliminate the possibility of them just mirroring
back what has been heard instead of trying to understand what
was sent and repeating it back.

mentally semantic perspective on cooperation. As
Shannon pointed out in [6], the arguably simpler
cooperative problem of communicating messages
can be understood in a way that is divorced from the
issue of what the messages mean. To see whether
existing machine learning paradigms can be adapted
to achieve cooperation with strangers, we consider
the concrete problem where two agents learn to
communicate in the presence of a noisy channel.
Each agent consists of a modulator and demodulator.
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order to evaluate the ease, speed, and robustness of
the learning task under various levels of alienness
and information sharing, we conduct repeated trials
for each setting using different seeds and slightly
different hyperparameters sampled uniformly from
a range. We report the fraction of trials that succeeded as a function of the amount of symbols
exchanged as well as aggregate statistics about
the bit error rate achieved at different signal to
noise ratio (SNR) levels by the learned modulation/demodulation schemes under various settings.
From our experiments we observe and conclude
that the Echo protocol allows two agents to learn a
modulation scheme even when we share the minimal amount of information, and that as we decrease
the amount of shared information the learning task
is harder, i.e a lower fraction of seeds succeed
and the agents take longer to learn. It appears that
learning to communicate with “alien” agents can
be more or less difficult than learning with agents
of the same type depending on the specifics of the
agents. However it is significantly easier to learn
to communicate if one of the agents has been pretrainedwith a good modulation and demodulation
scheme (as could be achieved by self training for
example). Finally, as we increase the modulation
order for communication the learning task becomes
harder, especially for settings with little information
sharing.
Although most of the results we report in this
paper were performed purely in simulations, we
replicate our simulation results using USRP radios
and observe similar results — two agents can learn
to communicate in a decentralized way even using
real hardware. More details of related work as well
as everything else are in the full version of this
paper.
II. OVERVIEW
A. Problem Formulation
We consider the setting where two agents communicate in the presence of an additive white Gaussian noise (AWGN) channel. Each agent consists of
an encoder (modulator) and a decoder (demodulator). We treat the modulator as an abstract (black
box) object that converts bit symbols to complex

numbers, i.e. we treat it as a mapping M : B → C
where B refers to the set of bit symbols and C refers
to the set of complex numbers. Similarly we treat
the demodulator as an abstract object that converts
complex numbers to bit symbols, i.e. a mapping
D : C → B. The set of bit symbols B, is specified
by the modulation order (bits per symbol). For
instance, when bits per symbol is 1, B = {0, 1} and
when bits per symbol is 2, B = {00, 01, 10, 11}.
For the case where bits per symbol is 1, the classic2
BPSK (binary phase shift keying) modulation and
demodulation scheme is given by:
M BP SK (0) = 1 + 0j,
M BP SK (1) = −1 + 0j.
These corresponding demodulator performs the demodulation as,
(
0, Re(c) ≥ 0
BP SK
D
(c) =
1, Re(c) < 0.
In addition to agents that use fixed modulation and
demodulation schemes we also consider ‘learning’
agents. These agents use function approximators
to learn the mapping performed by modulator and
demodulator, and we denote these as M (·; θ) and
D(·; φ) where θ and φ denote the parameters of the
underlying function approximators and are updated
during training. The specifics of the learning agents
and their update methods can be found in the full
version of this paper.
The main focus of our work is in learning modulation and demodulation schemes, and in order to
make it easier to conduct experimental simulations
we make the following simplifying assumptions:
1) There are at most two agents, and they engage
in perfect turn-taking
2) The two agents are separated by a unit gain
AWGN channel. There is no carrier frequency
offset, timing offset or phase offset.
3) Both agents encode and decode data using the
same, fixed number of bits per symbol (i.e.,
the modulation order is preset).
2 Here we use classic to refer to a modulation scheme that
is fixed and specified identically for all communicating agents
by a certain standard. One example of such a scheme is BPSK
signalling as described above.
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4) The environment is stationary and nonadversarial during the learning process.
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Fig. 1: Visualization of the Echo protocol. (A)
Speaker Agent (A1) modulates a bit sequence and
(B) sends it across a (AWGN) channel. (C) Echoer
Agent (A2) receives the sequence and demodulates
it; (D) A2 then modulates the recovered sequence
and (E) sends it back over the channel. (F) A1
receives this echoed version of its original sequence
and demodulates it. (G, H) Then A1 uses the
received echo to update its modulator and demodulator. The agents switch roles and repeat until
convergence.
B. Objective and Approach – Echo with Private
Preamble Protocol
The main objective of our work is to specify
a robust communication-learning protocol that allows two independent agents to learn a modulation
scheme under minimal assumptions on information sharing beyond shared knowledge of learning
protocol and ability to perform turn taking. No
other information is shared a-priori or via a side
channel during training. We coin the name Echo
with Private Preamble (EPP) protocol.
The underlying premise of the Echo protocol is
that an echo of the message sent by one agent repeated by another agent provides sufficient feedback
for the agent to learn expressive modulation and demodulation schemes. Under the Echo protocol, one
agent (the “speaker”) broadcasts a message and receives back an estimate of this message(preamble),
an Echo, from the other agent (the“echoer”). The
passage of the original message from the speaker
to the echoer and back to the speaker as an Echo is

denoted as a round-trip. (A half-trip goes only from
speaker to echoer.) After a round-trip, the speaker
compares the original message to the echo and
trains its modulator and demodulator to minimize
the difference (usually measured in the form of biterrors) between the two messages. The two agents
then switch roles and repeat. When the difference
between the original message and the echo is small,
we infer that the agents can communicate with one
another.
A variant of the Echo protocol, Echo with Shared
Preamble (ESP) was introduced in [12] where both
agents have access to a shared preamble (message
that the “speaker” sends). Here the echo behavior
is introduced to only to train the modulator, and
knowledge of a shared preamble between the two
agents is assumed to facilitate direct supervised
training of the demodulator after a half-trip exchange. We consider the case where agents do
not have access to a shared preamble and use the
EPP protocol to learn a modulation scheme in this
setting.
We believe that the EPP protocol minimizes
the information sharing assumptions for learning
modulation schemes for two reasons. First, some
sort of feedback is required for learning, and the
echo of the preamble provides this feedback. Second, the EPP protocol treats the environment as a
regenerative channel, i.e. a channel that provides
feedback without requiring assumptions about the
nature of the other communicating agent. As long as
the other agent cooperative in the sense of echoing
back what it hears, then the environment behaves
like a regenerative channel.
Next we argue that the EPP protocol is a plausible
mechanism for learning modulation schemes when
the channel is regenerative by considering the case
of a learning agent communicating with an agent
that uses fixed classic schemes. In this setting,
even random exploration would eventually find a
modulation scheme that successfully interfaces with
the fixed agent. By using feedback to guide exploration, we expect the EPP protocol to perform much
better than random guessing and quickly converge
to a suitable modulation scheme. We can think of
such a fixed, friendly regenerative channel as a
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’game’ that the learner plays where positive reward
is achieved if what the channel echoes back can
be decoded as what the learner encoded and sent
in. Reinforcement learning is good at optimizing
behaviors for simple games like this [44]. One of
our main contributions is to show that the EPP
protocol works not only with fixed communication
partners, but even in the case where two agents are
learning simultaneously.
To verify the universality of the EPP protocol
and understand its performance, we run experiments
with:
1) Different learning protocols based on varying
amounts of information sharing.
2) Different levels of alienness3 amongst agents.
3) Different modulation order and levels of training SNR.

Fig. 2: Round-trip median BER curves for GP and
LP protocols at 2 bits per symbol and 8.4 dB
training SNR. Permutations of neural and classic
modulator and demodulator models are tested in
order to show individual learning components independently. (a) is the full curve at all test SNRs
and (b) is zoomed in on the upper end of the testing
SNRs. All of the loss and gradient passing settings
show close to baseline performance.

III. R ESULTS
Here, we include certain key figures and a key
table. More details are in the full version of this
paper.

Echo, Shared Preamble
Echo, Private Preamble

QPSK
(2 BPS)

8PSK
(3 BPS)

16QAM
(4 BPS)

51200
115200

76800
665600

204800
3379200

TABLE I: Number of symbols exchanged until
≥ 90% of trials reached 3 dB off of optimal BER
for the ESP and EPP protocols with Neural agents
and varying bits per symbol (BPS). The agents
were trained and tested at SNRs corresponding to
1% BER for the corresponding baseline modulation
schemes. The results show the increased difficulty
of learning at higher modulation orders. The EPP
protocol is impacted much more than ESP by high
modulation order.
3 Alienness

is a description of how different the models for
the agents’ modulators and demodulators are between the two
agents. Factors that determine alienness include whether the
agents are fixed or learning, the class of function approximators
used by the learning agents and choice of hyperparameters and
initializations.

Fig. 3: Convergence of 50 GP and LP trials at 2
bits per symbol to be within 3 dB (at testing SNR
8.4 dB) at 8.4 dB training SNR. LP requires more
symbols than GP to converge.

Fig. 4: Convergence of 50 Neural-vs-Clone trials to
be within 3 dB (at testing SNR 8.4 dB) using the
EPP and ESP protocols at 2 bits per symbol and
training SNR 8.4 dB. EPP takes more symbols to
converge.
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Fig. 5: Private Preamble: Neural Agent vs Clone
Fig. 8: Convergence of 50 Neural-vs-Clone trials to
be within 3 dB (at testing SNR 8.4 dB) at 2 bits per
symbol using EPP protocol at training SNRs 13.0,
8.4, and 4.2 dB. Training at higher SNR reduces
the number of symbols required for most seeds to
converge.
IV. I MPLEMENTATION IN S OFTWARE D EFINED
R ADIOS

Fig. 6: Round-trip median BER curves for Neuralvs-Clone learning QPSK, 8PSK, and 16QAM under
the EPP protocol at training SNRs corresponding to
1% BER. Alongside the BER curves of the learned
modulation and demodulation schemes is the baseline. In all cases, modulation constellations are
normalized to constrain the average signal power.
The learned 16QAM agents perform worse relative
to the baseline than QPSK and 8PSK agents.

In order to corroborate our simulation results, we
implement the ESP and EPP protocols on Ettus
USRP software defined radios using GNU Radio
[45]. The goal of this implementation is not to
provide a real-time implementation of the Echo protocol, since in general the real-time components of
radio communications are implemented in ASICs,
and even software components run in special realtime operating systems to achieve deterministic or
bounded latencies. The focus of our work is to learn
modulation schemes, so the primary goal of the
GNU Radio implementation is to demonstrate that
the learning protocols work not only in simulations
but also when trained in real, physical systems.
Other work such as [20] and [21] have also demonstrated that end-to-end learning of communication
schemes is possible over the air in real radio systems. The details are in the full version of this paper.
A. Experiments

Fig. 7: Convergence of 50 trials to be within 3 dB
(at testing SNR corresponding to 1% BER) of the
corresponding baseline for EPP trials of Neural-vsClone at training SNR corresponding to 1% BER
for increasing modulation order. 16QAM, with the
highest modulation order 4, takes much longer to
converge than QPSK (order 2) and 8PSK (order 3).

The radio experiments were conducted using two
Ettus USRP X310 software defined radios (SDRs)
connected to each other with SMA cables.75 dB
of attenuation was added between the radios both
to simulate path loss and to allow us to achieve
desired SNRs with the available internal transmit
and receive gains.

189

Figs. 9 and 10 compare the performance of the
GNU Radio implementation to our simulations for
EPP neural-clone training. Apart from the additional SNR required to achieve the same baseline
performance, the trained neural agents show a similar spread in final BER performance across SNRs.
This is another main result of our work, EPP is
successful at learning modulation schemes over
the wire while using software defined radios.

Fig. 9: Round-trip median bit error curves for Neural agent vs clone python simulation and gnuradio
agent learning QPSK under the EPP protocol at
training SNRs corresponding to 1% BER. Alongside the bit error curves of the learned modulation
and demodulation schemes is the baseline.

Fig. 10: Convergence of 50 simulation and 20
gnuradio trials to be within 3 dB (at testing SNR
corresponding to 1% BER) of the corresponding
baseline for EPP trials of Neural agent vs clone at
training SNR corresponding to 1% BER for QPSK
modulation. The GNU Radio agents were only
trained at 1% BER SNR, equivalent to SNR dB=8
among the simulation curves. Note that the GNU
Radio agents take longer to converge to within
3 dB of optimal, but after sufficient time a similar
proportion of seeds converge.
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