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ABSTRACT
Emergent communication has made strides towards learning com-
munication from scratch, but has focused primarily on protocols
that resemble human language. In nature, multi-agent cooperation
gives rise to a wide range of communication that varies in structure
and complexity. In this work, we recognize the full spectrum of com-
munication that exists in nature and propose studying lower-level
communication. Speci�cally, we study emergent implicit signaling
in the context of decentralized multi-agent learning in di�cult,
sparse reward environments. However, learning to coordinate in
such environments is challenging. We propose a curriculum-driven
strategy that combines: (i) velocity-based environment shaping,
tailored to the skill level of the multi-agent team; and (ii) a behav-
ioral curriculum that helps agents learn successful single-agent
behaviors as a precursor to learning multi-agent behaviors. Pursuit-
evasion experiments show that our approach learns e�ective coor-
dination, signi�cantly outperforming sophisticated analytical and
learned policies. Our method completes the pursuit-evasion task
even when pursuers move at half of the evader’s speed, whereas
the highest-performing baseline fails at 80% of the evader’s speed.
Moreover, we examine the use of implicit signals in coordination
through position-based social in�uence. We show that pursuers
trained with our strategy exchange more than twice as much infor-
mation (in bits) than baseline methods, indicating that our method
has learned, and relies heavily on, the exchange of implicit signals.
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1 INTRODUCTION
Communication is a critical sca�olding for coordination. It enables
humans and animals alike to coordinate on complex tasks, synchro-
nize plans, allocate team resources, and share missing state. Under-
standing the process through which communication emerges has
long been a goal of philosophy, linguistics, cognitive science, and AI.
Recently, advances in multi-agent reinforcement learning (MARL)
have propelled computational studies of emergent communication
that examine the representations and social conditions necessary
for communication to emerge in situated multi-agent populations
[39]. Existing approaches, targeting language-like communication,
have shown that it is possible for agents to learn protocols that
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Figure 1: Left: Animal communication spans a complete
spectrum from explicit to implicit communication. Right: A
pursuit-evasion game with two pursuers ?1 and ?2 and an
evader 4 (with positions@1,C ,@2,C , and@4,C at time C ). Emergent
communication only considers language-like communica-
tion (top), where agents share information over specialized
sender-receiver architectures—e.g. ?1 receives the extended
observation >1,C = [@1,C @2,C @4,C <2,C�1]) and selects actions us-
ing the extra information<2,C�1 that ?2 chose to share at the
previous time-step (and vice versa for ?2). With implicit sig-
nals (bottom), ?1 selects a movement action 01,C based only
on the observation >1,C = [@1,C @2,C @4,C ]) . The only informa-
tion ?1 gets from ?2 is generated by ?2’s physical position
(and vice versa for ?2). We posit that implicit signals are an
important step towards learning richer communication.

exhibit language-like properties such as compositionality [10, 58]
and Zipf’s Law [11] when given additional learning biases [23].

Though emergent communication is fundamentally an ab initio
approach compared to top-down language learning [66], most re-
cent methods at the intersection of emergent communication and
multi-agent reinforcement learning have targeted protocols with
complex structure and representational capacity, like that of human
language [39, 43]. Such techniques equip agents with specialized
sender-receiver architectures and allow them to exchange bits of
information (or continuous signals) through these channels. One
notable exception is the work of Jaques et al. [36], which considers
how in�uential agents can pass information to other agents through
their actions in the environment. We build on these ideas, recogniz-
ing the full spectrum of communication that exists in nature and
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proposing the study of lower-level forms of communication that do
not require specialized architectures as a �rst step towards more
sophisticated communication (see Figure 1).

Multi-agent cooperation in nature yields a wide range of commu-
nication protocols that vary in structure and complexity. In animal
communication [6], for example, reef-dwelling �sh use body shakes
[8, 65] and octopuses punch collaborators [60]—forms of non-verbal
communication—whereas chimps [5], macaques [45], and gentoo
penguins [13] each maintain a diverse vocal repertoire. Importantly,
animals also exchange information through non-explicit channels.
In the Serengeti, for example, lions use the posture of fellow pride
members to stalk prey covertly [61]. Moreover, wolves [53] and dol-
phins [56], both frequent vocal communicators, communicate im-
plicitly during foraging—adjusting their group formation based on
the position and orientation of other pack members [32]. Breazeal
et al. [7] de�ne such forms of communication, called implicit com-
munication, as "conveying information that is inherent in behavior
but which is not deliberately communicated". Studies have shown
that implicit cues are used frequently by humans as well. Human
teams rely on gaze, facial expressions, and non-symbolic movement
during cooperative tasks [24] including collaborative design [70],
crowdsourcing [72], and multiplayer games (e.g. Hanabi [2, 40]).

The role of implicit communication in teamwork has been stud-
ied extensively in the human-computer [40, 62] and human-robot
interaction [7, 9, 12, 37] communities, and even in multi-agent sys-
tems [29, 50]; but is less well-understood in the context of emergent
agent-agent interactions [19]. This is due in large part to the anthro-
pomorphized nature of standard de�nitions of implicit communica-
tion. Note that the key di�erence between explicit communication
(a deliberate information exchange) and implicit communication (a
non-deliberate exchange) in the de�nition above is intent [7, 29].
Understanding implicit communication in the context of arti�cial
agents requires (i) ascribing human-like mental states to arti�-
cial agents and (ii) giving agents the ability to reason about each
other’s mental states with respect to a common goal (à la Cohen
and Levesque [16]); which is a highly non-trivial undertaking.

In this work, we take a �rst step in this direction by examining
the extent to which implicit communication aides coordination
in multi-agent populations. Following the work of De Gree� and
Nol� [19] in evolutionary settings, we study implicit signals: sig-
nals generated by the physical position of an agent as it interacts
with its environment. Implicit signals are observed passively by an
agent’s teammates, and so require neither special sender-receiver
architectures nor reasoning about an agent’s mental states. For RL
agents, we distinguish implicit signals from explicit communication
through each agent’s actions and observations. As a simple example,
consider the environment in Figure 1 where, at time C , agents ?1, ?2,
and 4 are described by their positions @1,C , @2,C , and @4,C respectively.
With implicit signals, ?1 selects a movement action 01,C based on
the observation >1,C = [@1,C @2,C @4,C ])—i.e. the only information ?1
gets from ?2 is the information contained in ?2’s physical position;
and vice versa. With explicit communication, ?1 emits a commu-
nicative action<1,C in addition to 01,C (and same for ?2). In this case,
?1 receives the extended observation >1,C = [@1,C @2,C @4,C <2,C�1])

and can select actions using the extra information<2,C�1 that ?2
chose to share at the previous time-step.

Experimentally, we study coordination and the role of implicit
communication with pursuit-evasion games [33]. Pursuit-evasion
simulates an important coordination task, foraging, where commu-
nication is especially impactful. To accurately model the conditions
under which coordination and communication emerges in the an-
imal kingdom, we prioritize decentralized multi-agent learning.
Despite the challenges posed by decentralized approaches [26], this
feature is critical in the emergence of animal communications and
so we focus on this important class of multi-agent learning frame-
works to exploit inspiration from the natural world. Moreover, to
encourage teamwork, we target pursuit-evasion games in which
the pursuers are slower than the prey (coordination is not needed
with the pursuers have a velocity advantage). Similar to Lowe et al.
[44], we study pursuit-evasion as a MARL problem.

We show that, under these conditions, naive decentralized learn-
ing fails to solve the pursuit-evasion task. There are a number of
challenges that lead to this outcome. First, decentralized learning is
non-stationary [44]—with multiple agents learning simultaneously,
the learning problem is less stable for each agent individually. Next,
since we prioritize tasks that require teamwork (e.g. pursuer speed
less than evader speed), learning from scratch is di�cult, as agents
are forced to learn how to interact with the environment individu-
ally while simultaneously learning to coordinate with their team-
mates. Finally, pursuit-evasion is a sparse reward task—pursuers
receive reward only when capturing the evader. During the early
stages of training, when each agent is following a randomly initial-
ized policy, it is virtually impossible for the agents to coordinate
e�ectively enough to experience positive reward.

To address these challenges, we introduce a curriculum-driven
approach for solving di�cult, sparse reward coordination tasks.
Our strategy, combining ideas from the ecological reinforcement
learning [15] and automatic curriculum learning [55] literature, is
motivated by the following insights: (i) we can create a curriculum
over task di�culty by shaping the environment to the current skill
level of the cooperative agents; (ii) we can aide agents in learning
multi-agent team behaviors by forcing them to learn single-agent
behaviors �rst. More speci�cally, we �rst adopt an environment
shaping curriculum using velocity bounds, which allows pursuers to
gather initial experience at a velocity greater than that of the evader,
and then tune their strategies over time as velocity decreases. Then,
we introduce a curriculum over agent behavior that warm-starts
cooperative multi-agent learning by �rst seeding each agent with
experience of successful single-agent behaviors.

Our �rst result con�rms the importance of curriculum-driven
multi-agent learning. We compare the performance of our strategy
to ablations over the multi-agent curricula individually and show
that, using our strategy, decentralized agents learn to solve di�cult
coordination tasks, such as the pursuit-evasion game.

Next, we stress-test both the strength of coordination and ca-
pacity for implicit communication of policies learned with our
method. We compare the performance of multi-agent coordination
learned with our method against a set of analytical and learned
strategies that represent ablations over both coordination and im-
plicit communication—i.e. outperforming one of these methods is
equivalent to surpassing that method’s level of sophistication in
coordination, capacity for implicit communication, or both.
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Empirical results show that our method signi�cantly outper-
forms highly sophisticated multi-agent strategies. Coordination
strategies learnedwith ourmethod successfully complete the pursuit-
evasion task at a speed ratio of 0.5 (i.e. the pursuers are moving
at half the evader’s speed), whereas each of the baseline methods
fails to complete the pursuit-evasion task when pursuer speed is
only slightly below evader speed (speed ratio of 0.8).

Further, we hone in on the nature of each strategy’s coordination
more directly by examining agent behavior during the most im-
portant subsets of the trajectory—those that immediately precede
the accumulation of reward. In the context of pursuit-evasion, we
examine the distribution of pursuer locations relative the evader at
the time of capture. By comparing rotational symmetry and rota-
tional invariance in the agents’ capture distributions, we �nd that
our strategy learns structured coordination while simultaneously
allowing pursuers to make dynamic adjustments to their position
relative the evader to successfully achieve capture.

Finally, we examine the role of implicit signals (as introduced by
De Gree� and Nol� [19]) more directly using measures of social
in�uence. In�uence measures such as Instantaneous Coordination
[36] quantify the extent to which one agent’s behavior in�uences
its teammates. We repurpose this method to measure the exchange
of implicit signals as position-based social in�uence. Results of this
study show that pursuers trained with our strategy exchange up to
0.375 bits of information per time-step on average, compared
to a maximum of only 0.15 bits on average from the baseline
methods. This indicates that our method learns, and relies heavily
on, the exchange of implicit signals.

Preview of contributions Altogether, our work is summarized
by the following contributions:

• We highlight the importance of studying implicit signals as
a form of emergent communication.

• We introduce a curriculum-driven learning strategy that
enables cooperative agents to solve di�cult coordination
tasks with sparse reward.

• We show that, using our strategy, pursuers learn to coordi-
nate to capture a superior evader, signi�cantly outperform-
ing sophisticated analytical and learned methods. Coordina-
tion strategies learned with our method complete the pursuit-
evasion task at a speed ratio of 0.5 (i.e. half the evader’s
speed), whereas each of the competing methods fails to com-
plete the pursuit-evasion task at any speed ratio below 0.8.

• We examine the use of implicit signals in emergent multi-
agent coordination through position-based social in�uence.
We �nd that pursuers trained with our strategy exchange
up to 0.375 bits of information per time-step on average,
compared to a maximum of only 0.15 bits on average from
competing methods, indicating that our method has learned,
and relies heavily on, the exchange of implicit signals.

2 RELATEDWORK
2.1 Emergent Communication
Emergent communication examines the process by which coopera-
tive agents learn communication protocols as a means to complet-
ing di�cult multi-agent tasks [39]. Recent work has shown that

MARL agents converge upon useful communication in referential
games [31] and can even develop language-like properties such
as compositionality [10, 58] and Zipf’s Law [11] when exposed to
additional structural learning biases. More recently, this class of
techniques has expanded to include complex situated environments
[18], high-dimensional observations [17], and the negotiation of
belief states [28]. Further work has shown that in�uential commu-
nication can be incentivized through additional learning objectives
(i.e. inductive biases) [23] and reward shaping [36].

Implicit interactions are less well-studied in the emergent com-
munication literature, despite their importance to teamwork, as
outlined in the human-computer [40, 62] and human-robot interac-
tion [7, 9, 12, 37] communities. Implicit communication has been
studied for cooperative multi-agent tasks [29, 30, 50], though not in
the context of emergent behavior. Though some studies have shown
that agents can learn to communicate non-verbally through actions
and gestures [47], such forms of action-space communication [1]
are examples of non-verbal explicit communication, whereas our
goal is to study completely implicit signals. Most similar to our work
is that of De Gree� and Nol� [19], which examines both implicit
and explicit communication in evolutionary settings. Our work can
be interpreted as bridging these ideas with the MARL literature.

2.2 Multi-Agent Reinforcement Learning
Multi-agent reinforcement learning (MARL) encompasses a large
body of literature extending RL techniques to multi-agent settings.
In general, MARL algorithms subscribe to either decentralized or
centralized learning. With decentralized learning (or independent
learning), each agent is responsible for updating its own policy (or
Q-network) individually [64]. Though recent work has shown that
decentralized learning is feasible in complex environments [20], it
is often challenging, due to the non-stationary (and therefore unsta-
ble) nature of the learning problem [38, 46]. Centralized techniques
stabilize multi-agent learning by allowing agents to share a joint
Q-network during training, then act independently at test-time
[27, 44]. Centralization has also proven useful for emergent com-
munication, as agents can share gradients directly through their
communication channels [26]. Despite these bene�ts, we prioritize
decentralized learning because it more accurately represents the
learning problem that humans and animals face in the real-world.

Recently, signi�cant e�ort has been aimed at connecting ideas
from the curriculum learning literature [4] to RL [55]. Suchmethods
have derived curricula from virtually every aspect of the RL prob-
lem; including reward shaping [3, 52], modifying initial state distri-
butions [25], and procedurally-generating sub-tasks [54, 59]. Some
multi-agent curricula have been shown to lead to more generally-
capable RL agents [21]. Further work has examined the environ-
ment’s role in generating curricula, leading to new methods such
as environment shaping [15] and unsupervised environment de-
sign [22]. Of particular relevance is the work of Co-Reyes et al.
[15], which considers curricula that manipulate the dynamics of
the RL environment to the bene�t of learning agents. Our work
combines a velocity-based variant of environment shaping with an
additional curriculum for bootstrapping multi-agent learning with
single-agent experience, which itself is inspired by the strategy
employed by Yang et al. [71] for multi-goal learning.
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2.3 Pursuit-Evasion
Pursuit-evasion is a classic game setting for studying multi-agent
coordination [33]. Though often played on a graph [51], work on
continuous-space pursuit-evasion has enabled real-world applica-
tions such as unmanned aerial vehicles [68] and mobile robots [14].
Further work has shown that optimal control strategies can be
derived from value functions [34] or even learned from scratch in
MARL setting [44]. A relevant class of pursuit-evasion games de�ne
the evader to be of equal or greater speed than the pursuers. This
setting highlights the need for coordinated motion (e.g. encircling)
[67] and communication [69] by the pursuers and is subject to theo-
retical performance bounds under these conditions [57]. Our work
uses this setting to study the emergence of animalistic coordination
strategies and is similar to Janosov et al. [35] in that regard, but
with an emphasis on learned, rather than hand-de�ned, strategies.

3 PRELIMINARIES
3.1 Markov Game
A Markov game extends the Markov Decision Process (MDP) to
multi-agent settings [42]. For = agents, the formalism consists of a
joint action-space A = {A1, ...,A=} and joint observation space
O = {O1, ...,O=} that de�ne the actions and observations, respec-
tively. The environment de�nes a state space S from which a state
BC is drawn each time-step. The environment transitions from its
current state BC to a new state BC+1 when actions are selected by each
of the agents, as dictated by the transition function) : S⇥A ! S.
Finally, a reward function A : S ⇥A ! R scores the quality of
the composite action of the agents. The goal of each agent is to
maximize the total reward it receives over time.

3.2 Deep Deterministic Policy Gradients
Deep Deterministic Policy Gradients (DDPG) is an o�-policy actor-
critic algorithm for policy gradient learning in continuous action
spaces [41]. DDPG learns an optimal deterministic policy `q with
respect to the RL objective:

� (q) = EB [&l (B,0) |B=BC ,0=`q (BC ) ] (1)

by performing gradient ascent over the following gradient:

rq � (q) = EB [r0&l (B,0) |B=BC ,0=` (BC )rq ` (B) |B=BC ] (2)

where q andl are parameters associated with ` and& , respectively.
Equation (2) is a consequence of the deterministic policy gradient
theorem [63]. For critic updates, DDPG minimizes the loss function:

!(l) = E
B,0,A ,B0

⇥ �
&l (B,0) � (A (B,0) + W&l (B 0, `q (B

0
)))

�2⇤ (3)

where (B,0, A , B 0) are transition tuples sampled from a replay bu�er
andW2[0, 1] is a scalar discount factor. In this work, agents learn in a
decentralized manner, each performing DDPG updates individually.

3.3 Potential Field Navigation
Given an agent 8 with position @8 , we can de�ne a potential func-
tion * (@8 ,@goal) between @8 and a target point @goal such that the
negative gradient � (@8 ,@goal) = �r* (@8 ,@goal) speci�es a control
law for 8’s motion. For example, let *att (@8 ,@goal) be a quadratic

function of distance between @8 and a target point @goal:

*att (@8 ,@goal) =
1
2
:att 3 (@8 ,@goal)

2 (4)

where :att is an attraction coe�cient and 3 (, ) is a measure of
distance. The resulting force exerted on agent 8 is:

�att = �r*att (@8 ,@goal) = �:att (@8 � @goal) (5)

In this work, the agent’s action-space is de�ned in terms of headings,
so only the direction of this force impacts our agents.

3.4 Pursuit-evasion
Pursuit-evasion (i.e. predator-prey) is a classic setting for studying
multi-agent coordination [33]. A pursuit-evasion game is de�ned
between = pursuers {?1, ..., ?=} and a single evader 4 . The goal
of the pursuers is to catch the evader as quickly as possible and,
conversely, the goal of the evader is to remain uncaught. Each agent
8 is described by its current position and heading @8 and is subject
to planar motion §@8 :

@8 =
266664
G8
~8
\8

377775
§@8 =

266664
§G8
§~8
§\8

377775
=
266664
|ÆE8 | cos(\8 )
|ÆE8 | sin(\8 )
atan2( §~8 , §G8 )

377775
where ÆE8 is the agent 8’s velocity. The environment state BC is de-
scribed by the position and heading of all agents BC = {@?1 , ...,@?= ,@4 }.
Upon observing BC , each agent selects its next heading \8 as an ac-
tion. The chosen heading is pursued at the maximum allowed speed
for each agent (|ÆE? | for the pursuers, |ÆE4 | for the evader); with ori-
entation changes being instantaneous. To encourage teamwork, we
set |ÆE? |  |ÆE4 |. We assume the evader to be part of the environment,
as de�ned by the potential function:

*evade (\4 ) =
’
8

✓
1
A8

◆
cos(\4 � \̃8 ) (6)

where A8 and \̃8 are the L2-distance and relative angle between the
evader and the 8-th pursuer, respectively, and \4 is the heading
of the evader. This objective is inspired by theoretical analysis of
escape strategies in the pursuit-evasion literature [57]. Intuitively,
Equation (6) pushes the evader away from pursuers, taking the
largest bisector between any two when possible. The goal of the
pursuers—to capture the evader as quickly as possible—is mirrored
in the reward function, where A (BC ,0C ) = 50.0 if the evader is cap-
tured and A (BC ,0C ) = �0.1 otherwise. A derivation of Equation (6)
and additional environmental details are provided in Appendix A.

3.5 Implicit Communication
For clarity, we restate the de�nitions of implicit vs. explicit commu-
nication from Breazeal et al. [7] and implicit signals from De Gree�
and Nol� [19], which we adopt throughout this work.

D��������� 3.1 (E������� C������������). Communication
that is “deliberate where the sender has the goal of sharing speci�c
information with the collocutor" [7].

D��������� 3.2 (I������� C������������). Communication
that conveys “information that [is] inherent in behavior but which is
not deliberately communicated" [7].
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