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ABSTRACT
In this work, we integrate ‘social’ interactions into the MARL setup
through a user-defined relational network and examine the ef-
fects of agent-agent relations on the rise of emergent behaviors.
Leveraging insights from sociology and neuroscience, our proposed
framework models agent relationships using the notion of Reward-
Sharing Relational Networks (RSRN), where network edge weights
act as a measure of how much one agent is invested in the success
of (or ‘cares about’) another. We construct relational rewards as a
function of the RSRN interaction weights to collectively train the
multi-agent system via a multi-agent reinforcement learning algo-
rithm. The performance of the system is tested for a 3-agent scenario
with different relational network structures (e.g., self-interested,
communitarian, and authoritarian networks). Our results indicate
that reward-sharing relational networks can significantly influence
learned behaviors. We posit that RSRN can act as a framework
where different relational networks produce distinct emergent be-
haviors, often analogous to the intuited sociological understanding
of such networks.
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1 INTRODUCTION
Recent works in the field of Multi-Agent Reinforcement Learning
(MARL) are taking the first steps towards developing a better under-
standing of interactions between artificially intelligent (AI) agents
and their resulting emergent behaviors. While several interesting
advances have been made thus far [10, 17, 20, 33], we still lack a
broader framework that formulates the MARL problem in a manner
that could subsequently generate a theory of emergent behaviors
for a network of interacting AI agents. Such a theory of emergent
behavior will require (a) a large number of AI agents with (b) com-
plex interactions between the agents that subsequently produce (c)
behaviors or dynamics that are discernible only at a global scale
[12, 19, 30, 32]. Within the context of MARL problems, this im-
plies the need for a framework that can encapsulate complex agent
interactions, learn associated policies, and measure global-scale
dynamics (i.e. emergent behavior).
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A: Agent 2 starts here

Agent 3 (slow) 
starts here

B: Assistive behavior 
emerges in communitarian 
network. Agent 2 learns 
to push Agent 3.

Agent 1 avoids 
other agents

C: Agent 2 pushes Agent 3 close 
to a landmark and learns 
to head over to another 

landmark

D: Agent 2 learns to 
reach a landmark

Agent 3 learns to 
reach a landmark

Figure 1: Test episode for a trained communitarian (fully-
connected) relational network system. Three agents try
to reach three different landmarks (crosses), while agent
3’s (yellow) movement is systematically hindered (slowed
down). As expected of a communitarian social system,we ob-
served the emergence of an assistive behavior where agent
2 (red) learns to push agent 3 towards another landmark be-
fore reaching its own landmark.

Among the several ongoing MARL-related efforts in the research
community, we are interested in approaches where learning hap-
pens not only as a result of interaction with the environment but
also through complex ‘social’ interactions among agents. To be
more specific, Training agents using a decentralized method [4, 25]
enables agents to co-evolve, therefore, learning becomes a collec-
tive process. Moreover, while many state-of-the-art approaches
primarily focus on either cooperative or competitive relationships,
as illustrated in Figure 2 (a) and (b), the designed MARL framework
must go beyond and allow the learned behaviors to span an entire
continuous spectrum of social behaviors, as illustrated in Figure
2 (c). In many cases, such behaviors may only be possible via the
implementation of distinct reward structures for disparate agents,
as presented in Sections 3 and 5.

In this paper, we leverage findings from sociology and neuro-
science to create a novel relational learning framework for MARL
that can incorporate complex social interactions, which potentially
increases our ability to scale and generate emergent behaviors in
AI ‘societies’ or ‘ecosystems’. We seek to demonstrate that this
framework can produce an effective, systematic approach for imple-
menting more complex relational network structures that address
the needs of the MARL research community. There has been limited



prior work on the role of relational networks in collective learning
in multi-agent systems [28]. This is mainly because, though very
common, complex networks arise in environments with more than
a few agents. A consequence of working with several agents is
that the state-action space suffers from the well-known ‘curse of
dimensionality’, which many existing policy optimization methods
are unable to cope with.

We also present the concept of Reward-Sharing Relational Net-
works (RSRN), implemented into the framework of Multi-Agent
Reinforcement Learning (MARL) systems. Our RSRN-MARL frame-
work helps determine how much each agent is invested in the
success of (or ‘cares’ about) other agents, quantified through their
individual and relational reward signals. More importantly, in the
long term, the notion of reward-sharing relational networks pro-
vides a framework and building blocks for creating and evaluating
the performance of emergent behaviors in agent ‘societies’. We
evaluate the effects of reward-sharing relational networks via two
different reward sharing implementations and for six different net-
work configurations. Each relational network is examined in a 3-
agent MARL environment and analogies to sociological structures
(such as self-interested, tribal, authoritarian, and communitarian
networks) are provided.

2 RELATEDWORK
Reward sharing in reinforcement learning is not in itself a new
concept, with prior works on the topic dating back to the early
2000s [7, 21, 23]. One of the first instances of reward sharing in
reinforcement learning discussed the idea using the notion of direct
rewards (received as a result of an agent’s own actions), and indirect
rewards (received by other agents because of an agent’s action) [23].
We use similar notions in later sections where we refer to individual
(or direct) rewards and relational (or indirect) rewards in a network
context. However, most related work in the domain has focused on
game-theoretic approaches, which inherently limits the discussion
of the problem to either a competitive [15] or collaborative context
[18, 26]. Other recent works have sought to move away from this
dichotomous approach using the notion of mixed-motive games,
even introducing scalar representations of prosocial propensity
(such as social value orientation) [22]. However, a broader frame-
work that eschews the dichotomous competitive vs. collaborative
mindset for a more general relational network approach has largely
been missing [28]. Unlike these prior studies, the presented work
borrows from the fields of sociology and neuroscience to provide a
framework for emergent behavior by implementing reward sharing
using an explicitly-defined ‘social’ or relational network.

There are also other recent efforts in the field of MARL that have
studied multi-agent systems whose agents are able (or have the
potential) to communicate with each other via a special commu-
nication channel to share information and coordinate with each
other. [10, 14, 16, 34]. These works have often been grouped col-
lectively into the category of ‘networked’ MARL, which may, at
first glance, appear to have some similarity to the presented work.
However, in these related works, agents usually learn the commu-
nication skills using a single team-level global reward function [34].
Significant research efforts in this domain are directed towards
solving, among others, the problem of communication-constrained
distributed reinforcement learning.

(a) Collaborative (b) Self-interested (c) Complex

Figure 2: In a decentralized MARL environment, agents co-
evolve and learn simultaneously. (a) Collaborative agents
(b) Self-interested agents (c) Generalized complex network
structure. Prior works have largely focused on problems as-
sociated with (a) and (b).

Our study, however, is focused on the high-level ‘relationships’
between the agents. More specifically, the presented work focuses
on capturing agent interactions in a ‘relational’ graph that is also
leveraged for reward-sharing and collective agent learning in the
MARL framework. The weights of the graph edges between nodes
(i.e. agents) represent how valuable another agent’s success is to any
given agent. This notion of reward sharing in a relational network
is only tangentially related to the communication-focused research
efforts performed under the umbrella of networked MARL. Section
4 will provide additional details on this topic, with a discussion on
different network structures and their impact on team rewards.

3 METHODOLOGY
The primary innovation of the presented work is in the integra-
tion of relational networks with existing MARL methods which
results in a novel framework that helps us understand how ‘social’
interactions between agents generate emergent behaviors. These
relational connections help determine how rewards obtained by one
agent are shared with and drive the actions of another agent, and
reflect which entities the agent ‘cares about’. Additional details on
the sociological inspiration associated with this notion are provided
in Section 4. As Figure 3 shows, our proposed framework adds a re-
ward sharing block, called the Reward-Sharing Relational Network
(RSRN), to a typical MARL flow diagram. The RSRN block takes
a vector of individual agent rewards and a user-defined relational
network as inputs and produces a vector of relational rewards for
each agent as output. The output of shared relational rewards is
used by the policy optimizer to generate a set of actions for every
agent in the multi-agent environment.

3.1 Problem Formulation
We define a Relationally Networked Decentralized Partially Observ-
able Markov Decision Process (RN-Dec-POMDP) as a tuple (S,A,

O,T ,R,G), where S = {𝑆1, 𝑆2, ..., 𝑆𝑁 }, A = {𝐴1, 𝐴2, ..., 𝐴𝑁 }, O =

{𝑂1,𝑂2, ...,𝑂𝑁 }, and R = {𝑅1, 𝑅2, ..., 𝑅𝑁 } are the joint set of indi-
vidual states, actions, observations, and rewards, respectively. The
tuple element G = (𝑉G, 𝐸G,𝑊G) represents the ordered collection
of all agents as vertices in the set 𝑉G , all binary agent relations
as directed edges in the set 𝐸G , and edge weights as𝑊G . With
reference to Figure 4, the presence of an edge between two agents
represents that they are related. The direction of the edge from a
first agent to a second agent represents that the actions of the first
agent are driven by the rewards obtained by the second. This may



Figure 3: Agents obtain individual rewards from the multi-
agent environment. Shared rewards are evaluated using the
Reward-Sharing Relational Network (RSRN) and depend on
agent-agent relations. Different network structures gener-
ate different shared rewards, which are then used by the pol-
icy optimizer(s) and produce distinct emergent behaviors.

(a) Survivalist 
(or self-interested)

(b) Communitarian
(or collaborative) (c) Authoritarian

(e) Tribal (f) Collapsed tribal
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authoritarian
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Figure 4: Examples of sociology-inspired relational network
structures. Each of these relational networks is used as an
RSRN in the 3-agent MARL system, and the resulting emer-
gent behaviors are examined in Section 5. An agent’s actions
may be governed by the rewards obtained by more than one
agent (including itself). An arrow directed from a first agent
to a second represents that the first agent’s actions are gov-
erned by the rewards obtained by the second agent.

be understood as the second agent sharing rewards with the first
agent, or that the first agent ‘cares about’ the success of the related
second agent. Consequently, the first agent is likely to learn policies
that benefit the other agent. Of course, the relational network also
allows for self-directed edges, so an agent’s actions can also be
driven by its own rewards. The nature of these relationships is en-
capsulated in the matrix𝑊G which denotes the weights associated
with the edges.

At each time step 𝑡 , each agent 𝑖 ∈ {1, 2, ..., 𝑁 }, first perceives
the environment in the form of an observation 𝑜𝑖 ∈ 𝑂𝑖 , where 𝑂𝑖

is a set of its individual observations. Agent 𝑖 then takes action

𝑎𝑖 ∈ 𝐴𝑖 based on its policy (in this case, deterministic) 𝜋𝑖 : 𝑂𝑖 → 𝐴𝑖

and transitions (along with other agents) from to the next state
according to the joint probabilistic transition function T : S ×
A × S → [0, 1]. Once an agent reaches its next state, it receives a
reward 𝑟𝑖 according to its reward function 𝑅𝑖 : S × A → R.

The relational network weights𝑊G can be expressed as a matrix
whose elements𝑤𝑖, 𝑗 ∈ R indicate how much agent 𝑖 ‘cares about’
the success of agent 𝑗 , based on the individual reward obtained
by agent 𝑗 . Thus, actions of agent 𝑖 may be driven in part by the
individual rewards of agent 𝑗 , if these two agents are related, i.e. if
𝑤𝑖, 𝑗 ≠ 0. For example, a society with only self-interested agents,
who are unrelated to and do not ‘care about’ other agents, can be
represented by the identity matrix. On the other hand, a commu-
nitarian society, that is highly collaborative and where relations
exist between all agents, can be expressed by the all-ones matrix.
Figure 4 illustrates these two networks as well as other examples of
RSRNs which will be discussed in section 4. In general, due to the
fact that the relational network includes directed edges, the weight
matrix𝑊G is not necessarily symmetric. For example, in the tribal
relational network shown in Figure 4(e), 𝑤1,2 = 1 (i.e. Agent 1 is
invested in the success of Agent 2), but𝑤2,1 = 0 (i.e. Agent 2 does
not ‘care’ about Agent 1).

Integrating relational networks into the Dec-POMDP framework
expands the research avenues associated with MARL to a spectrum
of possible policies and behaviors depending on the definition of
the weight matrix. Since most typical social systems are sparse,
many weights 𝑤𝑖, 𝑗 are zero (e.g. small-world networks) [2]. This
key insight enables us to limit the reward sharing of an individual
to only a few other agents. It also plays an important role in the
tractability of finding the optimal policy, and perhaps an even
greater role in future works seeking to scale the problem to larger
agent populations.

3.2 Scalarization of Individual Rewards
In our RSRN-MARL framework, agents try to maximize their long-
term shared return 𝑅𝑖 by accumulating the discounted shared rela-
tional rewards 𝑟𝑖 across a finite horizon 𝑇 as follows:

𝑅𝑖 = E

(
𝑇∑
𝑘=0

𝛾𝑘𝑟𝑖,𝑘

)
= E

(
𝑇∑
𝑘=0

𝛾𝑘 𝑓 (r𝑘 ,w𝑖 )
)

(1)

where 𝑟𝑖 represents the shared relational reward of agent 𝑖 , which
incorporates the individual rewards of all related agents (and itself).
Specifically, the scalarization function 𝑓 (r𝑘 ,w𝑖 ) maps all individual
rewards r𝑘 = [𝑟1, 𝑟2, ..., 𝑟𝑁 ]⊤

𝑘
at time step 𝑘 to a single shared rela-

tional reward value 𝑟𝑖,𝑘 for agent 𝑖 according to the agent-specific
relational weight vector w𝑖 = [𝑤𝑖,1,𝑤𝑖,2, ...,𝑤𝑖,𝑁 ], which deter-
mines how agent 𝑖 is related to other agents.

It is possible to choose the scalarization function from several dif-
ferent alternatives, with themost commonly used choice often being
a simple weighted sum across all the individual rewards, given by
𝑟𝑖 = 𝑓s (r,w𝑖 ) =

∑𝑁
𝑗=1𝑤𝑖, 𝑗𝑟 𝑗 . However, we found that the Weighted

Product Model (WPM), given by 𝑟𝑖 = 𝑓p (r,w𝑖 ) =
∏𝑁

𝑗=1 𝑟
𝑤𝑖,𝑗

𝑗
, per-

formed much better in our experiments while preserving the in-
tuitive, qualitative relational between agents. Moreover, assum-
ing that the rewards are positive, both scalarization functions are
strictly increasing for positive weights and are strictly decreasing



for negative weights. Hence, they both satisfy the minimal assump-
tion of scalarization functions [31], i.e. the higher reward values
map to higher scalarized values. In this study, we used WPM scalar-
ization due to the fact that it dramatically lowers the shared reward
when even one of the individual rewards is close to zero. Therefore,
trainers are strictly promoted to care equally about all the agents
who are related with equal weights.

3.3 Policy Optimization
The presented work on relational networks does not rely on any
specific policy optimization method. Depending on the applica-
tion, we can use centralized or decentralized trainers. In central-
ized training, a single policy is optimized using all agents’ action-
observation feedback [33]. Alternatively, one can use a set of single-
agent policy optimizers to cope with this challenge. Although de-
centralized approaches are more general [11, 27], they have to
deal with the non-stationarity and may not converge.Here, we
briefly discuss one of these algorithms, Multi-agent Deep Deter-
ministic Policy Gradient (MADDPG) [20] that is an actor-critic
method based on Deep Q-Networks (DQN) [24]. In this algorithm,
agent policies 𝝅 = {𝜋1, ..., 𝜋𝑁 } are represented using neural net-
works parameterized by 𝜽 = {\1, ..., \𝑁 }. To optimize the policy,
the gradient of the expected return for each agent can be written as
∇\𝑖 𝐽 (\𝑖 ) = E(∇\𝑖 log𝜋𝑖 (𝑎𝑖 |𝑜𝑖 )𝑄𝜋

𝑖
) [20]. If we consider continuous

deterministic policies `𝑖 parameterized by \𝑖 , the gradient can be
written as:

∇\𝑖 𝐽 (`𝑖 ) = E(∇\𝑖 `𝑖 (𝑎𝑖 |𝑜𝑖 )∇𝑎𝑖𝑄
`

𝑖
) (2)

where𝑄𝜋
𝑖
(𝒐, 𝒂) is the centralized action-value function, 𝒐 = {𝑜1, ..., 𝑜𝑁 }

is the set of multi-agent observations, and 𝒂 = {𝑎1, ..., 𝑎𝑁 } repre-
sents the set of multi-agent actions. The action-value function
𝑄𝜋
𝑖
(𝒐, 𝒂) is then updated to minimize the loss function:

L(\𝑖 ) = E
[(
𝑄𝜋
𝑖 − (𝑟𝑖 + 𝛾𝑄𝜋 ′

𝑖 )
)2

]
(3)

where 𝝅 ′ is a set of target policies with delayed parameters \ ′
𝑖
.

Note that unlike MADDPG that uses the individual rewards 𝑟𝑖 , we
calculate the loss using agents’ shared relational rewards 𝑟𝑖 .

4 STRUCTURE OF REWARD-SHARING
RELATIONAL NETWORKS

In this section, we will discuss how our work on reward-sharing
relational networks (RSRN) is inspired in part by existing work on
sociology [5, 6] and neuroscience [9, 13]. To form a framework for
emergent behavior, we need to better understand how relational
networks should be structured. We begin with two insights into
the nature of learning in social systems comprised of primates
(including humans) or other mammals [8].The first insight is that
individual learning occurs in social settings [1]. Specifically, it has
been shown that learning amongst primates and other mammals is
governed by whom the individuals can relate to. Individual learning
is driven by actions ranging from simple mimicking to complex
evaluative behaviors, all within the presence of other socially-related
individuals [29]. The presented work on reward-sharing relational
networks formalizes this notion within the context of MARL.

The second insight borrows from neuroscience and indicates
that learning individuals can connect or relate to a limited number

of their counterparts [9]. This finding originates from studies of the
size of the neocortex in primate brains and its relationship to the
group size of the social systems these primates inhabit. Building on
these two insights, we propose that reward-sharing and learning in
a multi-agent system should: (a) be governed by whom an agent is
related to, and (b) be limited to a small number of relations to obtain
different types of emergent behaviors. The relational networks thus
generated are used for training the agents, and may potentially
generate distinct emergent behaviors depending on the structure
of the relational network. We evaluate the proposed framework via
simulations of a 3-agent system in different environments and the
results are presented in Section 5.

4.1 Implications of Relational Network
Structures

The structure of relational networks that exist in social systems
(such as the human society) have deep implications on the policies
learned and emergent behaviors observed in such systems [1, 6].
For example, strictly hierarchical relational networks produce au-
thoritarian emergent behaviors, where individuals are significantly
driven by the states, actions, and performance of the individu-
als higher up in the hierarchy [3]. One may intuitively expect to
observe similar emergent behaviors in other similarly structured
‘social’ system of AI agents, such as in our RSRN-MARL framework.

To provide the reader with a better description, we now discuss
other examples of relational networks with reference to Figure 4.
As seen in Figure 4(a), survivalist relational networks consist of
individuals that are primarily self-interested and focused on self-
preservation. In a MARL system, this may translate into keeping
one’s reward for oneself, so that an agent’s actions are governed
only by the reward it gets for itself. The associated relational net-
work weight matrix𝑊𝐺 is, in its simplest form, an identity matrix,
with no relationshipswith other individuals. Prior worksmaymodel
this behavior via non-cooperative games. On the contrary, com-
munitarian relational networks are highly collaborative in nature,
and each individual is related to every other individual and ‘cares’
about them, as shown in Figure 4(b). In a MARL system, this may
be implemented as reward sharing with all agents, such that the
policies learned by an agent are a function of the rewards of all
other agents, and not just its own rewards. Prior works may model
this behavior to some extent as collaborative games [20].

To the best of our knowledge, the other relational networks do
not have distinct, formalized counterparts in prior MARL literature,
and several other network configurations not shown may also be
evaluated. Figure 4(c) represents an authoritarian relational network
which is defined by its hierarchical elements [6]. Specifically, in
the authoritarian relational network, all individuals in the social
system are invested in their own success, but their actions are also
driven by the need to ensure the success of those above them in the
hierarchy. E.g., in the context of a 3-agent MARL problem shown
in Figure 4(c), the directed edge from agent 1 to the ‘higher’ agent 3
indicates that agent 1’s actions are governed by agent 3’s rewards.
However, there is no directed edge from agent 3 to the ‘lower’ agent
1, as agent 3’s policies are not driven by the individual rewards
of agent 1. A devolved version of the network in Figure 4(c) may
represent a collapsed authoritarian relational network (Figure 4(d)),



where the hierarchy is maintained, but exists solely for the purpose
of benefiting the individuals higher in the hierarchy.

Similarly, Figure 4(e) represents a tribal relational network, where
along with being driven by one’s own success, an individual is also
driven by the success of specific other individuals with whom it
shares a familial relationship. In the MARL context, and especially
in the 3-agent network, we represent this as directed edges from
one agent to the next. These tribal relational networks will be easier
to visualize and comprehend with larger multi-agent systems. A
devolved version of the network in Figure 4(e) may represent a
collapsed or poorly scaffolded tribal relational network as shown in
Figure 4(f). In this relational network, individuals only care about
the success of their familial relations and are not concerned with
their own success.

5 SIMULATION AND RESULTS
In this section, we implement an RSRN on a 3-agent MARL environ-
ment and evaluate the performance of the agents under different
network structures. The environment is simulated using the Multi-
agent Particle Environment (MPE) [20] where agents are simulated
as physical elastic objects. Both state and action spaces are con-
tinuous and agents have been trained using our framework by
integrating the Relational Network and Multi-Agent Deep Deter-
ministic Policy Gradient (MADDPG) policy optimization algorithm
[20]. We used 2 fully-connected 64-unite layers for policy networks
which are optimized with the learning rate of 0.01, batch-size of
2048, and the discount ratio of 0.99.

As shown in Figure 1, We consider the scenario where three
agents try to reach three unlabeled landmarks, i.e. they get rewarded
if they reach any landmark. To make the multi-agent environment
more complex and create opportunities to observe emergent behav-
iors arise, we limit the mobility of one of the agents. Specifically,
agent 3 is hindered systematically so it cannot move as fast as other
agents, and may be unable to reach a landmark within a single
episode.

To evaluate the collective, emergent behavior of the agents, we
examine 6 different relational network configurations as shown in
Figure 4. The individual performance of each agent 𝑖 is measured
through its individual reward 𝑟𝑖 , which is 𝑒−𝑑

2
𝑖 /𝜎2

if 𝑑𝑖 is less than
0.2 and is zero otherwise, where 𝑑𝑖 denotes the Euclidean distance
to the closest landmark and constant 𝜎2 is set to 0.1. It should be
noted that the landmark locations are fixed in these simulations
but agents are initialized at random positions.

After training agents, we run test episodes with the learned poli-
cies to calculate their mean individual and shared relational rewards
which correspond to their individual and social performances, re-
spectively. Figure 5(a) shows individual rewards which determine
how successful each agent reaches the landmarks. Similarly, Figure
5(b) shows shared relational rewards which indicate the perfor-
mance of the related agents. Additional discussion related to this
topic can be found in Section 5.1. These figures and associated
videos1 help reveal insights into how different relational networks
produce distinct emergent behaviors, as well as the performance of
individual agents.

1Videos are available at sites.google.com/view/marl-rsrn

(b)

(a)

Agent 1 Agent 2 Agent 3 (slow)

Agent 1 (normal)
Agent 2 (normal)
Agent 3 (slow)

In
d
iv

id
u
al

 r
ew

ar
d

R
el

at
io

n
al

 r
ew

ar
d

Figure 5: (a) Individual rewards and (b) relational rewards us-
ingWPMscalarization.Here, all rewards are averaged across
5000 test episodes, after training over 500,000 episodes.

5.1 Examining Emergent Behaviors in
Relational Networks

In the following paragraphs, we will briefly discuss the emergent
behaviors for each network configuration.
Survivalist (or self-interested): In this network configuration, the
shared relational reward for each agent is the same as its own
individual reward, since no relations exist between agents. Agents
1 and 2 easily learn policies that generate significant individual
rewards. However, the constrained agent 3 is unable to collect
meaningful rewards. In fact, as is evident from Figure 6(a), agent 3
even loses some of its initial randomly collected reward because
the other agents learn to serve their own interest and push agent
3 away from a closer landmark if needed. As shown in the tests
results in 5(a), agent 3 fares much poorly than the other agents in
this survivalist relational network.
Communitarian (or collaborative): In this setup, 𝑤𝑖, 𝑗 = 1, ∀ 𝑖, 𝑗 .
Consequently, all agents receive identical rewards, and they form a
homogeneous team where no one has any reward privileges over
others. Figure 5(a) indicates that all three agents receive similar
individual rewards in the test phase. More importantly, this is a
direct result of the identical shared relational rewards received by
the three agents, as shown in Figure 5(b). While agents 1 and 2
receive lower rewards as compared to the survivalist relational
network, each agent in a communitarian network is taken care of.
Authoritarian: In this relational network (RN), agents 1 and 2 weigh
their own rewards as much as they weigh the rewards received by
the slow agent 3 (‘the monarch’). The emergent behavior observed
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Figure 6: The relational reward of agents as they are being co-trained with different RSRNs.

here includes agents 1 and/or 2 assisting agent 3 to the landmark
before reaching other landmarks themselves.
Collapsed Authoritarian: This relational network demonstrates even
more interesting emergent behaviors than the authoritarian RN. As
a potentially devolved version of the authoritarian network, this RN
demonstrates behaviors associated with extreme subservience to
the rewards of agent 3. In other words, agents 1 and 2 learn policies
that only benefit agent 3 (‘the dictator’). These agents receive mini-
mal individual rewards for themselves, since𝑤1,1 = 𝑤2,2 = 0 (Figure
5(a)), but significant relational rewards, since𝑤1,3 = 𝑤2,3 = 𝑤3,3 = 1
(Figure 5(b)). In video evidence, agents 1 and 2 are seen to assist
agent 3 to the landmark and either continue to loiter around agent
3 to make minor adjustments that may increase its reward, or even-
tually wander away in the environment.
Tribal: Each agent 𝑖 in this configuration cares equally about it-
self and a specific ’friend’ or familial agent 𝑗 , though this is not
reciprocated by agent 𝑗 . In the specific configuration considered in
4(e), the relationship is cyclic, so each agent cares about the next.
This produces a sustainable tribal relationship, as evinced from
the comparable individual and relational rewards across all three
agents seen for tribal RN in Figure 5.
Collapsed Tribal: In this relational network, we observe a devolved
tribal or familial relationship, where individual agents no longer
learn policies associated with their own rewards but only of their
related agent’s rewards. Agent 1 performs poorly with low indi-
vidual and relational rewards, since only agent 3 ‘cares’ about it,
and agent 3 is systematically hindered or slow. Hence, agent 3 is
unable to learn requisite actions that would increase the rewards
of agent 1. Agent 2, on the other hand, can move fast and learn
optimal policies that increase individual rewards for agent 3, and
consequently the shared relational rewards for agent 2. Thus, we
observe from Figure 5 that agent 3’s individual reward and agent

2’s relational reward are significant, respectively. Moreover, agent
3’s individual rewards are higher than those received in a tribal
RN, but this is at the cost of severely reduced performance of the
other agents. Video evidence indicates that agent 2 hovers close to
agent 3, even after the latter has reached a landmark. While it was
intuitively expected that agent 1 would intervene and push agent
2 towards another landmark after agent 3 had been assisted, we
did not observe such behavior. One possible reason could be that
agents 1 and 2 are equally fast, and agent 1 is unable to learn to
push agent 2 in any meaningful way.

6 CONCLUSIONS AND FUTUREWORK
Driven by insights from sociology and neuroscience, we have pro-
posed a Reward-Sharing Relational Network (RSRN) multi-agent
reinforcement learning framework that formalizes social learning
by determining how agents ‘care about’ each other. The agents
learn policies that maximize their shared relational rewards, which
are constructed according to the individual rewards of all related
agents. This framework has the potential to act as a foundation
for studying agent interactions and the generation of emergent
behaviors in societies or ecosystems of learning agents.

We have demonstrated the novelty and effectiveness of this
approach using a 3-agent MARL system with various relational
network configurations, where agents learn to reach fixed land-
marks. As Figure 5(a) showed, different relational networks result
in distinct learned behaviors of finding landmarks and individual
agent performances. The learned policies often include emergent
behaviors not explicitly defined in the problem formulation. E.g.,
agents in a survivalist relational networks quickly learned to go to
a landmark, even pushing slower agents out of the way, though
no such behavior was included in the problem formulation. On
the other hand, agents trained with a communitarian relational



network adapt and learn to distribute their tasks according to their
capabilities. The system exhibits emergent behavior as fast-moving
agents learn to assist the slow-moving agent towards the landmark,
before finding a landmark of their own. Similar emergent behaviors
manifest in authoritarian and tribal relational networks as well.
E.g., in authoritarian relational networks, fast-moving agents lower
in the hierarchy assist slow-moving agents higher in the hierarchy.
However, these services are not afforded to slow-moving agents
if they exist lower in the authoritarian hierarchy. Collapsed au-
thoritarian and tribal networks also demonstrate some extreme
behaviors where some agents are subservient to the rewards re-
ceived by other agents and continue to hover around slow-moving
agents, even after they have been assisted towards a landmark.

Among the several challenges associated with studying emer-
gent behaviors in the MARL problems, a key issue holding the
field back is the apparent intractability and difficulty in scaling
the problem to a large number of agents, which happens to be a
key requirement to study emergent dynamics of interacting AI
agents. Our future works will be directed towards leveraging the
Reward-Sharing Relational Networks in Multi-agent Reinforcement
Learning problems to specifically tackle the challenge of scalability.
Potential approaches to expand upon the presented work include (a)
the expansion of RSRNs to dynamic or evolving relational networks
(unlike the current work, which assumed static network config-
urations), (b) the use of fractional or negative weights to model
less-than-collaborative or hostile relationships, respectively, and (c)
estimating the rewards obtained by related individuals. We expect
these advances to provide the first steps towards building a theory
of emergent behaviors in interacting AI agents.
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