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Abstract— This paper introduces the Weighted Buffered
Voronoi tessellation, which allows us to define distributed, semicooperative multi-agent navigation policies with guarantees on
collision avoidance. We generate the Voronoi cells with dynamic
weights that bias the boundary towards the agent with the lower
relative weight while always maintaining a buffered distance
between two agents. By incorporating agent weights, we can
encode selfish or prioritized behavior among agents, where a
more selfish agent will have a larger relative cell over less selfish
agents. We consider this semi-cooperative since agents do not
cooperate in symmetric ways. Furthermore, when all agents
start in a collision-free configuration and plan their control
actions within their cells, we prove that no agents will collide.
Simulations demonstrate the performance of our algorithm for
agents navigating to goal locations in a position-swapping game.
We observe that agents with more egoistic weights consistently
travel shorter paths to their goal than more altruistic agents.
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I. I NTRODUCTION
We wish to consider multi-robot systems where different
agents have different social preferences, ranging from egoistic to altruistic. One solution is to assign each agent preference using Social Value Orientation (SVO), a metric from
social psychology that relates how an individual weights their
reward to self versus the reward to others in social dilemmas.
By assigning agents varying social preferences, we can
design systems that are heterogeneous and incorporate semicooperative agents. In this paper, we encode these social
preferences into the definition of a Voronoi tessellation, such
that more egoistic and selfish agents have larger relative cells
than the more altruistic agents in the environment.
For distributed multi-agent systems operating in cluttered
environments, it is important to design control policies that
allow for collision avoidance and scale with the number of
agents. Voronoi cells can guarantee collision-free maneuvers
of the group when all agents restrict planning to within their
cell. To encode varying levels of cooperation, we present the
Weighted Buffered Voronoi Cell (WBVC), which generates
buffered cells with asymmetric boundaries depending on
the relative cooperation between the agents. Using these
weighted cells, we allow for semi-cooperative planning,
where some agents may be more selfish than other agents. In
this weighted tessellation, a more selfish agent has a larger
cell than its less selfish neighbors. We present a control
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Fig. 1: We encode Social Value Orientation (SVO) preferences in into a Voronoi tessellation using linear weights. (a)
Unweighted vs (b) Weighted Buffered Voronoi tessellation,
with egoistic (red), prosocial (purple), and altruistic (blue)
agents. By encoding SVO into the Voronoi tessellation, egoistic agents receive a larger relative piece of the environment,
which translates to priority when navigating.
policy wherein agents navigate towards their goal location
by choosing the closest point within their cell, with a righthanded heuristic for avoiding deadlock. Under this policy,
the selfish agent’s larger cell creates a larger available space
for maneuvers, thus it is less likely to yield. We demonstrate
this behavior in a position-swapping game between multiple
agents with varying cooperation. Consistently, we observe
more selfish agents take shorter paths to their goal than less
selfish agents.
Our solution is relevant to many robotic applications,
including autonomous navigation, transportation, delivery
services, tracking and surveillance, as well as systems with
heterogeneous or semi-cooperative agents. Consider, for example, a fleet of package delivery robots working in a
crowded environment. The robots do not necessarily have a
centralized coordinator, and each robot may have a different
priority service, akin to “overnight” vs “ground” shipping.
Robots with the relative higher-priority should be given the
right of way, while lower-priority robots may be expected
to yield. By navigating with WBVC, agents with a higherpriority have larger cells and are more likely to not yield
when traversing through an environment.
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Related Work
To characterize the personality of agents and how that
relates to varying degrees of cooperation, we draw inspiration
from Social Value Orientation (SVO). SVO relates how an
individual weights their personal reward against the reward to
others in social dilemmas. Typically represented as an angle
ϕ within a ring [1], [2], the angular preference indicates if
a person is egoistic (ϕ ≈ 0), prosocial (ϕ ≈ π4 ), or altruistic
(ϕ ≈ π2 ), as illustrated in Figure 1a. We map this angular
preference to a linear weight γi , which is then incorporated
into our definition of the Voronoi tessellation. Social Value
Orientation helps predict how others will behave and cooperate in social dilemma games, such as the prisoner’s dilemma
[3]. In [4], [5], authors show among humans, trust-based
cooperation emerges as the expected utility-maximizing strategy when both social preferences and beliefs are taken into
account. For robotics, SVO can both serve as a method
for interacting with human agents, as well as assigning
varying personalities to autonomous agents. As prior work,
the authors incorporated SVO to estimate vehicle trajectories
and predict human driver behavior for autonomous vehicles
[6], as well as locally-optimize intersection traffic flow [7].
Here, we assign behaviors to autonomous agents from SVO
definitions to encode which agents are naturally prioritized
within our system.
Distributed navigation and collision avoidance is of great
interest to multi-robot systems. One common approach for
collision avoidance is Reciprocal Velocity Obstacles (RVO),
which create velocity obstacles and assumptions on symmetric decision-making to ensure collision-free navigation
for agents [8], [9], [10]. Other approaches include model
predictive control (MPC) or receding horizon approaches to
planning, where all other agents are treated as dynamic obstacles which an agent plans around [11], [12]. Recently, control
barrier functions have been shown to define safe planning
regions for agents, both for individual agents [13], [14] and
swarm control [15]. Within distributed multi-agent systems,
Voronoi cells are handy in a wide range of applications in
coverage control [16], [17], [18], [19], [20], pursuer-evader
dynamics [21], [22], [23], [24], and tracking [25], [26]. In
[27], the agents navigate using the edges of the Voronoi
tessellation created by obstacles. We extend the definition
of Buffered Voronoi Cells (BVC) presented in [28], [29] to
incorporate weighted cells. Weighted Voronoi cells allow us
to encode a proxy of trust and cooperation [30], [31], [32],
[33] among agents. To our knowledge, this is the first paper
incorporating both agent social preferences and boundary
safety buffers in the Voronoi tessellation definition.
The remainder of the paper is organized as follows:
Section II defines the Weighted Buffered Voronoi tessellation
and key properties. Section III contains our proof collisionfree navigation and control algorithm for the simulations
of the position-swapping game in Section IV. We state our
conclusions in Section V.
II. P ROBLEM F ORMULATION
Consider a bounded, convex environment Q ⊂ RN , with
individual points in Q denoted q. Within the environment,
there are n agents, with the positions of each agent denoted

pi ∈ Q for i ∈ {1, ..., n}. Each agent has a radius ri . We
assume all agents have integrator dynamics,
ṗi = ui ,

(1)

where ui is the desired control input for agent i. For agents
navigating through an environment, we define gi ∈ Q as its
goal location. Each agent also has a social preference γi ∈
[0, 1], which represents their Social Value Orientation, shown
in Figure 1a. We can convert between the angular notation
and the linear weight using the following relationship:
2ϕi
,
(2)
π
such that egoistic agents are defined to have γi = 1, prosocial
agents have γi = 0.5, and altruistic agents have γi = 0.
While these values are assigned to specific definitions, γi
can take any value within this range. These definitions
map personalities to the robots, which in turn defines their
desired level of cooperation. Next, we incorporate γi into
the definition of the Voronoi cell weight to adapt the size of
the cell based on relative differences, such that more egoistic
agents will have larger cells than more altruistic agents.
γi = 1 −

A. Weighted Buffered Voronoi Cells
To weight Voronoi cells, we modify the definition of the
Voronoi partition. Consider the standard Voronoi partition,
Vi = {q ∈ Q| kq − pi k2 ≤ kq − pj k2 , ∀j 6= i, i, j ≤ n}.
In the standard partition, the boundary between agents is
the perpendicular bisector to the line between neighboring
agents, and two agents i and j are equidistant to their shared
Voronoi boundary. To move the location of the boundary, we
add weights to the definition:
Wi = {q ∈ Q | kpi − qk2 − wi ≤ kpj − qk2 − wj },

(3)

where wi and wj are the weights of each agent. These
weights adjust the cell boundaries between the agents, such
that agents with larger relative weights will have larger cells.
This is useful in sensor coverage, where it is desirable to
assign a larger cell to agents with higher-quality sensors.
Weights can also approximate trust between agents [33].
For robots with extent, buffered Voronoi cells ensure the
spacing between cells allows for robots sitting on their
Voronoi boundary to not collide with any other agent. To
achieve this safety buffer, we define the weighted Voronoi
cell with an asymmetric weight,
Wi = {q ∈ Q | kpi − qk2 ≤ kpj − qk2 − wij },

(4)

where wij defines the cell weightings between agent i and
neighbors j ∈ Ni . The choice of wij weighting policy
dictates the behavior of the system. For buffered Voronoi
cells as defined in [28], [29], the weighting is
wij = (ri + rj ) kpi − pj k,

(5)

which creates a gap of (ri + rj ) between agent boundaries
as a safety radius buffer. Buffered Voronoi Cells guarantee
agents with extent will not collide when situated on their
boundary, where the buffer is generated around the original
Voronoi boundary.
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Here, we wish to define weighted cells that give more
egoistic agents larger relative cells compared to more altruistic agents while incorporating the safety radius buffer.
Recall the social preferences of each agent, γi , defines
the relative cooperation with other agents, with values of
γi = 1 corresponding to a purely egoistic agent, while a
purely altruistic agent has γi = 0. We incorporate the social
preferences into the Voronoi weighting as


1
wij = 1 + (γi − γj ) (ri + rj ) kpi − pj k
2
(6)
1
− (γi − γj )kpi − pj k2 .
2
Note that when γi = γj , the weighting in (6) reduces to
(5). Furthermore, when the agents are exactly a distance
d = (ri + rj ) apart, the boundaries of the Voronoi cells are
tangential to the agents. As the distance increases between
the agents, a gap of (ri + rj ) remains between the two
boundaries, but the agent with the higher relative γ has a
larger cell and the boundary is not centered at the midpoint
between agents. Figure 1 illustrates this point.
B. Properties of WBVC
We propose that agents can navigate through environments
with guaranteed collision avoidance utilizing WBVC. To
establish our collision avoidance guarantees, we first state
several key properties of Weighted Buffered Voronoi Cells.
Definition 1 (Collision-Free Configuration). For n agents
with positions pi and radius of extent ri , let dij = kpi −
pj k denote the distance between agents. The configuration
of agents is collision free if all agents satisfy
dij ≥ (ri + rj ),

∀i, j ∈ {1, 2, ..., n}, i 6= j.

For the group of agents in a collision-free configuration,
we present the following three Lemmas that define key
properties of the WBVC tessellation. First, Lemma 1 proves
the WVBC Wi is always non-empty. Next, Lemma 2 proves
the distance between two points in two different cells is
always at least (ri + rj ). Finally, Lemma 3 proves that
Weighted Buffered Voronoi Cells are non-overlapping when
the agents are in a collision-free configuration.

Lemma 2 (Minimum Distance). For agents i and j with
cells Wi and Wj , let p̄i denote a random point in Wi and
p̄j denote a random point in Wj . The distance between any
two of these points is kp̄i − p̄j k ≥ (ri + rj ).
Proof. Consider the point p̄i in the definition of Wi from
(4) and p̄j in Wj ,
kpi − p̄i k2 ≤ kpj − p̄i k2 − wij ,
where wij is defined by (6). Similarly,
kpj − p̄j k2 ≤ kpi − p̄j k2 − wji .
By adding the two equations, we have
kpi − p̄i k2 + kpj − p̄j k2
≤ kpj − p̄i k2 − wij + kpi − p̄j k2 − wji .

From kpi − pj k = kpj − pi k, the sum of the weightings
wij + wji = 2(ri + rj )kpi − pj k. Substituting this expression
into (8), this reduces to
T

(p̄i − p̄j ) (pi − pj ) ≥ (ri + rj )kpi − pj k.
For two vectors a and b, it is known that kakkbk > kaT bk.
Let a = (p̄i − p̄j ) and b = (pi − pj ). We can then state
T

(p̄i − p̄j ) (pi − pj )
(ri + rj )kpi − pj k
≥
,
kpi − pj k
kpi − pj k
(9)
thus proving that kp̄i − p̄j k ≥ (ri + rj ) for any two points
p̄i ∈ Wi and p̄j ∈ Wj , for all i 6= j.
kp̄i − p̄j k ≥

Following Lemma 2, we derive our final Lemma stating
that two Voronoi cells Wi and Wj are non-overlapping when
the agent configuration is collision-free.
Lemma 3 (Non-Overlapping Cells). For a point p̄i belonging to Wi , then p̄i ∈
/ Wj for all j 6= i, and Wi ∩ Wj = ∅.
Proof. For a point p̄i ∈ Wi , it must satisfy the cell definition
in (4), or
kpi − p̄i k2 ≤ kpj − p̄i k2 − wij .
Now we can plug kpi − p̄i k into the definition of Wj and
check if it remains true,
kpj − p̄i k2 ≤ kpi − p̄i k2 − wji ,

Lemma 1 (Non-Empty Cells). For each agent i with position
pi and cell Wi , Wi 6= ∅ when the agents are in a collisionfree configuration.
Proof. From the WBVC definition (4) with weights defined
by (6), first substitute q = pi to find the definition of the cell
at agent pi .


1
1
0 ≤ d2ij − 1 + (γi − γj ) (ri +rj )dij + (γi −γj )d2ij , (7)
2
2
where dij = kpi − pj k. For agents to be collision-free,
by Definition 1, dij ≥ (ri + rj ). At the minimum spacing
between agents, dij = (ri + rj ), and the right hand side of
(7) reduces to zero. Since (7) remains true, we know that at
this minimum spacing, the Voronoi cell Wi is non-empty and
contains the position of the agent at pi . For all dij > (ri +rj ),
we can also see (7) remains true and Wi 6= ∅.

(8)

≤ kpj − p̄i k2 − wij − wji ,
0 ≤ −2(ri + rj )kpi − pj k.
From this contradiction, we know p̄i ∈
/ Wj . Since any point
within a cell cannot belong to any other cell, we conclude
Wi ∩ Wj = ∅, ∀i 6= j.
III. C OLLISION -F REE NAVIGATION WITH WBVC
In this section, we present our algorithm for navigating
through an environment with Weighted Buffered Voronoi
Cells. We propose that all agents can navigate while avoiding
collisions if they choose their control actions within their
cell. Assumption 1 defines this constraint.
Assumption 1. All agents choose their control policy
ṗi (t) = ui such that their projected next position p̄i =
pi (t) + ui (t)∆t is within their Voronoi cell Wi at time t.
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This assumption is common in non-malicious multi-agent
systems. Under this assumption, we are able to guarantee
collision-free navigation of all agents in Theorem 1.
Theorem 1 (Collision-Free Navigation). For a group of
n agents with initial positions pi (t0 ) in a collision-free
configuration, and all agents choose their control policy
under Assumption 1, then all future configurations of agents
pi (t > t0 ) are collision free.
Proof. For agents starting in a collision-free configuration,
Lemma 1 states that all agents have a non-empty Voronoi
cell, thus all agents have at least one point that can be chosen
at the next time step. Let p̄i be the targeted point of agent i
at the next time step. Lemma 2 states that for any points p̄i
and p̄j , kp̄i − p̄j k ≥ (ri + rj ). Thus, if any agent moves to
any other point within its cell, the next configuration is by
definition, also a collision-free configuration. We also know
by Lemma 3 that no point p̄i can belong to any other agent’s
cell, so no agents can target the same point and collide.
In Theorem 1, we do not define the particular control
policy of the agents, only that the choice of policy follows
Assumption 1. For the simulations in Section IV, all agents
move towards goal locations, outlined by Algorithm 1.
A. Algorithm Overview
Here, we present our algorithm for how agents can
navigate towards their specified goal locations with their
Weighted Buffered Voronoi Cell, summarized by Algorithm
1. For all agents to eventually reach their goal, we additionally assume that the goal locations are also a collision-free
configuration of the agents.
Algorithm 1 Navigation in WBVC
1:
2:
3:
4:
5:
6:
7:
8:
9:
10:
11:
12:
13:
14:
15:
16:

Input: Collision-Free pi (t0 ), gi ∀ i ∈ {1, ..., n}
while kgi − pi k > 0, ∀i ∈ {1, ..., n} do
Update weights wij (6)
Update tessellation Wi (4)
Update control policy ui = −k(gi − pi )
Update p̄i = pi + ui ∆t
if p̄i ∈ Wi then
Set ṗi = ui (goal is in cell)
else
Find intersection of ui and Wi boundary p̂i
if kpi − p̂i k <  then
Resolve p̂i with deadlock heuristic
end if
Move towards boundary point p˙i = −k(p̂i − pi )
end if
end while

First, an agent checks if the goal location is contained
within their cell gi ∈ Wi . If not, the agents then find the
intersection between the line defined by (gi − pi ) and their
Voronoi cell boundary, p̂i , and target this point. We know the
closest point in their cell is on the Voronoi boundary [29].
To avoid deadlock, we also define an  parameter to check
the distance from the boundary of each agent. When agents

are within a distance kp̂i − pi k <  from their boundary,
we check for deadlock and if detected, choose a new target
point p̂i with a right-hand rule.
For our simulations in Section IV, we create a positionswapping game, where the goal location of the agent, gi is
set to the initial location of another agent pj (t0 ), which guarantees that the initial and goal configurations are collisionfree. Furthermore, these agents swap in pairs, so gi = pj (t0 )
implies gj = pi (t0 ). We choose pairwise swapping, as it
encourages interactions between agents in our simulations.
B. Deadlock Heuristic
While we cannot guarantee that deadlock never occurs in a
distributed system, we can design heuristics for the agents to
avoid and resolve potential deadlock scenarios. We choose
a right-handed rule, such that when an agent encounters a
deadlock situation, it explores and yields to its right. Let bi
be the boundary edge segment of the cell Wi to the right of
the intersection p̂i . For this paper, we find the closest point
in bi to the goal. If the agent is already at the closest point,
we move p̂i to the right by a fraction of the length of bi .
IV. S IMULATIONS
Here, we present our Matlab simulations of a positionswapping game, which demonstrate how agents can move
through cluttered environments to desired goal locations.
First, we start with a four-agent swap to illustrate how
the weighted cells affect yielding and trajectories. Next, we
present a circle-swap game, where all agents start on the
radius of a circle and must swap positions with the agent
directly across from them. Finally, we present simulations
for random initial positions and random target assignments.
Across all simulations, we observe that agent with a more
egoistic SVO take shorter paths to their goal than agents with
more altruistic SVOs. Videos of all simulations are included
with the submission of this paper.
A. Four-Agent Comparison
To illustrate how an agent’s SVO preference translates to
priority in navigation, we start with a four-agent swapping
example. Figure 2 shows the initial and final positions of
four agents with equal weightings. The agents navigate from
their initial positions to their goal locations using Algorithm
1, shown in Figure 2b. We plot the trajectories of each agent
on the final configuration, and note their inherent symmetry.
This symmetry emerges from the same deadlock-avoidance
maneuver, which both agents enact when they reach their
boundary. Figure 3 shows this same four-agent position swap,
but now one agent is egoistic (γ1 = 1, red), while one agent
is prosocial (γ2 = 0.5, purple). The egoistic agent has a
much larger WBVC area, and note the boundary between
the agents is closer to the altruistic agents. Again, each
agent navigates to their goal location with Algorithm 1, but
the trajectories are no longer symmetric. Since the altruistic
agent has a smaller cell, it reaches its boundary first, thus
yielding first. The egoistic agent then does not have to yield,
and can directly navigate along the shortest path to its goal
location. Between the prosocial and altruistic agents, the
prosocial agent yields slightly, but the altruistic still takes
the larger deviation by yielding first.
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Fig. 3: Here, two agents are altruistic (blue), one agent
is prosocial (purple), and one agent is egoistic (red). The
altruistic agents yield to both the prosocial and egoistic agent.
While the egoistic agent does not yield, the prosocial agent
yields slightly but less than the altruistic agent.
B. Circle-Swap Game
In these simulations, we initialize all agents on a circle,
and assign position swaps with the agent directly across the
circle, which maximizes interactions and potential gridlock
of all agents. We performed m = 100 simulations of n = 20
agents, all with radius ri = r = 0.2m and SVO preferences
assigned randomly among the group. In each simulation,
approximately 1/3 of the agents are given an egoistic SVO
of γi = 1 (red), 1/3 are assigned a prosocial SVO of
γi = 0.5 (purple), and the final third assigned an altruistic
SVO of γi = 0 (blue). Figure 4 illustrates initial and final
configurations during the circle swap. Note at the initial
configuration, the agents with the more egoistic SVO have
larger cells than the prosocial and altruistic agents.
Figure 5 plots both the distance to goal of each agent, as
well as the distance to the nearest neighbor. All agents reach
the goal, while maintaining a distance of at least 2r from any
other agent. Across all trials, we did not observe deadlock,
with all agents reaching their goal.
We propose that by planning with WBVC, more egoistic
agents will have priority over more altruistic agents in path
planning, as illustrated in Figure 3b. Figure 6a plots the
additional distance agents travel compared to the shortest
path, categorized by SVO preferences, for all agents over
the m = 100 trials. Here, we classify additional distance as
a percentage of the shortest path length. From Figure 6a, we
note that egoistic agents have a lower additional distance and
tighter distribution than prosocial and altruistic agents. Over
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Fig. 4: Circular swap for n = 20 agents. The cell color
indicates its SVO: egoistic agents (γi = 1) in red, prosocial
agents (γi = 0.5) in purple, and altruistic agents (γi = 0) in
blue. Note the egoistic agents start with slightly larger cells
at t = 0s, which allows them to reach the center first. All
agents reach their goal locations by t = 73s.
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Fig. 2: For n = 4 agents with equal SVO preferences, the
Voronoi tessellation reduces to the BVC. In a position swap
game, the agents take symmetric paths.
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Fig. 5: (a) Distance to goal over time. The color of the line
indicates the agents’ SVO. All agents reach the goal by tf .
(b) Minimum distance to neighbor of all agents, with 2r
plotted as the dashed line, verifying no collisions occur.
the trials, the median distance traveled by egoistic agents was
20% over the shortest path length, 40% for prosocial agents,
and 70% for altruistic agents.
Interestingly, for the circle game, the shortest path did not
correspond to the shortest time, shown in Figure 6b. In fact,
altruistic agents seem to reach their goal first. This occurs
because egoistic agents, with the larger cells, are able to
reach the center of the circle first (also shown in Figure 5),
but then get stuck in gridlock. The altruistic agents remain as
the outer agents, and are forced to yield around the outside of
the group. As a result, the inner egoistic agents are effectively
trapped until the outer agents move away from the center.
C. Random Navigation
As a final demonstration, we ran m = 100 trials with
n = 50 agents with randomized initial positions and SVO
preferences performing swaps with a random agent in the
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Fig. 6: (a) Distance traveled as compared to the shortest
path over m = 100 trials for n = 20 agents in circle swap.
Consistently, more altruistic agents travel longer paths than
the more egoistic agents. (b) Time to reach the goal, by SVO.
While the altruistic agents take longer paths, they also reach
their goals faster. We mark the median, box the interquartile
range, and the whiskers denote the 9th and 91st percentiles.
environment. While the previous circle swap simulations
specified three possible values for SVO, here, agents are
assigned an SVO value within γ = [0, 0.2, 0.4, 0.6, 0.8, 1]
for a finer discretization of preferences. Overall, we ran
m = 100 trials of these randomized simulations, with all
agents successfully reaching their goal in each trial (no
observed deadlock). The agents are initialized in a 9m x 9m
environment, with radius r = 0.1m, shown in Figure 7. Each
initial configuration is collision-free, satisfying Definition 1.
Figure 8 plots the distance to goal and distance to nearest
neighbor for all agents over time. We see all agents reach
their goal locations, and the distance between agents is
always greater than 2r. Figure 9 shows the the distributions
of additional distance and time to goal versus SVO for m =
100 trials. The additional distance is defined as additional
percentage of the shortest path length the agent travels.
Again, we see that as the SVO preference γi increases,
agents deviate less from the shortest possible direct path,
with more altruistic agents travelling longer paths. However,
unlike the circle game, the more egoistic agents also tend to
arrive in a shorter time. Due to the random configurations and
swapping, we do not have the effect of all agents crowding a
single area, as the egoistic agents are less likely to be trapped
in this randomized environment.
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Fig. 7: Initial and final configuration for n = 50 agents
performing position swaps with a random agent in the
environment. Agents are initialized with random SVO preferences. The color scale indicates SVO preferences, with
egoistic agents in red, and altruistic agents in blue.
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Fig. 8: (a) Distance to goal of all agents over time. The color
of the line indicates the agents’ SVO preference. All agents
reach the goal by the end of the simulation. (b) Minimum
distance to neighbor of all agents. Each agent has a radius
of ri = 0.1m. We verify no collisions occur by noting
the minimum spacing is always greater than 2ri (plotted in
dashed line).
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V. C ONCLUSIONS
This paper presents the Weighted Buffered Voronoi tessellation, which allows us to encode social preferences and
varying degrees of cooperation into a buffered Voronoi cell.
For agents navigating through an environment, we guarantee
collision avoidance when all agents choose control policies
within their cells. Additionally, agents with more egoistic SVO preferences travel shorter paths when navigating
towards their goal than more altruistic agents. We avoid
deadlock in our position swapping games by employing
a right-hand rule, consistent with other distributed multiagent policies. Future work will example how the social
preferences of the individual might be optimized to achieve
optimal group performance.
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Fig. 9: (a) Additional distance traveled over shortest path
for n = 50 agents over m = 100 randomized trials. More
altruistic agents travel longer paths compared to the more
egoistic agents. (b) Time to goal, normalized by the shortest
time to goal. Unlike the circle swap example, egoistic agents
also gain a time advantage compared to more altruistic
agents. We mark the median, box the interquartile range,
and the whiskers denote the 9th and 91st percentiles.
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