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Abstract. Safe and efficient obstacle avoidance in multi-robot naviga-
tion is a challenging problem, with deadlock being a key issue due to strict
collision-free constraints. This paper proposes a novel Lateral Reciprocal
Collision Avoidance (LRCA) strategy based on velocity obstacle theory
to mitigate deadlock among multiple robots. Inspired by pedestrian colli-
sion avoidance, LRCA incorporates symmetric lateral displacement to re-
solve deadlock. Unlike Optimal Reciprocal Collision Avoidance (ORCA)
algorithm, which computes velocity constraints based on the minimal
adjustment across the full velocity obstacle, our proposed method re-
stricts the velocity changes of the agents to one randomly selected side
of the relative velocity. This randomized directional selection strategy
effectively prevents deadlock while preserving collision avoidance. This
approach avoids conflicting velocity changes that could lead to mutual
trapping. Theoretical analysis shows how ORCA cause deadlock using
quadratic programming, Lagrangian functions, and KKT conditions, and
how LRCA effectively prevents this. Extensive simulations across four
benchmark multi-robot navigation scenarios show that LRCA outper-
forms existing algorithms in success rate, time to goal, path length, and
computational efficiency.

Keywords: Collision avoidance - Multi-robot navigation - Velocity ob-
stacles.

1 Introduction

Safe and efficient multi-robot navigation is a fundamental problem in robotics
and plays a critical role in a wide range of service and industrial applications
[1]. In these task, multiple robots operate in a shared environment and are re-
quired to reach their respective goals while avoiding collisions with each other
robots [2]. Designing navigation strategies that guarantee collision-free behavior
while maintaining efficiency remains a challenging problem. Existing approaches
to multi-robot navigation can be broadly categorized into centralized and de-
centralized methods. Centralized methods compute control actions for all robots
jointly, which allows them to provide strong guarantees on safety, completeness,
and near-optimality [3-5]. However, these methods typically suffer from high



2 F. Author et al.

Cause Deadlock (<

ORCA LRCA
LY “ § ] \ ! 5 4
RN 4 \ ™
e my 4
a— L O,
o E A QA e, -
- P Send 4 © o o v &
[ 4 g X - D Y
g § 3 ;v 'o , » \ *
N y X
i P X | N
AR P TA v ~
~oe - & g
Longitudinal Acceleration Lateral Acceleration

(Deadlock Free (‘& j

Fig. 1: The left side shows 50 robots navigating with the ORCA, while the right
side shows 50 robots navigating with the LRCA. The LRCA method utilizes
lateral acceleration, rather than relying solely on longitudinal acceleration as in
the ORCA method, which is the primary cause of deadlock.

computational costs and rely on reliable, synchronized communication among
all robots. Consequently, they are difficult to scale to large systems and are vul-
nerable to single-point failures. In contrast, decentralized methods allow each
robot to independently determine its control actions based only on locally ob-
servable information, such as the positions, velocities, and shapes of neighboring
robots [6-10]. These methods are computationally lightweight, more robust to
failures, and exhibit better generalization across different environments, making
them more suitable for large-scale and real-world multi-robot systems.

Among decentralized approaches, the Velocity Obstacle (VO) [11] framework
has become a widely used tool for collision detection, as it enables efficient pre-
diction of potential collisions between pairs of robots within a given time horizon.
Building on the VO framework, Reciprocal Collision Avoidance (RCA) [12] meth-
ods have been proposed to share collision avoidance responsibility among robots,
resulting in efficient and scalable navigation strategies. Despite their practi-
cal success, RCA-based methods suffer from a critical limitation: deadlock [13].
Deadlock significantly degrades navigation success rates and efficiency and may
occur even in simple scenarios involving only two robots, posing a serious chal-
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lenge for decentralized multi-robot navigation. From an optimization perspec-
tive, RCA methods can be interpreted as VO-based quadratic programs(QPs).
In multi-robot navigation, two objectives naturally coexist: reaching the goal
and avoiding collisions. In VO-based QPs, collision avoidance is typically en-
forced as a hard constraint, while progress towards the goal is treated as the
optimization objective. By prioritizing safety over task completion, this formu-
lation guarantees collision-free behavior but may result in deadlock, in which
robots remain safe yet make no progress toward their goals. In this paper, we
analyze the emergence of deadlock in RCA frameworks from the perspective of
VO-based QPs and provide a theoretical characterization of deadlock scenarios
using the Karush-Kuhn-Tucker (KKT) conditions.

In contrast to robotic systems, human crowds exhibit remarkably robust
collision avoidance behavior and rarely experience deadlock, even in dense en-
vironments [14]. Pedestrian avoidance behavior is inherently decentralized, as
individuals make decisions based on local observations of each other and shared
conventions, which is owe commonly referred to as "social norms". These social
norms correspond to an implicit assumption in decentralized robot navigation:
all agents are aware that others follow the same avoidance strategy. One particu-
larly effective social norm observed in pedestrian dynamics is symmetric lateral
displacement, where individuals consistently sidestep in a coordinated manner
to avoid collisions [15]. This shared convention plays a crucial role for human
crowds to prevent deadlock. Motivated by this observation, we propose to incor-
porate pedestrian social norms into the RCA framework to mitigate deadlock
effects in multi-robot navigation. Specifically, as shown in Fig. 1, we introduce
“Lateral Reciprocal Collision Avoidance (LRCA)”, a novel RCA-based strategy
that integrates symmetric lateral displacement as a shared consensus among
robots. By embedding this social norm into the VO-based decision-making pro-
cess, LRCA significantly reduces the occurrence of deadlock while preserving
the decentralized nature of the navigation strategy. Furthermore, we provide a
theoretical analysis based on VO-based QPs and KKT conditions to show that
LRCA effectively avoids deadlock. The main contributions of this paper are as
follows.

— We formalize the RCA framework as a VO-based QPs and provide a theo-
retical analysis of deadlock scenarios using KKT conditions.

— We propose LRCA, a novel RCA framework inspired by pedestrian lateral
avoidance behavior.

— We prove and validate LRCA’s ability to avoid deadlock in several scenarios
prone to ORCA deadlock.

2 Literature Review

This section reviews prior work related to multi-robot collision avoidance. We
first summarize centralized and decentralized collision avoidance methods, with
particular emphasis on cooperative decentralized approaches, and then review
research on social norms in decentralized collision avoidance.
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2.1 Centralized and Decentralized Collision Avoidance

Collision avoidance is essential for collision-free motion planning in multi-robot
systems. Approaches are typically categorized as centralized and decentralized.
Centralized methods, such as Conflict-Based Search (CBS) [17], plan trajecto-
ries using complete system information, including unobservable attributes like
goal locations [16]. Variants like explicit estimation CBS (EECBS) [18], lazy
constraints addition search for MAPF (LaCAM) [19], and priority inheritance
with backtracking (PIBT) [20] improve efficiency and scalability but rely on
synchronized communication, limiting scalability in large systems. Decentralized
methods use only local states for control, without robot communication. These
methods are further divided into non-cooperative and cooperative approaches.
Non-cooperative methods, like SARL [23| and T-MPC |24, 25|, rely on behavior
prediction, while cooperative methods assume shared collision avoidance strate-
gies, improving efficiency and safety [26, 27].

Among cooperative methods, velocity obstacle (VO)-based approaches [11]
are widely adopted. The Reciprocal Velocity Obstacle (RVO) [28] extends VO by
assuming reciprocal responsibility for collision avoidance, with ORCA [10] defin-
ing admissible velocity spaces via linear constraints. While VO-based methods
are computationally efficient, they can lead to deadlock in certain scenarios,
highlighting the need for further theoretical investigation [13]. Our proposed
LRCA algorithm can be categorized as a cooperative method and specifically
mitigates the deadlock phenomena inherent in RVO-based methods. While re-
taining the computational efficiency of VO-based approaches, it achieves safety
and navigation performance comparable to, or even exceeding, learning-based
methods.

2.2 Social Norms in Decentralized Collision Avoidance

A crowd consists of many individuals coexisting in the same space and time,
whose motions are primarily governed by local interactions over extended pe-
riods. Pedestrians typically perform operational movements toward tentative
destinations that may change over time and are not bound to arrive at specific
locations at fixed times [29]. Empirical studies show that pedestrian collision
avoidance emerges through early trajectory adjustments made several meters
before potential conflict points, reducing interactions and preventing collisions.
Since pedestrians do not have access to each other’s destinations, crowd naviga-
tion can be viewed as a decentralized multi-agent collision avoidance problem.
Despite the absence of centralized coordination, human crowds achieve effi-
cient collision avoidance through a hierarchical structure in which shared social
norms guide tactical side selection and operational control handles speed adjust-
ment [30]. In game-theoretic terms, a convention corresponds to one of multiple
stable equilibria in a game with two or more equilibria [31], and such conven-
tions are prevalent in pedestrian dynamics, for example, the tendency to walk
on a preferred side [15]. These shared conventions enable crowds to function as
a cooperative decentralized navigation system. As an intelligent system, human
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crowds provide valuable insights for multi-robot navigation. Motivated by the
widely observed “keep-right” rule in pedestrian behavior, this paper leverages lat-
eral social conventions to propose a novel lateral reciprocal collision avoidance
strategy that addresses deadlock in multi-robot navigation.

3 Problem Definition

In a multi-robot navigation scenario with N robots, each robot is disc-shaped
moving in a two-dimensional plane R2. The robots’ attributes are divided into
external and internal properties. External properties O, = {p, v, 7} include po-
sition p, velocity v, disc-shape, and radius r, while internal properties O; =
{p9°@ vPref} include the goal location p9°® and preferred velocity v?"¢f (the
robot’s speed in the absence of other influential factors). At each time step T,
each robot independently selects a new velocity v™“* based on the external at-
tributes of other robots, assuming that all robots follow the same cooperative
collision avoidance strategy. The robot adjusts its velocity to avoid collisions
while steering towards its target location, moving with its preferred velocity.

The velocity obstacle VOz‘T|j is a set of relative velocities v;; between two
robots, ¢ and j, that would result in a collision within the time interval [0, 7].
Let D(p,r) denote an open disc of radius r centered at p, i.e.,

D(p,r) ={q|llg—pl <r}, (1)
then:

VO;; = {vi; |t €[0,7] :: tv;; €D (pj —p,ri i)} (2)
In cooperative reciprocal collision avoidance [10], the set of permitted veloc-
ities V; for robot i and V; for robots j are determined based on their velocity

obstacles VOz‘TU:
Vin (VO @ V) =0, 3)
where @ represents Minkowski sum. The union of the admissible velocity sets

for robot ¢ with respect to all other robots defines the set of velocities that allow
robot ¢ to avoid collisions in the next time step.

4 Lateral Reciprocal Collision Avoidance

In the proposed framework, we aim to define sets of permitted velocities V;
for robot i and V; for robot j, such that these sets ensure reciprocal collision
avoidance within a given time step 7. The goal is to maximize the proximity
of the admissible velocities to the robots’ optimal velocities, while maintain-
ing collision-free motion. To determine the sets of permitted velocities for both
robots, we first calculate their relative velocity v; ;. Then we compute the small-
est adjustment vector u needed to avoid or prevent a collision. This adjustment
vector is determined as the vector from the relative velocity v;|; difference to
the one point on the boundary of the velocity obstacle. The classic ORCA [10]
selects the point on the velocity obstacle VOZTj boundary that is closest in terms

of relative velocity v, ;, but it can lead to severe deadlocks.
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Fig. 2: Two cases ensuring the velocity adjustment difference is not parallel to the
relative velocity: Case 1: Both robots’ adjustments are counterclockwise; Case
2: Both are clockwise.

4.1 Deadlock-Free Collision Avoidance

Inspired by pedestrian collision avoidance behavior, we constrain the relative
velocity adjustment dv to avoid being parallel to the current relative velocity,
thereby preventing deadlock. Let the updated velocities of robots i and j be

new __ ,.0pt ) new __ ,.opt ]
v = v + v, v =0 4 dv;. (4)

The new relative velocity on next timestep is given by

new — RV W — %P 1 (Sw; — dv;). (5)

Uilj i j il

We impose the following lateral constraint on the relative velocity adjust-
ment:

VEER, v —bv;# kv (6)
Under this constraint, the adjustment term cannot exactly cancel the current
relative velocity. Therefore, when v?ﬁ,t # 0, the updated relative velocity satisfies

v # 0. (7)

A more rigorous and complete derivation process is in Sec. 5.2. This lateral
adjustment avoids collision resolution that relies solely on accelerating or decel-
erating along the relative velocity direction, which is prone to inducing deadlock.
To prevent the difference in velocity adjustments between two robots dv; — dv;
from being parallel to the relative velocity v{?" — i ' two cases are considered:
both robots’ velocity adjustments can be in the clockwise direction of the rela-
tive velocity, or both can be in the counterclockwise direction, as shown in Fig.
2. Note that for robot 7, the relative velocity with respect to robot i is calculated
as v — vdP"

Since LRCA introduces constraints on the velocity adjustments, requiring
them to be either in the clockwise or counterclockwise direction of the relative
velocity, continuing to select the minimum velocity adjustment to avoid collisions
would shrink the feasible velocity set, potentially even resulting in an empty set
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with no valid velocities. This could lead to another form of deadlock. To address
this, we select the velocity adjustment with the largest angle relative to the
relative velocity, which is the velocity perpendicular to the linear boundary of
the VO;H p» thereby maximizing the feasible velocity set while ensuring collision
avoidance. As shown in Fig. 2, the velocity adjustment can either be perpendic-
ular to the left linear boundary of the VOZU or perpendicular to the right linear
boundary, corresponding to two strategies for avoiding deadlock. Let n be the
outward normal of the boundary of VOZ‘ ; at point v?ﬁt + wu, the relative velocity
adjustment u can be formally expressed as:

u=(n' (v —v))n, (8)

where
n— R (3 +0)e;, (Casel),
|R (-2 —0) e, (Case?2),

f = arcsin (W) , (9)

Ip; — pill2
0. — b; —D;
Y Hpj _piH?,

and R (% + 9) and R (—g — 9) are rotation matrices that rotates e;; counter-
clockwise and clockwise by § + 6 degrees respectively. Then, the set LRCA; ; of

permitted velocities for robot i can be formally expressed as:

('v — ('u';pt + 1u>> -n >0,
LRCA7, (k) = { v 2 , k=12, (10)

. ¢ t
sign ((v — v’ ) X ”?\? ) = s

where s; = 1 (corresponding to Case 1), ss = —1 (corresponding to Case 2).
The specific case is chosen by the randomized strategy in Sec. 4.2.

4.2 Game-Theoretic Randomization for Distributed Collision
Avoidance

To enable robots to reach consensus without explicit communication, selecting
either Case 1 or Case 2 as shown in Fig. 2, we introduce a randomized mechanism
inspired by human game-theoretic interactions. Each robot i randomly selects
whether the velocity adjustment dv; lies on the clockwise or counterclockwise
side of the relative velocity with respect to robot j. If both robots ¢ and robot j
choose the same side, collision avoidance is achieved without deadlock; otherwise,
avoidance is not possible. Alg. 1 outlines an implicit coordination process that
enables the robots to reach consensus without communication.

In Algorithm 1, lines 1-2 iterate over all robot pairs (4,j) for distributed
pairwise collision checking. Line 3 constructs the velocity obstacle VOiT|j and
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Algorithm 1: Algorithm process of LRCA

Input: Number of robots n, positions P, velocities V°Pt, attributes A
Output: New velocities V'V for next time step
1 fori=1tondo

2 for j=1ton,j#ido
3 Compute velocity obstacle VOj|; and relative velocity 'v;.)fj’.t;
4 if v;.)f]’.t € VO;, then
5 Calculate velocity changes dv; and Jv;;
6 if (v?“;t X dv;) - (v?ﬁ.t X dv;) < 0 then
7 if v‘;“;t x dv; > 0 then
8 ‘ Add Case 1 constraint;
9 else
10 ‘ Add Case 2 constraint;
11 end
12 else
13 ‘ Randomly add Case 1 or Case 2 constraint;
14 end
15 end
16 end
17 end

computes the nominal relative velocity v?ll;.t. Line 4 detects potential collisions
by checking whether v‘;fj’,t lies inside VOj);. Line 5 computes candidate velocity
adjustments dv; and dv;. Line 6 determines whether the two robots selected the
same lateral side using the sign of the cross product. Lines 7-11 add the corre-
sponding deterministic lateral constraint (Case 1 or Case 2) when a consistent
side is detected. Line 13 randomly selects between Case 1 and Case 2 accord-
ing to Eq. (12) when the selections are inconsistent. Let the random variable C'
denote the selected category, where C' = 1 corresponds to Case 1 and C' = 2
corresponds to Case 2. Define the angles:

6, =/ (nl, —v"pt) o= (nz, _vopt) : (11)

ilj ilj

wheren; = R (g + 9) e;;andny =R (—g — 9) ei;, Z(a, b) represents the angle
between vector a and vector b. Then C follows a Categorical distribution with

parameters p; = 919%92 and py = 0197292, ie.:
C ~ Categorical (p1, p2) - (12)

As the relative velocity vfﬁt approaches the left boundary of the VOZTU7 01
and p; increase. Conversely, as the relative velocity v?ﬁt approaches the right

boundary of the VOiTIj7 0> and p, increase.
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5 Analysis of the Two-Robot Deadlock

In Sec. 4, we introduced the LRCA method from a set-theoretic perspective.
In this section, we reformulate LRCA and ORCA using quadratic programming
and present their respective Lagrangian functions and KKT conditions, applying
them to a two-robot example. This analysis reveals the underlying characteristics
of deadlock in ORCA and demonstrates how LRCA effectively prevents deadlock.
These findings can be extended to scenarios involving N robots. The velocity
constraints for each robot in the ORCA and LRCA algorithms are given by Eq.
(13) and the combination of Eq. (13) and Eq. (14), respectively.

,an,U?ew Z nT,v;)pt + ||l;||2’ (13)
hTvrer < bl (14)
where h = é(v‘;";t, Z)or h = é(vglpf, —7) according to the randomized deci-

sion strategy described in Sec. 4.2. Therefore, any v}**" generated by ORCA or
LRCA that satisfy corresponding constraint are guaranteed to ensure collision-
free and deadlock-free trajectories for robots ¢ and j in the multi-robot system.
Since robot ¢ wants to avoid collisions with N — 1 robots, there are N — 1 col-
lision avoidance constraints. To mediate between safety and goal stabilization
objective, a QP is posed that computes a controller closest to the target velocity
¥; (p;) and satisfies the N — 1 constraints, as shown:

.. . ~ 2
minimize [|v" — 0;(p;)|[3
o (15)
subject to H v}V < k;;, jeN,

new
2

where N; = [N]\ {i} denotes the set of all robots except robot i. For ORCA,
each neighbor j contributes a single linear constraint, given by

Hij :a;rj €R1><2’ kij :bij eR, (16)
where a;; ;= —m and b;; = —n v — “u2”2, as derived from Eq. (13). For
LRCA, two linear constraints are imposed for each neighbor, leading to

T
a, b
H;; = [ T ER? Ky = [ Y| eRr? (17)
C; dl 1
1] J
where ¢;; = h" and dij = th?pt follow from Eq. (14). To circumvent Eq.

(15), we use duality theory, specifically KKT conditions of to derive an explicit
expression for v?*"* as a function of the robots’ positions. These conditions are

necessary and sufficient for a global optimum of this QP. The Lagrangian is:

LP, A) = ([0 — o]+ > A (H o™ — ki), (18)
JEN;
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where V; = [N]\ {7}, and X denotes the Lagrange multipliers. For ORCA \;; =
)\(a)

A% ¢ R, and for LRCA \;; = | ¥

K N DY)

ij

primal-dual solutions to Eq. (15), the KKT conditions are:
1. Stationarity:

€ R2. Let (v*V*, A*) be the optimal

K3

V,U?ew‘C(U?ew7 A)‘(vpew*) =0
news ol 1
JEN;
2. Primal Feasibility:
H o} <k, VjeN,. (20)
3. Dual Feasibility:
A >0, VjieN. (21)
4. Complementary Slackness:
)\;cj (Hijv?ew* — kij) =0, Vj S M (22)
Definition 1. Robot i is in deadlock if v;* = 0 and the prescribed nominal

control v; # 0 <= p; # p,, and the speed remains at 0.

A robot is in deadlock if it receives zero velocity commands from the QP
controller indefinitely without having reached its goal. Importantly, deadlock is
a system-level phenomenon and cannot occur for a single robot in isolation.

5.1 Deadlock Conditions in Two-Robot ORCA Interactions

According to the deadlock definition, establishing deadlock in ORCA reduces to
identifying a two-robot configuration in which, despite nonzero target velocities,
ORCA outputs zero velocities at two consecutive time steps. Since ORCA is
memoryless and depends only on the current state, zero velocity at two consec-
utive steps implies that the robot velocity converges to zero thereafter. Assume
that a deadlock has occurred. Then there exist two consecutive time steps t; and
to such that
vil =0 =0, o7 =o' #£0.

The equality of the target velocities follows from the fact that the target
velocity depends only on the robot’s current position and goal position; since
'vﬁl = 0, the robot position does not change between ¢; and t,.

We consider a two-robot interaction in which robot ¢ is constrained only by
robot j. Hence, at the optimum of the ORCA quadratic program, at most one
collision-avoidance constraint is active. From the stationarity condition of the
KKT optimality conditions, the ORCA solution satisfies

*

i 513



Title Suppressed Due to Excessive Length 11

Fig.3: An example of deadlock in multi-robot navigation with two robots using
the ORCA algorithm, along with the ORCA algorithm’s computation process.

Substituting v? = 0 yields

opt 1
HoPt —

ot — 5,\;?;’t*a°” (23)

ij

and by the same reasoning at time t,,

% ij°

1
’l}’?1 = QAE;*atl (24)

When the relative velocity satisfies "’Efj = 0, the ORCA formulation implies

that the normal vector nfjl is aligned with the relative position vector,

Ja > 0s.t. nf; =a(p;, — p;)-

Since a% = fnf; and )\fj* >0, Eq. (24) implies that the target velocity f)ﬁl

' combining the

is aligned with relative position vector p,; — p,. Since f)ﬁl = v
above result with Eq. (23) implies that the constraint normal nfjp " is also aligned
with the relative position vector p; — p;. According to the ORCA construction,
alignment of the constraint normal with the relative position further implies that

the relative velocity 'vfl];.t is colinear with the same direction. Hence
¢
Ja > 0s.t. v?l’;. =a(p; — p;)-
The resulting geometric configuration is illustrated in Fig. 3. Deadlock under

ORCA occurs when the relative velocity and relative position of the two robots
are parallel, while the target velocities of both robots point toward each other.

5.2 Proving Deadlock-Free Behavior in Two-Robot LRCA

Theorem 1. Under the constraints of the random obstacle avoidance strategy
of LRCA, the robot will not encounter deadlocks.
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Proof. Consider a pair of robots i and j. At a certain moment, if the velocities

v;“? and v} calculated by the random obstacle avoidance strategy are both

0, then next time step, their relative velocity 'u?"fat that moment is also 0 and
(vg";t X 0v;) - (vf";t x dv;) = 0. According to the second type of constraint, the

constraint on robot i as:

n' ol > 0. (25)

new
7

According to Lagrangian and KKT conditions, v can be calculated:

new *
?

PO
v =0; + 5)\1‘3‘”- (26)

According to Eq. (12), there is a one-half probability that n = R (g + 9) €ij,
and a one-half probability that n = R (—g — 9) ej.ifn=R (% + 9) e;j, then
v =0, then when n =R (=% — ) e;;, v"* definitely is not 0. v will be
zero in both cases if and only if v; = 0. Therefore, under the random obstacle
avoidance algorithm, the robot will not get stuck.

6 Simulation Experiments

This section details the experimental setup, showcases representative deadlock
scenarios to validate LRCA, and evaluates its performance through both quan-
titative metrics and qualitative case studies across diverse navigation scenarios.

6.1 Experiments Setup

Implemented as an ORCA extension within the RVO library', LRCA sets a max-
imum robot speed of 1m/s and a control step of 0.1s. Two prediction horizons
are used: a short horizon (0.3s) for ORCA-based avoidance and a long hori-
zon (1.58) for LRCA. Robots’ radius are uniformly sampled from [0.1,0.15] m
m. Experiments cover three benchmark scenarios: Cross, Random, and Corri-
dor. In the Cross Scenario, robots move along circle diameters and cross at the
center, creating a highly challenging navigation environment. In the Random
Scenario, start and goal positions are uniformly sampled in a rectangle. In the
Corridor Scenario, robots traverse a narrow passage from opposite ends, sim-
ulating constrained navigation. Performance is assessed by success rate, extra
distance, extra time, and average speed. Success rate measures robots reaching
goals collision-free within a time limit. Extra distance and time measure devia-
tions from the ideal shortest-path distance and minimal travel time, respectively.
Average speed is the mean navigation speed. LRCA is compared against four rep-
resentative circular-robot collision avoidance methods: multi-robot algorithms
ORCA [10] and RL-RVO [22], and social navigation algorithms T-MPC [24, 25]
and SARL [23]. Although originally designed for ORCA-simulated pedestrians,
the latter two are reasonably adapted to multi-robot settings and thus included
for comparison.

! https://github.com /sybrenstuvel /Python-RVO2
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Fig. 4: Comparison of the trajectories of ORCA and Ours in five scenarios prone
to deadlock.

6.2 Analysis of Deadlock Cases under Cross Scenarios

In center-symmetrical cross scenarios, the ORCA algorithm is prone to dead-
lock, as illustrated in Fig. 4. In this symmetric configuration, each robot moves
along the straight line connecting its start and goal positions. To avoid collision,
ORCA enforces symmetric deceleration, causing both robots to gradually slow
down and eventually stop at the safety boundary with zero relative velocity. As
a result, the robots fail to reach their goals despite having nonzero target veloc-
ities. In contrast, the proposed LRCA strategy resolves this issue by explicitly
breaking symmetry through randomized lateral avoidance. As shown in Fig. 4,
robots under LRCA perform smooth lateral maneuvers and pass each other with-
out stopping. By restricting velocity adjustments to a randomly selected side of
the relative velocity, LRCA induces early asymmetric behavior, thereby prevent-
ing convergence to the zero-velocity equilibrium responsible for deadlock. These
results indicate that in highly symmetric cross scenarios, obstacle avoidance
strategies based on minimal deviation, such as ORCA, are inherently suscepti-
ble to system deadlock. Incorporating a social-norm-inspired lateral avoidance
mechanism, as in LRCA, effectively eliminates this failure mode.

6.3 Quantitative Analysis of Navigation Performance under Cross
Scenarios

In the cross scenario, LRCA consistently outperforms other methods across all
metrics. The success rate for LRCA nearly 100% for all group sizes, while ORCA
sees a significant decline, dropping from 100% to 70.30% as the number of robots
increases. T-MPC and SARL also struggle in larger groups, with SARL’s success
rate decreasing to 36.4% for 50 robots, and T-MPC’s success rate dropping to 0
when the number of robots exceeds 30. For extra distance, LRCA shows the best
performance, with values ranging from 0.26 meters for 4 robots to 1.37 meters
for 50 robots. ORCA and T-MPC have higher extra distances, especially with
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Table 1: Performance metrics (as mean) evaluated for different methods on the
cross scenarios with varied scene sizes and different number of robots.

#agents (radius of the scene)
4 (2.0 m) 6 (2.0 m) 8 (2.5 m) 10 (2.5 m) 20 (3.0 m) 30 (4.0 m) 40 (5.0 m) 50 (6.0 m)

ORCA 100.00 100.00 100.00 100.00 79.35 .27 67.33 70.30
T-MPC 43.00 16.67 18.09 10.00 7.50 - - -
Success Rate(%) SARL 100.00 100.00 100.00 99.80 94.00 30.63 69.50 36.40
RL-RVO 100.00 99.83 96.50 99.70 95.85 93.97 91.18 86.67
Ours 100.00 100.00 100.00 99.60 97.80 97.00 95.05 95.30

Metrics Method

ORCA 4.35 0.40 0.66 1.09 1.25 1.46 1.77 2.83
T-MPC 5.08 4.34 5.07 5.06 4.88 - - -
Extra Distance(m) SARL  15.63 15.77 13.90 13.70 19.95 19.81 6.29 18.25
RL-RVO 1.59 1.62 1.74 1.97 3.15 3.60 4.04 4.57
Ours 0.26 0.30 0.36 0.45 0.74 1.05 1.35 1.37
ORCA  78.00 8.30 6.41 6.83 5.45 6.91 8.07 12.04
T-MPC 4.98 4.24 4.97 4.96 4.48 - - -
Extra Time(s) SARL 1845 18.54 18.39 18.56 26.98 25.35 10.22 26.03
RL-RVO 6.26 5.80 6.33 7.23 12.00 14.04 15.99 19.22
Ours 2.91 3.19 3.36 3.59 4.38 5.32 6.20 6.27
ORCA 0.18 0.59 0.65 0.56 0.62 0.62 0.56 0.49
T-MPC 0.59 0.61 0.63 0.59 0.70 - - -
Average Speed(m/s) SARL ~ 0.85 0.86 0.83 0.80 0.79 0.83 0.80 0.79
RL-RVO 0.37 0.38 0.27 0.29 0.17 0.20 0.24 0.30
Ours  0.80 0.78 0.75 0.73 0.66 0.62 0.58 0.58

more robots. Regarding extra time, LRCA again leads, with values ranging from
2.91 seconds for 4 robots to 6.27 seconds for 50 robots. ORCA and RL-RVO
experience higher extra times as the robot count increases, while SARL reaches
the highest extra time of 26.98 seconds for 20 robots.

Finally, in terms of average speed, LRCA maintains high speeds, from 0.8
m/s for 4 robots to 0.58 m/s for 50 robots. In contrast, ORCA exhibits signifi-
cantly lower navigation speeds across all scenarios due to the frequent occurrence
of deadlock. RL-RVO shows unstable navigation speeds, which can be attributed
to the limited interpretability of its learned policy. Although SARL achieves the
highest navigation speed in all scenarios, this excessive speed leads to reduced
navigation safety and efficiency when other performance metrics are considered.
Overall, LRCA demonstrates superior performance in cross scenarios, consis-
tently maintaining high success rates, low distance and time deviations, and
robust navigation behavior even as the number of robots increases.

6.4 Qualitative Analysis of Navigation Trajectories

Fig. 5 presents qualitative comparisons of navigation trajectories generated by
ORCA, T-MPC, SARL, RL-RVO, and the proposed LRCA in three representa-
tive scenarios. Each colored curve denotes the trajectory of an individual robot
from its start to its goal. In the cross scenario (first row), ORCA exhibits strong
symmetry and congestion near the intersection, leading to inefficient interac-
tions. T-MPC alleviates conflicts but produces long and curved detours. SARL
results in irregular and sometimes unstable trajectories, while RL-RVO tends
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Fig. 5: Navigation trajectories of five methods (ORCA, T-MPC, SARL, RL-RVO,

Ours) in cross scenario, corridor scenario, and random scenario.

to generate overly conservative circular motions. In contrast, LRCA produces
smooth and well-structured trajectories by introducing consistent lateral avoid-
ance, enabling robots to pass through the intersection efficiently.

In the corridor scenario (second row), ORCA frequently suffers from recipro-
cal blocking in the narrow passage. Learning-based methods reduce collisions but
show oscillatory or overly cautious behaviors. LRCA maintains clear directional
separation, allowing robots to traverse the corridor smoothly with minimal in-
terference. In the random scenario (third row), ORCA remains prone to mutual
blocking under dense interactions, and SARL and RL-RVO generate scattered
or unnecessarily long paths. LRCA achieves compact and well-separated tra-
jectories, demonstrating robust collision avoidance without sacrificing efficiency.
Overall, the qualitative results indicate that LRCA effectively breaks symmetric
interactions through lateral relative-velocity adjustments, leading to smoother,
more efficient, and more reliable navigation across diverse scenarios.

6.5 Computational Efficiency Analysis

Fig. 6 shows the computation time (mean/standard deviation in milliseconds)
for different methods with varying numbers of agents. ORCA is the most com-
putationally efficient method, with times increasing from 1.69 x 10~5ms for 2
agents to 1.76 x 10~2ms for 60 agents. T-MPC has a higher computational cost,
increasing from 7.01 x 10~2ms to 1.55 x 10~ 'ms as the number of agents grows.
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Fig. 6: Computation time (as mean/SD in milliseconds) for different methods
with varied number of agents.

SARL exhibits the highest computational cost, rising from 1.39 x 10~ 'ms for 2
agents to 8.75 seconds for 60 agents. RL-RVO has moderate computation times,
ranging from 3.72 x 1072ms to 1.21 x 10~ 'ms. Our method, LRCA, provides
a good balance, with times increasing from 3.26 x 107°ms to 1.21 x 10~2ms,
making it efficient yet slightly slower than ORCA. Overall, LRCA substantially
improves navigation safety and efficiency while preserving a level of computa-
tional lightness and real-time performance comparable to that of ORCA.

7 Conclusions

This paper proposed the Lateral Reciprocal Collision Avoidance (LRCA) algo-
rithm for multi-robot navigation. Inspired by pedestrian behaviors, LRCA in-
troduces lateral acceleration and randomized lateral velocity selection to achieve
deadlock-free collision avoidance. By reformulating ORCA as a quadratic pro-
gram and analyzing its KKT conditions, we identified deadlock scenarios in
two-robot interactions and showed that LRCA effectively avoids such deadlocks.
Experimental results demonstrate that LRCA outperforms ORCA and other
baseline methods in deadlock-prone scenarios, achieving improved navigability,
efficiency, and safety across diverse navigation tasks. A limitation of the cur-
rent work is that the modeling and algorithm are restricted to two-dimensional
space. Future work will extend LRCA to three-dimensional scenarios to enable
deadlock-free reciprocal collision avoidance in 3D environments.
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