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Abstract

In the field of computer graphics, crowd simulation is crucial for constructing realistic virtual environments. This paper
introduces a novel approach to adaptive formation control and transformation in virtual crowds using deep reinforcement
learning. Our method enables virtual agents to autonomously generate, maintain, and adaptively transform formations relying
solely on local perception and interaction. The proposed framework comprises three key components: dynamic formation
configuration based on alignment, a formation control algorithm embedded with formation constraints, and an adaptive
formation transformation mechanism. Simulation results demonstrate that our method achieves formation errors around 5%
in formation tasks, surpassing existing approaches in both convergence speed and formation control precision. It further
exhibits rapid, stable, flexible, and highly scalable formation control capabilities, offering a novel paradigm for creating
realistic and environmentally adaptive crowd animations. Code and trained policies for this paper are at https://github.com/

SYDDX/AFCTVC-DRL.

Keywords Crowd formation - Deep reinforcement learning - Formation control - Formation transformation

1 Introduction

With advances in computer graphics and artificial intel-
ligence, the learning and control of crowd behavior has
become an important research area. Realistic crowd simu-
lation enhances the visual fidelity of virtual environments
and offers a reliable platform for crowd-related research. As
a result, it is widely used in real-world applications such as
computer games [1], animated films [2, 3], and crowd per-
formance design [4], and it plays an important role in public
safety [5], cooperative autonomous driving [6], and UAV for-
mation demonstrations [7].

Crowd simulation methods are generally categorized into
macroscopic [8, 9] and microscopic [10-12] models. Macro-
scopic models focus on approximating the overall movement
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of crowds, often representing individuals as particles in
a fluid flow governed by changes in density and velocity
over time, while ignoring interactions between individuals.
In contrast, microscopic models emphasize local interac-
tions among individuals, preserving agent-level character-
istics and personality. Although currently applied mainly to
smaller crowds for real-time performance, microscopic mod-
els enable more realistic autonomous behaviors and social
dynamics within the crowd.

Crowd formation is a relatively new yet important direc-
tion in crowd simulation research. Formation control typ-
ically involves guiding a crowd under strict formation con-
straints, with individuals navigating intelligently toward their
goals. During movement, the crowd may need to transition
from one formation to another. Maintaining order and coher-
ence throughout the process is essential. Current methods
for crowd formation mainly focus on formation generation,
maintenance, and transformation. Formation generation and
maintenance emphasize the ability to quickly form and sta-
bly preserve formations under environmental disturbances,
while formation transformation describes the matching and
path planning between two crowd formations. Formation
generation typically relies on geometric constraints [7] and
consensus theory [13]. Subsequently, formation maintenance
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and transformation are implemented through behavior mod-
els [14], collision avoidance models [15], and other similar
methods. With the development of deep reinforcement learn-
ing theory, this approach has been increasingly applied to
crowd formation control. Although existing methods have
made significant progress in crowd formation control and
transformation, they often rely on manual intervention or
expert knowledge during formation generation and adjust-
ment. As the crowd size increases, these approaches become
more complex and labor-intensive, limiting their scalability
and adaptability in dynamic environments.

This paper proposes a multi-agent deep reinforcement
learning strategy for crowd formation control and trans-
formation in complex, obstacle-rich environments, enabling
agents to autonomously generate, maintain, and adaptively
adjust orderly formations without external guidance. The
proposed approach achieves rapid formation generation, sta-
ble formation control, and flexible transformation in complex
environments. The main contributions are as follows:

(1) Dynamic formation configuration based on alignment:
Each agent estimates the formation center using local
perception and interactions, aligning the current spatial
configuration of the group with a predefined forma-
tion pattern. A distributed CBBA algorithm then assigns
formation positions based on relative locations, which
helps minimize unnecessary movement from suboptimal
position assignments and promotes smooth, coordinated
motion across the crowd.

(2) Formation control algorithm based on MAPOCA: This
approach embeds formation constraints directly into
each agent’s local observations, enabling agents to
avoid collisions and maintain consistent, orderly forma-
tions without relying on global information or complex
communication. It supports adaptation to formations
of different scales, shapes, and densities, resulting in
coordinated and well-structured group movements that
enhance the overall uniformity of crowd animations.

(3) Adaptive formation transformation mechanism: Agents
generate a globally consistent scaling factor through
local interactions to guide formation transformation.
When the scaling requirement exceeds a threshold, the
group performs uniform scaling; otherwise, the system
selects the optimal transformation strategy based on an
improved Hausdorff distance, balancing obstacle avoid-
ance and formation constraints to ensure smooth and
natural transitions.

2 Related work

To achieve ideal formation control, researchers have pro-
posed various methods, including leader—follower method
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[16-18] and behavior-based method [19, 20]. Leader—
follower approach explains collective behavior by assigning
leaders to determine movement trajectories, with follow-
ers maintaining formation. Behavior-based methods simulate
complex crowd dynamics by modeling individual actions as
a set of simple rules. These methods assume that each agent
makes decisions based on perceived environmental cues and
internal behavioral strategies. Common behaviors include
obstacle avoidance, goal seeking, cohesion, and velocity
matching.

Reinforcement learning (RL) serves as a computational
method for solving Markov Decision Processes (MDPs),
which offer a rigorous mathematical framework for sequen-
tial decision-making. Deep reinforcement learning (DRL)
[21,22] leverages neural networks to learn near-optimal poli-
cies through interaction without relying on reference data.
Early research efforts [23—26] predominantly employed DRL
in robot formation control, establishing its efficacy in coor-
dinating multi-robot systems. In the domain of DRL-based
crowd simulation, Lee et al. [27] developed a deep reinforce-
ment learning framework with a predefined reward function
for crowd navigation in diverse complex environments. Char-
alambous et al. [28] introduced a guided reinforcement
learning approach that incorporates reference crowd data,
effectively capturing both overt and nuanced human behav-
iors. Kwiatkowski et al. [29] investigated reward function
design for crowd simulation using reinforcement learning.
Zhang et al. [30] proposed a crowd evacuation path plan-
ning strategy, utilizing LC-DDPG for leader-based global
planning and an enhanced social force model to assist follow-
ers in obstacle avoidance and leader tracking. Xu et al. [31]
employed knowledge distillation to derive reward functions
from expert policies trained via behavior cloning, facilitat-
ing interaction in fully decentralized multi-agent settings.
Nevertheless, these studies primarily emphasize collision
avoidance rather than structured crowd formation. Wang et
al. [32] introduced a rule-based action generator (RAG) for
actor-critic methods, enabling user-directed crowd control
through leader—agent interactions. Sun et al. [33] devised a
hierarchical formation control framework for crowd simula-
tion, wherein the lower level employs a composite group
reward function to train agents for cooperative behavior,
while the upper level implements a formation-switching
mechanism to manage compression and splitting dynamics.

In formation control, agents must maintain predefined
formations to ensure coordinated task execution. However,
environmental obstacles and dynamic mission requirements
often demand real-time formation adjustments. To address
this challenge, Zhao et al. [34] developed a stress matrix-
based leader—follower strategy that enables agents to track
essential affine transformations including translation, rota-
tion, and scaling. Extending this work, Li et al. [35] proposed
a dynamic hierarchy-reorganization method that reassigns
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leadership roles for seamless formation switching. Li et al.
[36] also created a distributed adaptive formation strategy
that automatically adjusts formation scale based on local
agent density. Recent advances include Pan et al.’s [37] inno-
vative use of Hausdorff distance for formation similarity
measurement combined with MADDPG-based optimal path
planning. Xu et al. [38] achieved fluid formation transitions
by integrating balanced allocation with social force models.
Gu et al. [39] established a dual-layer control framework
that simultaneously optimizes formation contour alignment
and internal distribution. Most recently, Yan et al. [40] intro-
duced a spatiotemporal transformer-enhanced GAN to learn
style-specific crowd transition patterns.

Despite significant progress in geometric transforma-
tion, leadership reorganization, and scale adaptation, most
existing methods do not adequately address complex envi-
ronmental constraints. In computer graphics applications,
realistic scenarios frequently involve dynamic obstacles and
spatial restrictions, requiring high adaptability and smooth
transitions in formation control. Current approaches often
struggle to balance the need to maintain formation consis-
tency with the challenge of environmental responsiveness,
limiting their effectiveness in crowd simulations and other
virtual applications.

3 Preliminaries
3.1 Markov decision processes (MDPs)

Distributed multi-agent formation control is a fully coop-
erative problem formulated as a Markov game [41], an
extension of the Markov decision process to multiple agents
within the multi-agent reinforcement learning framework.
The Markov game involving N agents can be defined by
{N,S,0, A, P,r,y}, where S denotes the state space of
the environment, and O := O; x --- x Oy represents the
joint observation space of all agents. The environmental state
S includes the observations of all agents as well as the total
number of active agents. A := A; x --- x Ay stands for the
joint action space of all agents, P : S x A x S —[0, 1] is
the state transition probability function, andr : S x A — R
is the shared reward function. r (s, a) is the reward acquired
by all agents when the joint action a is taken in the environ-
mental state s, and y is the discount factor.

3.2 Problem statement

This paper studies a crowd formation consisting of N virtual
agents, denoted by the set V, and environmental obstacles
denoted by the set M. The position vectors of the agents
are represented by the vector [p1, ..., py], with each agent
having a radius r and a communication radius R. Agents

within distance R of agent i are considered its neighbors,
forming the neighbor set ;. Agents exchange information
bidirectionally within this limited communication range. The
communication topology is modeled as a weighted undi-
rected graph G = (V, £), where V is the set of nodes and
£ is the set of edges. An edge (i, j) € £ indicates a bidirec-
tional communication link between agents i and j, implying
mutual neighborhood.

In a predefined topology, each agent’s formation con-
straints are determined by its relative positions to neighboring
agents. The formation objectives and constraints become
fixed once position assignment is completed, and the desired
shape is achieved only when these constraints are satisfied.
Formation control regulates agent velocities to comply with
these constraints, enabling formation generation, mainte-
nance, navigation, obstacle avoidance, scaling, and recon-
figuration. Specifically, formation generation is the process
by which agents transition from an initial disordered state
to a desired spatial configuration through distributed coop-
eration; formation maintenance preserves predefined spatial
relationships during motion despite disturbances; formation
scaling adjusts formation size while preserving topology to
adapt to environmental constraints; and formation reconfig-
uration restructures the formation when scaling alone cannot
ensure passage through constrained spaces.

4 Methodology
4.1 Overview of the proposed framework

This paper aims to improve the autonomy and flexibility of
crowd formations by coordinating individual motion based
on local environmental perception, enabling formation gen-
eration, maintenance, and adaptive shape transformation. For
this purpose, we propose a distributed formation control
framework composed of three key components, as shown
in Fig. 1. The dynamic formation configuration based on
alignment assigns suitable final positions and associated con-
straints to each agent. Subsequently, a distributed control
algorithm based on MAPOCA adjusts agents’ linear and
angular velocities according to local observations, ensuring
formation constraints are satisfied and guiding agents toward
their assigned positions. Simultaneously, the algorithm pro-
duces scaling factors that act as transformation commands.
During simulation, the adaptive transformation mechanism
autonomously chooses between scaling and reconfiguration
modes based on these factors, enabling flexible formation
adaptation in response to environmental constraints. The dis-
tributed system architecture improves scalability by requiring
only minimal information exchange among agents, such as
the estimated formation center and scaling factors, thereby
reducing the communication burden.
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Fig. 1 Illustration of the framework of the distributed formation con-
trol algorithm. Formation alignment and target allocation assign final
goals and formation constraints to agents. The control policy which is
trained using the MAPOCA algorithm, guides the agents to adjust their

4.2 Dynamic formation configuration approach

The dynamic formation configuration approach adaptively
assigns each agent a final target position along with the cor-
responding formation constraints. This method consists of
two stages: formation alignment and formation configura-
tion, as shown in Fig. 2.

Formation alignment dynamically computes a reference
center via local communication to reflect agent distribution,
guiding goal assignment and formation generation while
minimizing adjustments and interference. Each agent initial-
izes its estimate with its position and updates it by exchanging
information with neighbors, eventually reaching consensus.
At discrete step k, agent i ’s estimate is denoted as pf (k), and
is updated as follows:

Pk +1) = wiipf (k) + Y wij (p§ k) — pi (k)

JeN;
Wi = Wi )
ij = =
Zke/\/,-u{i} Wij
1 .
D — dij+€1’]€M - 1
Wi j > Wij
0,j ¢N; €1
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actions and interact with the environment. At the same time, the for-
mation adaptively transforms based on environmental constraints and
scaling factors

where d;; denotes the distance between agent i and agent j,
and € is a small positive constant.

These steps are repeated until agents’ estimated formation
centers satisfies the convergence condition:

lpi (k) — pi)Il <8,i e N, jeN, @)

where § denotes the permissible estimation error. Upon
satisfying the convergence condition, all agents achieve a
consensus estimate of the formation center p.. The prede-
fined desired formation topology f is then aligned with p
Pe, generating a set of vertex position vectors { p{ ey p{,}.
A vertex j is defined as a neighbor of vertex i if their sep-
aration distance is less than the perception radius R, with
the neighbor set denoted as ./\/if . The relative position vec-
tor p;; represents vertex j’s position relative to vertex i, and
the collection { p;; }j€ N constitutes the formation constraint

for vertex i. Furthermore, alignment of the desired forma-
tion topology with the global target position p, produces
corresponding sub-goals { p{” ey pf\,}, which maintain a
one-to-one correspondence with the aligned formation ver-
tices.

The objective of formation assignment is to determine
the optimal matching between agents and the vertices of
the desired formation. In this work, we adopt a distributed
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Fig.2 Illustration of formation A
alignment and configuration. a
Without alignment, directly
assigning formation goals may
lead to large transition distances
for some agents to their goals, as
well as disordered assignments
that may cause deadlock. b
Without changing agent
positions, applying formation
alignment results in optimal
goal assignments with smaller
and more uniform transition

v

distances, thereby accelerating
the formation process

Goals

‘ Agents

i Aligned formation vertices

Consensus-Based Bundle Auction (CBBA) algorithm [42],
where agents actively bid on formation vertices based on
the lowest associated cost, thereby acquiring the correspond-
ing sub-goals and formation constraints. To achieve optimal
assignment, we design a cost function driven by spatial simi-
larity, which jointly considers the consistency in distance and
bearing between agents and formation vertices relative to the
formation center. The cost function is defined as follows:

J(@,o0()) = w(—)|9ic(t) - 95(,‘)| + wd|dic(t) - dg(,-)l 3)

where o denotes the assignment map from agents to forma-
tion vertices, and o (i) indicates the formation vertex assigned
toagenti. Gf (t) and dic (t) represent the orientation angle and
distance of agent i relative to the formation center p, attime ¢,
while 67 @) and d @) denote the orientation angle and distance
of vertex o (i) relative to p.. The cost function quantifies
the spatial similarity between agents and formation vertices.
A lower cost indicates higher similarity, meaning that the
agent’s topological position within the formation closely

v

(b)

-------- Initial assignments
Optimal assignments

——--. Formation vertex lines

matches that of the corresponding vertex in the desired for-
mation and only minimal adjustments in speed and direction
are needed to satisfy the assigned formation constraints.

The overall objective of the assignment can be formulated
as:

ieN

Upon determining the optimal assignment, each agent
autonomously configures its corresponding sub-goal and for-
mation constraints based on the assigned formation vertex.
Specifically, the terminal goal position for agent i is given
by pi*( i) with the associated formation constraints defined

as the set { pf:* Do* () } jen; - The primary objective of forma-
tion control is to continuously regulate the agent’s linear and
angular velocities such that the desired relative positions with
respect to neighboring agents are strictly maintained during
navigation. This control problem can be formally expressed

@ Springer
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as:
. f PN :
tl—lg}o ”Pij(t)_pg*(l’)a*(j)“ =0,YieN,jeN, ©)

4.3 Formation control algorithm based on MAPOCA
4.3.1 MAPOCA algorithm

This paper employs the Multi-Agent POsthumous Credit
Assignment (MAPOCA) algorithm [43] to train core con-
trol capabilities in multi-agent systems. Traditional methods
often rely on predefined rules or fixed models, limiting adapt-
ability to complex dynamic environments and flexibility in
coordination. Although reinforcement learning provides a
means to learn adaptive and cooperative strategies, many
multi-agent RL algorithms lack robustness and adaptability
when handling variable-sized inputs. In contrast, MAPOCA
leverages a residual self-attention mechanism to efficiently
process variable-sized inputs, significantly enhancing robust-
ness and adaptability. By integrating counterfactual advan-
tage estimation and a centralized training with decentralized
execution (CTDE) framework, it improves coordination
among agents, reduces policy conflicts, and accelerates
stable convergence. Consequently, MAPOCA outperforms
traditional methods and other standard multi-agent RL archi-
tectures on standard multi-agent coordination tasks.
Assuming there are N active agents at time 7, and the
local observation of agent i is denoted as of, the MAPOCA
algorithm independently encodes each local observation into
gi(0}). The encoded observations g;(0})1<;<n of all active
agents are then passed through a Residual Self-Attention
(RSA) module to the Critic network. The centralized state-
value functionisrepresented as Vi (RS A(g; (of) 1<i<n)). The
training loss function of the Critic network is given by:

J(#) = (Vg(RSA(gi (o) 1<i<n)) — yM)? (©6)
YW=a-nY e 7
n=1

n
G =y s + Y Ve(RSAgi (0} M i<i=n)  (8)
=1

where ¢ denotes the parameters of the value network, r;4; is
the sum of the team and individual rewards received by the
agent at time 7 + /, and y is the discount factor.

The MAPOCA algorithm employs a baseline network to
estimate the counterfactual baseline expectation for agent i.
It also uses the RSA module to encode both the agent’s obser-
vation and observation-action pairs. The baseline function is
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Fig.3 Local observation of the agent

denoted as RSA(g; (o)), f (o;., a;)lgjsN,j;éi)’ and the loss

function of the baseline network is defined as:

J(W) = (Qy (RSA(gi (0], [0 a)i<jen jzi)) = yP)?
©)

The advantage function of agent i is defined as:

Advi =y — 0y (RSA(gi (0]), fi(0, a})i<j<n ji)
(10)

The update of the actor network is given by:
Vo, J (0;) = Vg, log i (a;|o;) Adv; (11)
where 0; denote the actor network parameters of agent i.

4.3.2 Observation space

Each agent is equipped with a ray sensor for detecting sur-
rounding obstacles and other agents, with a sensing radius
R, equal to the communication radius. The agent’s obser-
vation space consists of three parts, including self-state,
formation state and environmental state detected by the
ray sensor. The agent’s self-state 05y = {v, w,0%,d%}
includes the agent’s translational velocity, angular velocity,
the angle difference between its movement direction and the
goal direction, and the distance to the goal. The formation
state 0 form = {{vij(2), Pij(t) - P,{*(i)g*(j)}je/\f,-,\Ip;_;\lSR}
includes the relative velocity between the agent and its neigh-
boring agents, as well as the deviation between the actual
relative position and the desired formation constraint. The
environmental state detected by the ray sensor Ogepsor 1S
formed by concatenating all ray outputs, where the k-th ray
returns a triplet 0%, ... = {hk, di, t}. hx denotes the ray’s
hit status, di corresponds to the normalized distance, and #;
represents the encoding of hit object’s label (Fig. 3).
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4.3.3 Action space

The action space a = {v, w} of each agent includes forward
translational velocity and rotational angular velocity. Specif-
ically, the translational velocity v € [0, vmax], the rotational
angular velocity w € [—Wmax, Wmax], both are continuous
variables.

4.3.4 Reward function

One of the most important tasks in reinforcement learning is
the design of the reward function. In this work, a composite
reward function is designed to address the complex tasks
of obstacle avoidance, navigation, formation generation, and
maintenance during formation control. The overall reward is
defined as:

avoid +

f
: form

1

plime (12)

= r r :

givoid
1
is the formation reward, and r

where rl.“"lVl

avoidance reward, r
the time penalty.

The navigation reward is designed to reflect the efficiency
of an agent moving toward its destination. It comprises dis-
tance and orientation components, and is defined as:

is the collision

itlme is

is the navigation reward, r
form
1

P = wi (df (1) — df (6 = 1) + wa(0F (1) — 0F (£ — 1))
(13)

where dig () is the distance between agent i and the final goal
Dg attime step ¢, and Ol.g () is the angular difference between
the agent’s movement direction and the target orientation. w
and w, are weights.

The collision avoidance reward r,.“"”id is designed to quan-
tify the agent’s ability to avoid collisions with other agents
and obstacles. The penalty increases as the agent gets closer
to other agents and obstacles. It is defined as:

riaVOid = w3 Z e|R7dij| . ]l(dlj <R
JeN j#i
+wy Yy Rl 1dy, < R)
meM

(14)

where d;; is the distance between agent i and agent j at time
step ¢, and d;,,, is the distance between agent i and obstacle
m. w3 and w4 are negative weights.

The formation reward is designed based on the differ-
ence between the actual relative positions among agents and
their assigned formation constraints. The formation reward

for each agent is defined as:

JjeN; JeN;
(15)

where v;; denotes the relative velocity vector between agent
i and its neighbor j at time ¢, and ws and wg are weights.

Furthermor, each agent receives a small constant time
penalty r}ime = c ateach time step, encouraging active explo-
ration, shorter trajectories, and faster movement.

4.4 Adaptive formation transformation approach

In this section, we introduce the environment constraint
awareness vector and a scaling factor, and propose an
adaptive formation transformation mechanism. Within a dis-
tributed decision-making framework, agents collaboratively
adjust the formation based on local perception and com-
munication, coordinating obstacle avoidance with formation
integrity by optimizing inter-agent spacing or reconfiguring
the topology.

4.4.1 Environmental constraint awareness vector

To assess the severity of environmental constraints on the
agents, we propose an environmental constraint awareness
vector derived from ray sensor data, as illustrated in Fig. 4.
In the agent’s local coordinate system, its velocity direc-
tion defines a central axis, dividing the sensing field into
two awareness sectors A;, A,, with angular ranges 6, €
—%’T, —%land 0, € [%, %’T]. Their corresponding angle
bisector unit vectors are denoted as {u;, u,}. The detection
data of rays within these two sectors effectively reflect the
degree of environmental constraints imposed on the agent.
Each sector is further subdivided into three subregions: a
shrinking region, a keeping region, and an expanding region.
The normalized distances of all rays within each sector are
extracted and averaged to obtain the mean normalized dis-
tance d,, where ¢ € {l,r}. The environmental constraint

awareness vector is defined as follows:
D = ug.dg, (16)
where g* = argming e 1 (dy).

4.4.2 Adaptive formation transformation mechanism
We introduce the scaling factor {);};cns to represent each

agent’s tendency toward expansion, contraction, or reconfig-
uration. Each agent adjusts its own scaling factor based on

@ Springer
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Fig.4 Environmental constraint awareness vector
environmental constraints, as follows:
A, iIfDeR;
AT A% i D e Ry
Ay, IfDeETR,
o [max{aeA|n < A%} ifIne A < A0
- kgld, otherwise (17
o _ [minfheA]n> A} if 3 e A a o> 09
= xg‘d, otherwise

where R, Ry and R, represent the shrinking, keeping, and
expanding regions, respectively. A‘C’ld denotes the previous
global scaling factor of the formation, initially setto 1. A =
{Amax> Amid, Amin} denote the set of scaling factors.

During the information exchange process, each agent
updates its scaling factor by selecting the minimum value
from the set comprising its own signal and those received
from neighboring agents. Assuming the communication
graph remains connected, the scaling factors of all agents will
converge to the minimum value among the initial individual
signals. This value is then defined as the updated global scal-
ing factor of the formation 1., as follows:

Y = lim A;(k), VieN
k— 00
Aik) = min Atk —1) (18)
l jeNiuiy

where 1; (0) = A;.
Formation Scaling. When the factor A, € {Amid, Amax},
the formation undergoes a uniform scaling transformation.
In this case, both the formation topology and the corre-
spondence between each agent and its assigned goal remain
unchanged. However, the formation constraints must be

@ Springer

scaled accordingly based on the scaling factor:

! S . o
Prew.o*(ho(j) = *ePoidoiyorjy: Vi EN. Vi €N
(19)

Formation Reconfiguration. Formation reconfiguration is
achieved by dynamically selecting the optimal formation for
agents using the Hausdorff distance, reflecting the adaptabil-
ity of the formation configuration. When the factor A, =
Amin, @ modified Hausdorff distance is adopted to evaluate the
similarity between the local topology and the other desired
formation topology, guiding dynamic formation adjustment.
The standard Hausdorff distance focuses on the maximum
deviation between two point sets, which makes it sensitive to
outliers. In contrast, the average Hausdorff distance reduces
the influence of outliers by averaging the maximum dis-
tances. Its calculation formula is given by:

1] 1 1
Hyo(X,Y)= = | — maxd(x,y) + — maxd(y, x)
ave 2 {le xEZXer Y| yezyxeX

(20)

where d (-, -) represents the Euclidean distance function. Let
Pi = {pij}jen; denote the set of actual relative positions
between agent i and its neighbors. We compute the average
Hausdorff distance between the actual relative position set
P; of agent i and the formation constraints defined by each
vertex in all candidate formation templates. The formation
template corresponding to the vertex with the minimum aver-
age distance is then selected as the target formation for agent
i. Its calculation formula is given by:

[ =arg min( min Haye (P, ij)) @h
feF jeNt

where F is the set of formation templates, and ij repre-
sents the formation constraint set corresponding to vertex
j in a given template f. To ensure formation consistency,
each agent updates its optimal formation at each time step
by selecting the most frequent choice among itself and its
neighbors. The consensus optimal formation f is obtained
after several iterations, as shown in Eq. (22):

= lim frk). VieN

[ (k) = arg max N(f) (22)

Jelff k=Dl jen;up

where f*(0) = f*, and N(-) is a counting function that
denotes the number of times an element appears in the set.
Upon reaching consensus, the Dynamic Formation Config-
uration Approach proposed in Sect. 4.2 executes formation
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10000 Table 1 Agent-related Parameters Value
parameters
7500 r 0.5m
5000 R 8m
E 2500 Vmax 0.7 m/s
E 0 Wmax 0.75m rad/s
Number of rays 13
-2500
)‘-max 1
-5000
Amid 0.7
7500 - 05
0 1 2 3 4 5 6 7 8
Step 1e7
Fig.5 Reward function learning curve Table 2' Training parameters of Parameters Value
MAPOCA
Batch size 1024
reconfiguration, updating the formation constraints as fol- Buffer size 10240
lows: A 0.95
B 0.01
prflew oot () = DFC(f), VieN,VjeN; (23) Learning rate 0.0003

where D F'C(-) denotes the Dynamic Formation Configura-
tion Approach.

5 Experiments and results
5.1 Training configuration

Simulation experiments were conducted on a laptop run-
ning the Windows 11 operating system, equipped with a
13th Gen Intel(R) Core(TM) i5-13500H processor, 16 GB
RAM, and an NVIDIA GeForce RTX 4070 GPU. Simulation
environments were constructed using Unity 2023.2.17f1 and
ML-Agents release version 21. The deep learning framework
employed was PyTorch 2.3.1.

In complex virtual environments, direct training of the
network leads to unstable or non-convergent behaviors in
crowd agents. To mitigate this challenge and facilitate more
stable learning progression, we employ a curriculum learn-
ing strategy [44], dividing the training process into three
progressively difficult stages. Stage 1 focuses on basic nav-
igation in scenes containing only boundary walls, allowing
agents to learn fundamental movement capabilities. Stage
2 introduces formation generation and maintenance tasks,
guiding agents to form and preserve coherent group struc-
tures. Stage 3 incorporates diverse static obstacles into the
environment to enhance agents’ collision avoidance capabili-
ties while maintaining formation. Transitions between stages
are triggered once the average reward stabilizes, ensuring
steady skill acquisition. The structure of the reward func-
tion is shown in Fig. 5. Detailed agent-related parameters are
summarized in Table 1, while the model’s training settings
are provided in Table 2.

To evaluate the effectiveness of the proposed method, we
define two key performance metrics: the formation error and
the convergence time, calculated as follows:

f
1 1 1Pij (1) = Posiiyor ()
= S 3 el
N VN Pl
tf = min{t ||ef—ej,|§ez} (25)
where e‘} = % ;eiiend_ k41 €f (1), ef(r) denotes the time

series data for the formation error e, teng denotes the last
time index of the error data sequence and €; is a small con-
stant. The formation error quantifies the ability of the agents
to establish and maintain the desired formation pattern during
movement by measuring the average deviation between the
agents’ actual relative positions with respect to their neigh-
bors and the prescribed formation constraints. Meanwhile,
the convergence time reflects the rate at which the formation
error converges to a steady state.

5.2 Simulation results
5.2.1 Evaluation of formation alignment performance

We evaluated the formation alignment strategy from Sect. 4.2
through comparative experiments in circular formation tasks.
Under random initial distributions, agents were assigned
to formation positions either with or without our align-
ment method, using Euclidean distance as the cost function
to ensure fair comparison. The results in Fig. 6 display
agent positions as colored circles connected by lines to their
assigned target positions. Fig. 6a demonstrates that with-
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out alignment, agents starting on the left side frequently
receive distant target assignments on the right side, resulting
in excessive path crossings and unnatural movement pat-
terns that both slow formation assembly and compromise
visual realism. In contrast, Fig. 6b shows that when apply-
ing alignment, agents obtain target assignments that better
match their initial spatial distribution, leading to significantly
reduced trajectory adjustments and consequently smoother,
more natural-looking formation transitions.

5.2.2 Simulation results in obstacle-free scenarios

We conducted experiments to evaluate the generalization
capability of our proposed method under varying shapes and
agent numbers in an obstacle-free environment. The tests
included a 6-agent circular formation, a 9-agent square for-
mation, and a 10-agent triangular formation. As shown in
Fig. 7, the agents quickly formed the desired formations with-
out collisions and maintained them while moving smoothly
toward the final goal. Building on the capabilities of forma-
tion generation, maintenance, and navigation, we simulated
two-way motion between two 6-agent groups, as shown in
Fig. 8. Initially, the green and blue groups occupied separate
start areas, with each group’s target located in the other’s ini-
tial region. Each group first formed a circular formation and
then navigated toward its target. As the formations converged
near the scene center, their paths adjusted to avoid collisions.
After successful collision avoidance, both groups proceeded
to their respective targets.

We further conducted comparative experiments to eval-
uate the formation control performance of the proposed
strategy using formation error and convergence time as met-
rics. Specifically, we compared the ORCA method enhanced
with consistency theory (ORCA-C), the method by Sun et al.
(CCA), and our proposed approach in triangular formation
tasks involving six and ten virtual agents. After normalizing

(a)

Fig.6 Comparison of target assignment under random initial position
distribution: a Without alignment: agents are assigned in a crosswise
manner, causing some agents to require larger movement distances to
form the formation, which increases the time required for formation. b

@ Springer

(b)

(c)

Fig. 7 Formation simulation results under varying agent numbers and
desired shapes. a 6 agents quickly form and maintain a stable circular
structure; b 9 agents quickly form and maintain a stable square structure;
¢ 10 agents quickly form and maintain a stable triangular structure

(b)

With alignment: agents are assigned to more appropriate targets based
on their spatial distribution, resulting in more balanced movement dis-
tances
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(a)

(b)

Fig. 8 Simulation results of two circular formations moving toward each other. a The blue and green formations quickly form and begin to avoid
each other as they approach. b After the two formations avoid each other, they proceed toward their respective targets

—---- ORCA-C(6 agents)
0.7 —— CCA(6 agents)
: —— Ours(6 agents)

—— ORCA-C(10 agents)
-=== CCA(10 agents)
==== Ours(10 agents)

N
'S

Formation Error

0.0 0.2 0.4 0.6 0.8 1.0
Time

Fig.9 Comparison of formation error among the Our method, ORCA-
Cand CCA

the motion time for each method, we analyzed the evolution
of the formation error ey throughout the process. As shown
in Fig. 9, the convergence times for CCA, ORCA-C, and
our method were approximately 0.11, 0.22, and 0.16 of the
total duration, respectively. Although our method exhibited a
longer convergence time than CCA, it achieved a lower for-
mation error compared to both CCA and ORCA-C. After
convergence, CCA maintained an error of approximately
20%, ORCA-C around 6%, while our method further reduced
the error to below 5%, demonstrating superior control preci-
sion. These results highlight the advantages of the proposed

Table 3 Average frame rate

. ] Number of agents FPS
with varying numbers of agents
6 221.1
10 159.6
15 88.9

method in both convergence speed and formation control
accuracy.

To quantitatively assess the real-time performance of the
proposed formation control framework, we measured the
frame rate of triangular formation control under different
agent numbers, summarized in Table 3. Although the frame
rate exhibits a decreasing trend with increasing agent num-
bers, the system consistently sustains real-time performance,
maintaining frame rates above 80 FPS even with 15 agents.

5.2.3 Simulation results in multi-obstacle scenarios

We evaluated the obstacle avoidance capability and forma-
tion stability of the proposed algorithm in three obstacle-rich
scenarios. Model parameters were initialized using those
trained in the obstacle-free environment. In the first scenario,
two semi-cylindrical obstacles were placed at the top and
bottom of the environment. Agents started from the left and

(b)

Fig. 10 Simulation results of circular formation in a rectangular scenario with semi-cylindrical obstacles. a 6 agents quickly form a circular
formation. b The circular formation follows an “S”-shaped path to avoid obstacles and reach the final target
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Fig. 11 Simulation results of circular formation in a square scenario
with rectangular obstacles. The circular formation quickly forms, avoids
the red obstacles, maintains the formation stably, and reaches the final
target

aimed to reach targets on the right. As shown in Fig. 10,
the agents quickly formed a circular formation and followed
an S-shaped trajectory to bypass the obstacles while main-
taining formation stability. In the second scenario, the agents
similarly formed a stable circular formation and successfully

Fig.12 Simulation results of triangular formation in a rectangular sce-
nario with dynamic and static obstacles: a 6 agents form a triangular
formation and approach a dynamic obstacle; b the formation starts to

@ Springer

Formation Error
e e o e
8] w s W

o

0.0

0 20 40 60 80 100 120
Time/s

Fig.13 The trend of formation error changes in a scenario with dynamic
and static obstacles

avoided obstacles while moving toward the target in the top-
right corner, as illustrated in Fig. 11.

In the third scenario, multiple static and dynamic obstacles
were placed, with the dynamic obstacles moving vertically
within a limited range at random speeds. As shown in Fig. 12a
, the agents quickly formed a triangular formation and
avoided the static obstacles. When encountering a dynamic
obstacle moving downward, the formation was compressed,
causing deformation as shown in Fig. 12b. After passing the
obstacle, the formation exhibited significant distortion, as
seen in Fig. 12c. The formation then rapidly recovered to its
triangular shape and continued moving toward the goal, as
depicted in Fig. 12d. Figure 13 shows the formation error
trend throughout this process.

(d)

deform; ¢ severe deformation occurs as the formation moves away from
the dynamic obstacle; d the formation quickly recovers and continues
toward the goal
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Fig. 14 Simulation results of formation shrinking: a The formation
shrinks after entering the passage and restores its original shape after
exiting. b The trend of formation error changes

5.2.4 Simulation results in narrow passage scenarios

We evaluate the proposed adaptive transformation mecha-
nism in several narrow-passage scenarios. In Fig. 14a, when
passing a moderately narrow passage, agents initiate shrink
signals, and the formation uniformly scales down to 70% of
its original size. It maintains this size during traversal and
restores upon exit. As shown in Fig. 14b, formation error
increases at 25s due to deformation, but quickly converges
after scaling and reallocation at 37 s and again after expansion
at 88s.

In the narrower passage scenario shown in Fig.15a,
sustained spatial constraints on boundary agents lead to
continuous shrink requests, driving a decentralized recon-
figuration into a rectangular formation that restores upon
exit. The formation error peaks at approximately 25s and
then declines after coordinated shrinkage and reallocation,
converging before the passage is completed, as illustrated
in Fig.15b. Figurel6a depicts traversal through two suc-
cessive passages of different widths. The formation first
uniformly scales to 70 percent in the wider section and
subsequently adapts to a rectangular layout in the narrower
section. A marked reallocation occurs near 30s, and recov-
ery toward the original circular geometry begins near 90s,
as shown in Fig.16b. In Fig.17a , positional heterogeneity
causes the formation to split into two triangular subgroups.
Reallocation and dual-triangle reconfiguration occur within
approximately 35 to 42s, as presented in Fig.17b . These

Formation Error
=3
=3
=3

o
)
S|
IS
S
N
=
%
S|

100
Time/s

(b)

Fig. 15 Simulation results of formation shrinking followed by imme-
diate restructuring: a The formation quickly shrinks upon entering the
passage and promptly restructures into a rectangular shape, then restores
to its original form after exiting. b The trend of formation error changes

Formation Error

0.35
0.30!
0.25
0.20!
0.15
0.10;
0.05

0.00!

0 20 40 60 80 100
Time/s

(b)

Fig.16 Simulation results of the formation shrinking and restructuring:
a The formation shrinks after entering the first passage, then restructures
upon entering the second passage, and restores to its original shape after
exiting; b the trend of formation error

observations confirm the mechanism’s capability for dis-
tributed structural adaptation under spatial constraints.
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Fig. 17 Simulation results of formation shrinking followed by imme-
diate restructuring: a The formation first shrinks upon entering the
passage, then quickly restructures into two triangular sub-formations,
and restores to its original shape after exiting. b The trend of formation
error over time

6 Conclusion

This paper presents a MAPOCA-based distributed forma-
tion control algorithm tailored for virtual crowd simulation,
integrating target allocation, navigation, formation genera-
tion, maintenance, and adaptive shape transformation. To
minimize unnecessary agent displacement and ensure nat-
ural motion continuity, a formation alignment strategy is
introduced, considering the initial spatial distribution of
individuals during target assignment. A carefully designed
reward function, along with a curriculum learning scheme,
facilitates efficient training and enables agents to perform
complex collective behaviors. In addition, an adaptive trans-
formation mechanism is developed to dynamically switch
between transformation modes based on environmental con-
straints and the current formation state, facilitating smooth
and responsive shape adjustments. Experimental results
demonstrate that the proposed model achieves low forma-
tion error and exhibits strong generalization across both open
and cluttered virtual environments. Future work will focus on
scaling the method to larger crowds and exploring richer and
more diverse formation transformation behaviors for realistic
crowd animation.
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