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Abstract— Global trajectory planning is crucial for long-
range formation navigation tasks of multi-robot systems in
efficiency improvement and energy saving, whose main chal-
lenges are the joint space constraints of the whole team and
the long-range deployment. To overcome the above difficulties,
we reformulate the original problem into an affine formation
planning problem in parameter space. Further, we propose a
front-end & back-end framework for global trajectory planning
of Multi-Robot Systems (MRS) with affinely deformable forma-
tion. For the front-end, an RL-steering affine formation RRT*
method is designed to search a global formation-level trajectory
in affine parameter space, combining the efficient BVP-solving
capability of RL and the global guidance and generalizing
ability of RRT*. For the back-end, we propose a formation-
level affine parameter trajectory optimization method to refine
the front-end trajectory, and further transform it into per-
agent trajectories for execution. Extensive benchmarks and
ablation experiments in simulation show the effectiveness of
our framework for the global trajectory generation of a multi-
UAV system with affinely deformable formation. The appendix
can be seen here3.

I. INTRODUCTION

Global trajectory planning is crucial for long-range multi-
robot navigation tasks in efficiency improvement and energy
saving. However, it remains challenging when deployed in
multi-robot tasks with formation-level constraints like col-
laborative object transportation [1], formation containment
rescue [2], and mutual localization using line-of-sight sensors
[3]. Those tasks commonly require the MRS to navigate
in formation and ensure formation-level collision avoidance
throughout the whole process, in which the obstacles are
not allowed to cross through the formation. Therefore, the
challenge for global trajectory planning of such MRS is to
deal with the joint space constraints of the whole team and
the long-range deployment.

Recent researches [4]–[7] factorize the formation planning
problem into multiple individual planning problems that
softly regard formation-level constraints, which cannot guar-
antee formation-level collision avoidance due to pure agent-
level collision consideration. To free the planning framework
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Fig. 1. Comparison between the sampling-based method, RL-based
method, and our method. The sampling-based method suffers from inef-
ficient BVP solving with time-consuming collision checks, leading to short
node expansion horizon and zigzag planning results. The RL-based method
suffers from low sample efficiency and weak generalizability for long-range
planning problems. Our method, called RL-steering affine formation RRT*,
combines the efficient obstacle-aware BVP-solving capability of RL and the
global guidance and generalizing ability of RRT*.

from the above difficulties, [1] formulates the formation-
level planning problem into the formation parameter space,
further solved by a sampling-based method. Then the main
issue is the solving of the boundary value problem (BVP)
for node expansion during search. Generally, BVP for kin-
odynamic planning is formulated as an obstacle-neglected
unconstrained optimal control problem followed by extra
constraint checks [8]. Due to the time-consuming formation-
level collision check and a large number of iterations caused
by formation-level constraints only guaranteed in a short
node-expansion horizon, this kind of method may be in-
efficient during searching in formation tasks, as shown in
Fig. 1(a). Meanwhile, integrating formation-level constraints
into the BVP makes it intractable for both closed-form and
numerical solving for the non-convex and nonlinear proper-
ties. To improve search efficiency, [1] uses the corridor-based
method to simplify the obstacle-aware BVP solving and
avoid formation-level collision checks for node expansion.
However, the generation of convex corridors still limits its
application due to the high time consumption of nonlinear
optimization.

With the explosion trend of deep learning in decision-
making tasks, there emerges another line of work that
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employs deep reinforcement learning (RL) in multi-robot
motion planning [9], [10] for its high efficiency and strong
ability to solve non-convex and nonlinear problems. How-
ever, extending RL policy to global trajectory planning has
two main difficulties as shown in Fig. 1(b): Firstly, RL
is inefficient in long-horizon planning [11] and can easily
be trapped in complex environments [12] due to its low
sample efficiency in training. Second, the complex long-
range environment layout cannot be adequately represented
and fed to policy, leading to weak generalization.

In this paper, we utilize the complementary strength of
RL policy and sampling-based search as shown in Fig. 1(c).
Inspired by [13] and [1], we first model the original problem
in the affine formation parameter space. Then, we design
an RL-steering affine formation RRT* method, in which the
affine formation BVPs are solved in parameter space using
actor-critic RL with obstacle awareness for tree node expan-
sions. Thanks to the efficient cost evaluation, the horizon
of the node expansion can be much longer than obstacle-
neglected BVP-based node expansion. Meanwhile, evaluat-
ing cost in RRT* becomes simply an RL-Critic network
inference and high search efficiency can be expected. Finally,
with the guidance of search results, a dense global formation-
level trajectory composed of local trajectories generated by
the RL-Actor network can be obtained. To further refine the
trajectory, we propose the formation-level trajectory back-
end optimization in the affine parameter space rather than
the agent-wise optimization [14]. In this way, the formation-
level constraints can be conveniently modeled and the affine
formation constraint can be naturally satisfied. We summa-
rize the contributions as:

1) We propose an RL-steering affine formation RRT*
method to search a global formation-level trajectory in
the affine parameter space by combining the efficient
BVP-solving capability of RL and the global guidance
and generalizing ability of RRT*.

2) We propose a formation-level affine parameter trajectory
optimization method to refine the front-end trajectory
and transform it into per-agent trajectories for execution.

3) We conduct extensive benchmark and ablation exper-
iments on a multi-UAV system in simulation, which
shows the efficiency and effectiveness of our method.

II. RELATED WORK

A. Formation Front-end Planning
Båberg et al. [4] use a combination of constraint-based

programming (CBP) and RRT to achieve formation obstacle
avoidance, where RRT samples in the formation center
position parameter space and CBP is used for steering
considering formation maintaining and agent-level obstacle
avoidance. [7] conducts formation-level global path-finding
through a bidirectional RRT approach with agent-level col-
lision check, which augments the formation scale parameter
into the sampling space to enhance flexibility. In [4], [5],
[7], although traveling in formation, robots avoid collision
individually and the formation polygon may be inevitably
split by obstacles, which is not up to the setting of this paper.

[1] solve the problem by proposing a sampling-based
graph-search algorithm where convex corridors in free
space are sampled and connected if their intersections are
traversable for robot formation. [14] utilize the A* algorithm
to plan the formation center path, and then a series of new
formations are generated with scale factors for safety at
each turning point along it. However, obstacle consideration
becomes the main efficiency limit of the above methods,
which leads to the short horizon and large time consumption
due to corridor generation or formation-level collision check.

B. Formation Trajectory Optimization

Quan et al. [6] integrate a Laplacian-based formation
similarity error metric into the spatial-temporal planning
framework, simultaneously handling formation preservation
and obstacle avoidance. To further reduce the computation
overhead of the Laplacian-based gradient calculation, [7]
only uses the above metric to generate optimal position
sequences and then replaces it with the distance error be-
tween the generated reference and actual positions in iterative
trajectory optimization. [14] elegantly introduces the affine
formation constraint into the optimization framework of [15]
by proving the transmissibility of the affine transformation
between trajectory points and control points in the B-spline.
Although the above methods consider the formation con-
straints in some contents, they can not ensure formation-level
collision avoidance.

C. Combination of RL and Sampling-based Method

[12], [16] have conducted interesting combinations of RL
with sampling-based planning methods to achieve kinody-
namic planning for single robot tasks. The sampling-based
method acts as a global planner to divide the long-term
goal into sub-goal for RL policy, while RL policy acts as
the local planner to offer the kinodynamic steering for the
sampling-based methods. [16] adopt a TTR(time to return)
estimation network to predict the node steering cost, while
we use the critic model instead for its better consistency with
the policy network and more comprehensive predictions for
the optimized cost of BVPs than the TTR metric.

III. AFFINE FORMATION BVP

A. Problem Formulation

1) Affine formation: Consider a group of N planar mov-
ing mobile agents in R2 and N ≥ 3. Let piag ∈ R2 be
the position of agent i and pag = [p1ag

T
, . . . , pNag

T
]T ∈

R2N be positions of all the agents. Following the definition
in [13], the time-varying formation pag(t) can be affinely
transformed from the nominal formation template as below:

pag(t) = [IN ⊗A(t)]q + 1N ⊗ b(t) (1)

where ⊗ denote as the Kronecker product, q =
[qT1 , . . . , q

T
N ]T ∈ R2N is a predefined agent-level time-

invariant nominal formation template, A(t) ∈ R2×2 and
b(t) ∈ R2 are the planar affine formation component:
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A(t) =

[
cos θ(t) − sin θ(t)
sin θ(t) cos θ(t)

] [
1 m(t)
0 1

] [
sx(t) 0
0 sy(t)

]
,

b(t) =

[
bx(t)
by(t)

]
.

(2)
By defining affine transformation parameters as:

paf (t) = [θ(t),m(t), lsx(t), lsy(t), bx(t), by(t)]
T ∈ R6,

lsx(t) = ln(sx(t)), lsy(t) = ln(sy(t)),
(3)

any time-variant formation configuration pag(t) can be rep-
resented by the combination of the time-variant affine trans-
formation parameters paf (t) and the time-invariant nominal
template q, namely pag(t) = f(paf (t), q). Then the multi-
agent planning problem becomes an affine formation param-
eter planning problem, relaxing the dimension of the state
space from 2N to 6, where N ≥ 3 for affine formation.
The time-varying affine parameter paf (t) is also named as
the affine parameter position, with its first-order and second-
order derivative w.r.t t as the affine parameter velocity
vaf (t) the acceleration aaf (t) respectively, similar to the
agent-level states pag, vag, aag .

2) Affine formation BVP: An affine formation planning
problem can be formulated as a BVP in the affine parameter
space, given a task-specific predefined formation template
q and a pair of initial formation parameter pinitaf and goal
formation parameter pgoalaf as the boundary values. Then it
can be further modeled in optimal control fashion as follows:

min
paf (t),vaf (t)

J =

∫ τ

0

C(paf (t), vaf (t), p
goal
af )dt

s.t. ∀t ∈ [0, τ ], ṗaf (t) = vaf (t),

paf (0) = pinitaf , paf (τ) = pgoalaf ,

pag(t) = f(paf (t), q) ∈ Pfree
ag ,

vag(t) = h(paf (t), vaf (t), q) ∈ Vvalid
ag

(4)

where τ is the time duration of the trajectory,
C(paf (t), vaf (t), p

goal
af ) is the objective function, defined

as Equ. 7 in Appendix A, including time, goal formation
similarity, and control effort cost terms, the f(·) and h(·)
represent the mapping between the agent-level state and
the formation-level state according to Equ. 8 in Appendix
A. An optimal control law is to be found to drive the
affine parameter system from the initial formation to
the goal formation minimizing the objective functional
while considering the formation-level obstacle avoidance
constraints and agent-level dynamic constraints.

Difficulties of formation BVP. The formation-level obsta-
cle avoidance constraints are naturally non-convex, while the
agent-level dynamic constraints are nonlinear in the affine
parameter space according to the nonlinear mapping f(·)
and h(·). The non-convex and nonlinear nominal constraints
make it intractable for both the analytical and optimization-
based methods to efficiently solve the affine formation BVP.

B. Reinforcement Learning BVP Approximation

To deal with the non-convex and nonlinear constraints, we
employ goal-conditioned reinforcement learning to solve the
formation BVP.

1) Goal-conditioned RL formulation: The observation
ot = [Mlocal(t), paf (t), q] consists of obstacle representation
Mlocal(t), current affine parameter paf (t), and the nominal
formation template q. For obstacle representation, we use a
local occupancy map anchoring on the formation center. The
nominal formation template is involved since the same affine
parameter can lead to different actual formations conditioned
on different templates. The goal g is the terminal boundary
value pgoalaf of the affine formation BVP. The action at is the
affine parameter velocity vaf (t) same as the control input of
affine formation BVP.

According to the objective functional and constraints of
the affine formation BVP defined in Equ. 4, the reward for
RL training is designed as follows:

R = λT[rgoal, rtime, reffort, rformC, rinterC, rviol]
T (5)

where rgoal consist of the sparse reward for goal formation
achievement and the dense punishment related to the negative
Euclidean distance to the goal in the affine parameter space,
rtime is the constant time cost per step, reffort is a dense
punishment related to agent-level velocity to minimize total
energy cost, rformC consist of sparse punishment for forma-
tion shape polygon collision and dense punishment related
to the distance between the nearest obstacle and forma-
tion polygon calculated by GJK (Gilbert–Johnson–Keerthi)
[17] algorithm, rinterC represents punishment related to the
collision between agents in the formation, rviol is a dense
exponentially punishment related to the agent-level violation
on the dynamic constraints to build a soft barrier for limits
violation, λ is the weight vector to trade-off the above
factors.

2) Policy learning: We adopt the TD3 framework [18]
in policy training for its continuous action space decision-
making ability and actor-critic architecture. Specifically, the
RL-Actor model π(ot, g) acts as an efficient formation-level
BVP approximation.The RL-Critic Q(ot, at, g) is further
used for cost prediction before actual policy execution, which
plays a key role in our global planning algorithm.

Network architecture. We use a convolutional neural
network to encode the grid map and multi-layer perceptron
networks to encode other components in the observation.
During training, the curriculum learning paradigm is applied
by gradually increasing the difficulty of scenes e.g. obstacle
density and goal formation range. The architecture and
training details are described in Appendix A.

IV. METHOD

In this section, we introduce the proposed front-end &
back-end framework as shown in Fig. 2.

A. RL-steering Affine Formation RRT*

Although good at dealing with non-convex and nonlinear
constraints, the RL-BVP approximation struggles with the
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Fig. 2. The total framework of our method.

long-range global BVP. If we extend the local map Mlocal(t)
to the global map and give the goal g with the terminal goal
formation parameter pterGoal

af , the low sampling efficiency
will cause the failure of learning in such a high-dimensional
space. Thus, we propose to regard RL-BVP approximation
as a steering function, which is embedded in RRT* for
affine formation planning in long range. In this way, the
new node sampled in each step of RRT* is assigned as
the goal of RL-BVP approximation for cost evaluation and
trajectory rollouts. The main workflow of the RL-steering
affine formation RRT* method is described as Alg. 1, which
consists of the search phase and the generation phase.

1) Search Phase: This phase aims at searching for a
sequence of affine parameter waypoints. We mainly replace
the Euclidean distance-based cost metric assisted by collision
checks in the classical RRT* with the obstacle-aware RL-
Critic model, which avoids time-consuming collision checks
and extends the node expansion horizon. Since the search
process mainly cares about the cost to the given nodes rather
than the explicit trajectory, node expansion steering in this
phase can be achieved by simple inference of the critic model
in 1-3 ms without unnecessary rollouts of RL-Actor model.

Critic-based expansion. During an iteration, a random
node prandaf is firstly sampled with formation-level collision
check from the affine parameter space R6 defined in Section
III-A. Nearest() is used to find the nearest node pnearestaf

in the search tree with prandaf roughly determined by the
Euclidian distance in the affine parameter space for effi-
ciency. Then, Project() is used to project prandaf into the
range of the local map Mlocal anchored on pnearestaf as a
new node pnewaf . To be specific, if the prandaf situated out
of the domain of the Mlocal, linear interpolation in the
affine parameter space will be adopted to regenerate the
pnewaf near the boundary of the local map with formation-
level collision check. Centered on the pnewaf , Near() is used
to find those nodes in the domain of local map Mlocal as
the candidate parent node set as Pnear

af . To select the best
parent node, the costs csteer between each candidate parent
node in Xnear and pnewaf are evaluated by RLSteering-C()

Algorithm 1: RL-steering Affine Formation RRT*
Notations: global grid map Mglobal, affine

parameter search tree T , affine
parameter path Paf , affine parameter
trajectory set Taf , front end affine
parameter trajectory Tfront end

input : Mglobal, q, p
init
af , pterGoal

af , T
output : Tfront end

1 I.Search phase:
2 Initialize: T ← ∅ ∪ {pinitaf };
3 for i← 1 to n do
4 prandaf ← Sample(Mglobal);
5 pnearestaf ← Nearest(T , prandaf );
6 pnewaf ← Project(pnearestaf , prandaf );
7 Pnear

af ← Near(T , pnewaf );
8 cmin ←∞, pparentaf ← NULL;
9 for pnearaf ∈ Pnear

af do
10 csteer ← RLSteering-C(pnearaf , pnewaf );
11 if Cost(pnearaf ) + csteer < cmin then
12 cmin ← Cost(pnearaf ) + csteer;
13 pparentaf ← pnearaf ;

14 T ← T ∪ {pparentaf , pnewaf };
15 Rewire(Pnear

af , pnewaf );
16 if IsArrive(pnewaf , pterGoal

af ) then
17 Paf ← ExtractPath(T );
18 break;

19 II.Generation phase:
20 for {pcuraf , pnextaf } ∈ Paf do
21 taf ← RLSteering-A(pcuraf , pnextaf );
22 if IsConstraintViolated(taf ) then
23 taf ← Recovery(pcuraf , pnextaf );

24 Taf ← Taf ∪ taf ;

25 return Tfront end ← StitchTraj(Taf );

as csteer = U −Q(ot, at, g), where U is the upper bound of
Q-value to ensure csteer to be positive. Note that Q(ot, at, g)
reflects the cost of obstacle-aware formation BVP, thus the
horizon of the node expansion can be long without explicit
collision check. After the parent node selection, the new
edge topologically connecting pparentaf and pnewaf is added
to the tree. Then Rewire() is conducted to update the tree
structure for potentially shorter paths, among which the
RLSteering-C() is also used to evaluate the cost. Finally,
when pnewaf reaches pterGoal

af in a predefined threshold, a
series of waypoints can be backtracked from T as Paf .

2) Generation Phase: In this phase, RLSteering-A() is
employed to connect each consecutive node pair in Paf by
iteratively calling the RL-Actor model to generate the dense
trajectory Tfront end. Note that the trajectory generation is
achieved by model-based forward rollout assuming ideal
state transition. As shown in Equ. 4, since the RL-Actor

14151



Fig. 3. A case study of the constraint violation check and recovery process
for the front-end. (a): To perform constraint violation check along the global
trajectory and locate the local segment that violates constraints. (b): To
extract the node pair on duty for the constraints violation. (c): To search the
intermediate nodes between node pairs in (b) to divide the challenging BVP
into simpler ones. (d): Trajectories regeneration through RL-Actor between
new sampled nodes to guarantee constraint satisfaction.

model considers the formation-level affine parameter dynam-
ics, time and effort cost, obstacle avoidance, and agent-level
velocity limits, the final trajectory is time & energy-efficient
and obstacle-aware. Compared with classic RRT* performing
trajectory generation in each step, our method only generates
the explicit trajectory along the RRT* result, avoiding numer-
ous trajectory rollouts for tentative node connection. Besides,
explicit collision checks are also avoided since the RL-Actor
ensures the safety of the trajectory. To further accelerate the
processing, the piecewise trajectory rollouts are calculated in
parallel among all consecutive node pairs in batch on GPU.

Constraint violation check and recovery. Since the
RL policy serves as the approximation of the Boundary
Value Problem (BVP), occasional constraint violations may
occur during RLSteering-A(). To ensure the constraints
guarantee of Tfrontend, violation checks are performed us-
ing IsConstraintViolated() for each rollout segment taf .
For the segment violating the constraints, denoted as tvioaf ,
Recovery() is employed: i) Locally, an affine RRT* is
conducted between the relevant node pair pcuraf , pnextaf of tvioaf ,
using a Euclidean-distance-based cost metric and formation-
level collision check to search for intermediate nodes that
divide the challenging BVP into simpler sub-BVPs; ii) The
trajectory for each simpler sub-BVP is regenerated through
RLSteering-A(), and the process of constraint violation
check and recovery is recursively invoked until the total tvioaf

is fixed without constraint violation. A case study of the
above process is illustrated in Fig. 3.

B. RRT* planner and RL learner co-enhancing
To achieve the RRT* planner and RL learner co-

enhancing, we close the planning-learning loop like [19].
During the co-enhancing, there are two processes conducted
in synchrony: i) RL learner gathers experiences from the
planning process of the RL-steering affine formation RRT*
and uses the data to persistently enhance the RL-Critic and
RL-Actor models; ii) the enhanced steering cost evaluator
and steering function are fed back to the RRT* planner. The
RRT* planner provides data augmentation for RL learning to
improve the generalizing ability and sample efficiency; at the
same time, the RRT* planner benefits from the RL learner
for improved planning performance and efficiency.

C. Affine Parameter Trajectory Post-optimization
The generated affine parameter trajectory Tfront end is

further refined by trajectory post-optimization and trans-

formed to agent-level trajectories for execution.
Trajectory parametrization. The affine parameter tra-

jectory Tfront end from front-end is parameterized as a
B-spline curve with a degree of 3 and K control points
{Q1, · · · , QK}, where Qi ∈ R6 is in affine formation
parameter space.

Trajectory optimization. The affine parameter trajectory
optimization problem is originally a nonlinear constrained
problem according to the affine formation BVP in Equ.2.
Note that the trajectory Tfront end satisfies all the con-
straints, we can employ it as a feasible initial guess, which
enables a simplification of the problem to be unconstrained
by turning the hard constraints to soft forms. Thus, we
model the affine parameter trajectory refinement as an un-
constrained non-linear optimization problem, which is for-
mulated as follows:

argmin
Q

J = λsJs + λfJf + λrJr + λcJc + λgJg (6)

where λs, λf , λr, λc, λt are the respective weights, the ob-
jective function defined above considers factors of both the
formation level and agent level. For the former, formation-
level collision avoidance Jc and goal formation fitness Jc
are considered. For the latter, agent-level smoothness Js,
dynamic feasibility Jf , and reciprocal collision avoidance
Jr are considered. The details of the cost terms are pre-
sented in Appendix B. Thanks to the unconstrained problem
simplification, the problem can be solved efficiently using
L-BFGS [20] in about 1-5 ms. We follow [21] to keep no
constraint violation by performing agent-level and formation-
level constraint checks along the trajectory iteratively before
the optimization termination.

Agent-level trajectories transformation. We finally
transform the formation-level affine parameter trajec-
tory [paf (t), vaf (t), aaf (t)] into agent-level trajectories
[pag(t), vag(t), aag(t)]. following Equ. 8 in Appendix A,
arriving at executable trajectories for all robots.

V. EXPERIMENTAL RESULTS

A. Metrics

To conduct fair performance comparisons among different
methods, we have designed a series of metrics to evaluate the
performance: 1) time metric mt: the total time consumption
of the actual execution of the trajectories; 2) path metric
mp: the path length calculated by the average accumulated
velocity of all agents during the trajectory execution; 3)
formation metric mf : the accumulated degree of discrepancy
between the actual formation and the terminal goal formation
configurations, which is defined in Appendix C. We further
define comprehensive metric mc as the average of the above
three metrics to evaluate the performance from different
aspects in a unified way.

B. Benchmark Experiments

1) Setup: To demonstrate the efficiency and robustness
of our method, benchmark comparisons are conducted with
cutting-edge formation planning methods, including Alonso’s
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Fig. 4. Front-end search results of different methods at different time steps.
Three rows correspond to Alonso(up), Peng(middle), and Ours(bottom)
respectively. ”None” means no feasible solution.

method [1] and Peng’s method [14]. Through the XTDrone
[22] simulation environment, we simulate a multi-UAV sys-
tem flying in formation across a cluttered environment under
a velocity limit of 2m/s. Given a randomly generated 2D
occupancy grid map, a task-specific formation template, and
a pair of the initial and terminal goal affine parameters,
the planning framework of each method is conducted to
generate trajectories for each robot execution. The experi-
ments are conducted in three kinds of forest-like scenarios
with different obstacle densities. For each obstacle density,
experiments are conducted in ten random maps to calculate
the average performance. For each scenario, we record five
trials at different time steps of the front-end search phase to
compare the efficiency of methods. More details can be seen
in Appendix C.

2) Results: The results are summarized in Table I. It
states that our method can find the feasible trajectory with
a shorter time and lower cost mc than both Alonso’s and
Peng’s methods in all three kinds of scenarios. In some
cases, the mc of our solution at the first time step is even
lower than the solution of other methods at the fifth time
step. The time efficiency mainly owes to the obstacle-aware
RL-Critic model that frees our method from both the time-
consuming collision check and safe corridor construction,
while the lower cost mainly gives credit to our back-end
optimizer. Table II shows the statistical results of benchmark
experiments on 100 maps in three kinds of forest-like scenar-
ios, which shows the performance advantage of our method
on each separate metric over other methods. Fig. 4 shows the
front-end search results, where our method has an obviously
larger node expansion horizon than the other methods. Fig. 5
shows the final trajectories planned by different methods in
forest-like and corridor-like scenarios, the trajectories from
our method have a faster finish, shorter path length, and
better formation maintenance for the goal formation.

TABLE I
MAIN RESULTS OF BENCHMARK EXPERIMENTS.

Scenario Method\Time 0.8s 1s 1.5s 2s 5s

Sparse1
Alonso - - - - -
Peng - 34.01 34.01 34.43 32.34
Ours 33.68 33.68 27.55 27.55 26.89

Sparse2
Alonso - - 36.93 36.93 35.02
Peng 33.60 32.91 33.92 31.17 31.50
Ours 24.30 24.30 24.30 23.78 23.78

Sparse3
Alonso - - - - 39.13
Peng - - - 32.01 29.90
Ours 28.37 28.37 27.60 27.27 25.29
Time 1s 2s 4s 7s 10s

Medium1
Alonso - - - - -
Peng - - 42.17 38.22 38.17
Ours 30.31 30.31 28.01 28.77 21.08

Medium2
Alonso - - - - 51.94
Peng - - - - -
Ours - 38.57 38.23 36.28 28.73

Medium3
Alonso - - - - 42.92
Peng - 40.02 34.61 34.61 34.61
Ours 36.17 36.17 33.70 33.70 33.70
Time 1s 5s 10s 20s 30s

Dense1
Alonso - - - - 48.88
Peng - - - 50.25 48.64
Ours - 47.35 28.47 28.47 28.47

Dense2
Alonso - - - - -
Peng - 35.08 35.08 35.12 35.12
Ours 29.46 27.65 27.81 27.81 27.81

Dense3
Alonso - - - - 50.91
Peng - 39.33 38.42 39.12 38.20
Ours - 32.21 32.21 28.46 28.46

TABLE II
BENCHMARK EXPERIMENTS RESULTS ON SEPARATE METRICS IN

SPARSE, MEDIUM, AND DENSE FOREST SCENARIOS.

Scenario Method mt mp mf mc

Sparse
Alonso 35.29 48.37 27.57 37.07
Peng 29.55 45.04 17.82 30.80
Ours 24.79 42.01 17.74 28.18

Medium
Alonso 34.84 53.03 39.81 42.56
Peng 33.64 52.53 40.41 42.19
Ours 22.74 43.00 32.26 32.66

Dense
Alonso 30.39 48.37 38.52 39.09
Peng 28.94 45.04 34.94 36.31
Ours 23.74 42.01 32.61 32.78

C. Ablation Study

1) Setup: We have designed 7 ablation methods to prove
the necessity and evaluate the impact of each component
for our total framework. The notations and the ablation
components of them are summarized in Table III. Note
that the ablation experiments share the same setup as the
benchmark experiments.

TABLE III
NOTATIONS AND SETTINGS OF THE ABLATION METHODS

Method Ablation component Alternative
Ours w/o
CE

Critic-based cost evaluator Euclidian distance cost with
formation-level collision-check

Ours w/o
AS

affine parameter search space translation parameter search
space

Ours w/o
AG

Actor-based trajectory generator minimum acceleration trajec-
tory generation [23]

Ours w/o
RL

all of the RL elements in front-
end

combination of Ours w/o AS
and Ours w/o AG

Ours-PF total front-end Peng’s front-end
Ours-AF total front-end Alonso’s front-end
Ours-PB total back-end Peng’s back-end
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Fig. 5. Final trajectories planned by different methods in forest-like
and corridor-like scenarios. Three columns correspond to Alonso(left),
Peng(middle), and Ours(right) respectively. The more the color of the
trajectory shifts towards warmer tones, the higher the speed it represents.

2) Results: The results in three kinds of forest-like sce-
narios are summarized in Fig. 6. The two columns represent
the comprehensive metric cost mc and success rate of each
method respectively, while the two color bars record the
average performance at 1s and 30s for front-end search
respectively. It states that our method has lower compre-
hensive costs and higher success rates than most of the
ablation methods in all three kinds of scenarios at each time
step. Ours-PB and Ours have similarly high success rates
but Ours has the lower cost. This means that the front-
end efficiently ensures the existence of solutions while the
back-end mainly contributes to the solution refinement. The
conclusion can also be supported by the fact that Ours-PF
has similarly low costs with Ours while its success rate
sharply drops down. The performance of Ours-AF is weak
due to the over-conservation of its corridor-based front-end
that can not be refined by our back-end optimization. Ours
w/o AG has more serious performance degradation than
Ours w/o CE from Ours, since the alternative minimum
acceleration trajectory generation is not obstacle-aware like
the RL-Actor model. This undoubtedly leads to a seri-
ous mismatch with the RL-Critic cost evaluator and initial
guesses for the back-end optimization. Instead, Ours w/o
CE uses a more conservative cost evaluator with collision
check which actually eases the burden of the consecutive
RL-Actor model but at the price of search efficiency. Since
Ours w/o RL abandons all of the RL elements for both
cost evaluator and trajectory generator, it nearly suffers the
overlayed performance degradation of both Ours w/o CE
and Ours w/o AG. The performance degradation of Ours
w/o AS from the Ours is slighter than both Ours w/o CE and
Ours w/o AG since it retains full RL elements. It only suffers
from the loss of search space from affine transformation to
pure translational transformation.

D. Real World Experiment

Real-world experiments on quadrotor formation are con-
ducted in forest-like and corridor-like scene respectively.

Fig. 6. The ablation experiment results. The three rows of the sub-figures
correspond to the sparse, medium, and dense forest scenarios respectively.
The two columns of the sub-figures record success rate (left ↑) and
comprehensive metric mc (right ↓) respectively. The different color bars
of each sub-figure represent different front-end search time settings.

Fig. 7. Visualization of real experiment in the forest-like scenario. The
vertical axis represents the timeline, while each row corresponds to the
snapshot of a time step. Three columns correspond to top-down view (left),
side view (middle), and front view (right) respectively. The red square
annotations indicate obstacles, while the circular annotations in other colors
(yellow, purple, blue, and green) denote the quadrotors in the formation.
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Fig. 8. Visualization of real experiment in the corridor-like scenario.

The formation consists of four quadrotors with the square
nominal formation template. The initial formation is set as
a diamond shape, while the target formation is transformed
from The initial formation through a translation. Some other
quadrotors serve as obstacles hovering at the same altitude.
The experiment visualizations shown in Fig. 7, 8 demonstrate
the effectiveness of our method in the real world.

VI. CONCLUSION

In this paper, we propose a front-end & back-end frame-
work for global trajectory planning of MRS with affinely
deformable formation. For the front-end, an RL-steering
affine formation RRT* method is designed to search a global
formation-level trajectory in the affine parameter space com-
bining the efficiency of RL and the generalization of RRT*.
For the back-end, a formation-level affine parameter trajec-
tory optimization method is proposed to refine the initial
trajectory. Extensive benchmark and ablation experiments
on a multi-UAV formation system prove the efficiency and
effectiveness of our method.
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