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Abstract

Multi-robot task planning and collaboration are critical chal-
lenges in robotics. While Behavior Trees (BTs) have been es-
tablished as a popular control architecture and are plannable
for a single robot, the development of effective multi-robot
BT planning algorithms remains challenging due to the com-
plexity of coordinating diverse action spaces. We propose the
Multi-Robot Behavior Tree Planning (MRBTP) algorithm,
with theoretical guarantees of both soundness and complete-
ness. MRBTP features cross-tree expansion to coordinate
heterogeneous actions across different BTs to achieve the
team’s goal. For homogeneous actions, we retain backup
structures among BTs to ensure robustness and prevent re-
dundant execution through intention sharing. While MRBTP
is capable of generating BT's for both homogeneous and het-
erogeneous robot teams, its efficiency can be further im-
proved. We then propose an optional plugin for MRBTP
when Large Language Models (LLMs) are available to rea-
son goal-related actions for each robot. These relevant ac-
tions can be pre-planned to form long-horizon subtrees, sig-
nificantly enhancing the planning speed and collaboration ef-
ficiency of MRBTP. We evaluate our algorithm in warehouse
management and everyday service scenarios. Results demon-
strate MRBTP’s robustness and execution efficiency under
varying settings, as well as the ability of the pre-trained LLM
to generate effective task-specific subtrees for MRBTP.

Code — https://github.com/DIDS-EI/MRBTP

Introduction

Multi-robot systems (MRS) that involve robots with di-
verse capabilities offer the potential for improved perfor-
mance and fault tolerance compared to single-robot so-
lutions (Colledanchise et al. 2016). Developing an au-
tonomous MRS requires an efficient and robust control ar-
chitecture, along with methods to adapt them for specific
tasks. Behavior Trees (BTs) have emerged as a popular con-
trol architecture due to their modularity, interpretability, re-
activity, and robustness, making them well-suited for both
single- and multi-robot systems (Heppner et al. 2024; Hep-
pnerl et al. 2023; Neupane and Goodrich 2019; Colledan-
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Figure 1: An example of two BTs planned by MRBTP:
(1) Cross-tree expansion, (2) Intention sharing, (3) Optional
plugin: subtree pre-planning.

chise et al. 2016). As the potential of BTs gains more atten-
tion, various methods for automatically generating BT's have
been proposed, including evolutionary computing (Neupane
and Goodrich 2019; Colledanchise, Parasuraman, and Ogren
2019), reinforcement learning (Banerjee 2018; Pereira and
Engel 2015), and BT synthesis (Tadewos, Newaz, and Kari-
moddini 2022; Neupane and Goodrich 2023). Among these
methods, BT planning (Chen et al. 2024a,b; Cai et al. 2021;
Colledanchise, Almeida, and Ogren 2019) has advantages
in leveraging interpretable action models and producing re-
liable BTs to achieve goals, which make it a promising ap-
proach to generate BTs for autonomous robot systems.

However, current BT planning focuses primarily on a sin-
gle robot, and the development of effective multi-robot BT
planning algorithms remains challenging. The challenges
mainly arise from two aspects:

» For heterogeneous actions, how to coordinate them
across different BTs to accomplish the team’s goal.

» For homogeneous actions, how to use them to improve
fault tolerance without redundant execution.

In this paper, we propose Multi-Robot Behavior Tree
Planning (MRBTP), the first sound and complete algorithm
for generating reliable and robust BTs for MRS. MRBTP



addresses the above challenges as follows:

* We employ cross-tree expansion, where the condition ex-
panded in one BT will be further expanded by all BTs.
This means one robot may take an action to satisfy an-
other’s precondition, enabling multi-tree collaboration.

We allow backup structures to be expanded by robots
with homogeneous actions to ensure fault tolerance,
while using intention sharing to avoid redundant execu-
tion. During execution, each robot broadcasts its current
action so that others can predict its effects and avoid per-
forming actions with the same effects.

As shown in Figure 1, in an everyday service scenario,
the team’s goal is to prepare a Salad. The humanoid robot
can perform the action Make (Fruit, Salad), if the pre-
condition Has (Fruit) is satisfied. Although it cannot do
Unload (Fruit, Package),itcan push Has (Fruit)
to the planning queue, and another quadruped robot will
expand this action through cross-tree expansion, enabling
multi-tree coordination.

In another case where In (Salad, Refrigerator) is
satisfied, and both robots can do Open (Refrigerator)
and Get (Salad). In this case, MRBTP will expand
the same structure in both trees to ensure failure toler-
ance. If both robots are available, the humanoid robot
with higher priority will do Open (Refrigerator)
and share its intention. The quadruped robot will then
assume IsOpen (Refrigerator) is true and walk
to the Refrigerator, waiting to do Get (Salad,
Refrigerator) aslong asthe Refrigerator is truly
open. The intention sharing ensures parallelization and im-
proves execution efficiency of the robot team.

Although MRBTP is a domain-independent algorithm, it
is possible to enhance the planning and execution efficiency
if Large Language Models (LLMs) are available for domain-
dependent reasoning. Therefore, we further propose an op-
tional plugin named subtree pre-planning. Assuming the
LLM can reason some useful actions for each robot accord-
ing to its capabilities, we can use these actions to plan useful
subtree structures quickly before the long-horizon planning
process. These subtrees can not only increase the planning
speed, but can also decrease the communication expenses
during execution. Experiments in warehouse management
and everyday service scenarios demonstrate MRBTP’s ro-
bustness and execution efficiency under varying settings, as
well as the ability of pre-trained LLMs to generate effective
task-specific subtrees for MRBTP.

Background

Behavior Tree. A BT is a directed rooted tree where the
execution nodes interact with the environment and the con-
trol flow nodes handle the triggering logic of their chil-
dren(Colledanchise and Ogren 2018). At each time step, the
BT initiates a tick that goes through control nodes, deter-
mining the action that the robot will execute according to
the environmental state. This paper mainly focuses on four
typical BT nodes:

* Condition O: An execution node that checks whether

14549

the environment state satisfies the specified condition, re-
turning either success or failure accordingly.
Action []: An execution node that controls the robot
to perform an action, returning success, failure,
running depending upon the outcome of execution.
Sequence = A control flow node that only returns
success if all its children succeed. Otherwise, it ticks
its children from left to right, and the first child to return
failure or running will determine its return status.
Fallback [?]: A control flow node with logic opposite to
the sequence node. It returns failure only if all of its
children fail. If not, the first occurrence of success or
running during ticking becomes its return status.

BT Planning. In BT planning for a single robot (Cai et al.
2021), we represent a BT as a three-tuple 7 =< f,r, At >.
f 2™ — 2™ is its effect on the environment state, At is the
time step, and  : 2" — {S, R, F'} partitions states into three
regions, where 7 returns success, running, failure, respec-
tively.

Then the BT planning problem can be described as: <
S, L, A, M, sg,g >, where S is the finite set of environment
states, L is the finite set of literals that form states, A is the
finite set of actions, M is the action model, s is the initial
state, g is the goal condition.

A condition ¢ in BT is usually a subset of a state s. If
¢ C s, it is said condition ¢ holds in that state s. The state
transition affected by action a € A can be defined as a triplet
M(a) =< pre(a),add(a),del(a) >, comprising the pre-
condition, add effects, and delete effects of the action. If a is
finished after k time step, the subsequent state s+ will be:

sv = fuls:) = s Uadd(a) \ del(a),t' =t +k (1)

Problem Formulation

We first extend the BT representation from a single robot to
a multi-robot system.

Definition 1 (Multi-BT System). A n-robot BT system is a
four-tuple (®, fo, 70, Ate), where & = {T;}"'_, is the set
of BTs, fo : S — S is the team state transition function,
Atg is the team time step, ro : S — { S, R, F' } is the team
region partition.

Due to variability in hardware performance, we allow
each robot’s BT to have a different response frequency, with
Atg representing the common minimum response interval.
The state transition can be calculated as follows:

Strate = fo(st) = s U (add(a;) \ del(a;))  (2)
i=1
where a; is the action of robot ¢ in time t. If robot ¢ does
not have an action or its action is running, we let add(a;)
del(a;) = 0.
The team region partition can be calculated as follows:

R if E'Z',’I“i(S) =R
re(s) =< S ifVi,r(s) #Rand Ji,r;(s) =S (3)
F ifVi,ri(s)=F

The status of ® is R if any BT is still running, S if some BT
returns success and no one is running, and F if all BT fails.



Algorithm 1: One-step cross-tree expansion

Algorithm 2: MRBTP

1: function ExpandOneRobot (7, A4, c)
20 Thnew & C > newly expanded subtree

3 Chew &0 > newly expanded conditions
4:  for each action a € A do

5: if ¢ N (pre(a) U add(a) \ del(a)) # 0 and ¢ \

del(a) = c then

6 cq < pre(a) Uc\ add(a)

7 To < Sequence(cq, a)

8: Trew < Fallback(Tnew, Ta)

9: Crew < Crew U {Ca}
10:  if Cpew # 0 then
11: if ConditionInTree(c, 7) then
12: Replace ¢ with Tjeq in T > in-tree expand
13: else if 7,,.,, # c then
14: T + Fallback(T, Tnew) > cross-tree expand

15: return 7,Cpew

Input: problem (S, £, {A;}}"_, , M, s0,¢)
Output: solution ® = {7;}}__,
1: CU — {g}
2: Cgp + 1]
3: fori=1tondo

> conditions to be explored
> expanded conditions

4:  T; < Fallback(g) > init the BT's
5: while Cy # 0 do

6: c<+ Pop (Cpy) > explore ¢
7. if HasSubsSet (¢,Cg) then continue > prune
8: fori=1tondo

9: Ti, Crew  ExpandOneRobot (7;, A;, ¢)
10: if HasSubSet (sg,Cpnew) then

11: return & = {7;}7", > return a solution
12: Cg + CrUChew

13: Cu < Cy UChew > add new conditions

14: return Unsolvable

Definition 2 (Finite Time Successful). ® is finite time suc-
cessful (FTS) from region of attraction (ROA) R to condition
¢, if Vsg € R there is a finite time T such that for any t < T,
ro(sy) =R andforanyt > 7,7¢(st) = S, ¢ € s¢.

With definitions above, the multi-robot BT planning prob-
lem can finally be defined.

Problem 1 (Multi-Robot BT Planning). The problem is a
tuple (S, L, {A;}_,, M, so,g), where S is the finite set of
environment states, L is the finite set literals that form states
and conditions, A; is the finite action set of robot i, M is the
action model, sq is the initial state, g is the goal condition. A
solution to this problem is a BT set ® = {T;}?_, built with
{A;}_,, such that ® is FTS from R > s to g.

Methods

We first detail MRBTP, analyzing its soundness, complete-
ness, and computational complexity. Then, we demonstrate
how intention sharing functions among BTs during execu-
tion. Finally, we introduce the optional plugin, subtree pre-
planning, to further enhance efficiency.

Multi-Robot Behavior Tree Planning

One-Step Cross-Tree Expansion Algorithm 1 gives the
pseudocode of one-step cross-tree expansion for one robot.
Given its current BT 7T, action space A and the condition
to expand ¢ (line 1), the function returns an expanded BT T
along with the newly expanded condition set C,,¢,, (line 15).
Similar to one-step expansion for a single robot (Cai et al.
2021), the expansion begins with Tc, = ¢ and Cpey = 0
(line 2-3). Then we go through the action space A to find
all premise actions that can lead to ¢ (line 4-5). For each
premise action a, we calculate its corresponding precondi-
tion ¢, (line 6), form a sequence structure 7, (line 7), and
add 7, to the tail of the root fallback node of 7., (line
8). Now T, can achieve c using these expanded actions if
their precondition are met. We store these preconditions in
Chew (line 9).

If T,e is expanded (line 10), we need to decide where in
T to place it. There are two cases: (1) cis in T, which means
it was previously expanded by 7 itself. So we replace ¢ with
Tnew in T just like in single-robot BT expansion (line 11-
12); (2) cis not in 7, which means it was expanded by other
BTs. To allow this BT to take actions to fulfill ¢, we add it
to the tail of the root fallback node of 7 (line 13-14).

Proposition 1. Given T is FTS from R to g, if T is expanded
by Algorithm I to T” given ¢, cis in T and Cpeyy, 7 0, then
T"is FTS from R' = RU {s € S|c, C $,¢q € Cpew} 10 g.

Proposition 2. If T is expanded by Algorithm I to T' given
¢, cisnotinT and Cpew # 0, then T is FTS from Sy =
{s € S|ca C 8,¢q € Cpew} toc.

The above two propositions state the changes in the ROA
after one-step cross-tree expansion. If ¢ is in 7 (Proposition
1), the ROA of T will be expanded by C,,¢., to achieve g. If
cis not in 7 (Proposition 2), then ¢ will be treated as a new
sub-goal for T to be achieved from Spew.!

MRBTP Algorithm 2 gives the pseudocode of MRBTP to
plan BTs for the whole robot team. The algorithm initializes
a set of conditions to be explored Cyy = {g¢} and a set of ex-
panded conditions C = @ (line 1-2). The BT for each robot
i is initialized as 7; = Flallback(g) (line 4), which is FTS
from @) to g. Then the algorithm continually explores con-
ditions in Cy (line 5-6) until a solution is found, otherwise
it returns Unsolvable (line 14). For each explored c, it is
either pruned if 3¢’ € Cg, ¢ C ¢ (line 7), or expanded by
all robots through one-step cross-tree expansion (line 8-9).
After the one-step expansion for each robot, the newly ex-
panded conditions C,,¢,, will be appended to Cg and Cyy (line
12-13). If at that time 3¢’ € Cpew,c C s, which means a
solution is found, the algorithm returns ® = {7}, as the
solution (line 10-11).

Proposition 3. : After the k-th (k > 1) iteration of the
while loop in Algorithm 2, where the explored condition is

'All the formal proofs are in the Appendix.



ck, &F = {Tk}"  is FTS from ROA R* = RF-1UJ;_, SF
Cf,new }'

Note that Proposition 3 cannot be naturally extended from
the single BT planning as it might seem. This proposition re-
quires the assumption that robots execute in an appropriate
order (at any time step, only the robot with the highest prior-
ity can execute an action if its precondition is satisfied); oth-
erwise, deadlocks or departures from the ROA could occur.
Fortunately, we can always use mechanisms such as dead-
lock detection during execution, ensuring that this serial ex-
ecution is only employed in exceptional cases. In the vast
majority of cases, robots can safely execute in parallel, so
there is no need to worry that this assumption will reduce
the execution efficiency of the robot team.

to goal g, where Sf ={s € Slc, C s,¢4 €

Proposition 4. Algorithm 2 is sound, i.e. if it returns a re-
sult ® rather than Unsolvable, then ® is a solution of
Problem 1.

Proposition 5. Algorithm 2 is complete, i.e., if Problem 1 is
solvable, the algorithm returns a ® which is a solution.

Proposition 4 can be proven by strong induction based
on Proposition 3, and Proposition 5 can be proven based on
Proposition 4. These two propositions state the soundness
and completeness of MRBTP, which makes it an effective
algorithm to solve the multi-robot BT planning problem.

The time complexity of MRBTP in the worst case is
O(J Ui, Ai||S||£]), which is polynomial to the system
size. In this case, the algorithm has to explore all states
s € S to find a solution. And in each exploration, the actions
of all robots will be checked, with the checking complexity
of O(|£]).

Intention Sharing for Multi-BT Execution

From the MRBTP planning process, we can observe that
if multiple robots have identical actions (or similar actions
with the same effect), MRBTP will expand them simultane-
ously in different BTs. This could lead to backup structures.
These structures are beneficial for fault tolerance because if
one robot fails, others can take over and complete the ac-
tion. However, when multiple robots are available, backup
structures can result in redundant execution. To avoid this,
we introduce the multi-BT intention sharing method based
on communication.

Intention Queue During execution, each robot ¢ main-
tains an intention queue Z; = (a1, as,...,a,,) that indi-
cates the actions being performed by other robots. In a situa-
tion with good communication, all robots’ intention queues
should remain consistent. Therefore, in the following text,
we use Z to refer to the intention queues of all robots. Based
on the intention queue, we can calculate the belief success
space B and the belief failure space BI" for robot i:

j—1
BY = | (add(a) \ del(ay)) 4)
k=1
BF = O (del(ag) \ add(ag)) (5)
k=1
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where j is the index of its own action a; in the intention
queue Z. If j = 1, then BY = B = (), which means the
action is not dependent on any other’s intention. If the robot
currently has no action, it will be treated as j = m + 1 when
calculating belief spaces.

BS and B will be used during the ticks of each BT. For
each atomic condition node represented by a single literal
¢ = [, it will first check if [ is in the belief spaces when
ticked. If { € BS, it returns S without interacting with the
environment, and returns F when [ € B¥.

Whenever a robot ¢ exits an action or enters a new one,
it will be broadcast to every other robot. Each robot then
removes the old action of robot ¢ from the intention queue 7
(if it exists) and pushes the new action into it (if applicable).
After this, each robot will update its belief spaces B° and
BF to adjust its actions reactively. Note that an action exiting
or entering may be due to two cases: (1) the environment
state has changed, or (2) the belief spaces have changed. As
a result, any addition or removal of actions in the intention
queue Z may lead to adjustments in other actions, creating a
chain reaction. In other words, our intention-sharing method
maintains the reactivity and robustness of BTs in response
to uncertain environments.

Parallelism and Blocking While intention sharing can
avoid redundant execution, it also enhances action paral-
lelism within the robot team. For example, as shown in Fig-
ure 2, in a warehouse management scenario, there are two
robots capable of opening doors and transporting packages.
They have expanded almost identical tree structures, sequen-
tially executing Open (Door), Walk (Package), and
Move (Package). However, since IsClose (Door) €
Sp, both robots satisfy the precondition to execute Open
(Door). Without intention sharing, they would perform
this action simultaneously, causing redundancy. With inten-
tion sharing, however, if robot 1 ticks its BT 77 first, it will
execute Open (Door) and send this intention to robot 2.
For robot 2, IsOpen (Door) € 825 after updating the in-
tention queue Z, so the corresponding condition node for
IsOpen (Door) will return S, allowing the BT 73 to con-
tinue ticking and start executing Walk (Package). This
transforms a serial BT structure into parallel execution.

However, when robot 2 attempts to execute Move
(Package), which relies on the precondition IsOpen
(Door), robot 2 will wait until the door is actually opened
by robot 1. Formally speaking, if I € B{ but not in the cur-
rent state [ ¢ s, when robot i attempts to perform an action
a where [ € pre(a), a will be blocked. In this case, robot 4
shares the intention of a, and a returns R as if it were exe-
cuting, but it is actually doing nothing. The blocking mech-
anism prevents actions from being executed under incorrect
preconditions, while also enabling the parallel execution of
subsequent actions, thereby further enhancing the execution
efficiency of the robot team.

Optional Plugin: Subtree Pre-planning

While MRBTP with intention sharing is proven to be an ef-
fective and efficient algorithm for the multi-robot BT plan-
ning problem, there is still room for further improving its
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Figure 2: The framework of our paper. (1) MRBTP. A sound and complete algorithm for the multi-robot BT planning problem,
capable of coordinating diverse actions across different BTs through cross-tree expansion. (2) Intention Sharing. Robots share
intentions with each other during execution, enabling multi-BT parallelization without compromising failure tolerance. (3)
Optional Plugin: Subtree Pre-planning. This plugin utilizes LL.Ms to pre-plan task-specific subtrees, establishing long-horizon
action sequences to enhance MRBTP’s planning and execution efficiency.

efficiency. To achieve this, we begin by considering the fol-
lowing observations.

* During planning, the same tree structure might be gener-
ated multiple times, especially when multiple robots have
overlapping action spaces.

* During execution, sharing the intentions of every short-
horizon atomic action not only increases the communi-
cation overhead but is also ineffective for long-term task
scheduling.

A natural idea is that if we can obtain some long-horizon
actions for each robot that are beneficial to the task, which
we call subtrees, and add these actions to the correspond-
ing robot’s action space. During planning, we let these sub-
trees be prioritized over atomic actions, thereby speeding up
the search for solutions and avoiding redundant planning.
During execution, we only share the intentions of these sub-
trees. If the subtrees are well-designed, this approach can
reduce communication overhead while also improving the
efficiency of parallel execution.

Subtree Pre-planning Let’s first assume that we have ob-
tained an action sequence A = (aq,as,...,a,) for plan-
ning the subtree, and then consider how to use LLMs to gen-
erate task-related action sequences for each robot. Due to the
modularity of the BT, we can treat the action sequence A as a
long-horizon action, and its action model can be calculated:

m

pre(4) = |J | pre(ay) \ | add(ay) ©)

j=1 k=1
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add(A) = —pre(A)  (7)

s

(add(a;) \ del(ay))

<.
Il
-

del(A) = | J (del(ay) \ add(a)) ®)

s

<.
Il
-

We can obtain the tree structure of execution actions in
A sequentially by running a single-robot BT planning al-
gorithm, with constraints on the order of actions to be ex-
panded, a process we call subtree pre-planning.

However, to make a subtree behave like an atomic action,
i.e., not to exit the precondition of A while running in in-
termediate states, we need to introduce an additional subtree
control structure, as illustrated in Figure 3. The subtree 74
has the preconditions Close (Door) and Empty (Hand),
but after Get (Key), the Empty (Hand) condition is no
longer satisfied. In the conventional BT planning algorithm,
this would result in the subsequent actions not being ticked,
causing the entire subtree T4 to fail. To address this issue,
we introduce three subtree control nodes: EnterSubtree,
ExitSubtree, and RunningSubtree. If pre(4) is
satisfied and the robot is not currently running this sub-
tree T4, then EnterSubtree will be executed. This ac-
tion will change the status of the subtree to running. The
RunningSubtree will return S until ExitSubtree is
executed, or the BT begins executing a new action due to a
change in the environment state. The parameter for the three
nodes can be any identifier of the subtree. A simple way is
to use the add effect add(a,,) of the last action in the action
sequence A as the identifier.



ExitSubtree
(IsOpen(Door))

EnterSubtree
(IsOpen(Door))

Figure 3: An example of a pre-planned subtree structure for
open a door.

Prompt and Feedback for LLMs Appropriate subtrees
for each robot can significantly improve the efficiency of
planning and execution. However, obtaining these subtrees
before planning is a very tricky task. Fortunately, pre-trained
LLMs have been proven to possess task reasoning capabil-
ities (Liu et al. 2023; Song et al. 2023). When such models
are available, subtree pre-planning can be a highly effective
plugin for MRBTP.

To obtain suitable action sequences for each robot from
pre-trained LLMs, the model’s prompt should include: (1)
task information, including the initial environment state and
goal; (2) objects in the environment; (3) the action space for
each robot; (4) few-shot demonstrations; and (5) a system
prompt to guide the model to output correctly.

After the LLM produces an output, we designed a checker
to automatically verify it. We provide feedback to the LLM
in three cases: (1) the output has grammar errors; (2) the ac-
tion sequences cannot be pre-planned into a subtree, mean-
ing they are not coherent; (3) the number of action sequences
generated for each robot is insufficient. Once the output is
good enough or the maximum number of feedback attempts
has been reached, we begin subtree pre-planning. After pre-
planning is completed, we add each subtree to the action
spaces of all robots that contain all of the actions in the sub-
tree, to fully utilize the subtrees.

Experiments

We evaluate the performance of MRBTP in two simulated
scenarios: (1) Warehouse management with coarse action
granularity and a smaller action space, and (2) Home ser-
vice with finer granularity and a larger action space. First,
we assess the robustness of the MRBTP method under vary-
ing levels of homogeneity by introducing a failure probabil-
ity for each action. Next, we conduct an ablation study on
intention sharing to verify its contribution to the execution
efficiency of multi-robot BTs. Then, given the finer action
granularity in the home service scenario, we perform an ab-
lation study to evaluate subtree pre-planning, examining the
effectiveness of pre-trained LLMs in generating task-related
action sequences and their impact on the overall efficiency
of the MRBTP. All experiments were conducted on a system
equipped with an AMD Ryzen 9 5900X 12-core processor
with a 3.70 GHz base clock and 128 GB of DDR4 RAM.
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Method a=1 ax05 oa=0
SR(%) TS RS SR(%) SR(%)
BT-Expansion 100 8.8 33.8 12.4 4.6
MRBTP 100 5.8 153 100 100

Table 1: Performance comparison with baseline in ware-
house management (4 robots, averaged over 500 trials).

Experimental Setup

Scenarios (a) Warehouse Management. We extend the
Minigrid (Chevalier-Boisvert et al. 2023) environment for
multi-robot simulations with 4-8 robots in 4 rooms contain-
ing randomly placed packages. Robots have diverse action
spaces, including room inspection and package relocation,
with some possessing specialized capabilities or restricted
access. The goal is to optimize warehouse space utilization.
(b) Home Service. In the VirtualHome (Puig et al. 2018) en-
vironment, 2-4 robots interact with dozens of objects and
perform hundreds of potential actions. Each robot’s action
space is diverse, aiming to complete complex household
tasks, such as setting the table or preparing a meal.

Evaluation Metrics The algorithm’s performance was
evaluated using the following metrics: (a) Success Rate
(SR): The percentage of successfully completed tasks across
multiple trials, accounting for action failure probabilities. (b)
Team Steps (TS): The total number of steps required for all
robots to complete their tasks in parallel. (c) Total Robot
Steps (RS): The sum of steps taken by each robot indepen-
dently. (d) Communication Overhead (Comm.): The num-
ber of broadcast communications between robots due to in-
tention sharing. (e) Number of Expanded Conditions (EC):
The number of condition nodes expanded during the multi-
robot BTs planning process, including those from subtree
pre-planning if available. (f) Planning Time (PT): The time
taken for multi-robot BT planning, including subtree pre-
planning when available.

Settings (a) Homogeneity (a): The proportion of redun-
dant actions assigned to robots, where ¢ = 1 denotes com-
plete heterogeneity (no overlap in action spaces) and a = 0
denotes complete homogeneity (identical action spaces). (b)
Action Failure Probability (FP): The probability that a robot
fails to execute an action. (c) Subtree Intention Sharing
(Subtree IS) and Atomic Action Nodes Intention Sharing
(Atomic IS): These terms refer to the application of Inten-
tion Sharing either among subtrees or at the level of indi-
vidual atomic action nodes. (d) Feedback (F) and No Feed-
back (NF): This setting distinguishes between LLMs that
use feedback during subtree generation and those that do
not. In the Feedback condition, the LLM receives up to 3
feedback iterations, while in the No Feedback condition, no
feedback is provided.

Baselines BT planning algorithms typically utilize ac-
tion models for planning. To ensure consistency under the
same problem assumptions, we propose directly adapting
the BT-Expansion (Cai et al. 2021) algorithm, which has
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Figure 4: Comparison of success rate and team steps under different conditions for 4 and 8 robots. Each data point represents

the average of 500 trials.

Homogeneity a=1 a=x0.5 a=0

Subtree - - v v v v - - v v v v - - v v v v
Subtree IS - - - - v v - - - - v v - - - - v v
Atomic IS - v - v - v - v - v - v - v - v - v
TS NF | 161 1594 1144 109.6 78.9 79.8 |139.7 137.5 126.2 119.6 86.9 102.5| 73.7 685 96.1 948 756 78.0
F - - 1167 1142 771 79.16| - - 1246 1260 80.8 96.2 | - - 107.1 1064 704 76.8
RS NF |570.8 557.3 374 359.4 217.4 219.1|385.2 380.1 345.8 326.6 209.6 222 |128.6 128.6 128.6 128.6 128.6 128.6
F - - 377 3709 205.2 208 - - 380.7 3482 192.2 209 | - - 128.6 128.6 128.6 128.6

Comm NF | 00 638 00 71 67 141| 00 435 00 80 7.1 209| 00 152 00 28 65 93
* F - - 00 48 6.6 122 - - 00 44 64 132 - - 00 07 52 60

Table 2: Execution efficiency with subtree pre-planning and intention sharing.

Homogeneity Subtree Feedback EC PT (s)
- - 8033.3 Timeout
a=1 v - 998.1 12.4
v v 384.3 37
- - 7882.5 Timeout
a =~ 0.5 v - 623.8 7.2
v v 267.9 2.6
- - 2695.5 20.2
a=0 v - 576.6 5.6
v v 146.8 14

Table 3: Planning efficiency with pre-planned subtrees. The
average response time per LLM invocation is 4.2 seconds.

been proven sound and complete in single-robot settings,
to multi-robot scenarios as our baseline. In BT-Expansion,
each robot independently performs backward planning to-
wards the team’s goal, without incorporating cross-tree ex-
pansion or intention sharing.

Experimental Results

Performance Comparison We randomly generated solv-
able multi-robot BT planning problems under various set-
tings. Table 1 shows a significant drop in BT-Expansion’s
success rate as homogeneity decreases. In contrast, MRBTP
maintains a perfect success rate of 100% across all set-
tings due to its cross-tree expansion. To avoid bias in exe-
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cution efficiency (TS, RS) caused by planning failures, we
only compared cases where both algorithms succeeded. No-
tably, even under full homogeneity, MRBTP outperforms
BT-Expansion in execution efficiency due to intention shar-
ing.

Robustness As shown in Figure 4a, the robustness of our
algorithm improves with increasing homogeneity and is fur-
ther enhanced by a larger number of robots. This improve-
ment results from the increased likelihood of other robots
compensating for action failures. Even with a 50% failure
probability per action, the system retains approximately a
50% chance of achieving the goal with 8 robots and com-
plete action space homogeneity.

Execution Efficiency As shown in Figure 4b, in fully het-
erogeneous scenarios, enabling intention sharing results in
fewer team steps, indicating that our MRBTP algorithm in-
herently maintains superior execution efficiency under these
conditions. Additionally, as homogeneity increases, the like-
lihood of robots performing redundant actions rises, reduc-
ing the probability of parallel task execution. However, with
intention sharing, redundant actions are significantly mini-
mized, preventing further efficiency loss. In this context, in-
creased homogeneity brings more backup structures, further
improving execution efficiency.

Effectiveness of Task-Specific Subtree Pre-Planning
We constructed a dataset of 75 instances across three lev-
els of homogeneity. The model used to generate subtrees



No Feedback Feedback
Models
TS RS Comm. TS RS Comm.
GPT-3.5-turbo 81.6 223.6 5.1 80.0 219.0 5.1
GPT-40-mini 789 2174 6.7 77.1 2052 6.6
GPT-40 774 2009 6.3 749 190.7 6.3

Table 4: Execution efficiency across different LLMs under
o = 1 with subtree and subtree intention sharing.

is gpt-40-mini-2024-07-18 (OpenAl 2023). Table 2 pro-
vides a comparative analysis of the impact of introducing
task-specific subtrees on planning efficiency, execution ef-
ficiency, and communication overhead. With intent sharing,
efficiency increases as homogeneity increases. Execution ef-
ficiency is highest when subtrees are combined with subtask
chaining. During execution, the long-horizon subtrees facil-
itate forward planning, leading to more efficient and less fre-
quent communication compared to finer-grained atomic ac-
tions. Table 3 shows that subtree pre-planning significantly
reduces BTs planning time under a 60-second constraint by
minimizing redundancy through subtree reuse and similar
robot action spaces. Additionally, both Table 2 and Table 3
demonstrate that feedback effectively enhances both plan-
ning and execution efficiency, especially when integrated
with the sharing of the subtree and intentions.

Execution Efficiency across Different LLMs We tested
different versions of large language models, including gpt-
3.5-turbo (2024.12) and gpt-40-2024-08-06 (OpenAl 2023),
for assisting in subtree pre-planning. As shown in Table 4,
with the increased reasoning capability of the language mod-
els, there is a slight improvement in execution efficiency,
while communication overhead remains largely unchanged.
This can be attributed to the fact that subtree pre-planning
becomes more appropriate and effective as the model’s rea-
soning ability improves. Additionally, the results further
demonstrate that the feedback mechanism enhances execu-
tion efficiency across all LLMs.

Related Work

BT Planning. Many works have focused on automatically
generating BTs to perform tasks, such as evolutionary com-
puting (Neupane and Goodrich 2019; Colledanchise, Para-
suraman, and Ogren 2019; Lim, Baumgarten, and Colton
2010), reinforcement learning (Banerjee 2018; Pereira and
Engel 2015), imitation learning (French et al. 2019), MCTS
(Scheide, Best, and Hollinger 2021), and formal synthesis
(Li et al. 2021; Tadewos, Newaz, and Karimoddini 2022;
Neupane and Goodrich 2023). Recently, some works di-
rectly generate BTs using LLMs (Lykov and Tsetserukou
2023; Lykov et al. 2023). However, the above methods either
require complex environment modeling or cannot guarantee
the reliability of BTs. In contrast, BT planning (Cai et al.
2021; Chen et al. 2024a) based on STRIPS-style modeling
(Fikes and Nilsson 1971) not only offers intuitive environ-
ment modeling but also ensures the reliability and robustness
of the generated BTs.
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BT in MRS. BT generation for Multi-Robot Systems
(MRS) has been investigated using various methodologies.
Evolutionary computing (Neupane and Goodrich 2019) is a
general heuristic search method applied to BT generation in
MRS. While versatile, this approach often suffers from slow
search efficiency due to its lack of integration with the ac-
tion model. Given the modular nature of BT systems, the
action model is not difficult to obtain (Arora et al. 2018),
enabling the development of methods that can yield more
efficient solutions. MRS BT generation methods based on
LLMs (Lykov et al. 2023) or other machine learning tech-
niques (Fu, Qin, and Yin 2016) have also been explored.
These methods require substantial training data, making data
collection and model training resource-intensive. Moreover,
the aforementioned methods lack guarantees for the com-
pleteness and correctness of the generated BTs. Auction-
based methods (Dahlquist et al. 2023; Heppner et al. 2024;
Colledanchise et al. 2016), some of which incorporate ac-
tion model planning, rely on the assumption of reliable com-
munication and low transmission delay to ensure efficient
task completion. However, such conditions are not always
guaranteed, rendering these approaches less robust in envi-
ronments with unreliable communication. In contrast, our
method generates BTs before the robot team begins execu-
tion, ensuring task completion even in the absence of com-
munication during execution. Communication during exe-
cution serves only to improve coordination efficiency, rather
than being a necessary assumption.

LLM for Task Reasoning. Recently, significant progress
has been made in using LLMs for task reasoning (Song
et al. 2023; Liu et al. 2023; Ahn et al. 2022; Chen et al.
2023), such as progprompt (Singh et al. 2022), PlanBench
(Valmeekam et al. 2023), and Voyager (Wang et al. 2023).
Furthermore, the LLM has shown the ability to decompose
the task into subgoals (Gao et al. 2024; Singh, Traum, and
Thomason 2024), which is closely related to our subtree pre-
planning for multi-robot BT planning. As the task reason-
ing abilities of LLMs continue to evolve and strengthen, our
subtree pre-planning technique is poised to become increas-
ingly relevant and effective.

Conclusion

We propose MRBTP, the first sound and complete algorithm
for solving the multi-robot BT planning problem. The cross-
tree expansion coordinates BTs for achieving goals, while
intention sharing improves execution efficiency and robust-
ness. The LLM plugin further enhances planning speed and
reduces communication overhead. These contributions rep-
resent a key step forward in scalable, reliable multi-robot
systems. Future research will refine the algorithm’s per-
formance and extend its application to more complex, dy-
namic environments, solidifying MRBTP as a foundational
approach in multi-robot planning. Furthermore, the poten-
tial deployment of the algorithm on actual robotic systems
will be explored, evaluating its effectiveness, scalability, and
practicality in real-world scenarios.
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