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ABSTRACT
Multi-robot systems have been widely deployed in real-world ap-
plications, providing significant improvements in efficiency and
reductions in labor costs. However, most existing multi-robot col-
laboration methods rely on extensive task-specific training, which
limits their adaptability to new or diverse scenarios. Recent research
leverages the language understanding and reasoning capabilities
of large language models (LLMs) to enable more flexible collabo-
ration without specialized training. Yet, current LLM-empowered
approaches remain inefficient: when confronted with identical or
similar tasks, they must replan from scratch because they omit task-
level similarities. To address this limitation, we propose MeCo, a
similarity-aware multi-robot collaboration framework that applies
the principle of “cache and reuse” (a.k.a., memoization) to reduce
redundant computation. Unlike simple task repetition, identifying
and reusing solutions for similar but not identical tasks is far more
challenging, particularly in multi-robot settings. To this end, MeCo
introduces a new similarity testing method that retrieves previ-
ously solved tasks with high relevance, enabling effective plan reuse
without re-invoking LLMs. Furthermore, we present MeCoBench,
the first benchmark designed to evaluate performance on similar-
task collaboration scenarios. Experimental results show that MeCo
substantially reduces planning costs and improves success rates
compared with state-of-the-art approaches.
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1 INTRODUCTION
Multi-robot systems have appeared in many real-world scenarios,
like automatic manufacturing [13, 18, 38], smart housekeeping [20,
24, 26], and intelligent healthcare [4, 19, 32]. They significantly im-
prove production efficiency and reduce labor costs. Current meth-
ods, including teach programming [27], reinforcement learning
(RL) [17, 44], and imitation learning (IL) [14], rely on fixed program-
ming or prolonged training to generate collision-free trajectories
for specific tasks, limiting their adaptability across diverse tasks.
By leveraging the superior text comprehension, reasoning, and gen-
eration capabilities of large language models (LLMs) [6, 9, 30, 31],
multi-robot systems achieve flexible handling of diverse coordina-
tion scenarios without any task-specific training.

In this direction, a number of LLM-empowered multi-robot col-
laboration frameworks are proposed, e.g., RoCo [25], EMOS [8],
and ReCA [36]. They assign robots to LLM agents, which plan
tasks either in a centralized manner or via dialogue-based coordi-
nation. With the ability to capture common-sense knowledge [46],
LLMs empower agents to provide robots with intelligent task-
decomposition and flexible decision-making. Despite promising,
the above-mentioned studies all treat tasks as isolated ones and
overlook the inter-task relationships.

Similar tasks often appear in real practice. Examples include
parcel sorting [1] and product categorization [2] in assembly lines,
as well as floor sweeping, sandwich making, and grocery pack-
ing in home automation [26]. While task-specific elements (e.g.,
target object types and positions) may vary to some extent, the
core objectives (e.g., sorting parcels into containers or sweeping
items into baskets) and inherent constraints (e.g., robot quantity
and fixed resources like containers) remain unchanged. However,
existing LLM-empowered methods still re-invoke LLM agents when
encountering similar tasks, leading to unnecessary costs, i.e., token
consumption and planning time. Although some approaches con-
sider reducing tokens, such as HMAS-2 [11], S-ATLAS [37], and
ReAd [45], they can hardly cut the planning costs caused by redun-
dant replanning for similar tasks.

In light of these, we propose MeCo, a similarity-aware multi-
robot collaboration framework that leverages task-level similarity
for efficient planning. However, compared with dealing with exactly
the same tasks, finding and leveraging the similarity between two
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Figure 1: Workflow of MeCo. The arrow → shows the LLM-empowered planning; the arrow ⇒ shows the MeCo extensions.

tasks is more challenging. In response, a new similarity testing
method is designed to identify previously solved tasks with high
relevance, enabling the reuse of existing plans without re-invoking
the LLMs. As shown in Figure 1, upon receiving a task, MeCo first
searches the task cache for a similar task. If no similar task is found,
it invokes LLMs for planning, just like the previous work. If an
identical or similar task is matched, we further involve a similar
motion planner (S-Planner), which generates a plan for the current
task by referencing the similar task without relying on LLMs. If
S-Planner fails, the failure reason is fed back to the LLMs, which
continue planning from the failed step instead of restarting the
entire process. Once planning is successful, MeCo selectively stores
this task in the task cache. To facilitate evaluation, we further
introduce a variant of RoCoBench [25] for similar tasks, called
MeCoBench. Experiments on MeCoBench show that our proposed
design achieves an overall improvement of around 30% in success
rate, about 55% saving in planning time, and up to 70% reduction
in token consumption, compared with the state-of-the-art design.

Contribution. To the best of our knowledge, we are the first to
explore the problem of similar tasks in multi-robot collaboration.
The primary contributions of our work are outlined as follows:
• We propose MeCo, a similarity-aware multi-robot collaboration
framework that leverages task-level similarity to enhance task
planning powered by LLMs.

• We present a similarity testing method that employs multiple
strategies to accurately evaluate task similarity, based on the
degree of workspace overlap among robots.

• We design S-Planner, a similar motion planner that references
previously executed similar tasks to plan new ones, thereby
avoiding repeated LLM invocations.

• We introduce MeCoBench, an extended benchmark designed
to evaluate performance on similar tasks. Experimental results
demonstrate that MeCo significantly reduces planning costs
while improving task success rates.

2 RELATEDWORK
LLMs for Robotics. Early prior work uses LLMs to select skill
primitives and complete robotic tasks, such as SayCan [5] and
Inner Monologue [15]. Later work utilizes LLMs to generate code-
formatted robotic policies, such as ProgGPT [34], Code-As-Policy [21],
and ELLMER [28]. These works primarily focus on single-robot

setups. Recent advancements extend LLM applications to multi-
robot scenarios. For instance, Zhang et al. [43] utilize LLMs as
planners to facilitate agent collaboration in dialogue-driven tasks.
Zhao et al. [25] propose an LLM-based multi-robot framework
(RoCo), assigning each robot to an LLM agent for task collaboration
in a dialogue style. Wan et al. [36] introduce a characterization and
co-design framework (ReCA), which improves task efficiency and
system scalability in LLM-based multi-robot collaboration, while
also reducing token usage. Wang et al. [37] develop an LLM-based
distributed multi-robot planner using conformal prediction, which
achieves the user-specified success rate while minimizing token
usage. Chen et al. [11] compare four LLM planning frameworks in
multi-robot coordination to achieve higher token efficiency. While
prior work achieves effective multi-robot coordination via LLMs
and proposes token cost and planning time reduction methods, sce-
narios containing similar tasks still require repeated LLMs planning,
resulting in unnecessary token costs and planning time.

Learning-based methods for Robotics. Learning-based meth-
ods, such as reinforcement learning (RL) [29, 40] and imitation
learning (IL) [14, 33], have been applied to multi-robot collabo-
ration. These methods typically require task-specific training to
allocate actions and plan paths. For example, Xie et al. [41] propose
a deep imitation learning framework for robotic bimanual manipu-
lation in a continuous state-action space. Cui et al. [12] introduce
an actor-critic-based deep reinforcement learning framework for
closed-chain manipulation in dual-arm robotic systems. Although
learning-based methods have achieved success, in multi-robot col-
laboration, they require modifications or retraining when tasks
change, making them unsuitable for scenarios with similar tasks.

Programming methods for Robotics. Programming methods
for robotics are widely used in intelligent manufacturing, such as
part assembly on industrial production lines and fixed-item sorting.
These methods typically adopt two paradigms: offline program-
ming [3] for predefined trajectories and teach pendant program-
ming [27] for manual path recording. However, their reliance on
static task assumptions limits applicability in environments with
evolving operational demands.

3 PROBLEM STATEMENT
3.1 LLM-Empowered Planning
We use LLMs to generate 3D waypoint paths that guide low-level
motion planning. This practice is common, such as in RoCo [25],
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Figure 2: The value of 𝛼𝑖 affects the success rate of planning the current task based on similar tasks. We test the “Pick” and
“Place” subtasks of the Pack Grocery andMove Rope tasks under different intervals, with each setting tested 100 times on average.

ReAd [45], AO-Planner [7], and [16, 22]. As shown in the single-line
section of Figure 1, the task description is provided to the LLMs in
text form. LLMs decompose the task intomultiple subtasks. For each
subtask, LLMs output 3D waypoint paths in the robots’ workspace
to guide the low-level motion planner. The generated 3D waypoints
undergo inverse kinematics (IK) and collision checking to ensure
their validity. If all waypoints pass validation, the low-level motion
planner is invoked to plan and execute the trajectory. Otherwise,
the failure reason is fed back to the LLMs for replanning.

3.2 Definition of Tasks
A task is defined as a tuple 𝑇 = (𝐶, 𝐸). The task content 𝐶 is a
text-based specification of execution requirements. The environ-
mental elements 𝐸 define the task space Ω through 𝐸 = (𝑅,𝑂, 𝐷, 𝐾),
where 𝑅 = {{𝑟𝑖 = (𝜏𝑖 , 𝑛𝑖 ,𝑊𝑖 )}}𝑁𝑖=1 represents robots, with each
𝑟𝑖 comprising type 𝜏𝑖 , quantity 𝑛𝑖 , and workspace𝑊𝑖 (𝑊𝑖 ∈ Ω);
𝑂 = {𝑜 𝑗 = (𝑝 𝑗 , 𝛾 𝑗 }𝑀𝑗=1 denotes target objects, where each 𝑜 𝑗 in-
cludes position 𝑝 𝑗 and category 𝛾 𝑗 ; 𝐷 captures obstacle distribu-
tions; and 𝑆 encodes task-specific constraints, such as recipes or
ordering constraints.

For demonstration purposes, we focus on the six tasks in Ro-
CoBench [25], a state-of-the-art benchmark of multi-robot collabo-
ration scenarios, which is widely used in previous studies [10, 22,
45]. RoCoBench consists of six multi-robot collaboration tasks in
a tabletop manipulation environment, including Move Rope, Pack
Grocery, Make Sandwich, Sort Cubes, Arrange Cabinet, and Sweep
Floor. Each task imposes specific workspace constraints on the
robots involved. We categorize tasks into two groups based on
robots’ workspace overlap levels: low-workspace-overlap tasks
and high-workspace-overlap tasks. Tasks such as Sweep Floor,
Make Sandwich, Sort Cubes, and Arrange Cabinet fall under low-
workspace-overlap tasks, while Pack Grocery andMove Rope belong
to high-workspace-overlap tasks.

4 OUR PROPOSED DESIGN
4.1 Overview
As shown in Figure 1, after each successful planning, MeCo selec-
tively stores the task plan in the task cache for future reference.
When planning a new task, it first searches the task cache for a

similar task that meets the current requirements. If no similar task
is found, MeCo calls LLMs and uses the task description as the
prompt for planning. If a similar task is matched, it then invokes
the similar motion planner, namely S-Planner, which generates a
plan for the current task efficiently by referencing the similar task
without relying on LLMs. S-Planner or LLMs decompose the task
into multiple subtasks. For each subtask, they output 3D waypoint
paths to guide the low-level motion planner. The generated plan
undergoes a set of validations, such as inverse kinematics (IK) and
collision checking. If validation fails, the failure reason is fed back
to LLMs for replanning. Specifically, if S-Planner fails to generate
a valid plan, LLMs continue planning from the failed step instead
of restarting from scratch. Once all validations are passed, the fi-
nal motion trajectories for all robots are planned by the low-level
motion planner and executed in the environment.

4.2 Definition of Similar Tasks
In the search phase of MeCo, it needs to identify whether there
are any tasks in the task cache that are similar to the current task
and select the most similar task for use in subsequent stages. We
have defined task similarity criteria separately for high-workspace-
overlap tasks and low-workspace-overlap tasks.

For low-workspace-overlap tasks, the task space Ω is parti-
tioned into a finite set of disjoint work areasA = {𝐴1, . . . , 𝐴𝑀 },such
as the left and right regions of cutting boards in Make Sandwich
or the regions between panels in Sort Cubes. The historical task is
denoted as 𝑇ref = (𝐶, 𝐸ref ), and the current task as 𝑇cur = (𝐶, 𝐸cur).
Both tasks share the same 𝐶, 𝑅, 𝐷, and 𝑆 . 𝑇cur and 𝑇ref are consid-
ered similar if there exists a point mapping, as shown in Eq. (1),
that ensures each target object undergoes only restricted geomet-
ric transformations within the same region, without altering the
cross-region interaction structure.

Π : Ω → Ω, s.t. ∀𝑗, 𝑝cur𝑗 = Π(𝑝ref𝑗 ), 𝑝ref𝑗 ∈ 𝐴𝑚 ⇒ 𝑝cur𝑗 ∈ 𝐴𝑚, (1)

where 𝑝ref𝑗 and 𝑝cur𝑗 denote the position of the 𝑗-th target object in
the historical and current tasks, respectively.

For high-workspace-overlap tasks, there is a higher risk of
collisions. Therefore, it is necessary to further consider the reusabil-
ity of historical trajectories in the current task environment. The
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historical task 𝑇ref = (𝐶, 𝐸ref ) and the current task 𝑇cur = (𝐶, 𝐸cur)
share the same 𝐶, 𝑅, 𝐷, and 𝑆 . A task is decomposed into several
subtasks, each associated with a reference trajectory of the robot
end-effector on the horizontal plane. For the 𝑖-th subtask, we define:

• Δ𝑥
goal
𝑖

: the horizontal distance from the target object to its goal
position in the current task;

• Δ𝑥 ref𝑖 : the horizontal length of the reference trajectory from the
historical task that is reusable in the current environment.

Accordingly, the reuse ratio 𝛼𝑖 is defined as:

𝛼𝑖 =
Δ𝑥 ref𝑖

Δ𝑥
goal
𝑖

, (2)

Furthermore, the overall task similarity metric is defined as the
average reuse ratio across all subtasks:

𝛼 =
1
𝑛

𝑛∑︁
𝑖=1

𝛼𝑖 , (3)

where 𝑛 denotes the number of subtasks in the historical task plan.
Let 𝑝 denote the unit failure rate of reusing historical trajectories

in the current environment. If the reusable trajectory length is
Δ𝑥 ref𝑖 , its success rate is (1 − 𝑝)Δ𝑥 ref𝑖 . For the remaining trajectory
length Δ𝑥

goal
𝑖

− Δ𝑥 ref𝑖 , a planner generates new trajectories. Let
𝑝 denote the unit failure rate of replanning. Since replanning is
more difficult, 𝑝 > 𝑝 . The success rate of the replanned segment
is therefore (1 − 𝑝)Δ𝑥

goal
𝑖

−Δ𝑥 ref
𝑖 . By multiplying the two terms and

substituting Δ𝑥final𝑖 = 𝛼𝑖Δ𝑥
goal
𝑖

, we obtain the lower bound of the
subtask success probability:

𝑃succ,𝑖 ≥ (1 − 𝑝)Δ𝑥
goal
𝑖 · exp

(
𝜅 · 𝛼𝑖 · Δ𝑥goal𝑖

)
, (4)

where 𝜅 = ln 1−𝑝
1−𝑝̃ > 0. This inequality shows that 𝑃succ,𝑖 increases

monotonically with 𝛼𝑖 . Furthermore, we conducted experiments
on two sub-tasks, "Pick" and "Place", within the high-workspace-
overlap tasks of Pack Grocery and Move Rope, as shown in Figure 2.
The results indicate that as𝛼𝑖 increases, the success rate of sub-tasks

improves. Therefore, we use 𝛼 as the indicator for determining the
similarity of high-workspace-overlap tasks.

MeCo can select an appropriate threshold 𝜏 based on its require-
ments. If 𝛼 < 𝜏 , the tasks are considered dissimilar; otherwise, they
are considered similar. For lower values of 𝜏 , MeCo relaxes the sim-
ilarity criteria for task selection, resulting in a lower success rate.
In contrast, a higher 𝜏 increases the stringency of task selection,
leading to a higher success rate. We found that for the Pack Grocery,
𝛼 = 0.85, and for the Move Rope, 𝛼 = 0.7, the success rate shows
little fluctuation while maintaining a high level of performance.
Therefore, we choose 0.85 and 0.7 as the thresholds for these two
tasks in our subsequent experiments.

4.3 Similar Motion Planning
Wenow introduce the S-Planner for similarmotion planning. Briefly,
S-Planner plans the current task by referring to the plans of similar
tasks. It operates in two modes: one for tasks with high workspace
overlap and the other for tasks with low workspace overlap.

Mode for low-workspace-overlap tasks. By referring to the
similar task 𝑇ref, S-Planner decomposes the current task 𝑇cur into
multiple subtasks. Each subtask corresponds to an action sequence
{𝑎1, 𝑎2, . . . , 𝑎𝑛}, where 𝑛 denotes the number of robots. At the high
level, S-Planner inherits the action sequence from the similar task
and applies it to the current task: 𝑎cur𝑖 = 𝑎ref𝑖 , ∀𝑖 ∈ {1, . . . , 𝑛}.
At the low level of motion planning, we define the target pose
difference based on the target pose 𝑔𝑠 :

Δ(𝑔ref𝑠 , 𝑔
cur
𝑠 ) = ∥𝑔ref𝑠 − 𝑔cur𝑠 ∥, (5)

where ∥ · ∥ is a pose difference metric that combines translational
and rotational distances. We then define the decision function as

𝛿𝑠 = 1
[
Δ(𝑔ref𝑠 , 𝑔

cur
𝑠 ) ≤ 𝜀

]
, (6)

where 𝜀 > 0 is the tolerance threshold.
• If 𝛿𝑠 = 1: the target pose remains unchanged, and the trajectory
is reused directly.

• If 𝛿𝑠 = 0: the target pose changes, and the RRT-based motion
planner is invoked to generate a new trajectory.
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Mode for high-workspace-overlap tasks. At a high level,
S-Planner follows the same approach as themode for low-workspace-
overlap tasks, inheriting the action sequence from the similar task
and applies it to the current task: 𝑎cur𝑖 = 𝑎ref𝑖 , ∀𝑖 ∈ {1, . . . , 𝑛}.
However, since high-workspace-overlap tasks have a higher risk of
collision, the low-level planning method used for low-workspace-
overlap tasks is not applicable. In particular, the motion trajectory
in the similar task plan may not always be applicable to the current
task. For instance, the positions of non-target objects in the current
task may change and overlap with the reference trajectory. There-
fore, it is essential to identify the valid reference segments of the
similar task trajectory, which involves two steps: back checking
and collision checking, as shown in Figure 3.

Let the joint-space sequence generated by the historical plan be
𝑄 = {𝑞𝑠 }𝑁𝑠=0, where each 𝑞𝑠 is a set of joint angles. Using forward
kinematics, FK : R𝑑𝑞 → R3, the corresponding end-effector tra-
jectory is 𝑅 = {𝑃𝑠 = (𝑥𝑠 , 𝑦𝑠 , 𝑧𝑠 )}𝑁𝑠=0 . The first step, back checking,
prevents unnecessary backtracking during task execution. Specifi-
cally, if the target position 𝑃𝑐 of the current task is located in the
middle of the reference path 𝑅, the path is truncated to obtain 𝑅.
This ensures that the trajectory does not return to previously visited
regions. Accordingly, the truncated path is defined as follows:

𝑅𝑏 =
(
𝑃 ′𝑠 = (𝑥𝑠 , 𝑦𝑠 , 𝑧𝑠 )

)
𝑠 : 𝑑 (𝑥𝑠−𝑥𝑐 )≥0 , (7)

where R𝑏 ⊆ R, and 𝑑 := sign(𝑥𝑁 − 𝑥0) ∈ {+1,−1} denoting the
monotonic direction indicator. Next, collision checking is performed
on R𝑏 to verify whether the reference motion trajectory is collision-
free in the current task environment. If collisions are detected,
R𝑏 is truncated before the collision point to obtain Rfinal, where
Rfinal ⊆ R𝑏 , ensuring a feasible reference trajectory.

During trajectory planning, S-Planner adaptively selects key
sampling points from Rfinal to reduce redundancy while preserving
critical information. The highest point along the z-axis, 𝑃peak, is
identified as the central key point. Using an expansion coefficient 𝜂,
the expansion step size is computed as Δ = ⌊𝜂 · 𝑁 ⌋, where 𝑁 is the
total number of points in the path. Based on Δ, expansion continues
in both directions within Rfinal until reaching the endpoints on both
sides, forming the point sets 𝐾left and 𝐾right. Thus, the final set of
key sampling points is defined as𝐾 = {𝑃peak}∪𝐾left∪𝐾right . Finally,
𝐾 is provided as an important reference to the RRT-based motion
planner for generating motion trajectories for all robots.

4.4 Continuous Planning
Although S-Planner can plan by referencing previous task plans
without calling LLMs, its effectiveness is influenced by the simi-
larity between the previous and current tasks. If S-Planner fails
to generate a valid plan, MeCo reassigns the task to LLMs for re-
planning. Since S-Planner failures typically occur at intermediate
steps, having LLMs replan from scratch would render the previous
S-Planner planning efforts ineffective. To address it, we design a
continuous planning module. When S-Planner fails, the module
stores the current environment locally. Upon invoking LLMs for
replanning, it first loads the stored environment and incorporates
it into the prompt, ensuring that LLMs continue planning from
the failure step rather than starting over. This allows MeCo to

seamlessly switch between two planning modules, significantly en-
hancing the collaborative efficiency between S-Planner and LLMs.

4.5 Selective Caching
The number of tasks in the task cache affects the performance of the
search process. As the number of tasks in the task cache increases,
the time complexity of task matching also rises. Therefore, we set a
maximum task count, denoted as 𝑘 . When the task count reaches 𝑘 ,
tasks in the cache that are too similar or redundant will reduce the
diversity of the tasks, preventing MeCo from efficiently leveraging
the similarity between tasks for planning in diverse scenarios. In
this case, a deduplication mechanism becomes crucial. Inspired by
the least frequently used (LFU) policy [39], we define 𝑓 (𝑇𝑖 ) as the
frequency with which task 𝑇𝑖 is used as a similar task. The task
cache contains two tables to store task frequencies: one is a cache
table for speeding up access, and the other is a global table for
frequency updates. When planning a new task, MeCo first searches
the cache table. If a similar task is found, 𝑓 (𝑇𝑖 ) is incremented by
1, and the updated value of 𝑓 (𝑇𝑖 ) is synchronized to the global
table. If no similar task is found, the system invokes the LLMs
for planning while asynchronously searching the global table and
recording results for future deduplication. After completing a task,
MeCo updates both the cache table and the global table based on
task usage frequency, using the following principle:

𝐶′
cache = arg max

𝐶⊆𝐶global

∑︁
𝑇 ∈𝐶

𝑓 (𝑇 ), s.t. |𝐶 | = 𝑘 (8)

where𝐶′
cache denotes the updated cache table,𝐶global represents the

global table, and 𝑘 is the maximum task count in the cache.
The quality of tasks in the task cache also affects the performance

of S-Planner. For example, in Pack Grocery task, objects need to be
placed inside a box. If an object is initially placed outside the box
and then moved inside in a later step, the task is still considered
completed. However, when such a task is referenced as a similar
task, it introduces redundant steps and may even lead to planning
failures. To address this issue, after a task is completed, we first
check its effective step count 𝑆 . If 𝑆 ≤ 𝑆base, it passes the check,
where 𝑆base is the baseline step count.

5 EXPERIMENTAL EVALUATION
We design a series of experiments to validate our methods. In Sec-
tion 5.1, we first introduce the experimental setup. In Section 5.2,
we analyze the impact of task counts stored in the cache on MeCo’s
performance and determine the optimal threshold for the maximum
number of tasks in the cache. In Section 5.3, we evaluate MeCo’s
performance by comparing with four strong baselines. In Section
5.4, we conduct ablation studies on different components of MeCo,
demonstrating the effectiveness of each design.

5.1 Experimental Setup
Experimental Environment.We evaluate the performance of our
methods on a server with a 24-core Intel Core i9-14900HX CPU, and
we useDeepSeek-V3 [23] as the basic LLMpolicy for all experiments.
The simulation is based on MuJoCo [35] physics engine.

MeCoBench. We present a variant of RoCoBench [25] for sim-
ilar tasks, called MeCoBench. In contrast to RoCoBench, which
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Figure 4: Performance vs. cache task count. As the number of tasks stored in the cache increases, we observe changes in the
average success rate, planning time, and token consumption of MeCo across different tasks. For each task type, we randomly
store tasks planned by LLM-empowered methods in the task cache and evaluate MeCo averaged over 30 random seeds.

primarily focuses on each task in isolation, MeCoBench emphasizes
inter-task similarity. For each task, we introduce similarity indica-
tors to increase benchmark complexity. This allows MeCoBench to
operate in three modes: randomly generating tasks that are similar
to those in the task cache, different to them, or without considering
similarity at all. More details can be found in the Appendix A1.

Baseline Methods. To evaluate the effectiveness of our frame-
work, we compare it with the following baseline methods:
• RoCo [25]: The baseline restricts each LLM agent to partial in-
formation and performs planning through dialogue. It achieves
state-of-the-art performance in RoCoBench [25].

• Central Plan: The baseline allows the LLM agent to access full en-
vironment observations and knowledge of all robots. It generates
actions for all robots at once.

• HMAS-2 [11]: The baseline first lets the central LLM planner gen-
erate a set of actions for each robot. Each robot is also equipped
with an LLM agent that checks the assigned actions and provides
feedback to the central planner, which then replans accordingly.

• ReAct [42]: The baseline enables the LLM agent to generate rea-
soning traces and task-specific actions in an interleaved manner.
Evaluation Metric. In a finite number of rounds with a limited

number of attempts per round, we evaluate performance using the
followingmetrics: (i) Success rate: the success rate of task planning,
which assesses the algorithm’s planning effectiveness. (ii)Planning
time: the average time required from the start to the completion of
planning, which measures planning efficiency. (iii) Tokens: The
average token consumption, which reflects the algorithm’s token
usage. An algorithm performs better if it achieves a higher Success
rate, lower Planning time, and lower Tokens. In addition, we use
the standard deviation to measure the variability of success rates.
However, once the cache reaches a certain number of tasks, the
use of LLMs decreases. This leads to many small values and a few

1The appendix is available in the full version at https://arxiv.org/abs/2601.20577.

large values for Planning time and Tokens. In such cases, the
standard deviation can even exceed the mean, making it unsuitable.
To address this, we define a truncated standard deviation, which
ignores outliers that deviate from the mean by more than 𝜏 times
the standard deviation. This reduces the impact of extreme values
on variability. In our experiments, we set 𝜏 = 5.

5.2 Performance vs. Cache Task Count
As the number of stored tasks in the task cache increases, task
diversity also improves, enabling more efficient planning through
task-level similarity in a wider range of scenarios. However, this
also increases the time complexity during the search phase, leading
to longer task-matching times. In this experiment, we study the
impact of cache task count on MeCo’s performance, as shown
in Figure 4. Meanwhile, to ensure higher success rates, shorter
planning times, and lower token consumption, it is necessary to
choose an appropriate maximum cache size for each task.

High-workspace-overlap tasks include Move Rope and Pack
Grocery. As shown in the first two columns of Figure 4, increasing
the cache task count significantly improves success rates while
substantially reducing token consumption. This indicates that a
larger cache allows the system to better exploit task-level similarity
across diverse scenarios, thereby reducing reliance on LLMs and
improving planning efficiency. However, planning time follows a
“decrease-then-increase” trend. With a small cache task count, the
acceleration effect dominates and planning time drops significantly.
As the cache continues to grow, the enlarged search space increases
the cost of matching similar tasks, which gradually offsets and
eventually surpasses the benefits of caching. For example, in Pack
Grocery, planning time rebounds once the cache task count exceeds
30, showing that an overly large cache imposes additional overhead.

Low-workspace-overlap tasks include Make Sandwich, Sort
Cubes, Sweep Floor, and Arrange Cabinet. As shown in the last four
columns of Figure 4, success rates generally increase with larger
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Figure 5: The performance of MeCo. We evaluate on MeCoBench across three scenarios: random (S1), totally similar (S2), and
totally different (S3), using four baselines for comparison. For each task, we report success rate, planning time, and token
consumption averaged over 30 random seeds. The results on Sweep Floor and Arrange Cabinet are provided in the Appendix C.1.

cache task count but converge at different rates across tasks. For
example, Make Sandwich involves nearly 1,000 diverse scenarios,
and its success rate approaches 100% onlywhen the cache task count
reaches about 500. In contrast, Sort Cubes stabilizes around a cache
task count of 40, while Sweep Floor and Arrange Cabinet, which are
inherently more similar, achieve near-perfect success rates when
the cache task count is as small as 1. Unlike high-workspace-overlap
tasks, the planning time for these tasks continues to decrease as the
cache task count grows and eventually stabilizes, since the search
overhead is negligible and does not cause a rebound. Meanwhile,
token consumption consistently decreases with larger cache task
count across all low-workspace-overlap tasks.

The results confirm the critical impact of cache task count on
performance. For high-workspace-overlap tasks, an excessively
large cache may increase search overhead, requiring a balance be-
tween leveraging task similarity and controlling search cost. For
low-workspace-overlap tasks, however, a larger cache almost uni-
laterally improves performance, as the search overhead is negligible.
Consequently, the optimal cache size varies across different task
types. Moreover, MeCo allows the maximum cache size to be ad-
justed according to specific needs. A larger cache can reduce token
consumption and improve success rates, but it may also result in
longer planning times. Considering success rate, planning time, and
token consumption together, we set the maximum cache sizes to
40, 30, 700, 50, 9, and 9 for the six tasks in subsequent experiments.

5.3 Performance of MeCo
We evaluate MeCo on MeCoBench under three scenarios: ran-
dom (S1), totally similar (S2), and totally different (S3). We
use each of four baselines (RoCo [25], Central Plan, HMAS-2 [11],
and ReAct [42]) as the LLM-empowered module within MeCo, and
compare it with these strong baselines. As shown in Figure 5, MeCo
significantly reduces token consumption while improving success
rates and reducing planning time.

Success rate. The first row of Figure 5 presents the success
rate performance of MeCo. In both the random (S1) and totally

similar (S2) scenarios, MeCo achieves a significant improvement
over the four baselines across all tasks. Specifically, the average
success rate increases by about 29% in the random scenario and 32%
in the similar scenario, indicating that MeCo performs better as
task similarity increases. The Move Rope, Make Sandwich, and Sort
Cubes tasks nearly reach 100%, suggesting that when latent task-
level similarity exist, MeCo effectively captures and transfers useful
knowledge, achieving near-optimal performance. However, for the
Pack Grocery task, all methods show relatively low success rates
due to the high risk of collisions. Among them, ReAct and HMAS-2
reach only about 15%. Even so, MeCo still improves performance by
roughly 8%, demonstrating its robustness in complex environments.
Meanwhile, in the totally different (S3) scenario, MeCo performs on
par with the baseline, indicating that it not only plans effectively
under similar-task conditions but also maintains performance when
tasks differ substantially.

Planning time. The second row of Figure 5 shows the reduction
in planning time of MeCo. For the Move Rope, Make Sandwich, and
Sort Cubes tasks, MeCo significantly reduces planning time in both
the random (S1) and totally similar (S2) scenarios. Specifically, in
the random scenario, the average reductions are 64% for Move
Rope, 78% for Make Sandwich, and 76% for Sort Cubes. This shows
that MeCo effectively reduces LLMs inference time by leveraging
task-level similarities to decrease the number of LLMs calls. In
contrast, the reduction is only 5% for Pack Grocery, mainly because
this task involves a time-consuming search process, and the time
saved by referencing similar tasks is less significant. In the similar
scenario, the average reductions reach 77% for Move Rope, 12%
for Pack Grocery, 83% for Make Sandwich, and 80% for Sort Cubes,
indicating that higher task similarity leads to greater time savings.
However, in the totally different (S3) scenario, the planning time
increases by roughly 6%, suggesting that while MeCo introduces
slight overhead in low-similarity conditions, the increase remains
within an acceptable range.

Token usage. In the random (S1) scenario, MeCo significantly
reduces token consumption compared with the baselines, achieving

Research Paper Track  AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

38



Table 1: Ablation study on the similarity testing, S-Planner, and continuous planning module. The experiments are conducted
under the MeCo which uses RoCo [25] as the LLM-empowered method. Evaluation results are averaged over 30 random seeds
per task. Additional ablation studies on the selective caching mechanism are provided in the Appendix C.2.

Move
Rope

Pack
Grocery

Make
Sandwich

Sort
Cubes

Sweep
Floor

Arrange
Cabinet

MeCo w/o
Similarity testing

Success rate
Time, Tokens

0.84 ± 0.05 ↓
447.81s ↑, 17465 ↑

0.25 ± 0.06 ↓
1573.88s ↑, 281165 ↑

0.90 ± 0.04 ↓
128.30s ↑, 7679 ↑

0.78 ± 0.09 ↓
291.46s ↑, 68592 ↑

0.99 ± 0.10 ≈
75.86s ↑, 2164 ↑

1.00 ± 0 ≈
43.58s ≈, 0 ≈

MeCo w/o
S-Planner

Success rate
Time, Tokens

0.78 ± 0.08 ↓
444.35s ↑, 25737 ↑

0.24 ± 0.06 ↓
1502.32s ↑, 286297 ↑

0.62 ± 0.08 ↓
313.38s ↑, 34537 ↑

0.51 ± 0.11 ↓
608.80s ↑, 123028 ↑

0.52 ± 0.09 ↓
229.98s ↑, 23171 ↑

0.66 ± 0.12 ↓
229.79s ↑, 32505 ↑

MeCo w/o
Continuous Planning

Success rate
Time, Tokens

0.97 ± 0.01 ↓
214.29s ↑, 2871 ↑

0.30 ± 0.04 ↓
1381.33s ↑, 261346 ↑

0.98 ± 0.02 ≈
81.15s ↑, 3368 ↑

0.91 ± 0.03 ↓
180.37s ↑, 51671 ↑

0.99 ± 0.10 ≈
79.11s ↑, 1821 ↑

1.00 ± 0 ≈
45.94s ≈, 0 ≈

MeCo Success rate
Time, Tokens

0.98 ± 0.02
154.63s, 1320

0.33 ± 0.06
1300.98s, 250264

0.98 ± 0.02
78.78s, 3304

0.95 ± 0.01
132.70s, 19684

0.99 ± 0.20
72.82s, 1443

1.00 ± 0
47.82s, 0

an average reduction of about 73% across all tasks. For the Move
Rope, Make Sandwich, and Sort Cubes tasks, the reduction exceeds
90%, demonstrating the effectiveness of MeCo in lowering planning
costs. In the totally similar (S2) scenario, the average token reduc-
tion reaches around 82%, as higher task similarity enables MeCo to
make fewer LLM calls. However, Pack Grocery shows only an 18%
reduction, mainly due to its inherently lower success rate. In the
totally different (S3) scenario, token usage remains comparable to
the baselines, indicating that MeCo does not introduce additional
overhead when task similarity is low.

5.4 Ablation Studies
MeCo consists of several key components, including the similarity
testing in the search stage, the similar motion planner (S-Planner),
the continuous planning module, and the selective caching mecha-
nism. To investigate the role of each design, we conduct an ablation
study. Specifically, we select RoCo as the LLM-empowered method
for this experiment. First, we remove the similarity testing and
instead select the task with the smallest average positional change
of objects as the similar task for compensation. Second, we remove
the S-Planner and directly reuse the previous trajectory as a sub-
stitute. Finally, we remove the continuous planning module, when
S-Planner fails, the planning process is restarted from scratch.

As shown in Table 1, after removing the similarity testing, the
success rate drops significantly. Especially in the Move Rope, Pack
Grocery, Sort Cubes, and Make Sandwich tasks, the performance
decreases by about 12% on average. Meanwhile, both planning time
and token consumption increase notably: Move Rope by 189%, Pack
Grocery by 21%, Make Sandwich by 63%, and Sort Cubes by 120%.
These results indicate that the absence of accurate similarity testing
leads to ineffective task references and redundant reasoning, reduc-
ing overall efficiency. In contrast, for the Sweep Floor and Arrange
Cabinet tasks, removing similarity testing causes no observable im-
pact. This is because these tasks exhibit inherently high similarity,
where even random task pairs share substantial resemblance, mak-
ing complex filtering unnecessary. Overall, the results show that
the similarity testing plays a crucial role in ensuring high-quality
task search and preventing invalid matches.

Second, the performance degradation becomes more pronounced
after removing the S-Planner. Since directly reusing previous trajec-
tories results in nearly zero success rate, the overall success rate is

almost the same as that of directly using LLM-based planning, show-
ing an approximate 30% drop compared with MeCo. Meanwhile,
token consumption also aligns with that of direct LLM planning,
exhibiting a significant increase. In particular, the planning time
rises by 222.27%, even exceeding that of direct LLM planning, as
additional time is required for matching similar tasks during the
search stage. These results highlight the efficiency and superiority
of the S-Planner in leveraging task-level similarity for planning.

Finally, after removing the continuous planning module, the
success rate shows a slight decline in some tasks, while additional
overhead is introduced, leading to a significant increase in both
planning time and token consumption. This occurs because, with-
out the continuous planning mechanism, LLMs must replan from
scratch whenever the S-Planner fails locally, resulting in redundant
reasoning and unnecessary computational cost. Moreover, the pre-
vious efforts of the S-Planner become wasted. Therefore, although
this module has only a limited impact on the success rate, it plays
a crucial role in improving overall reasoning efficiency.

6 CONCLUSION
In this paper, we propose MeCo, a similarity-aware multi-robot
collaboration framework, that leverages task-level similarity for
efficient planning. In the search stage, we categorize tasks into
high-workspace-overlap and low-workspace-overlap types based
on robots’ workspace overlap levels. Furthermore, we design a
novel similarity testing method to identify previously solved tasks
with high relevance, enabling the reuse of existing plans without
re-invoking the LLMs. Within MeCo, the similar motion planner (S-
Planner) efficiently generates plans by leveraging prior task plans.
When S-Planner fails, MeCo activates the continuous planning
module, which resumes planning from the failed step using LLMs.
Once a task is successfully planned, MeCo selectively caches it in
the cache for future reuse. Experiments show that our approach
significantly reduces planning costs while improving success rates.
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