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C3F: Constant Collaboration and Communication Framework for
Graph-Representation Dynamic Multi-Robotic Systems
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Abstract— Deep reinforcement learning (DRL) methods have
been widely applied in distributed multi-robotic systems and
successfully realized autonomous learning in many fields. In
these fields, robots need to communicate and collaborate with
other robots in real time, and reach agreed cognition for task
assignment, which puts high requirements on efficiency and
stability. However, robots may often get damaged even crash in
complex environments, and have to be dynamically substituted.
It seems not robust enough for most existing DRL works to
make new robots fast adapt to current team policies, causing
performance degradation. In this work, we get inspired by
the genetic mechanism of social animals’ instincts, and pro-
pose a robust multi-robotic collaboration and communication
framework, C3F. It introduces graph-based representation to
discover more features on the relevance among robots, and
takes advantage of meta learning mechanism to conclude the
general meta policy. When some robots crash and get replaced
by new ones, this meta policy will be reused to guide new
robots on how to quickly follow the existing collaboration
and communication rules, and fast adapt to their roles in the
team. The experiments on both the Webots simulator and the
Starcraft II platform indicate that our methods have better
performance compared with some SOTA methods, showing
strong robustness and remarkable adaptability to the dynamic
substitution in multi-robotic systems.

I. INTRODUCTION

In distributed multi-robotic systems, robots can collaborate
to solve problems in parallel. They do not rely on centralized
management and have been verified for outstanding perfor-
mance in resource utilization and learning efficiency [1].
Besides, distributed multi-robotic systems possess unique
advantages in stability and fault tolerance [2][3].

In some real-world tasks, we notice robots may suffer
from failure problems and get dynamically changed. For
example, terrible collisions often occur when many robots are
exploring and mapping a new environment in collaborative
navigation tasks (as Fig. 1). The broken robots have to quit
and new robots will dynamically join. However, the new
robots may be different from the broken ones in type and
size. Similar situations always happen in many robotic ex-
ploration tasks in unknown environments, such as planetary
exploration, military reconnaissance, and disaster rescue.

Benefiting from the robustness of distributed systems,
individual-level failures can hardly interfere with other
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robots. For example, if one robot in Fig. 1 suddenly crashes,
the others can still reach their intended target areas.

However, from the collective-level perspective, the overall
performance of multi-robotic systems may still suffer from
negative impacts, even though the crashed robots are re-
moved and replaced by new ones. One main reason is that,
when the new robots start to work, it may be unsuitable
for them to directly reuse the prior policy models. It is
due to that the structure and ability of the new robots are
usually not exactly the same as the crashed ones. So the prior
collaboration and communication policy of the whole system
may get changed when new robots join as substitution, and
the well-trained policies of crashed robots may no longer
suit the new ones. Besides, there is a more extreme case
that crashed robots may be too broken to get their prior
models. So the new robots usually have to learn from scratch
about which robot and when to communicate with, as well
as fast adaption to the existing collaboration policy on task
assignment. This challenge may pause the overall learning
progress and cause a reduction in performance.

Fig. 1. The diagram of a distributed multi-robotic system in collaborative
navigation tasks. Robots explore and map the surrounding environment,
then exchange their own sketch map with others. These communication
processes can be modeled in the form of a weighted undirected complete
graph, where the edge weights can be used to represent communication
frequency. From this graph, the communication priority of each robot can
be explicitly displayed.

We notice that in social animal colonies, such as bees
and ants, individuals are always in dynamic substitution and
balance. Although individuals are not exactly consistent in
type and size, most newborn individuals can quickly learn
how to communicate with partners and integrate into existing
colonies. Researches indicate that it is mainly because genes
can record innate instincts, so that some basic and common
skills can be inherited from one generation to another. These
skills come from the accumulated experience of ancestors,
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including social collaboration and communication ability.
When new individuals are born, they can have some basic life
skills by heredity and fine-tune them by postnatal learning,
instead of completely learning from scratch.

Inspired by this genetic mechanism, we apply meta rein-
forcement learning (MRL) methods to multi-robotic systems.
MRL aims at learning how to learn efficiently, and has
been proven to have many common points with biological
learning mechanisms [4]. Especially, we further consider
the interconnected behaviors in the social animal colonies,
and introduce graph structures to emphatically describe
the collaboration relevance and communication frequency
among robots. Taking Fig.1 as an instance, robots can be
regarded as vertexes, and the distance and communication
frequency between two robots can measure the weight of the
corresponding edge. Then the whole multi-robotic system
can be modeled as a weighted undirected complete graph
structure.

Based on the above analysis, we propose a robust frame-
work, C3F, to achieve constant and stable collaboration
and communication for distributed multi-robotic systems.
It takes advantage of coordination graphs for graph-based
representation, and meta learning mechanism for concluding
general rules. Firstly, robots use deep coordination graph [5]
to learn an effective policy from some sub-tasks of one task
sequence. Then, these policies will be integrated into one
general meta policy by meta learning mechanism, which is
similar to how genes record the accumulated experience from
predecessors. Once some robots break down, new ones take
over them and get basic skills from this meta policy, just like
animals having innate instincts from heredity. After that, new
robots have good initial policies and can fast adapt to the
new system by fine-tuning only a few episodes, like animals
effective postnatal learning.

We take experiments on the Webots simulator and Star-
Craft II platform. Both quantitative multi-indicator analysis
and qualitative trajectory comparison provide convincing
evidence, that our methods have better performance com-
pared with some SOTA methods. These results also indicate
that C3F is efficient and robust to the unexpected single
points of failure in dynamic multi-robotic systems. The main
contributions of this paper consist of:

o At the algorithm level, we make specific improvements
to apply meta learning mechanism to graph-based multi-
agent deep reinforcement learning methods, and achieve
remarkable promotion compared with baseline works.

« At the application level, this work studies the perfor-
mance degradation problem which is caused by robots
dynamically quitting and being substituted by different
others. It can ensure constant and stable learning for
dynamic distributed multi-robotic systems.

« At the innovation level, we get inspired by how social
animal colonies keep dynamic balance and constant
evolution, and achieve this genetic mechanism in multi-
robotic systems, providing further exploration in bionics
fields.

II. RELATED WORK
A. Graph-Based Representation for Multi-Robotic Systems

In multi-robotic systems, not only each independent robot
determines the stability and performance, but also the rele-
vance among robots plays an important role. This relevance
mainly consists of the distance, communication frequency,
and implicit task assignment, which stands for collective-
level policy. By introducing the graph-based representation,
it can take both individual-level features (as vertexes) and
collective-level information (as edges) into consideration.

One outstanding work on graph-based representation is the
graph neural network (GNN) [6]. It has provided feasible and
promising ways for node classification [7], edge prediction
[8], clustering [9] and visualization [10]. Especially, edge
prediction is of great significance to describe the relationship
and communication between two robots.

There have been some graph-based representation works
in the multi-agent reinforcement learning fields. Most of
them aim to explore and exploit more potential relevance,
and improve learning efficiency [11]. Graph policy gradients
(GPG) [12] takes advantage of the potential graphic symme-
try between robots to realize the zero-shot transfer. Besides,
graph-based policy gradients can also be introduced to re-
duce the dimension of action space and state space. It can
learn a filter to aggregate information among nearby robots
[13], which greatly promotes the scalability of multi-robotic
systems. Above all, it is feasible and valuable to introduce
graph-based representation into multi-robotic systems.

B. Coordination Graph

The coordination graph has been one of the popular graph-
based multi-agent reinforcement learning methods, and fol-
lows the CTDE (centralized training with distributed execu-
tion) architecture. It applies joint value factoring methods
to graph neural networks, and successfully improves the
learning efficiency of multi-robotic collaborative tasks. In
multi-robotic systems, their coordination graph (CG) is based
on the current state, and may dynamically change during the
task process [14]. As for formalization, undirected coordi-
nation graph ¢4 = (¥,&) models i-th robot as the vertex
vi € ¥, and generates a group of edges ¢;; € & between v;
and v; [15]. The common factorization of the coordination
graph divides action-value functions into vertex-based utility
function fV and edge-based payoff function f* as:

O(ss,a) = Z frals)+ Z feld,a’ls) (1)
vieYV €j€S

DCG [5] uses neural networks to approximately estimate
these two functions, and successfully factors the joint value
function when dealing with complex situations. Based on
this, DICG [16] uses implicit inference to deal with dy-
namic environments, and makes the coordination graph also
get changed correspondingly. Dynamic QCGraph [17] also
concentrates on the dynamic changes during multi-robot
reinforcement learning. It constructs dynamical coordination
graphs based on real-time robot subsets, and achieves im-

proved factorization.
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The CG theory emphasizes interaction among robots
by graph-based representation, providing further theoretical
proof and promising application for traditional value function
factoring methods. Existing works make great contributions
to coordination-graph-based multi-agent reinforcement learn-
ing. However, there is still some improvement in need for
specific problems, such as how to transfer this graph-based
knowledge for fast adaption to new tasks.

C. Meta Learning and Meta Reinforcement Learning

Human beings have the advantage of fast adaptation to
new tasks. It is mainly because they can summarize common
experiences from prior tasks and reuse them to guide the
following tasks [4]. Inspired by this biological cognitive
principle, meta learning is proposed to realize learning to
learn in the machine learning field.

Existing meta learning algorithms mainly include three
categories. The first one is representing some common
features as cross-task meta knowledge, such as RNN-based
memory module [18], gradient prediction [19], loss function
simulation [20]. Secondly, metric-based methods use kernel
function to measure the relevance between each pair of
samples, then take the most relevant one for transferring [21].
The third one is optimizing initial models, such as MAML
[22]. It will take a good initial model at the beginning of new
tasks, rather than random initialization. So it can perform
well at the beginning, and achieve fast adaption just after a
few training steps.

Meta reinforcement learning (meta-RL) methods introduce
the above categories into the reinforcement learning field,
which is proven to reveal the mechanism of dopamine and
the way mammals recognize new objects [23]. MAML is a
common gradient-based method, while PEARL [24] stands
for context-based methods. Besides, MQL [25] successfully
combines gradient-based methods and context-based meth-
ods, and takes both strengths to deal with new tasks better.

Existing multi-agent meta-RL works have made many
successful explorations on improving the learning efficiency
of multi-agent systems. But they consider less about the
relevance between agents, and have not introduced the
graph structure to represent and transfer these collective-
level features of multi-agent systems. Besides, most related
works have not offered convincing verification on the three-
dimensional multi-robotic collaboration tasks [26] [27].

III. THE FRAMEWORK OF C3F

As shown in Figure 2, there are three main phases in
C3F: 1) The meta-training phase. Robots explore sub-tasks
T,15,...,Ty of one task sequence, and respectively learn
policy 7y, s, ...,y from the corresponding sub-task. These
sub-tasks share similar goals but have different settings. And
the training on each sub-task is an independent and complete
process. 2) The meta-updating phase. Taking meta learning
methods to integrate these policies and representing them as
general meta policy 7,,. 3) The meta-testing phase. Inheriting
from this meta policy 7,,, and fine-tuning specific policy for
the new sub-task. The details will be described as follows.

A. Preliminaries

Markov Decision Process (MDP) Collaborative multi-
agent task is a decentralized partially observable Markov de-
cision process [28] with a tuple < S, .7, &, P,r,Z,0,n,y >.
S stands for the global environment state, and set .# consists
of n agents. At step ¢, the state is s;. Agent i € .¥ takes
individual action a! € &7, and the multi-agent system takes
joint action @, = (a},a?,...,a,...,a") € /™. Then the next
state is s;+1 € S, which follows the state transition probabil-
ity function P(s;11|ss,ar) @ S x @™ x § — [0,1]. Meanwhile,
agents obtain the same reward function r(s,a) : S x &/" — R.
As for the partially observable Markov decision process
(POMDP), agents only access to local observations o € O
with observation function Z(s,i) : S x .# — O, instead of
global state. To find the optimal policy x, it is required
to maximum the joint action-value function Q7 (s;,a;) =
E [R:|s:,a]), where R, = ¥, ¥'ri1i and 7y denotes

St41:0050t 41100
the discount factor.

B. The Meta-Training Phase

In the meta-training phase, robots will learn how to deal
with a sequence of sub-tasks 71,73,..., Ty by trial and error,
then conclude the common knowledge as meta policy. These
sub-tasks are consistent in main goals, but have diversity
in robot types or environment settings. Taking collaboration
navigation tasks for instance, all sub-tasks require robots
to reach more target areas in a short time, but the team
compositions of robots in 7} are different from those in 7.
The training process in each sub-task is independent.

In this phase, the training algorithm for each sub-task basi-
cally refers to the DCG method [5] and its improved version
[29]. In Fig.2, there are three modules in DCG methods
including the historical trajectory encoder, utility function
module, and payoff function module. These modules all
involve neural networks which are connected together.

For each sub-task, DCG firstly uses the RNN-based neural
networks to encode the historical trajectories /! for robot i
at step z. Then, the utility function module determines all
the possible actions that each robot can take, and calculates
the corresponding utility values. Finally, the payoff function
module determines all the possible joint actions between
each pair of robots, and calculates the corresponding payoff
values. Based on the above steps, the total value of joint
action can be calculated as (2).

DCG
0 m Y fa

vieV

(als;) =

a'|nf )

2

By belief propagation process [5], each robot can find

the optimal action and estimate the maximum total value.

Through minimizing the loss function (3) by gradient de-
scent, the networks of all three modules get optimized.

—— Y (re(da’ |, )+ (),

1 tmax— 1
L:]E[f Y (Rt+?’maxQDCG(| i+1) — 0" (ar]s;))?]
max (=0

3)

IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.



IEEE Robotics and Automation Letters (RA-L) paper, presented at ICRA 2024, Yokohama, Japan. Cite as RA-L paper.

Task Sequence
(Similar but Deep %
not the same) Coordination B collaeiye
Graph
Sub-task T, + Policy @y | [jufiii]
‘ Historical ira
Encoder; c
Sub-task T. = = > []g,
2 Utility Function Policy ,
Module,
Sub-task T : . > l]g Collzeiiyz
| =
The ones

to be solved

Sub-task T’y

Collective-Level Knowledge
Enhanced ﬂ:zr] Meta Policy =,

Gradient 3
Gradient 1 : imilar dire A Strengthen
| collective

consensus

Gradient 2

Reduce
individual
differences

Meta Utility.

Individual-Level Knowledge
Offset

4adient 3
each other

Gradient 1 * Almost diverse directions

Function Module)
Gradient 2

Note: Collective-level knowledge is stored as the parameters of payoff function module,
which is colored in yellow. Meanwhile, each individual-level knowledge corresponds to the
utility function module from different DCG models, which is marked in varied blue colors.

N4

Guide and promote the learning
efficiency for subsequent sub-tasks

Fig. 2. The main framework of the C3F method, including three phases. 1) In the meta-training phase, the task sequence is composed of several sub-tasks
that have consistent task goals but different robot settings. Robots use the deep coordination graph method to learn a policy from each sub-task. Each policy
includes both collective-level and individual-level knowledge, respectively stored as the network models of the utility function module and payoff function
module. 2) In the meta-updating phase, all these policies will be integrated into the meta-policy by the MAML method. As these sub-tasks share common
overall goals, the payoff function modules of all policies have almost similar gradient updating directions, so collective-level knowledge will be constantly
enhanced. In contrast, as the specific setting in each sub-task is different, the gradient of each utility function module is diversified. So individual-level
knowledge from different sub-tasks will offset each other, and the differences of individuals among sub-tasks are reduced. 3) In the meta-testing phase, this
meta policy will be used to guide robots have some instinctive basic skills in the subsequent sub-tasks of the same task sequence, improving robustness

and learning efficiency.

When reaching the maximum total step or the training
performance has converged, the training process for this sub-
task can be finished, and the well-trained policy is stored in
the form of model parameters for further calculation. This
training process is the same for each sub-task, and can be
independently taken in parallel. When the training process
of all sub-tasks has been finished, this phase ends.

C. The Meta-Updating Phase

After the meta-training phase, there are many policies
my,m,..., Ty generated by sub-tasks T1,7»,...,Ty. Every
policy is saved as a group of network models, and covers
two kinds of knowledge: payoff function module for the
collective-level one, and utility function module for the
individual-level one. Then the meta-updating phase aims
to abstract common knowledge and represent them as the
meta policy. It can be an analogy with genes recording
the common instincts, which comes from the accumulative
experiences of predecessors.

The meta policy =, is composed of the meta utility
function module and the meta payoff function module. Their
network structures are the same as that of the utility function
module and that of the payoff function module respectively.

The detailed update way of C3F refers to the widely-
applied meta learning method, MAML [22]. Besides, we
design differentiated meta-updating learning rates to better
suit the two-module networks in the DCG method. For policy
m; from the sub-task 7;, the parameters of all networks in
the utility function module are denoted as O07. And the
parameters 6,, of the meta utility function module can be
updated as (4) and (5).

05, = 6, — aVoL(6r,)

On < 0, —BYVe Y L(6})
Ti~p(T)

“4)
®)

where % is the adapted parameter, and L(67;) represents the
loss function on the sub-task 7;. The sub-task 7; obeys the
distribution p(T') of this task sequence. « is the step size for
updating specific tasks, and B is that for meta-updating.

The meta payoff function module gets updated from the
payoff function modules of policies 7, ..., my. The updating
way also follows (4) and (5), but the meta-updating step size
is replaced by B(»). B(P) is different from B(*), and can vary
with different sub-tasks. Considering the collective consensus
will be more obvious in the meta policy but the individual
difference will gradually disappear, the B?) should be a little
smaller than B for the stable training process.

This phase can be intuitively explained in the following
two aspects. On the one hand, as these sub-tasks are from
one task sequence, it can be assumed that they have similar
requirements for robots on collective-level cognition, such
as overall goals and communication rules. For example, the
main goal of navigation tasks is to explore more areas in
a short time, which is common and similar in the following
sub-tasks with different environments. Besides, in distributed
multi-robotic systems, the task assignment always follows
some general principles, such as the proximity principle or
greedy strategy. These kinds of knowledge can be concluded
for transfer.

On the other hand, the individual-level knowledge from
each sub-task may be different, because robots are required to
deal with diverse situations in each sub-task. For example, in
one navigation sub-task, robots learn how to avoid obstacles
at first and then find a way to the nearest target area. But
in another sub-task where the position of this robot and
environment settings get changed, the robots can directly
go to the targets without rounding obstacles. Besides, the
relative positions between robots also dynamically change.
For a robot, another robot that was closely connected in the
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last sub-task, may be very remote and rarely connected in
the next sub-task. These phenomena indicate that individual-
level knowledge from prior tasks seems unsuitable for new
robots in subsequent tasks.

By the “summation and average” process of the meta-
updating phase, the collective consensuses from all payoff
function modules are enhanced, but the individual differences
among the utility function module of each policy are reduced.
Therefore, the meta policy is universal and suitable for mak-
ing robots have remarkable adaptability on collaboration and
communication when some individuals dynamically change.

D. The Meta-Testing Phase

As shown in the bottom of Figure 2, the multi-robotic
system is required to learn how to solve the upcoming sub-
task 7{,Ty,..., T}, which is similar but not identical to the
above T1,T3,...,Ty. For instance, there are the same robots
and the same environment in navigation tasks 77 and Tl' s
but one of the robots suddenly crashes in 7} and has to be
replaced with another robot of different types.

At the beginning of sub-task 77, the neural networks of the
payoff function module and the utility function module will
load corresponding network parameters from meta policy,
instead of random initialization. It is just like newborn
animals getting basic survival skills by heredity. Then, all
networks will get fine-tuned by using the DCG method
again to learn some task-specific knowledge, which is similar
to animals’ postnatal learning. Finally, the performance of
robots can efficiently tend to optimization after fine-tuning
a few episodes. At the same time, the centralized training
process will end and robots only take distributed execution
by their own observation and policy.

The network structures and detailed workflow of fine-
tuning are similar to that in the meta-training phase. In step t,
robot i gets local observation and the received messages, and
uses the historical trajectory encoder to get historical trajecto-
ries /. Then the utility function module generates individual
action value f”(al|h!), and payoff function module generates
joint action values f¢(a',a’|hi,h}) and f¢(a’/,a’|h},hi), fol-
lowed by minimizing the loss function as (3).

In the meta-testing phase, the learning efficiency during
fine-tuning can be used to measure the performance of each
method. That is to say, effecitve methods always require few
episodes for fine-tuning and fast adaption to new sub-tasks.

IV. EXPERIMENT AND RESULTS

There are two kinds of experiments in this section. First,
we set multi-robotic collaborative navigation tasks on the
Webots[30] platform, and provide quantitative results and
intuitive trajectory comparison for qualitative analysis. Then,
we make another group of experiments on the StarCraft
IT [31] platform, in order to further verify the robustness
under the more complex type-changing challenge. These
experiments are based on Ubuntu 22.04 operating system
and Pytorch 1.13.1 framework. CUDA 11.7 and cuDNN are
used to improve training efficiency.

A. Experiment on Robotic Simulator

We conducted experiments on Webots, one 3D robotic
simulator. Taking an example in Fig.3, there are two types of
robots, including TurtleBot3 and E-puck, which are different
in size, speed, and other attributes. They are required to
avoid obstacles (i.e. sofa, oil barrels, and plants), and col-
laboratively explore as many targets (marked with the flags
each of which has a base) as possible. This environment is
discrete. At every step, each robot can choose one of the
four directions (up, down, left, and right) to move or take
no action. All robots can get the position of all targets from
a global view, while they detect nearby obstacles and other
robots by their loaded lidar. Besides, communication is also
allowed between two robots.

Fig. 3.  The Webots simulation environment of task IV. There are four
TurtleBot 3 robots, one E-puck robot, five targets, and some obstacles.
Robots are required to collaboratively explore as many targets as possible,
and avoid colliding with obstacles.

There are four task sequences, and the detailed settings
are shown in the upper part of table I. Each task sequence
consists of three meta-training tasks and one meta-testing
task. Robots first learn 200 episodes in each of the meta-
training tasks, then the current model will be tested in
another different meta-testing task. During this process, all
the network structures are fixed. At the beginning of each
episode, robots are reset back to the initial positions, while
targets are reset to different random positions. At every step,
every robot decides its own actions according to the current
information, then gets a reward as (6) from the environment
for updating. When reaching the maximum step, this episode
ends and the next one starts.

1 wac Ntar .
R=Ro— Y (Y mindist(i, jlt) + ANeor (1)) (6)
Ninax (= j=1 !

where dist (i, j|t) denotes the Euclidean distance between the
i-th robot and the j-th target at step 7. Ry denotes the basic
reward for every robot’s legal operation. Ny, is the number
of targets, and N, is the maximum step number of one
episode. N,y (¢) is the number of collisions between a robot
and an obstacle or between two robots during step ¢, and A
is a discount factor. In the following four task sequences,
Niax = 100, Ry = 5000, and A = 200.

As the compared groups, we choose several multi-agent
reinforcement learning baselines, including QMIX, QTRAN,
DCG, and UPDeT[32]. All methods have the same 200
training episodes in each task of the meta-training phase, and
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TABLE I

THE TASK SETTINGS AND AVERAGE PERFORMANCE OF DIFFERENT METHODS ON WEBOTS SIMULATOR

Task Sequence 1

Task Sequence 2

Task Sequence 3

Task Sequence 4

Phase

Three meta-training tasks

The meta-

testing task

Three meta-training tasks

The meta-

testing task

Three meta-training tasks

The meta-

testing task

Three meta-training tasks

The meta-

testing task

Task No.

I

1

it

v

I

it

v

1

v

VI

VII

VIII

v

VII

VIII

VI

TurtleBot3

1

2

3

4

3

4

2

1

3

5

7

5

7

3

E-puck

4

3

2

1

4

2

3

7

5

3

1

7

3

5

Targets 5 5

8 8

The average computation time (ACT) spent at each episode of three meta-training tasks & the performance of the 50th, 100th, and 150th episodes in the meta-testing task of tha same task sequence.

Episode ACT(s) 50th 100th 150th ACT(s) 50th 100th ACT(s) 50th 100th 150th ACT(s) 50th 100th 150th
QMIX 31.49 1064.19 | 222573 3009.30 30.76 946.70 1619.25 2234.93 40.23 1397.20 | 269391 4137.38 40.31 1183.31 | 2263.24 344322
QTRAN 31.98 923.39 1713.71 2755.35 31.78 905.97 1189.17 1959.73 40.60 1309.93 | 2525.12 3982.13 41.34 1097.58 | 1836.48 3816.28
DCG 3276 808.13 1890.04 2765.59 31.45 816.97 1412.61 1946.64 40.84 1332.23 | 2820.45 3363.65 40.01 1000.80 | 2206.34 3633.45
UPDeT 33.11 1451.03 | 2564.05 3278.60 34.24 1370.18 | 1746.43 1912.38 43.74 1769.20 | 3179.08 3909.59 44.01 1452.26 | 2234.87 4210.62
C3F(ours) 3231 1701.75 | 2567.76 3313.98 32.77 1470.16 | 2010.68 2451.23 41.46 2025.28 | 3074.34 4338.03 42.20 1745.35 | 2608.34 4195.70

(b) QMIX
Fig. 4. The navigation trajectory comparison among four methods at the 50th episode of Task 1V, Task Sequence 1. There are four sub-figures respectively
standing for C3F, QMIX, UPDeT, and DCG. In each sub-figure, robots are marked with different colors: the solid-line circle denotes the starting point,
while the dotted-line circle for the final position. During the navigation process, the real-time position of each robot will be recorded at every step. By
drawing these positions in turn, the robot’s discrete position sequence can be used to approximately estimate its navigation trajectory (marked with a
colored line). These trajectories of all robots can intuitively measure the overall performance.

(a) C3F

the well-trained models will be kept as the initial model at
the beginning of the meta-testing phase. The only difference
is that our method has the meta-updating phase. The results
are shown by qualitative trajectory comparison (as Fig. 4)
and quantitative learning performance (as table I).

In the lower part of table I, the average computation time
(ACT) spent at each episode in the meta-training phase and
the average performance of the meta-testing phase are shown
by repeating 30 times. The performance is represented by the
rewards at the 50th, 100th, and 150th episodes respectively.
The best performance is emphasized in bold font.

The results illustrate that all methods can gradually learn
a good task assignment policy and collaboratively explore as
many targets as possible, which leads to better performance.
But on the whole, our method outperforms almost all the
time, especially at the beginning episodes. The common
collective-level meta policy of C3F can guide robots on how
to assign tasks and approach their intended targets, so that
they can fast adapt to the new multi-robotic system. Besides,
the similar ACTs of these methods also prove our method
does not obviously increase training time for meta-updating.

Besides, we take the Task IV, Task Sequence 1 for example,
and present intuitive navigation trajectory comparison among
four methods in Fig.4. At the 50th episode of the meta-testing
phase, robots’ positions at every step are recorded. For every
robot, its discrete positions can be used to approximatively
estimate the navigation trajectory. And in each sub-figure,
the trajectories of different robots are marked in different
colors. Please refer to the attached video for more details.

From Fig. 4, we can find our C3F in sub-figure (a) can help
robots quickly learn to collaboratively approach all targets

(c) UPDeT () DCG

without collision. In sub-figure (c), four TurtleBot 3 robots in
UPDeT find the clear division of work and plan optimal paths
to different targets, while only the E-puck has not learned
where to go and finally collides with an obstacle. QMIX
in sub-figure (b) has not made robots reach an agreed task
assignment and learned how to effectively avoid obstacles, so
that there are intended-target conflicts as well as collisions.
Unfortunately, all the robots of DCG in sub-figure (d) suffer
from terrible collisions not long after the task starts.

It indicates that our method can make the multi-robot
system with new composition has strong adaptability. These
robots can learn an effective policy on task assignment,
navigation, and obstacle avoidance just after a few episodes
of training. In contrast, robots of other methods learn only
a portion of even almost none of these skills after the
same training time, which leads to bad performance such
as collisions or intended-target conflicts.

B. Experiments on StarCraft Il Platform

Fig. 5. One sub-task in the StarCraft II experiment platform. The left red
team is our alliance which has one stalker and four zealots. The right blue
team is the enemy team which has two stalkers and three zealots. Our team
aims to destroy more enemies with minimal alliance loss.
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Fig. 6. The average experiment results and 95% CI of the meta-testing phase on StarCraft II. There are three groups from left to right, separated by

orange dotted lines. Each group involves three task settings, and the performance of each task setting is measured by win rate and alliance loss. In the
specific task situation and indicator, the sub-figure shows the performance (y-axis) of five methods with training episodes (x-axis). Each method is marked
with a different color. The higher win rate and smaller alliance loss mean better performance.

StarCraft II is one of the typical real-time strategy games,
and SMAC provides several pre-set multi-agent task settings
as well as custom options. There are two teams consisting
of stalkers and zealots, and the composition of each team is
varied for each sub-task. Taking Fig.5 as an example, two
teams are placed on the opposite side of a closed area. The
left red team has five alliance agents, including one stalker
and four zealots (abbreviation: 1s4z), which are controlled
by the player. The right blue team has two stalkers and
three zealots (abbreviation: 2s3z), which follows the policy
of game Al and no longer gets updated.

In the distributed execution phase, each agent can observe
and communicate with other agents whose relative distance is
no more than 9 units. These observations include the relative
coordinate, health, shield, and agent type, as well as the last
action of alliance agents. However, the above information of
all agents can be obtained in the centralized training phase.
At every step, each agent can independently decide to move
to a nearby discrete location, attack (or heal) other agents, or
take no action. Considering agents can only hear from their
teammates within a range of 9 units, the real-time topology of
communication in the multi-agent system may dynamically
change during the task process.

The main task goal for the alliance is to cause more
damage to enemies, even completely eliminate them. Be-
sides, they are also required to protect themselves and
reduce alliance HP loss. Alliance agents continuously explore
and learn to defeat enemies episode by episode, and each
episode consists of at most 10000 steps. Once either team is
completely eliminated or the maximum step is reached, the
current episode ends and the next one starts. At the beginning
of each episode, both teams are reset back to the initial
state. The reward at each step is based on the difference
that enemy HP loss subtracts alliance HP loss, which may
be a negative value. Besides, alliance agents will get extra

rewards if they eliminate all enemies, while extra punishment
for being completely eliminated.

As shown in Fig.6, we set three groups in this experi-
ment: Symmetric, Asymmetric I, and Asymmetric II. The
symmetric task settings mean that both teams have the same
type of agents, while asymmetric task settings do not. Each
group can be regarded as one task sequence, including three
sub-tasks with similar goals but different settings. When one
of the sub-tasks is selected as the target sub-task in the
meta-testing phase (marked in the corresponding sub-title),
the other two sub-tasks in the same group will be the pre-
training sub-tasks in the meta-training phase. Each sub-task
will be selected in turn for cross-verification, so there are
nine experiments of three groups in total.

It takes the QMIX, DCG, DICG, and Rode[33] methods
as baselines, and each method has the same experiment con-
ditions, including the training episodes in the meta-training
phase. The well-trained networks of baselines are reused as
the initial model at the beginning of the meta-testing phase,
while C3F uses the meta policy model. The performance
of different learning methods is verified by win rate and
alliance HP loss. The higher win rate and lower alliance HP
loss mean better performance. In the meta-testing phase, the
changing trend of these two indicators with training episodes
can measure the performance of methods. We repeat these
experiments 100 times, and obtain their average performance
and 95% confidence interval. The results are shown in Fig.6.

The results illustrate that all the methods can gradually
learn how to get higher win rates and less alliance loss,
but our method outperforms almost all the time. Besides,
our method can quickly form some intuitive team strategies,
such as focusing on attacking one enemy at the same time
for numerical superiority. These quantitative indicators and
qualitative analysis prove that C3F can help agents quickly
adapt to most sub-tasks in the meta-testing phase, whether
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it is symmetric or asymmetric. One possible explanation is
that, although the agent types in the meta-training phase
are different from that in the meta-testing phase, the prior
individual-level knowledge may be unsuitable for the new
agents. But some collective-level policies, such as task
assignment, may still work. It can help agents quickly reach
agreements on roles and responsibilities.

V. CONCLUSION AND FUTURE WORK

In this paper, we propose a constant and stable collab-
oration and communication framework, C3F, to deal with
the performance degradation problem in dynamic multi-
robotic systems. It applies meta learning mechanism to
the deep coordination graph method, and concludes general
collective-level knowledge and de-differentiated individual-
level knowledge. This knowledge can be transferred and
reused in the subsequent tasks, and guide the new robots fast
adapt to their roles and task assignments. The experiment re-
sults provide convincing evidence that our methods can make
robots have significant advantages in overall performance,
compared with other baselines.

There are still some issues to be concerned about in future
works. We follow the basic assumption of the traditional
coordination graph, so the current C3F framework is only
suitable for the pair-wise collaboration now. Although this
pair-wise way is fundamental and can deal with most cases
in collaborative navigation tasks, the collaboration among
multiple agents also needs more concerns in the future to
reveal more complex relevance in reality. Besides, how to
apply it to practical tasks is our long-term interest and focus.
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