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Abstract—This paper presents RoMA, a novel resilient Multi-
Agent Reinforcement Learning (MARL) framework designed to
handle dynamic participating agents during centralized training,
addressing the limitations of standard MARL frameworks in
accommodating agent variability and enabling efficient adap-
tation and training of agents, thus providing a scalable and
flexible solution for model training and execution in cloud
computing environments. For standard MARL frameworks, if
new agents need to join or existing agents leave unexpectedly
due to unreliable communication channels, standard MARL
models need to be rebuilt and trained from scratch because of
their structural limitations, which is very time-consuming. RoMA
addresses this issue with a novel neural network architecture and
a few-shot learning algorithm to enable the number of agents to
vary during centralized training. When new agents join, RoOMA
can adapt all agents to the change in a few shots, and when agents
leave the training process unexpectedly, RoMA can continue
training the remaining agents without disruption.

Our experiments demonstrate that RoMA is at least 70 times
faster at adapting to new agents compared to baseline methods,
and it can handle the leaving of agents without affecting the
training of other agents. ROMA is applicable to a wide range of
MARL settings, including cooperative, competitive, independent,
and mixed environments.

Index Terms—Multi-agent Reinforcement Learning, Resilient
Model, Cloud Computing

I. INTRODUCTION

In recent years, reinforcement learning (RL) has been ap-
plied to a variety of tasks that exceed human ability, such as
the games of Go and Poker, robotics, and autonomous driving.
Many of these applications involve multiple agents and fall
under the umbrella of MARL [1]. While there exists many
algorithm paradigms, Centralized Training with Decentralized
Execution (CTDE) has become the most popular MARL
paradigm [2] due to its advantages in terms of scalability
and stationary environment. For actor-critic methods using
this paradigm, each agent’s critic is trained in a centralized
way using global context, while its policy is executed in a
decentralized manner based on local information.

Existing actor-critics-based CTDE algorithms like MAD-
DPG [3] and COMA [4] have demonstrated strong empirical
performance. However, as shown in Figure 1, these methods
concatenate the observations and actions of all agents into a
single input vector for each critic. Centralized training in this
manner assumes that the number of agents is fixed during
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Fig. 1: Architecture of the value networks (critics) of MAD-
DPG. The observations and actions are concatenated into a
single input vector. The value network of each agent expects
input with fixed dimension: (d, + d, )N, where d, and d,, are
the dimensions of observation and action, respectively, and N
is the number of existing agents. Agents can not join or leave
the training because of the dimension restriction. Our work
aims to enable dynamic participating agents.

training, meaning that new agents cannot join and existing
agents cannot leave midway through the training process.
However, this approach can pose challenges when applied to
dynamic participating agents, particularly in cloud computing
environments where the number of agents may vary. If the
number of agents changes, the input dimension of the model
also changes, requiring the network structure to be adjusted
and a new model to be trained from scratch. Even if a model
could handle dynamic input dimensions, the inclusion of a
new agent with unlearned value and policy networks can slow
down centralized training.

The above mentioned issues significantly limit the applica-
bility of these approaches, because in real-life scenarios, it is
common for the number of agents to change during centralized
training. For example, during training, the communication
channel between each agent and the central coordinator may
not be available and stable. An agent may go offline unex-
pectedly during training, which will cause the termination of
the training process; or some agents may face communica-
tion issues upon the training starts, and the existing CTDE



frameworks do not allow them to join the centralized training
later due to structural limitations. In addition, human factors
can cause the number of agents to change during training.
Imagine a warehouse robot company receiving an order for
a hundred cooperative robots. When the company is training
these robots, the customer decides to order more robots.
Training all robots from scratch again is time-consuming and
will cause a delay in production. However, if a flexible network
architecture is available that allows new robots to be added to
the training process on-the-fly without the need for re-training,
the company can deliver the robots much more quickly. All
of these scenarios highlight the need for a more flexible
framework that can effectively handle dynamic participating
agents.

To address these challenges, we propose ROMA, an elastic
MARL framework that utilizes a novel model architecture
shown in Figure 2 and a few-shot learning algorithm. RoOMA
is built upon MADDPG, but it can be extended to other
multi-agent actor-critic methods. Our architecture has three
key components. First, we use a multi-head self-attention [5]-
[7] layer in each feature extractor to allow varying numbers
of agents. Second, to help agents identify each other, we
add agent ID embeddings to the feature extractors. Third,
we design novel ensemble heads to reduce the number of
parameters to be trained when new agents join by weighted
summing over the heads. With this network architecture,
RoMA can adapt to new agents with few-shot learning, and
leaving agents will be simply ignored.

Summary of Contributions:

We propose RoMA, a novel MARL framework that
allows for the dynamic participation of agents during
centralized training. Our proposed few-shot learning al-
gorithm enables the model to quickly adapt to new
environments when agents join. In comparison to the
baseline models, our method can achieve at least 70 times
faster adaptation. Additionally, when agents leave, the
training process of other agents is not interrupted.
RoMA is applicable to various MARL settings, including
cooperative, competitive, independent, and mixed scenar-
ios, and can accommodate heterogeneous agents. When
new agents join, our framework does not require knowl-
edge of their relationships with other agents. Through
few-shot training, both new and existing agents learn how
to interact with one another.

To the best of our knowledge, this is the first work to
address the challenge of enabling dynamic participating
agents during centralized training in MARL.

II. RELATED WORK

There have been numerous developments in MARL in
recent years. MADDPG [3] is an actor-critic-based method
that studies MARL in settings with arbitrary reward struc-
tures, allowing each agent to have its own critic and policy.
COMA [4] is another actor-critic-based approach that focuses
on fully cooperative settings, with each agent having its own
private policy and a shared centralized critic. QMIX [8], a

value-based method, operates in fully cooperative settings
and decomposes the global value function into monotonically
constrained per-agent value functions. Our work is an actor-
critic-based method build upon MADDPG.

More recent papers such as MAAC [9], REFIL [10],
COPA [11], and UPDeT [12] are related to our work in that
they all apply attention to MARL. However, there are signif-
icant differences between our work and theirs. MAAC is an
actor-critic method for mixed cooperative-competitive settings
and is not designed to handle dynamic agent participation
during training. REFIL and COPA are value-based methods
that focus on fully cooperative settings. While REFIL can
handle varying types and quantities of agents during execu-
tion due to its simultaneous training on tasks with different
scenarios, it does not address the robustness of training when
agents dynamically join or leave the process, which is the
focus of our work. COPA does not strictly follow the CTDE
paradigm, as it includes a coach that periodically distributes
global information to agents during training. Our work aims
to address the problem of dynamic agent participation during
centralized training, which has not been addressed by these
previous methods.

Ad hoc teamwork [13]-[15] aims to enable a team of agents
to cooperate without pre-cooperation. Different from works
in ad hoc teamwork, our work focuses on creating a robust
CTDE framework for MARL that allows agents to leave the
centralized training without interrupting the training process
of other agents, and enables all agents to quickly adapt when
new agents join the training. Most importantly, our work does
not assume that all agents are cooperative players.

III. BACKGROUND
A. Markov Games

Many recent works have focused on partially observable
Markov games [16], which are multi-agent extensions of
Markov decision processes (MDPs).

A Markov game with NN agents consists of a set of
states S, a set of actions Aj,...,Apn, a set of observations
O4,...,0y, a state transition function T: S Ay
Ax ¥ S, and a reward function r; : S A; ¥ R for each
agent. Each agent receives a private observation O; which is
partial information of the global state S. Each agent learns
its policy 7; : O; ¥ P(A;) that maps its observation to
a distribution over a set of actions. The goal of each agent
1 is to maximize its own total expected return. Our work is
a further extension of the partially observable Markov game
where [N may vary during the training. If /N remains the same,
our setting is the same as the Markov game. When N changes,
a new Markov game gets started. We assume all agents share
the same action space.

B. Actor-Critic

This work focuses on the actor-critic method [17] for
MARL. In this method, each agent has its own policy network
(actor), which can be either stochastic or deterministic. Dur-
ing centralized training, the central coordinator maintains N
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(a) Value network.

(b) Policy network.

Fig. 2: (a) shows the architecture of the proposed value network. It has two main components: feature extractor and ensemble
value head. For the i-th value network, the details of its feature extractor and ensemble head are shown on the right. Agent ID
embeddings are “Embedding” blocks in the graph. The shared layers are marked in yellow. (b) shows the main architecture
of the proposed policy network, which is the same as the value network architecture.

value networks (critics) that evaluate the state .S and actions
Ay, ,Apn. In the fully cooperative setting, all the agents
receive the same reward, so the N critics are the same [4].
In the competitive or mixed cooperative-competitive setting,
there are N different critics, one for each agent [3].

C. MADDPG and MATD3

MADDPG is an actor-critic method for MARL. During the
centralized training, it learns a critic and a policy for each
agent 7. MATD?3 [18] applies the Twin Delayed Deep Deter-
ministic policy gradient algorithm (TD3) [19] to stabilize the
training of MADDPG. TD3 helps address function approxi-
mation error in actor-critic methods. It uses Clipped Double
Q-learning to alleviate the overestimation problem and adds
random noise to the target policy as a smoothing regularization
strategy. To further stabilize training, it updates the policy
network at a lower frequency than the value network.

IV. MODEL ARCHITECTURE

Here we introduce our novel model architecture. The pro-
posed value network structure is shown in Figure 2a. Each
value network is composed of a feature extractor and an
ensemble head. The feature extractor is equipped with self-
attention and agent ID embedding, which enables it to process
input from dynamic participating agents. The ensemble head
allows for quick adaptation of the model to new agents that
join the training process. The policy network (shown in Figure
2b) has a similar structure, and we will not further discuss it
for simplicity.

Assuming there are N agents in the environment, each
agent has a value network and a policy network. The value
networks are trained in a centralized manner and take as

input the observations and actions of all agents. Instead of
concatenating these inputs into a single vector, we represent
the observations and actions of each agent as individual input
vectors, resulting in a matrix of shape N (d, + d,), where
d, and d, are the dimensions of observation and action for
a single agent. To be more specific, agent i’s observation
consists of information from all other agents, such as the
relative positions of all agents with respect to itself, and it
can be denoted as O; = [0}, ,0l], where o] represents
agent 4’s observation of agent j. Note that O; is the local
observation of agent <. When one more agent joins the training,
O; becomes [0}, ,oN™]; if the last agent drops from
the training, O; becomes [0}, 0 *]. Our proposed value
network, as shown in Figure 2a, takes as input the observation,
O;, and action, a;, for each of the N agents. These inputs,
(O1,a1), ,(On,ay), are first processed by the feature
extractors of the corresponding agents, and then the extracted
features [z1, ,zn] are the input of the ensemble value
heads, which output the N values [¢;, ,qy] for all agents.
As shown in Figure 2b, policy network ¢ takes as input the
local observation O; and outputs an action or a probability
distribution over the actor space for the agent. The details of
the feature extractors and the ensemble heads are described
below.

A. Feature Extractors

A feature extractor is composed of fully connected feed-
forward layers (MLPs), a multi-head self-attention layer, and
an agent embedding layer. The N feature extractors in the
value networks share their MLPs and self-attention layers,
as shown in Figure 2a. Similarly, the feature extractors of



the policy networks also share their MLPs and self-attention
layers.

B. Agent ID Embedding

The agent ID embedding layer maps an agent ID to a vector,
enabling the network to distinguish different agents. It serves a
similar purpose as the positional encoding in Transformer [7].
This component is important because, without the embedding,
exchanging the observations and actions of two agents would
not affect the value estimate of a third agent. Specifically,
exchanging (O3, az) and (O3, ag) will not affect ¢;. This can
be problematic in practice, for example, in a predator-prey
task, a predator may chase another predator instead of the prey.
In our setting, agents can be heterogeneous and there can be
K different types of agents, with X' N. For example, in
predator-prey task, there are 2 types of agents, so K = 2. K
can also be set as a hyper-parameter. The agent ID embedding
layer maps the ID of each agent to a vector using the following
equation: e/ = €/ s;,8i,7 =1, ,N, where ¢/ 2 RK is
the parameter of the j-th embedding block of the i-th agent,
and s; is the ID of agent j. The resulting agent embedding
vectors, E; = (e}, ...eN), are concatenated with the extracted
feature X; before being fed to the attention layer, as shown
in Figure 2a.

C. Multi-Head Self-Attention Layer

To handle varying numbers of agents during training time,
we apply multi-head self-attention [7] to our model structure.
A self-attention layer does not require input to have a fixed
length. For example, in NLP, a sequence-to-sequence model
with attention can handle sentences of varying lengths. Sim-
ilarly, with self-attention, our model can handle observations
and actions from varying numbers of agents.

D. Ensemble Heads

While agents can use independent MLPs (without parameter
sharing) as the heads of their value networks and policy
networks, we take a different approach to facilitate knowledge
transfer among agents.

1) Ensemble Value Heads: The details of the ensemble
value heads are shown in Figure 2a. The head of each value
network is an ensemble of K MLPs, g( ;wl), ,q(;w’).
The K MLPs are shared among all agents and are referred to
as the candidate value blocks. Each of the value heads is a
weighted average of the K candidate value blocks. Agent i’s
action-value function is approximated by the weighted sum:

K
g = Y afq(z;wb), ()
k=1
where [of, o] = softmax( T ¢l ) and f 2

R,8k = 1,..., K. Here, we refer to 1; = (¢}, ,9K) as
agent ¢’s selector of the candidate value blocks. After training,
agents of the same type that receive the same reward will learn
similar selectors. On the contrary, agents of different types that
receive different rewards will learn dissimilar selectors. The

parameters of the value heads, w = (w!, ,w¥) and 1;, can

be updated by temporal difference (TD) algorithm.

2) Ensemble Policy Heads: An ensemble policy head maps
extracted feature z; to an action or a probability distribution
over the action space. The ensemble policy head is a weighted
average of K shared MLPs. Let 7( ;0), ,7(;0%) be the
K candidate policy blocks, and the policy head of the i-th
agent is the weighted sum:

K
m= B #(2;0"), )
k=1
where [ 1 ,Bl-K] = softmax( 1 ,Cf).Similarly, we

refer to ¢; = (¢}, ,¢K) as agent i’s selector of candidate

policy blocks. For both non-deterministic and deterministic
policies, they have the same network structure.

V. FEW-SHOT LEARNING FOR DYNAMIC PARTICIPANTS

The proposed framework can easily handle dropping agents
without doing anything; it just ignores the agents that do not
respond. But the participation of a new agent is nontrivial to
handle. When a new agent (let it be the (N +1)th) participates
in the training, if it uses an independent value network
and policy network, training them from random initialization
would require a large number of samples, which poses a
challenge of “cold start”. Our design of the network structure
is for the purpose of getting the new agents trained and the
existing agents adapted in a few shots. In this section, we will
describe the trainable parameters and the training procedure
using few-shot learning.

The shared components in the networks are relatively well
trained and ready for use, thus they can be fixed during the
few-shot learning. The new selectors and agent ID embeddings
are unshared and agent-specific, so they will be the trainable
parameters during the few-shot learning.

The heads of the new agent’s value network and policy
network are weighted averages of the candidate blocks:

K
k ~ k
qN+1 = Z%\Hl q(zn+13w"),
k=1
- 3)
~ k
N1 =D Bhar F(znei0F),
k=1
where [a}v+l7 , Q4] = softmax (w}v+17 71/}{\/{+1)
and [B%..1, ,BK.,] = softmax (lev+1a (X, 1). There
are 2K trainable scalar parameters for the selectors:
Yy, UK., and (k.. ,CK,,. Additionally, the

agent ID embedding for the new agent also needs to be trained
during the few-shot learning. Before finishing the few-shot
learning, we do not update the shared network parameters;
after the few-shot learning is done, we resume the regular
training process for all agents. Compared with using indepen-
dent networks, our approach has significantly fewer parameters
to train for the new agent.
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(b) Predator-Prey.

(a) Finding Home.

Fig. 3: Illustrations of Finding Home and Predator-Prey.
In Finding Home, agents of different colors need to enter
the landmarks (Homes) with the corresponding colors. In
Predator-Prey, predators (red agents) chase the prey (green
agent), and the black landmarks are obstacles that impede the
way.

VI. EXPERIMENTS

In this section, we evaluate the effectiveness and scalability
of our method in different environments. We further conduct
ablation studies to analyze the importance of each network
component.

A. Environments

We evaluate our approach in two environments: Finding
Home and Predator-Prey. The former is built upon the multi-
agent particle environment framework [3], [20], and the latter
from the framework is slightly modified to meet our needs.
Figure 3 illustrates the two tasks. In the experiments, we use
discrete action spaces to simplify the control problem, and
the actions are moving left, right, up, down, and staying in
position. Agents observe the relative positions and velocities
of other agents as well as the relative positions of all landmarks
in the environment.

1) Finding Home: In this cooperative task, all agents share
the same reward and aim to learn which home they belong
to and enter their homes while avoiding collisions with other
agents. The environment consists of red agents, green agents,
and landmarks (homes) marked with the corresponding colors.
We use punishment instead of positive reward for the training.
The agents are punished based on the sum of their distances
from their homes and the number of collisions they incur.

2) Predator-Prey: This is a mixed cooperative-competitive
environment consisting of predators, their prey, and some land-
marks impeding the way. The predators work collaboratively
to hunt the prey and they share the same reward: they will
be rewarded if any of them touches the prey, and they will
be penalized by the sum of the distances between themselves
and the prey. Conversely, the prey is rewarded for staying far
from the predators and penalized for being touched.

B. Model Training and Parameter Settings

We use a replay buffer of maximum length 1e6. The target
network update rate 7 is set to 7e-5. The discount factor vy is
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Fig. 4: Average episode rewards on different scenarios after the
number of agents changes. (a) shows the rewards of different
approaches after more agents join the training. (b) shows the
rewards of our method and training from scratch on Finding
Home after 1 red agent drops from the training. Error bars are
95% confidence intervals across 5 runs with different seeds.

set to 0.99. One episode lasts for 25 time steps, and the value
networks are updated 4 times every 100 steps (4 episodes). We
use TD3 to stabilize training, the policies and target networks
are updated once every 2 critics updates. When updating
the networks, we sample 1024 past experiences from the
replay buffer, and we use Adam [21] optimizer to update the
networks. The output dimension of the value network feature
extractor is 64 and it is 128 for the policy network feature
extractor. The hidden dimensions of all feature extractors are
32, and we use 2 attention heads for the multi-head self-
attention. The hidden dimension of each candidate block in
the ensemble heads is 64. All the reported models are trained
using the best learning rates found by grid search, and all the
models are trained on a single NVIDIA TITAN V GPU with
5 different seeds.



C. Effectiveness

To assess the effectiveness of our approach in handling
dynamic participating agents during training, we conducted
a series of experiments in which the number of agents was
varied. In the following experiments, the models are initially
trained for a set number of episodes, then we alter the number
of agents to evaluate the effectiveness. Specifically, the model
for Finding Home is initially trained for 150k episodes and
the model for Predator-Prey is trained for 300k episodes.

1) New Agents Join: We evaluate our method on both
tasks. For Finding Home, our model is initially trained in an
environment with 2 green agents and 2 red agents (2g2r), and
then more agents are added to the training. Figure 4a shows
the average episode rewards during training after the number
of agents is altered to 3 green 3 red (3g3r) and 4 green 4 red
(4g4r). The baselines used for comparison are MATD3 and
MAAC. To ensure fair comparisons, self-attention is added to
MATD3, since both our method and MAAC have self-attention
layers.

Since MATD3 and MAAC are not designed to handle
dynamic participating agents, they need to be trained from
scratch if the number of agents changes. However, to create
stronger baselines, instead of training from scratch, when new
agents join, for both MATD3 and MAAC, we create new
feature encoders for all agents, while reusing and fixing the
shared attention layers and the heads of the existing agents.
Thus, we only train the new feature encoders and new agents’
heads. We compare four approaches in our evaluation: 1)
“Few-Shot”— few-shot training of our model as described in
Section V; 2) “Few-Shot + Fine-Tune”— few-shot training of
our model for 1k episodes followed by fine-tuning the entire
model; 3) “MATD3 + Attention” and 4) “MAAC”.

As shown in Figure 4a, for both 3g3r and 4g4r, the rewards
of the corresponding “Few-Shot” and “Few-Shot + Fine-Tune”
overlap, and these two approaches achieve high rewards at the
early stage (at around 1k episodes). This is because the trained
shared part of the model is a good starting point and there are
only a few parameters to train. The models achieve strong
performance through few-shot learning along, and additional
fine-tuning does not significantly improve the performance. On
the contrary, it takes MAAC around 70k episodes to converge
on 3g3r and 4g4r, and it cannot achieve high rewards without
fine-tuning the entire network. Similarly, it takes even longer
for MATD3 + Attention to converge. Therefore, our method
is at least 70 times faster than the baselines when adapting to
new agents’ participation.

For the Predator-Prey task, the model is initially trained in
an environment with 3 predator agents and 1 prey agent, and
then more predators are added the training. Here we show-
case the comparison between few-shot learning and training
our model from scratch. Since this is a mixed cooperative-
competitive environment and it is a zero-sum game, the agents’
rewards do not provide much information. Instead, we let
the two types of agents use different approaches to compare
their performance. Specifically, we let the predators use the

Predator Pre # Training More Predators
s yT Episodes +1 +2 +3
our From 10k 1011 889 235
M‘;tho d scfatch S0k 201 209 115
100k 097 1.00 135
From our 10k 005 005 031
oteh Mothod 50k 033 0.10 045
scrate etho 100k 031 042 032

TABLE I: Average number of prey touches by predators at
different training stages on 10 independent runs.

model trained by our approach and the prey use the model
trained from scratch, and we count the number of prey touches
at different stages of the training. Then we switch their
approaches and count again. We evaluate the approaches in
different scenarios where 1, 2, and 3 more predators are added
to the training. The results are shown in Table 1.

As shown in Table I, when predators use policies obtained
through our approach, the prey is touched frequently at the
early stage of training, indicating that the predators are better
at catching the prey than the prey is at escaping. It is clear
that, at the early stage, our approach outperforms training
from scratch by a large margin. As training continues, the
prey is touched less frequently, as the prey models trained
from scratch are gradually improved through training. In the
opposite scenarios, where the predators use re-trained models
and the prey uses models trained with our approach, the results
are as expected: at the early training stage, the prey is barely
touched, demonstrating the prey is better at escaping than the
predators are at catching. As the models trained from scratch
are improved through additional training, the prey is touched
more often.

By evaluating our method in environments of different set-
tings, we demonstrate that our method can effectively handle
new participating agents, avoiding the need for re-training
models, shortening the adaptation time for new agents, and
achieving strong performance.

2) Agents Drop: We also evaluate our method’s ability
to handle dropping agents during training. For our network
structure, dropping agents do not affect the training process
of the remaining agents and the model does not need any
adaptation, the missing agents are just ignored. Figure 4b
shows the average episode rewards on Finding Home after
1 red agent drops from the training. As shown in Figure 4b,
our method does not need any adjustments and achieves high
rewards from the beginning, while the model trained from
scratch takes about 70k episodes to reach the same average
reward.

D. Scalability

Figure 5 demonstrates the comparison of the scalability of
our method and that of MATD3 + Attention on the Finding
Home task. The initial environment is 2g2r, and then more
agents are added to the training. The figure shows that, as
the number of new participating agents increases, the gap



Fig. 5: Scalability results. The plot shows the scalability of
our method and that of MATD3 + Attention, the environment
is initially 2g2r, and it is increased to 5g5r all the way to 8g8r.

Fig. 6: Results of the ablation study, the plot shows the average
episode rewards of the full model (“Full Model”), the model
with no agent embeddings (“No Embedding”), and the model
with independent MLPs heads (“No Ensemble Heads”) after
2g2r is altered to 3g3r and 4g4r.

between our method and MATD3 + Attention grows larger.
Training MATD3 + Attention becomes slower and requires
significantly more episodes, while our method can still train
the new agents in a few shots. These experiments demonstrate
the strong scalability of our method.

E. Ablation Study

We conduct ablation studies to analyze the importance of
two essential components: the ensemble heads and the agent
ID embeddings. We compare the training speed and average
episode rewards of three models: 1) the full model; 2) the
model with no agent embeddings but with ensemble heads; 3)
the model with no ensemble heads but with agent embedding,
using independent MLPs as its heads. We perform the ablation

(a) Value Candidate Selectors

(b) Policy Candidate Selectors

Fig. 7: The values (after softmax operation) of the selectors of
all agents. (a) shows the selectors of value candidate blocks.
(b) shows the selectors of policy candidate blocks. There are
2 types of agents in Finding Home, thus the selectors are 2-
dimensional. Agent O to agent 3 are original agents, and the
rest are new agents. The legend colors reflect the true colors
of the agents. The points are jittered with random noises to
increase their visibility in the plot.

studies on the Finding Home task. The model is initially
trained on 2g2r, then the number of agents is increased to 3g3r
and 4g4r. For all models, only the independent components
are trained and the shared components are fixed. The results
are shown in Figure 6. The average rewards of the "No Em-
bedding” model do not increase during its training, indicating
that agent ID embeddings are essential to our model. Without
shared ensemble heads, the “No Ensemble Heads” model takes
significantly longer to get properly trained, as the MLP heads
have more parameters and require more training episodes.

F. Visualizing Selectors

After new agents join the training, the selectors in their
value networks and policy networks should be properly trained
using few-shot learning. Ideally, after training, the same type



