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Abstract

In multi-agent reinforcement learning, a commonly consid-
ered paradigm is centralized training with decentralized exe-
cution. However, in this framework, decentralized execution
restricts the development of coordinated policies due to the
local observation limitation. In this paper, we consider the
cooperation among neighboring agents during execution and
formulate their interactions as a graph. Thus, we introduce a
novel encoder-decoder architecture named Factor-based Multi-
Agent Transformer (f-MAT) that utilizes a transformer to
enable communication between neighboring agents during
both training and execution. By dividing agents into different
overlapping groups and representing each group with a factor,
f-MAT achieves efficient message passing and parallel action
generation through factor-based attention layers. Empirical
results in networked systems such as traffic scheduling and
power control demonstrate that f-MAT achieves superior per-
formance compared to strong baselines, thereby paving the
way for handling complex collaborative problems.

1 Introduction

The intricate nature of collaboration and the demand for
time efficiency render multi-agent reinforcement learning
(MARL) a challenging problem. First, the joint action space
grows exponentially with the number of agents, resulting in a
complex scenario for making cooperative decisions. Second,
it requires effective information exchange throughout the
system to help agents learn the state of the environment and
other agents. For example, traffic light control at multiple in-
tersections needs a coordination mechanism that allows each
signal to act based on traffic conditions not only at its own in-
tersection but also at nearby neighbors, even at distant signals.
Therefore, developing an efficient collaboration approach is
crucial for decision-making in multi-agent systems.

A commonly considered paradigm in MARL is centralized
training with decentralized execution (CTDE) (Sunehag et al.
2017; Rashid et al. 2020; Son et al. 2019; Foerster et al. 2018;
Lowe et al. 2017; Yu et al. 2022), where each agent acts
independently according to its own observation.

However, these methods only focus on stabilizing train-
ing with advanced value estimation and do not finely model
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the relationship among agents during execution. As a result,
some of them may fail in the simplest cooperative tasks (Kuba
et al. 2022). Our method retains the actor-critic architecture
in the CTDE framework but extends independent action to
neighborhood-based action, capturing the interactions be-
tween agents during execution.

There are literatures (Boehmer, Kurin, and Whiteson 2020;
Li et al. 2020) modeling the relations among the agents in
multi-agent systems with graph, in which each agent is repre-
sented by a node and the agent interaction is represented by
an edge. To facilitate communication between agents, Foer-
ster et al. (2016) and Sukhbaatar, Szlam, and Fergus (2016)
utilize the averaged encoded hidden states of other agents,
while Zhang et al. (2018) and Zhang, Yang, and Basar (2021)
seek consensus to achieve the optimal common reward. Das
et al. (2019) and Jiang and Lu (2018) implemented atten-
tion mechanisms to determine the optimal time and target
for communication. Further research employs graph neu-
ral networks (GNNs) and graph attention networks (GANs)
to enhance agent interactions (Jiang et al. 2018; Hoshen
2017; Das et al. 2019; Singh, Jain, and Sukhbaatar 2019; Niu,
Paleja, and Gombolay 2021; Kim et al. 2019). Additionally,
MARL methods capitalize on networked topologies (Chu,
Chinchali, and Katti 2020; Zhang et al. 2018; Gupta, Hazra,
and Dukkipati 2020; Guestrin, Lagoudakis, and Parr 2002;
Zhang, Aberdeen, and Vishwanathan 2007). Unfortunately,
many of these methods suffer from the time complexity of
O(n?) for n number of agents (Hao et al. 2023). Moreover,
agent-level communication limits the efficiency of learning
cooperative policies.

To address these challenges, we propose Factor-based
Multi-Agent Transformer (f-MAT), which enables efficient
collaboration during both training and execution through all
agents via graph modeling within the CTDE framework. First,
to enable flexible communication, we propose a hypernode
called factor. By modeling the collaboration structure as a
graph, we organize agents into different groups and represent
each of them as a factor. Serving as the intermediary, each
factor can include multiple agents and each agent can belong
to multiple factors. Therefore, we allow an agent’s observa-
tion and action to propagate and to influence other agents,
while also facilitating communication at the group level.

Second, to capture the interactions between neighboring
agents, we utilize the transformer model, which shifts the



search in the joint action space from a multiplicative to an
additive size (Wen et al. 2022), effectively addressing the
problem of exponential growth of the action space. Further-
more, the mask mechanism ensures that messages are only
passed between factors and their constituent agents.

Third, to address the O(n?) time complexity in GAN-
based methods, we propose a factor-based attention that re-
duces the complexity to O(m-Sy- L), where m is the number
of factors, S¢ is the maximum size of the factors (number of
agents in it), and L is the number of layers. Generally, this
leads to significant savings as our experiments show.

Finally, to further reduce the computation cost, we propose
a parallel decoding in transformer inference, which signif-
icantly improves the efficiency upon the conventional au-
toregressive decoding. This is particularly useful for MARL
because the agents do not generally employ an order.

We evaluate the performance and efficiency of f-MAT in
grid alignment, traffic scheduling, and power control. Em-
pirical results demonstrate that f-MAT fulfills the efficient
collaboration compared to other baselines, paving the way
for efficient collaboration in multi-agent systems.

2 Related Work

Cooperative MARL presents a challenging problem as it is
difficult for each agent to deduce its individual contribution
to the global reward while cooperating with other agents.

A substantial amount of research has focused on the CTDE
framework. VDN (Sunehag et al. 2017) directly factorizes
the joint action-value function into the summation of indepen-
dent Q-value functions. QMIX (Rashid et al. 2020) enforces
the summation of action-value functions to a monotonic func-
tion. QTRAN (Son et al. 2019) generalizes factorization by
learning a state-value function, dispensing with the additivity
and monotonicity assumptions. COMA (Foerster et al. 2018)
introduces a counterfactual baseline in the advantage function
and effectively isolates each agent’s contribution. MADDPG
(Lowe et al. 2017) has access not only to the actions and
observations of its corresponding agent but also to all other
agents in the environment. MAPPO (Yu et al. 2022) is the
first to apply PPO (Schulman et al. 2017) to the multi-agent
setting with parameter sharing. These methods focus on learn-
ing a centralized critic, downplaying the interactions among
agents, especially during execution. Recently, MAT (Wen
et al. 2022) approaches MARL in a fully centralized fashion.
However, in practice, centralized execution is not feasible or
is overly expensive in computation and communication.

To better model the relationship between agents, graphs
have been commonly leveraged. DCG (Boehmer, Kurin, and
Whiteson 2020) considers a pre-specified coordination graph
to enable message passing between agents and their neigh-
bors. DICG (Li et al. 2020) improves this approach by in-
ferring the dynamic coordination graph structure which is
subsequently used by a GNN. HAMA (Ryu, Shin, and Park
2020) and MAGIC (Niu, Paleja, and Gombolay 2021) utilize
GANSs to deal with communication between agents. Some
of them suffer from the time complexity of O(n?) problem
for n agents, especially in a dense graph or attention-based
structure. Nonetheless, the graph modeling approach greatly
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inspires us to leverage it for capturing more effective relation-
ships among agents.

Further extensions allow agents to exchange messages dur-
ing execution. DIAL (Foerster et al. 2016) enables discrete
communication via the limited-bandwidth channel. Comm-
Net (Sukhbaatar, Szlam, and Fergus 2016) extends to a con-
tinuous communication channel. TarMAC (Das et al. 2019)
achieves targeted communication with a signature-based soft
attention mechanism. ATOC (Jiang and Lu 2018) employs an
attention mechanism to decide whether an agent should com-
municate in its observable field. NeurComm (Gupta, Hazra,
and Dukkipati 2020) proposes a neural communication pro-
tocol for networked system control. However, these methods
focus primarily on communication between individual agents
and overlook communications at the group level, limiting
their effectiveness in managing large-scale distributed sys-
tems. Yet, using attention mechanism to control when and
with whom to communicate inspired us to employ transform-
ers to ensure that information flows only to relevant agents.

In this paper, we begin with CTDE framework and explore
along graph modeling perspective, aiming to find an efficient
message-passing mechanism using the transformer model.

3 Preliminaries

We follow Littman (1994) to model cooperative MARL as
a Markov game (N, O, A, P, R, v). N = {1,2,3,..,n} is
the set of agents. O = [\, O" is the product of local ob-
servation spaces of the agents, namely, the agent observation
space. A = ], A" is the product of the agents’ action
spaces, i.e., the joint action space. P : O x A x O — [0, 1]
is the transition probability function. R : O x A — R is the
joint reward function. v € [0, 1) is the discount factor. Let

i1,...,1, be arandom permutation of 1, ..., n, and we ab-
breviate is.5 := {i¢, 9441, ..,1s} if ¢ < s, and () otherwise.
3.1 Multi-Agent Transformer

Multi-Agent Transformer (MAT, Wen et al. 2022) casts co-
operative MARL as a sequential modeling problem wherein
one maps a sequence of observations to a sequence of actions,
through the multi-agent advantage decomposition theorem
(Kuba et al. 2021). This decomposition reveals the insight that
the joint advantage A’ can be decomposed into the sum
of individual ones, allowing one to reduce the search space
of multiplicative size []]_, |.A;| to additive size Y-, [A;].
In addition, the definition of individual advantage function
Alm (o, a"t:m=1_q'm) naturally reveals a causal sequential
structure, where a’~ depends on the set of preceding ac-
tions a’*»~1 (and the joint observation). MAT leverages this
decomposed causal structure, using encoder-decoder trans-
formers with causal masked self-attention, by the following
encoder and decoder training:

n T-1
Lae(d) = 7= 3 3" [Rl0n,a0) +7V3(0} 1) — V(o)
e
Laee(6) ﬂmz:l gmin (rzm (6) Ay, clip(rim (0), H:e)At)
ri () = myn (a0 &y ) /(a6 &)
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Figure 1: Factor-based attention layer. Green represents nodes, Red represents factors. (a) Factor graph: divide all nodes (1,
2, 3, 4) into two overlapping groups (1, 2, 3) and (2, 4); define two hypernodes, factor 5 and factor 6 to represent each group;
transform a general graph to a bipartite graph. (b) Attention details when updating factors: to update factor observation o5, o,
we set 05, 06 as query, o ... 04 as key and value. Query of only take attention to related agents’ observations o1, 02, 03. Similar
operation to factor observation og. 05 and 0g are updated factors. (c) Update scheme on factor-based MHA: It is a two-way
message passing, which first updates factors and keep nodes unchanged, then update nodes and keep factors unchanged.
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The policy of agent i,, is w,™ (a;™[0;"", &, ), requir-

ing observation representations of all agents 6,’;1’" and all

preceding agents’ actions @, "™ ~". So the execution is central-
ized. In practice, decision-making may not require complete
information from the system. Often, only observations from
nearby or related neighbors are relevant. Pulling informa-
tion from all agents can introduce redundant details, wasting
computation and communication. That said, MAT inspires a
transformer-based structure in our message-passing mecha-
nism.

4 Factor-based Multi-Agent Transformer

The goal of f-MAT is to address the challenge of multi-agent
collaboration in execution for centralized training decentral-
ized execution (CTDE) algorithms, aiming to generate more
cooperative policies. In this paper, we focus on exploring a
message-passing mechanism from a graph modeling perspec-
tive, seeking to enhance cooperation through a more efficient
and expansive communication approach.

4.1 Factor Representation of Coordination Graph

To enable the broader message passing, we divide agents
into different groups and represent each group with a virtual
hypernode named factor, thereby using factors as the inter-
mediary to fulfill the group-level communication. Pooling
several agents into one group instills the prior that they tend
to influence each other. For example, cooperation is partic-
ularly necessary for them to achieve optimal actions, or an
agent’s optimal policy should draw on a factor-mate’s inputs
(not necessarily the raw observations), or agents in this factor
collectively define some situations that impact other agents.
We will pass low-cost messages to agents within the same
factor to share information. Therefore, a larger factor pro-
motes collaboration between more agents. Since an agent can
belong to multiple factors, larger factors also allow informa-
tion such as actions and observations to be propagated more
efficiently to other agents.
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We use the toy example in Fig. 1a to illustrate our idea,
and it can be easily extended to general networks. Factors
can be defined flexibly, accounting for multiple inductive
biases and practical constraints. For example, it can be any
group of agents such as (1, 2), (2, 3), (3,4) or (1, 2, 3, 4).
Here, we divide the graph into two groups: (1, 2, 3) and (2,
4), represented by factors 5 and 6, respectively.

Following the standard practice in the graphical model
literature (Bishop 2006), we characterize the agent-factor
membership with a bipartite graph G = (N, F), where
F={f;j:j=1,...,m}is asetof factors. An undirected
edge is placed between a node i € A and a factor f € F if
and only if 7 is a member of f, denoted as ¢ € f. Denote the
set of edges as £. Fig. 1a shows the resulting factor graph.

The factor representation simplifies the complex collabo-
ration among agents on a general graph into a group-level
message passing framework represented by a bipartite graph,
which can be easily utilized by the transformer architecture.
In the next section, we will overcome the O(n?) complex-
ity of transformer and explore an efficient message passing
mechanism across the entire graph via factors.

4.2 Factor-based Attention Layer

A crucial property of f-MAT is passing messages between
agents and factors. We propose factor-based attention layer to
fulfill the efficient message passing by combining factor and
multi-head attention layers (MHA) in transformer through
proper masking.

Assume we have n nodes, m factors, the input sequence
matrix is O € RO *D and D is the embedding dimen-
sion. As illustrated in Fig. 1c, O[N/,:] with N € [1,...,n]
is the raw observation of nodes, and O[F,:] with F €
[n + 1,...,m] is the observation of factors initialized by
averaging the observations of constituent nodes. We calculate
factor embeddings using nodes, followed by computing node
embeddings using factors. During message passing, masks
are employed to ensure each factor only pays attention to its
connected nodes, and each node only pays attention to its
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Figure 2: Architecture of f-MAT. At each time step, the encoder takes the observation of nodes and factors as the input and
outputs the factor-based observation representation. The factor observation is initialized by the average of related agent’s
observations. In decoder, we initialized the actions by the learned observation representation and generate actions in parallel. All
attention layers utilized are factor-based attention layers. The pseudo code of f-MAT can be found in Appendix A.

connected factors. To maintain the fixed length observation
n + m, we keep the nodes unchanged when updating the
factors, and the factors unchanged when updating the nodes.

For example, in Fig. la, nodes are defined as N =
{1,...,4}, factors are defined as F {5,6}, and
the input of the factor-based model is O[N U F,:]
(o',...,0% 0% 057, In the attention layer that sends mes-
sages from nodes to factors, we first keep nodes (o', . .., o%)
unchanged, then update factors by masking out all unrelated
nodes. Assume the updated factors are denoted as (6°, 6%),
and the output of the attention layer with mask M,,_, ; (mean-
ing node to factor) is (o!,...,0% 6° 6%). In the attention
layer that sends messages from factors to nodes, we first keep
factors (6°,6%) unchanged, then update nodes by masking
out all unrelated factors. Assume the updated nodes are de-
noted as (6',...,6%), and the output of the attention layer
with mask M;_,, is (6',..., 0% 6%, 0°).

Here, we defined two mask matrices of (n+m) X (n+m):
M,,_, ; for message passing from nodes/agents to factors/-
groups, and its transpose as M _,,, for the opposite direction:

1 ifie Nandje€ Fandie€ f;
0 else .

MTL—>f(i7j) = { (1)
Both matrices are sparse, rendering optimization in imple-
mentation. Fig. 1b shows the top-right corner of M,,_, y for
the running example, i.e., rows 1 to n and columns n + 1 to
n + m; the other elements are 0. The queries () are no longer
represented by O € R("*+™)*D nstead, in factor-based at-
tention, queries @ are set to O[F, 3], keys K to O[N], and
values V to O[N,:]. Similar operations apply to M _,,.
Applying the factor-based attention mechanism to our run-
ning example, the queries are Q = {5,6}, with keys K
and values V being {1, 2, 3,4}. When updating factors, each
factor only attends to its constituent nodes. Thus, of]’ only

attends to {0}, of, o} }, and of only attends to {of, 0{'}. Once
factors 0° and 0° are updated, we maintain the fixed-length
observation n + m without changing those for the nodes.
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The update of nodes and factors is completed after passing
through two layers of factor-based attention (node-to-factor
and factor-to-node). We define it as factor-based multi-head
attention (f-MHA), and multiple f-MHA layers allow longer-
distance propagation between agents through factors, so that
all the necessary information is spread throughout the graph.

The time and space complexity of the factor-based atten-
tion model with L layers is O(L - |€|), which is bounded by
O(m - Sy - L). Typically, L < 3. Depending on the factor
topology, it can be much more efficient than the traditional
attention models, which cost O(n?). We will demonstrate the
savings via the three experiments in Sec. 5.

4.3 Encoder and Decoder Implementations

The overall architecture of f-MAT can be found in Fig. 2.
Our implementation is based on MAT, where we replaced
conventional MHA with f-MHA, leading to a few nuances
in the encoder/decoder updates and inference.

Encoder In conventional encoder-decoder transformers as
well as in MAT, attention is not masked in encoders, leading
to centralized policy w.r.t. observations, i.e., requiring joint
observation o as the input. In contrast, f-MAT applies factor-
based masks to enable local message passing, so that a policy
only needs to draw upon local observations instead of global
ones. Equation (2) below formalizes the encoder objective of
f-MAT, using the Bellman error of the value function V' that
is defined locally. The pseudocode is given in Algorithm 2.

n T-1

Fee(9) = 7, D2 [ Rlonan) +9Vi(61) - Valol)] @)
Decoder Similarly, decoders are composed of our factor-
based attention layers, and training is similar to conventional
decoder training, except that our attention is local. The major
difference lies in inference, the computational bottleneck
of MAT due to the auto-regression. Furthermore, since there
is generally no natural order among agents, MAT manually
introduces a random order and regenerates it every iteration.



In contrast, we propose parallel inference for f-MAT
which is by itself novel for transformers. The method is de-
tailed in Algorithm 3 in Appendix A, where message passing
alternates between node-to-factor and factor-to-node in a syn-
chronized fashion. This resembles Gibbs sampling, and we
sketch the connection in Appendix B.

We observe that a small number of f-MHA layers (L < 3)
can already produce good performance in our experiments.
In addition, we consider using action distributions (directly
maps the factored observations to individual actions through
linear layers) as initialization to bypass the slow mixing issue
of Gibbs, as it is known that good initialization improves
efficiency of samplers (Boland, Friel, and Maire 2018).

For training, we update the decoder using PPO loss (Schul-
man et al. 2017) with a factorized policy:

n T-1

(0)= 22> min(r{(0)Ar, clip(ri(6), 1+ ) A

=0 t=0
)

The policy 7 for agent i draws on the observations from
its reception field rf(4). It consists of all the agents that can
be reached from ¢ with at most 2L hops on the factor graph.

The complete pseudocode for f-MAT’s encoder and de-
coder can be found in Algorithm 1 in Appendix A. f-MAT
seeks a balance between centralized and decentralized exe-
cution, offering a novel solution to cooperative MARL. The
key insight is the factor-based mechanism, which facilitates
efficient and extensive message passing among agents from
graph modeling perspective. Additionally, f-MAT enables
parallel action generation within the transformer model, fur-
ther reducing computational time and making it better suited
for environments that require agents to take cooperative ac-
tions simultaneously.

3

i) Arf(d)

ri(0)=m4(ail6) ) / mh, (ai]6}

5 Experiments

We evaluate f -MAT in three environments, each presenting
different challenges. The first environment is a strong cooper-
ation scenario named grid alignment, where the agents prefer
to align their actions with the neighbors of the same row or
column. The second environment is traffic light control with
heterogeneous agents. The third environment is power con-
trol, emphasizing local control where an agent’s actions have
a limited effect on those distant from it. We choose MAT, a
fully centralized method, as the performance upper bound.
Then, we primarily utilize MAPPO and MAT-dec* under the
CTDE framework as our baseline competitors. We evaluate
all methods in terms of performance and training efficiency.

5.1 Grid Alignment

Environment Our first experiment is on a simplified do-
main of traffic flow (Zhang, Aberdeen, and Vishwanathan
2007), called GridSim, where all agents coordinate their
actions to maximize the global reward. The traffic flow is
an s x s grid shown in Fig. 7a in Appendix C. Each row

*MAT-dec is a more decentralized variant of MAT, but it still
has a centralized component at execution, namely the encoder.
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and column includes a buffer to hold traffic units that arrive
with a probability (Pr = 0.5) at each timestep. At each grid
intersection, an agent controls a gate, which can be chosen
from two actions: keeping the gate aligned horizontally or
vertically. Traffic can only flow through a column if all its
gates are vertically aligned, and similarly through a row if all
its gates are horizontally aligned. When this happens, all wait-
ing traffic for that line propagates instantly, and each unit of
traffic contributes +1 to a global reward. The optimal reward
is the grid size s. So each agent should ideally choose the
same actions as its directly preceding neighbor, especially if
that neighbor is in the lane with the most waiting traffic in the
buffer. Hence, this environment emphasizes the collaboration
of direct neighbors.

Results It is natural to form groups/factors along each row
and column. Figure 3 illustrates the resulting performance
and training efficiency. The ‘gs’ in legends refers to the group
size (Sy) - ‘gs4’ means that each factor involves Sy = 4
agents located consecutively along each row or column. This
leads to O(s(s — Sy)SyL) complexity, which is much lower
than O(n?) = O(s%).

MAT sets an upper bound in GridSim where an agent’s
action depends on the actions of preceding neighbors. Com-
prehensive knowledge of all preceding agents aids decision-
making. In the 8 x 8 grid shown in Fig. 3a, while all CTDE
methods achieve optimal results, f-MAT is the closest to
MAT in performance and converges the fastest. As we move
towards a 12 x 12 grid, the differences in performance among
the four methods become more pronounced. f-MAT contin-
ues to approach the optimal performance, whereas MAT-dec
and MAPPO fall short, achieving 75% and 65% of f-MAT’s
performance on 10 x 10 (Fig. 3b) and 12 x 12 grids (Fig. 3c),
respectively. Interestingly, Fig. 3b and 3c show that the group
size significantly impacts the global reward. We will delve
into the impact of group size in Sec. 5.4.

To compare the training efficiency, Fig. 3d shows that f-
MAT achieves optimal performance among all CTDE meth-
ods, just slightly slower than MAT. f-MAT requires only 1/2
of the training time taken by MAPPO and MAT-dec to reach
the similar performance. This confirms that f-MAT is signif-
icantly more efficient in learning. We note that this subplot
is based on a single seed, because it is difficult to plot the
average over multiple seeds. We hence present the results of
two more seeds in Figure 8a in Appendix D. Similar results
with additional seeds for traffic control and power control are
in Fig. 9a and Fig. 10, respectively.

5.2 Traffic Light Control

Environment The second environment adapted the Simu-
lation of Urban Mobility (SUMO, Chen et al. 2020; Ault and
Sharon 2021), which is widely recognized in the transporta-
tion community. We chose as our testbed an area with n = 28
traffic lights in Monaco (Chu, Chinchali, and Katti 2020),
illustrated in Fig. 7b in Appendix C. We used the average
queue length at intersections to measure the level of traffic
congestion. Traffic light control is a challenging application
in MARL because each traffic light needs to observe a wider
area to make decisions, and the actions of each agent im-
pact a broader region beyond just adjacent agents. Another
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Figure 3: The performance results for GridSim with three
different number of agents (n = 64, 100, 144) and the train-
ing efficiency on grid 8 x 8. All performance results are
presented as mean =+ std. ‘Efficiency’ in subplot (d) refers to
training efficiency, i.e., evaluation reward vs. training time.

challenge arises from the heterogeneity of agents in terms of
observation and action.

Results It is less clear here how to form the groups based
on the problem formulation or the definition of the reward.
We randomly divided the agents into two groups or four
groups, and then we added each agent’s directly connected
neighbors. This leads to f-MAT-f2 with Sy = 20 and f-MAT-
f4 with Sy = 15 approximately. The complexity of O(S;L)
is much lower than O2. We will discuss group selection later
in Sec. 5.4.

Fig. 4 shows that under different numbers of factors,
f -MAT produces performance comparable to MAT and
achieves a higher training efficiency than all other methods.

Furthermore, f-MAT maintains its effectiveness even in
a heterogeneous environment. In contrast, MAPPO, being
a shared parameter approach, is inherently susceptible to
failure in an inhomogeneous setting. MAT, MAT-dec, and f-
MAT incorporate an embedding layer that aligns the diverse
observation and action dimensions, thereby enabling their
adaptability and success in heterogeneous environments.

Given the need for collaboration over a broader area and
communication between agents in this environment, f-MAT
outperforms MAT-dec in both performance and training effi-
ciency. f-MAT learns faster than MAT, requiring 3/5 training
time of MAPPO and MAT-dec to achieve comparable results.
This highlights the need for cooperation during execution
and further validates the advantage of f-MAT.
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Figure 5: The performance and training efficiency results for
power grid control. f-MAT outperforms more evidently in
complex environments.

5.3 Power Control

Environment The voltage control problem in distributed
generators (DGs) can be viewed as a cooperative MARL
problem. We have two microgrid systems (Chen et al. 2021):
one with 6 distributed DGs (microgrid-6) and a larger-scale
microgrid system with 20 DGs (microgrid-20), both shown
in Fig. 7c in Appendix C. Power control is an environment
where communication among all agents is not necessary, as
control infrastructures are typically dispersed across a large
area. It is a widely used environment for communication-
based methods. We reference their results and compare them
with our methods in the Table 2 in Appendix D .

Results We manually divided groups with only one over-
lapping agent. In microgrid-6, we set the number of factors
tom = 2 and Sy = 4. In mircrogrid-20, we set the number
of factors to m = 3 and Sy = 6. This results in a complex-
ity of O(S¢L). Fig. 5 shows that f-MAT is one of the best
performing methods in the two microgrid systems, achieving
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Figure 6: Ablation on GridSim: (a) Average reward under
different L., with group size = 6. (b) Comparison on opti-
mality gap under different L.,. and group sizes.

the highest training efficiency.

One observation from this environment is that MAT outper-
forms other methods in microgrid 6, but suffers the poorest
performance in microgrid 20, probably due to the local con-
trol nature of the setting, where an agent does not require
information from all others to make decisions. Utilizing fully
centralized observations during execution in the decentral-
ized environment may introduce irrelevant information, po-
tentially impairing performance. This can also explain that
MAT-dec yields results close to MAT and f-MAT in the mi-
crogrid 6 system, and achieves one of the best performance
in the microgrid 20.

Another observation is that f-MAT demonstrates its supe-
rior training efficiency more slowly in microgrid 6 compared
to microgrid 20, suggesting that f-MAT exhibits its advan-
tages more easily in complex environments.

In this section, we conducted experiments on three environ-
ments with different communication scopes: direct preceding
neighborhoods (grid alignment), local neighborhoods (power
control) and broader areas (traffic light control). The selec-
tion of factors ranges from a clearly defined formulation
(grid alignment) and limited scope (power control) to random
choices on a general graph (traffic light control). In addition,
the observation and action spaces include both homogeneous
and heterogeneous settings.

5.4 Ablation

Choice of Lepe and Lgee We select a 12 x 12 grid from
GridSim, fix the group size to Sy = 6, and then vary the value
of Lepe from 1 to 4. As shown in Fig. 6a, L, = 3 produces
the most stable trend and achieves the highest reward. The
results of group sizes Sy = 9,12 in Appendix Fig. 8b and 8c
further support this observation. To explore the relationship
between L., and group size, we use the optimality gap, the
value between the true optimal reward and the learned reward
achieved by the algorithm, to illustrate the variations. In
Fig. 6b, Lene = 3 generally yields good performance among
various group sizes. We notice an initial improvement in
performance as L., increases. However, further increases
do not consistently enhance results. As the number of layers
grows, the information received by agents becomes more
homogeneous, making it challenging to distinguish between
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individual agent features. Such an over-smoothing effect is
also observed in GNNs (Kipf and Welling 2017).

Furthermore, the results for group size = 12 demonstrate
that selecting the appropriate group can lead to optimal re-
wards with a smaller Le,.. The results for group sizes from
6 to 11 show that slightly increasing L, can also offset a
less ideal group choice, but increasing it to 4 or 5 leads to
limited benefits, as the occasional performance boost cannot
compensate for the significantly increased computation time
incurred by a larger value of Leyc.

Based on the above experiments, we recommend setting
Lene = 3, which we used to produce our main results.
Choice of group size It is challenging to theoretically ana-
lyze the impact of group selection and size. Here, we quote
some relevant results from Lemma 2 in Qu, Wierman, and
Li (2022) and Theorem 3 in Ma et al. (2024) to support our
results, although their setting only considers direct links be-
tween agents rather than through factors. As Ma et al. (2024)
shows, the optimality gap decays exponentially with increas-
ing k, where k is the number of hops used in learning. But
when £ is larger than a threshold, other aspects such as sam-
ple efficiency, computational cost, and the representational
capacity of the neural network must be considered, leading
to the increase of the optimality gap.

In our setting, the group size Sy can be considered a coun-
terpart of k. So, the above theoretical results (for k) are con-
sistent with our experiments with varied values of S across
different Lenc shown in Fig. 6b. To select S¢, an economical
way is to choose the "elbow" value. Or, one can pick Sy that
achieves the best performance, provided that computational
cost and efficiency are manageable.

Choice of group selection The group selection in f-MAT
is flexible. In GridSim, we designated groups based on the
definition of reward. We can also first choose the number of
groups and then randomly pick agents and its related neigh-
bor (directed neighbor, k-nearest neighbor, k-hop neighbor),
similar to our approach with traffic lights. From Fig. 9b, we
selected 2 and 4 as number of factors discussed in Sec. 5.2.
Computational time Recall the complexity of MHA in
f-MAT is O(m - Sy - L). We conducted experiments on the
inference time cost to demonstrate this big-O complexity,
and the result in 12 x 12 GridSim is shown in the Table 1 in
Appendix D. The group size of f-MAT is 12. f-MAT runs in
a comparable computation time to MAPPO during inference,
benefiting from its parallel action generation mechanism.
MAT generates actions autoregressively during inference,
making it the slowest method during inference. MAT-dec
modifies the decoder of MAT by replacing the attention block
with an MLP, yet it still generates actions autoregressively.
As a result, MAT-dec is only slightly faster than MAT.
Conclusion In this paper, we propose Factor-based Multi-
Agent-Transformer that enables efficient collaborations in
both training and execution through all agents via graph mod-
eling within the CTDE framework. This approach enriches
CTDE framework by incorporating neighborhood interac-
tions during execution. Empirical results demonstrate that
f-MAT achieves strong performance across diverse environ-
ments. Future work will concentrate on dynamic graphs and
the development of learnable factors.
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