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ABSTRACT
Communication can facilitate agents to gain a better understanding
of the environment and to coordinate their behaviors in multi-agent
deep reinforcement learning (MADRL). However, in certain applica-
tions, communication is not available during execution due to factors
such as security concerns or limited resources. This paper focuses on
a MADRL setting where communication is used only during train-
ing, but not during execution, enabling the learning of coordinated
behaviors while keeping decentralized execution. As communication
may introduce uncertainty, we conduct the first theoretical analysis
to study the variance caused by communication in policy gradients
using actor-critic methods. Motivated by this analysis, we propose
modular techniques to reduce the variance in policy gradients caused
by communication. We incorporate these techniques into two exist-
ing MADRL with communication methods and evaluate them on
multiple tasks in three benchmark environments. The results demon-
strate that MADRL with communication methods extended with our
techniques not only achieve high-performing agents but also reduce
variance in policy gradients.

KEYWORDS
Variance Reduction, Multi-agent Reinforcement Learning, Commu-
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1 INTRODUCTION
Numerous real-world scenarios involve multiple agents interacting
within a shared environment, spanning domains like autonomous
driving [32], robotics [17], and game playing [1, 33]. Multi-agent
Deep Reinforcement Learning (MADRL) has been widely used to
develop cooperative behaviors of agents in partially observable envi-
ronments [13, 28, 42]. MADRL agents can communicate with one
another to share information, thereby broadening their perception
of the environment and improving the coordination of their behav-
iors [13, 44, 46]. In recent years, there has been growing research
interest in MADRL focusing on learnable communication protocols,
in which agents exchange encoded messages rather than sharing
massive local information [46]. These research works are known as
MADRL with learning communication (Comm-MADRL), which
aims to learn adaptive and flexible communication among agents.
Within the Comm-MADRL field, several settings have been utilized,
focusing on whether agents are trained in a decentralized or central-
ized manner, and whether communication is possible during training
or policy execution [13, 46].
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In practical applications such as UAVs, concerns about security
or limited resources often necessitate that agents operate indepen-
dently without communication, yet in a coordinated manner [2, 35].
In such applications, achieving decentralized and coordinated be-
havior among agents without information sharing during execution
becomes essential. To support such applications, communication can
be introduced only during training, ensuring and enhancing learning
coordinated behaviors efficiently and effectively. Previous work has
explored the use of actor-critic methods and proposed to incorporate
communication into individual critics but not actors [15, 20]. In
these research works, each critic has access only to local information
(e.g., an agent’s own history and actions), augmented with encoded
low-dimensional messages from other agents, enabling information
sharing while maintaining efficient and secure policy learning. Dur-
ing execution, the critics can be discarded, and only the actors are
used. In the rest of this paper, we build on these communication
methods and coin the term Communicating Critics and Decentralized
Actors (CCDA) to refer to the settings where individual critics com-
municate during training while actors cannot communicate neither
during training nor during execution.

In CCDA, critics exchange and leverage low-dimensional mes-
sages, benefiting from improved computational efficiency due to the
reduced input dimensionality compared to centralized critics that
rely on complete global information. Despite the promising appli-
cations of CCDA, communication can introduce challenges when
incorporated into the critics. Specifically, communicated messages
are often generated in a stochastic manner [9, 16] such that, from
the perspective of receiver agents, using messages as inputs to their
critics introduces uncertainty during value estimation. As a result,
the policy gradients of actors guided by communicating critics may
exhibit high variance, leading to low sample efficiency and per-
formance degradation. Despite this, previous research has focused
on variance analysis in policy gradients without communication
[22, 23], and thus not measuring variance caused by communication.

In this work, we conduct the first theoretical analysis of the vari-
ance in policy gradients within Comm-MADRL under the CCDA
setting. Variance analysis is a vigorous method that allows us to
investigate the variability and dispersion of policy learning. Through
our variance analysis, we prove that in both idealistic communication
setting (where critics communicate sound & complete information)
and non-idealistic communication setting (where sound & complete
information is corrupted with noise), policy gradients under commu-
nicating critics (in the CCDA setting) have equal or higher variance
than that of the centralized critic. Our theoretical analysis motivates
us to reduce the variance in policy gradients using communicating
critics under CCDA. A widely used approach for variance reduction



Table 1: Comparison of critics and actors, where the on-policy
critics 𝑄𝜋 (and 𝑄𝜋

𝑖
) and the actor 𝜋𝑖 of agent 𝑖 may condition on

agents’ histories (ℎ𝑖 ), actions (𝑎𝑖 ), and received messages (𝑚−𝑖 ).

Paradigms Critics Actors

Setting 1 𝑄𝜋 (ℎ1, . . . , ℎ𝑁 , 𝑎1, . . . , 𝑎𝑁 ) 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 )
Setting 2 𝑄𝜋 (ℎ1, . . . , ℎ𝑁 , 𝑎1, . . . , 𝑎𝑁 ) 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 ,𝑚−𝑖 )
Setting 3 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ) 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 )

Setting 4 𝑄𝜋
𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) 𝜋𝑖 (𝑎𝑖 , | ℎ𝑖 ,𝑚−𝑖 )

Setting 5 𝑄𝜋
𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 )

is the baseline technique [12, 18, 39, 41]. Existing baseline tech-
niques are designed to reduce variance arising from states or actions,
while do not account for the variance induced by communication
among agents. Moreover, applying existing baseline techniques to
MADRL with communication methods is not straightforward, which
may not optimally reduce the variance caused by communication.

In this paper, we propose a message-dependent baseline technique
that mitigates the variance caused by communicated messages. We
derive the optimal form of our proposed baseline and theoretically
prove that it reduces the variance in policy gradients. In practice,
we seek to estimate the proposed baseline based on communicat-
ing critics and the policy distributions of actors. To improve the
estimation of the baseline, we propose to use KL divergence as a reg-
ularization technique that encourages the actors to remain as close
as possible to the communicating critics. Our proposed variance
reduction techniques can be applied to any Comm-MADRL method
under CCDA. To show the effectiveness and efficiency of the pro-
posed techniques, we extend two existing MADRL methods under
the CCDA setting and evaluate the two methods with and without
our techniques on multiple tasks in three benchmark environments,
StarCraftII Multi-Agent Challenge (SMAC) [30], Traffic Junction
[34], and Predator-Prey [34]. The results show that our proposed
techniques can reduce the variance in policy gradients caused by
communication under CCDA and improve learning performance.

2 RELATED WORKS
To position our focused CCDA setting within the broader literature
on MADRL, we distinguish various settings, with and without learn-
ing communication, across training and execution phases. In Table 1,
we have summarized 5 settings in the MADRL literature: (Setting 1)
Centralized Training and Decentralized Execution (CTDE) without
learning communication, (Setting 2) CTDE with communicating ac-
tors, (Setting 3) Decentralized Training and Decentralized Execution
(DTDE), (Setting 4) Communicating Critics and Communicating
Actors (CCCA), and (Setting 5) CCDA where only critics communi-
cate. We also present an graphic view of these settings in Appendix
4. Among them, Settings 1 and 2 use predefined full information
during centralized training. Settings 2 and 4 require communicating
actors during both training and execution, which may not satisfy
practical requirements of security and limited resource as motivated
in the introduction. Settings 1 and 3 are different from other settings
as communication is not learned. Setting 5 is the CCDA, where
communication is learned and utilized in the critics but not in the
actors. CCDA can become comparable to Setting 1 when the crit-
ics in CCDA share full information deterministically, without any

stochasticity in their messages. However, the key difference between
CCDA and Setting 1 is that, in CCDA, critics learn what, when, and
with whom to communicate low-dimensional messages during train-
ing, whereas this is not the case in Setting 1. Due to the similarity
between CDDA and Setting 1, we compare CCDA with Setting 1
in our theoretical analysis to show that they have different variance
properties.

Learning Communication in MADRL. Previous works mainly
focus on learning efficient and effective communication to improve
learning performance under either CTDE with communicating actors
[6] (Setting 2), CCCA where both critics and actors communicate [4,
25] (Setting 4), and CCDA where only critics communicate [15, 20]
(Setting 5). In CTDE with communicating actors, existing research
works utilize either a shared Q-function [16, 29] or a joint value
function [14, 36] for the training of communicating actors. Moreover,
encoded messages are often viewed as additional inputs for policies,
such as CommNet [36], ATOC [16], TarMAC [6], I2C [7], GACML
[24], CACOM [19], RGMComm [4], and Commformer [14]. These
methods require explicit message transmission among agents during
both training and execution, and assume access to global information
for critics. In contrast, the CCDA setting (Setting 5) do not involve
message exchange among actors, and the critics rely only on local
information and encoded messages.

Compared to CTDE with communicating actors, learning com-
munication among individual critics is under-explored. The existing
works mainly rely on actor-critic methods [4, 15, 20, 25] (Settings
4 and 5). When communication is allowed only among critics not
actors (i.e., the CCDA setting), learning communication relies on
MAAC [15] and its latest variant GAAC [20]. In MAAC, each
agent’s individual critic considers not only its local information
but also incorporates and aggregates information from other agents.
Based on MAAC, GAAC incorporates a communication graph in the
critics to decide when and how to communicate with other agents.
In the specific case where agents communicate full information de-
terministically rather than learning to communicate in a stochastic
manner, MADDPG [21] enables each agent to employ an individual
but global Q-function as a critic. When communication is learned
and used in both critics and actors, Setting 4 is adopted. In this
setting, MAGIC [25] proposes to share neural networks for critics
and actors, and learn how to schedule and encode messages for
both actors and critics. In contrast, CCDA methods (e.g., GAAC)
do not involve message sharing among actors, allowing decentral-
ized execution without communication while still benefiting from
communication during training.

In addition to learning communication in MADRL, we also notice
research works considering predefined communication where agents
share experience to enhance training while not using in execution
[5, 11]. In comparison, CCDA methods explicitly learns what, when,
and how to communicate. As none of the above studies address the
issue of high variance arising when communication is learned and
integrated into policy gradients, our theoretical analysis provides
a first step toward understanding this challenge, focusing on the
CCDA setting to offer key insights.

Variance Analysis in MADRL. Variance reduction is an essen-
tial topic in MADRL [18, 37]. Previous works have built a theoretical



analysis of the variance in policy gradients without communica-
tion. Lyu et al. [22, 23] theoretically contrast policy gradients under
CTDE and DTDE settings and claim that the uncertainty of other
agents’ observations and actions appeared in centralized Q-functions
can increase the variance in policy gradients 1. In contrast, we study
variance in policy gradients considering communication.

One of the most successfully applied and extensively studied
methods to reduce variance is known as the baseline technique
[10, 18, 41]. Concretely, Wu et al. [41] utilizes an action-dependent
baseline to eliminate the influence of the other agents’ policies. Foer-
ster et al. [10] introduces a counterfactual baseline that marginalizes
out a single agent’s action, while keeping the other agents’ actions
fixed. More recently, Jakub et al. [18] mathematically analyze the
variance of policy gradients under CTDE and quantify how agents
contribute to the total variance. They propose a baseline technique
to achieve minimal variance when estimating policy gradients under
CTDE. In summary, existing baseline techniques consider the source
of variance from the uncertainty in other agents’ observations or ac-
tions, while our baseline technique considers the source of variance
from the uncertainty in generated messages.

3 PRELIMINARIES
Multi-Agent Reinforcement Learning. Cooperative multi-agent

tasks are often modeled as decentralized partially observable Markov
decision processes (Dec-POMDPs) [26]. A Dec-POMDP is defined
by a tuple

〈
I,S, 𝜌0, {A𝑖 } , 𝑃, {O𝑖 } ,𝑂,R, 𝛾

〉
, where I is a set of

agents indexed as {1, ..., 𝑁 }, S is a set of environment states, 𝜌0 is the
state distribution, A𝑖 is a set of actions of agent 𝑖, and O𝑖 is a set of
observations of agent 𝑖. Then, transition function 𝑃 : S×A → Δ(S)
specifies the transition probability 𝑝 (𝑠′ |𝑠, 𝒂) from state 𝑠 ∈ S to new
state 𝑠′ ∈ S given joint action 𝒂 = ⟨𝑎1, ..., 𝑎𝑁 ⟩ and 𝒂 ∈ A = ×𝑖∈IA𝑖 .
With the environment transitioning to new state 𝑠′, given joint action
𝒂, the probability of a joint observation 𝒐 = ⟨𝑜1, ..., 𝑜𝑁 ⟩ is determined
according to the observation function 𝑂 : S × A → Δ(O), where
𝒐 ∈ O = ×𝑖∈IO𝑖 . Each agent then receives a shared reward 𝑟 =

R(𝑠, 𝒂) according to the reward function R : S × A → R, which is
discounted by 𝛾 over time steps. The joint policy 𝝅 of agents induces
an on-policy joint Q-function: 𝑄𝝅 (𝑠, 𝒂) = E𝑠𝑡∼𝑃,𝒂𝑡∼𝝅 [

∑𝑇
𝑡=0 𝛾

𝑡𝑟𝑡 |𝑠0 =
𝑠, 𝒂0 = 𝒂], which is the expected discounted return within the time
horizon 𝑇 . When the state 𝑠 is not observable, the joint history
𝒉 = {ℎ1, ..., ℎ𝑁 } is used, where ℎ𝑖 = (𝑜𝑖0, 𝑎𝑖0, ..., 𝑜𝑖𝑡 ) is the individual
observation-action history of agent 𝑖 up to time step 𝑡 . Therefore,
we obtain the history-based joint Q-function 𝑄𝝅 (𝒉, 𝒂) [23], which
can be implemented by LSTM neural networks [27]. For notational
readability, we omit the time step 𝑡 .

Policy Gradients under CTDE and CCDA. Policy gradient
methods under CTDE, e.g., MAPPO [43], use a centralized and joint
Q-function to guide the learning of decentralized policies. Following
the setting of [22], the CTDE policy gradient of agent 𝑖 is defined as:

𝑔𝑖𝐶𝑇𝐷𝐸 � E𝒉,𝒂 [𝑄𝝅 (𝒉, 𝒂)∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 )]
where 𝑄𝝅 (𝒉, 𝒂) is the on-policy joint values and 𝜃𝑖 is the parameters
of policy 𝜋𝑖 . We further use 𝑔𝑖

𝐶𝑇𝐷𝐸
to denote the (single-sample)

estimate of𝑔𝑖
𝐶𝑇𝐷𝐸

, i.e.,𝑔𝑖
𝐶𝑇𝐷𝐸

=𝑄𝝅 (𝒉, 𝒂)∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 ). Agent
𝑖 then utilizes 𝑔𝑖

𝐶𝑇𝐷𝐸
to update parameter 𝜃𝑖 .

1We use CTDE to refer to CTDE without learning communication.

Similar to the policy gradients under CTDE, we formulate the
policy gradients under CCDA based on the literature [15, 20]. Essen-
tially, we define messages𝑚𝑖 as being generated from a probabilistic
message function based on each agent’s history (ℎ𝑖 ) and actions from
the actor (𝑎𝑖 ): 𝑚𝑖 ∼ 𝑓𝑚𝑠𝑔 (·|ℎ𝑖 , 𝑎𝑖 , 𝜃𝑚𝑠𝑔) with parameters 𝜃𝑚𝑠𝑔. To
simplify the theoretical analysis and focus on the effect of received
messages on policy gradients, we consider broadcast communication
and denote the received messages of agent 𝑖 from all the other agents
−𝑖 as 𝑚−𝑖 = {𝑚1, ...,𝑚𝑖−1,𝑚𝑖+1, ...,𝑚𝑁 }. The CCDA policy gradient
of receiver agent 𝑖 given by on-policy values is defined as follows:

𝑔𝑖𝐶𝐶𝐷𝐴 � E𝒉,𝒂,𝒎 [𝑄𝜋𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 )∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 )]
where 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) is the on-policy Q-values of agent 𝑖. Similarly,

𝑔𝑖
𝐶𝐶𝐷𝐴

denotes the (single-sample) estimate of 𝑔𝑖
𝐶𝐶𝐷𝐴

, i.e., 𝑔𝑖
𝐶𝐶𝐷𝐴

=

𝑄𝜋
𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 )∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 ).

Learning Communication in MADRL. Different CCDA meth-
ods may adopt different strategies for deciding when and what to
communicate and how to learn communication. In GAAC [20], the
messages 𝑚−𝑖 received by agent 𝑖 are generated by an embedding
layer E that encodes the history ℎ 𝑗 and current actions 𝑎 𝑗 of each
sender agent 𝑗 and then aggregated through an attention mecha-
nism: 𝑚−𝑖 ∼ 𝑓

𝑚𝑠𝑔

−𝑖 (· | ℎ−𝑖 , 𝑎−𝑖 , 𝜃
𝑚𝑠𝑔

−𝑖 ) =
∑
𝑗∈−𝑖 𝑐𝑖 𝑗 (𝜖) E(ℎ 𝑗 , 𝑎 𝑗 ),

where 𝑐𝑖 𝑗 (𝜖) ∈ {0, 1} denotes hard attention weights generated by
the Gumbel-Softmax with noise variable 𝜖 for deciding whether
to communicate. 𝑓𝑚𝑠𝑔−𝑖 denotes the joint message function of all
sender agents −𝑖 with parameters 𝜃𝑚𝑠𝑔−𝑖 . Due to the differentiable
Gumbel-Softmax, the parameters 𝜃𝑚𝑠𝑔−𝑖 are trained end-to-end. Be-
yond end-to-end training, the literature in Comm-MADRL [6, 16]
also adopts policy gradients to optimize communication. Following
this line of work, we incorporate communication into the critic using
broadcast communication. Specifically, we define the policy gradi-
ent for updating the message function 𝑓

𝑚𝑠𝑔

𝑖
of each sender agent 𝑖

as 𝑔𝑖𝑚𝑠𝑔 = E𝒉,𝒂,𝒎 [∇𝜃𝑚𝑠𝑔

𝑖
log 𝑓𝑚𝑠𝑔

𝑖
(𝑚𝑖 | ℎ𝑖 , 𝑎𝑖 , 𝜃𝑚𝑠𝑔𝑖

)𝑄𝜋
𝑗
(ℎ 𝑗 , 𝑎 𝑗 ,𝑚− 𝑗 )],

where 𝑄𝜋
𝑗
(ℎ 𝑗 , 𝑎 𝑗 ,𝑚− 𝑗 ) denotes the Q-value of the receiver agent

𝑗 ≠ 𝑖 when fixing the other agents’ messages.

4 METHODS
We are interested in how communication affects the policy updates
of receiver agents. We specifically focus on how policy gradients
diverge, in terms of the variance measurement. Inspired by previous
variance analysis under CTDE (without learning communication)
setting [18, 22, 23], we conduct a variance analysis in CCDA policy
gradients, focusing on the variance induced by communication. In
our variance analysis, we consider both idealistic communication
and non-idealistic communication settings. In both scenarios, we
prove that the variance of CCDA policy gradients can be equal to
or higher than that of CTDE policy gradients. Motivated by the
variance analysis, we further propose variance reduction techniques.

4.1 Variance Analysis
Idealistic Communication Setting. We first consider an ideal-

istic communication setting by assuming the existence of a perfect
message decoder. Under such idealistic scenarios, the communi-
cating critics 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) and the centralized critics 𝑄𝜋 (𝒉, 𝒂)

become identical because in both cases the complete and sound
information are shared among agents. However, the probabilistic



nature of messages (as commonly used by MADRL with commu-
nication methods) can lead to variance in policy gradient samples.
Hence, we come to the following theorem:

THEOREM 1. The CCDA sample gradient has a variance greater
or equal than that of the CTDE sample gradient in idealistic com-
munication setting: 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴
) ≥ 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝑇𝐷𝐸
).

Proof Sketch (full proof in Appendix 1). We leverage the Bell-
man equation to find the equivalence between 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ), used

as critics in 𝑔𝑖
𝐶𝐶𝐷𝐴

, and 𝑄𝜋 (𝒉, 𝒂), used as critics in 𝑔𝑖
𝐶𝑇𝐷𝐸

. Essen-
tially, as 𝑄𝜋 (𝒉, 𝒂) and the expected value of 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) over

messages converge to the same fixed point, we get: 𝑄𝜋 (𝒉, 𝒂) =

E𝑚−𝑖 |𝒉,𝒂 [𝑄𝜋𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 )]. Based on this, we find that 𝑔𝑖
𝐶𝐶𝐷𝐴

and
𝑔𝑖
𝐶𝑇𝐷𝐸

are equal in expectation such that the difference between
𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴
) and𝑉𝑎𝑟 (𝑔𝑖

𝐶𝑇𝐷𝐸
) ends with an expectation of the square

of gradients minus the square of the expectation of gradients. Accord-
ing to Jensen’s inequality, we conclude that 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴
) is equal to

or higher than 𝑉𝑎𝑟 (𝑔𝑖
𝐶𝑇𝐷𝐸

).

Non-idealistic Communication Setting. We further consider
the variance analysis under a non-idealistic communication setting,
where messages received by each agent 𝑖 can be corrupted by noise
𝜖𝑖 . The noise term can come from the imperfection of decoders, e.g.,
due to the use of neural networks. To simplify the analysis, we lift
noise in received messages to Q-values, where𝑚−𝑖 =< ℎ−𝑖 , 𝑎−𝑖 , 𝜖𝑖 >
for agent 𝑖, leading to 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) = 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 , < ℎ−𝑖 , 𝑎−𝑖 , 𝜖𝑖 >

) = 𝑄𝜋
𝑖
(𝒉, 𝒂, 𝜖𝑖 ). The individual but joint Q-function with additive

noise, 𝑄𝜋
𝑖
(𝒉, 𝒂, 𝜖𝑖 ), is used for decentralized actors, forming a noise

version of CCDA policy gradients 𝑔𝑖
𝐶𝐶𝐷𝐴−𝑛𝑜𝑖𝑠𝑒 . Inspired by Wang

et al. [38], the noise term can affect the rewards of each agent, such
as flipping the sign when the reward is binary. We then prove that
removing the effect of the noise term (thereby becomes unbiased)
can still increase variance, resulting in the following theorem:

THEOREM 2. The noisy version of CCDA sample gradient has
a variance greater or equal than that of the CTDE sample gradi-
ent in non-idealistic communication setting: 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑛𝑜𝑖𝑠𝑒 ) ≥
𝑉𝑎𝑟 (𝑔𝑖

𝐶𝑇𝐷𝐸
).

Proof Sketch (full proof in Appendix 2). We first relate the noise
term with the probability of changes in rewards. Inspired by Wang
et al. [38], a surrogate reward function can be defined to remove the
effect of noise in rewards. Based on the surrogate reward function,
we define a surrogate Q-function 𝑄̂𝜋

𝑖
(𝒉, 𝒂, 𝜖𝑖 ). By summing up noisy

terms 𝜖𝑖 , the expected value of 𝑄̂𝜋
𝑖
(𝒉, 𝒂, 𝜖𝑖 ) is shown to be equal to the

centralized Q-function 𝑄𝜋 (𝒉, 𝒂) (defined on noise-free and shared
rewards in Dec-POMDP), i.e., 𝑄𝜋 (𝒉, 𝒂) = E𝜖𝑖 [𝑄̂𝜋𝑖 (𝒉, 𝒂, 𝜖𝑖 )] by in-
duction proof. The equality greatly simplifies the variance analysis
between the noise version of CCDA policy gradients 𝑔𝑖

𝐶𝐶𝐷𝐴−𝑛𝑜𝑖𝑠𝑒
(using 𝑄̂𝜋

𝑖
(𝒉, 𝒂, 𝜖𝑖 ) as critics) and the CTDE policy gradients 𝑔𝑖

𝐶𝑇𝐷𝐸

(using 𝑄𝜋 (𝒉, 𝒂) as critics). By comparing the variance in gradients,
we have 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑛𝑜𝑖𝑠𝑒 ) ≥ 𝑉𝑎𝑟 (𝑔𝑖
𝐶𝑇𝐷𝐸

).

4.2 Variance Reduction Techniques
Motivated by our variance analysis, we propose a novel message-
dependent baseline and derive its optimal formulation to minimize
the variance induced by communication. We further estimate the
proposed baseline and introduce a KL divergence term to improve

baseline estimation. The proposed message-dependent baseline and
the KL divergence together form our modular techniques, which
will be integrated into existing communication methods under the
CCDA setting.

We first write out CCDA policy gradients with the message-
dependent baseline (denoted as CCDA-OB) as follows:

𝑔𝑖𝐶𝐶𝐷𝐴−𝑂𝐵 = E𝒉,𝒂,𝒎 [(𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) − 𝑏𝑖 (ℎ𝑖 ,𝑚−𝑖 ))∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 )]
(1)

where actions are sampled from decentralized policies 𝜋𝑖 (·|ℎ𝑖 ) in
practice, and we denote 𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵 as the estimate of 𝑔𝑖
𝐶𝐶𝐷𝐴−𝑂𝐵 .

In Equation 1, we use Q-function 𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) to describe the
samples of return of agent 𝑖 using communication, where message
𝑚−𝑖 can be either noisy or noise-free. We assume that𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 )
can converge to the true on-policy values 𝑄𝜋

𝑖
(ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ). We seek

the optimal message-dependent baseline 𝑏∗𝑖 (ℎ𝑖 ,𝑚−𝑖 ) to minimize the
variance 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵) of the policy gradient estimate 𝑔𝑖
𝐶𝐶𝐷𝐴−𝑂𝐵 .

Therefore, we come to the following theorem:

THEOREM 3. The optimal message-dependent baseline for CCDA-
OB gradient estimator is:

𝑏∗𝑖 (ℎ𝑖 ,𝑚−𝑖 ) =
E𝑎𝑖 [𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 )𝑆]

E𝑎𝑖 [𝑆]
(2)

where 𝑆 = ∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 )𝑇∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 ).

Proof Sketch (full proof in Appendix 3.1). The key idea is to de-
termine an optimal baseline to minimize the variance of𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵)
by analyzing the derivatives of the variance w.r.t. the baseline. In
Equation 2, 𝑆 is the inner product of the gradient ∇𝜃𝑖 log𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 ),
indicating the magnitude of the gradient vector.

The resulting formula 𝑏∗𝑖 (ℎ𝑖 ,𝑚−𝑖 ) aligns with previous works on
baseline techniques considering states and actions [18, 41], while
we incorporate partially observable information (histories) and com-
munication (messages) into the Q-function. Based on Theorem 3,
we have:

COROLLARY 1. The variance of CCDA policy gradients is re-
duced with the optimal message-dependent baseline:𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵) ≤
𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴
).

Proof Sketch (full proof in Appendix 3.2). The key idea is to inte-
grate the optimal baseline𝑏∗𝑖 (ℎ𝑖 ,𝑚−𝑖 ) into the variance𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵),
which ends with 𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴
) minus a non-negative term. Then,

due to the non-negative term, the variance with the baseline is
less than or equal to the variance without the baseline. Note that
Corollary 1 holds also for non-idealistic communication setting,
𝑉𝑎𝑟 (𝑔𝑖

𝐶𝐶𝐷𝐴−𝑂𝐵) ≤ 𝑉𝑎𝑟 (𝑔𝑖
𝐶𝐶𝐷𝐴−𝑛𝑜𝑖𝑠𝑒 ), by replacing messages with

the noisy version 𝑚−𝑖 =< ℎ−𝑖 , 𝑎−𝑖 , 𝜖𝑖 > and following the same
derivations.

The optimal message-dependent baseline defined in Equation 2
is determined by the communicating critics 𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ) and the
actors’ policy distributions 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 , 𝜃𝑖 ), as illustrated in Figure 1,
where communication (i.e., messages 𝑚−𝑖 ) is incorporated into the
critics but not the actors. Specifically, the communicating critic can
derive a policy distribution considering communication, denoted as
𝜋𝑖 (𝑎𝑖 | ℎ𝑖 ,𝑚−𝑖 ) in the figure. However, the action distributions of the
critics and the actors can be mismatched, resulting in inaccurate base-
line estimation. To improve baseline estimation, we align between
the actor 𝜋𝑖 (·|ℎ𝑖 , 𝜃𝑖 ) and the communicating critic 𝑄𝑖 (ℎ𝑖 , 𝑎𝑖 ,𝑚−𝑖 ).



Figure 1: Communicating critics and actors in CCDA are aligned
by updating the actors using gradients from the baseline and
the KL divergence between the CCDA actors and the derived
communicating actors.

Since only the policy 𝜋𝑖 (·|ℎ𝑖 , 𝜃𝑖 ) is available in training and execu-
tion, we estimate the policy derived from the critic using the Boltz-
mann softmax distribution [3] of local Q-values. Then, we propose
to minimize the following KL divergence between decentralized
actors 𝜋𝑖 (·|ℎ𝑖 , 𝜃𝑖 ) and the derived policy with communication for
each agent 𝑖:

LKL (𝜃𝑖 ) = 𝐷KL
(
𝜋𝑖 (·|ℎ𝑖 ;𝜃𝑖 )



 𝑆𝑜 𝑓 𝑡𝑀𝑎𝑥 (𝛽𝑄𝑖 (ℎ𝑖 , ·,𝑚−𝑖 ))
)

𝑑𝑒𝑓 .
= E𝑎 [log𝜋𝑖 (𝑎 |ℎ𝑖 ;𝜃𝑖 ) − 𝛽𝑄𝑖 (ℎ𝑖 , 𝑎,𝑚−𝑖 ) + log

∑︁
𝑎′

exp(𝛽𝑄𝑖 (ℎ𝑖 , 𝑎′,𝑚−𝑖 ))]

= −H(𝜋𝑖 (·|ℎ𝑖 ;𝜃𝑖 )] − E𝑎 [𝛽𝑄𝑖 (ℎ𝑖 , 𝑎,𝑚−𝑖 )] + log
∑︁
𝑎′

exp(𝛽𝑄𝑖 (ℎ𝑖 , 𝑎′,𝑚−𝑖 ))

(3)
where the second line follow from the definitions of the KL diver-
gence and the softmax function. In the last line, the first term follows
the definition of policy entropy H(𝜋𝑖 (·|ℎ𝑖 ;𝜃𝑖 )] = −E𝑎 [log𝜋𝑖 (𝑎 |ℎ𝑖 ;𝜃𝑖 )].
The third term is a normalization term that remains constant regard-
less of the policy distribution. In the second term, the temperature
parameter 𝛽 controls the sharpness of the softmax distribution, where
large values make the policy more greedy and deterministic, while
small values make it more uniform, encouraging exploration. As
a result, minimizing the KL divergence L𝐾𝐿 (𝜃𝑖 ) is equivalent to
maximizing the policy entropy together with the expected Q-values
(scaled by 𝛽), while the normalization term can be neglected. With
the KL divergence, the policy 𝜋𝑖 (𝑎 |ℎ𝑖 ;𝜃𝑖 ) is encouraged to maintain
high entropy while being guided by communicating critics toward
optimal expected behavior under communication, thereby helping to
align decentralized policies 𝜋𝑖 (𝑎𝑖 |ℎ𝑖 ;𝜃𝑖 ) (without communication)
with the desired policy 𝜋𝑖 (𝑎𝑖 | ℎ𝑖 ,𝑚−𝑖 ) (using communication).

4.3 The Overall Learning Procedures
The optimal message-dependent baseline (OB) and the KL diver-
gence term (KL) jointly constitute our proposed techniques (OB-KL)
regarding the variance reduction in policy gradients. The final ascent
gradient for agent 𝑖’s actor is:

𝑔𝑖𝐶𝐶𝐷𝐴−𝑂𝐵−𝐾𝐿 = 𝑔𝑖𝐶𝐶𝐷𝐴−𝑂𝐵 − 𝜆∇𝜃𝑖E𝒉,𝒎 [L𝐾𝐿 (𝜃𝑖 )] (4)

where 𝜆 is a regularization coefficient. In 𝑔𝑖
𝐶𝐶𝐷𝐴−𝑂𝐵 , we apply the

same clipping strategy as in IPPO [43], but remove the entropy
bonus since exploration is considered in the KL regularization term.
In practice, the expectations in baseline (Equation 2) and the KL
term (Equation 3) are computed using samples of experience. We
first compute the baseline based on the analytical form of the soft-
max policy [18] and sampled Q-values. Then, we compute the KL

Algorithm 1 CCDA methods using OB and KL

1: Initialize 𝜃𝑖 , 𝜃
𝑚𝑠𝑔

𝑖
and 𝜙𝑖 for actors, communication, and critics

2: for each episode do
3: Initialize replay buffer 𝐷𝑖 for each agent 𝑖
4: Get initial observations 𝒐0 = {𝑜10, ..., 𝑜𝑁0 }
5: for 𝑡 = 0 to max_steps_per_episode do
6: for each agent 𝑖 do
7: Decide an action 𝑎𝑖𝑡 ∼ 𝜋 (·|ℎ𝑖 , 𝜃𝑖 )
8: Generate messages𝑚𝑖

𝑡 ∼ 𝑓
𝑚𝑠𝑔

𝑖
(·|ℎ𝑖 , 𝑎𝑖 , 𝜃𝑚𝑠𝑔𝑖

)
9: Send messages𝑚𝑖

𝑡 and aggregate messages𝑚−𝑖
𝑡

10: Compute 𝑏𝑖𝑡 (ℎ𝑖𝑡 ,𝑚−𝑖
𝑡 ) according to Equation 2

11: Compute advantage 𝐴𝑖𝑡 = 𝑄𝑖 (ℎ𝑖𝑡 , 𝑎𝑖𝑡 ,𝑚−𝑖
𝑡 ) −

𝑏𝑖𝑡 (ℎ𝑖𝑡 ,𝑚−𝑖
𝑡 )

12: end for
13: Get observations 𝒐𝑡+1 = {𝑜1𝑡+1, ..., 𝑜𝑁𝑡+1} and rewards 𝑟𝑡
14: Insert experience (𝑜𝑖𝑡 ,𝑚−𝑖

𝑡 , 𝑎𝑖𝑡 , 𝑟𝑡 , 𝑜
𝑖
𝑡+1, 𝐴

𝑖
𝑡 ) to buffer 𝐷𝑖

15: end for
16: for each agent 𝑖 do
17: Sample a batch 𝑑𝑖 ∈ 𝐷𝑖 from buffer
18: Calculate L𝐾𝐿 (𝜃𝑖 ) according to Equation 3
19: Update 𝜃𝑖 using L𝐾𝐿 (𝜃𝑖 ) and sampled advantage values
20: Update 𝜃𝑚𝑠𝑔

𝑖
evaluated by 𝑄𝑖 (ℎ𝑖𝑡 , 𝑎𝑖𝑡 ,𝑚−𝑖

𝑡 )
21: Update the critic parameter 𝜙𝑖 using TD-learning
22: end for
23: end for

divergence using Q-values and policy distribution under sampled
histories and messages.

We further demonstrate how CCDA methods are integrated with
our proposed OB and KL techniques in Algorithm 1. As shown
in the algorithm, during execution, agents first select actions and
generate messages (lines 7-8). Then, agents exchange and aggregate
their messages (line 9). Upon received messages, the baseline is
computed based on Equation 2 and the advantage is computed using
the baseline for later training (lines 10-11). After receiving rewards
and new observations, agents store the experience of observations,
actions, received messages, rewards, new observations, advantage
values in their buffer (line 14). The training is enabled at the end of
each episode, where agents first sample a batch of experience from
the buffer. Then, each agent updates their policy based on the KL
divergence (defined in Equation 3) and sampled advantage values
(lines 18-19). Agents update their message functions using the Q-
values of communicating critics. Then, communicating critics are
updated by minimizing the TD-errors.

As a result, Algorithm 1 can be achieved by any CCDA method
through implementing the communication process (line 9) and the
learning strategy of communication (line 20). As introduced in Sec-
tion 3, we adopt two representative communication processes (broad-
cast and graph-based) and learning strategies of communication
(policy gradients and end-to-end) to demonstrate the flexibility and
adaptability of the proposed techniques. Benefiting from the plug-
in nature, our proposed techniques are model-agnostic and can be
seamlessly integrated with existing Comm-MADRL methods under
CCDA. We also provide the schematic diagram of integrating OB
and KL into CCDA methods and discuss limitations in Appendix 4.



5 EXPERIMENTS
We evaluate our proposed OB-KL techniques in three well-established
and challenging multi-agent benchmark environments, StarCraftII
Multi-Agent Challenge (SMAC) [8, 30], Traffic Junction [6], and
Predator-Prey [34] in MADRL 2. These environments consist of
a varying number of cooperative agents with shared rewards and
stochasticity, showing difficulties in coordinating agents’ behaviors
and achieving cooperative goals. We compare with the following
actor-critic methods:

• CTDE methods (centralized critics): MAPPO [43] and MAT
[40] are strong baseline methods that have achieved SOTA per-
formance across several MARL benchmarks [40, 43]. Notably,
MAPPO and MAT are PPO-based methods using centralized
critics under CTDE learning paradigm. We compare CCDA and
CTDE methods to empirically show that using communicating
critics (under CCDA) can exhibit similar or higher variance than
that of using centralized critics (under CTDE), supporting our
theoretical analysis in Section 4.1.

• CCDA methods (communicating critics): GAAC [20] and IPPO
[43] extended with communication (IPPO-Comm). GAAC is the
SOTA method under the CCDA setting using end-to-end training
and communication graphs. Due to the scarcity of communication
methods under CCDA, we further adapt the well-known decen-
tralized MADRL method, IPPO, with a communication modular,
named IPPO-Comm, which allows broadcast communication be-
tween critics. Specifically, IPPO-Comm encodes each agent’s
local histories and actions into a range of integers as messages,
using policy gradients to train the messages function (as defined
in Section 3). GAAC and IPPO-Comm represent two representa-
tive choices for deciding when to communicate (communication
graphs or broadcast communication) and how to learn communi-
cation (end-to-end or policy gradients).

• CCDA methods with OB-KL: We extend the CCDA methods
GAAC and IPPO-Comm with our proposed technique (OB-KL),
forming GAAC-OB-KL and IPPO-Comm-OB-KL. We aim to
show that our proposed techniques can reduce variance compared
to CCDA methods without OB-KL, while achieving similar or
higher learning performance than other methods. Notably, GAAC-
OB-KL and IPPO-Comm-OB-KL not only show the effectiveness
of our techniques but also highlight the possibility of integrating
these techniques with various communication methods.

We illustrate the essential components of all methods and how
they differ from each other in critics and policy regularization tech-
niques in Appendix 4. Notably, all methods use the same formula-
tion of actors 𝜋𝑖 (𝑎𝑖 |ℎ𝑖 , 𝜃𝑖 ). Compared to IPPO-Comm-OB-KL and
GAAC-OB-KL, MAPPO and MAT employ baseline techniques
based on joint-history value functions and state-value functions, re-
spectively, which do not account for communicated messages. More-
over, IPPO-Comm-OB-KL and GAAC-OB-KL use our proposed
KL regularization for improving the baseline estimation while other
methods use entropy regularization for encouraging exploration. To
illustrate the efficacy of our proposed variance reduction techniques,
we remove the baseline function from IPPO-Comm and GAAC. All
results are reported as averages over 6 random seeds. To enable fair

2The source code is available at https://github.com/changxizhu/OBKL.

comparison, critical hyperparameters are either chosen based on em-
pirical practice or kept consistent across all methods. Importantly, in
all evaluation domains, we adopt 𝜆 = 0.01 for our introduced KL reg-
ularization, consistent with the entropy coefficient commonly used in
the literature [14]. In addition, we tune the Boltzmann softmax tem-
perature 𝛽 ∈ {0.5, 1, 5} and analyze how the choice of temperature 𝛽

affects variance reduction and learning performance in Sections 5.2
and 5.3. We report the shared and map-specific hyperparameters in
Appendix 4, where all methods use identical parameters to ensure
fair comparison. Specifically, following the literature [18], we dis-
able GAE [31] to separate the effect of different baseline functions
and enable a better comparison of learning performance. We also
report the consumed time for all methods in Appendix 4, where
incorporating OB-KL does not significantly increase running time.

5.1 Evaluation Domains
In SMAC, following recent literature [14, 45], we select hard maps in
which communication plays an important role in broadening agents’
views of the environment or coordinating their strategies effectively:
10m_vs_11m (hard), 6h_vs_8z (hard+), 1o_10b_vs_1r (hard+),
and 27m_vs_30m (hard+). These hard maps feature diverse roles of
agents and terrains. For example, in 1o_10b_vs_1r map, an over-
seer agent (1o) that detects the enemy must communicate with 10
baneling agents (10b) that act to eliminate the enemy (1r). The va-
riety and richness of these tasks provide a comprehensive evaluation
of different aspects of communication. All methods are evaluated by
the win rate of destroying all enemies.

In Traffic Junction, agents (cars) move along two-way roads with
one or more junctions following predefined routes [14, 34]. To en-
courage timely completion, each agent receives a step penalty of
−0.01 multiplied by the number of steps taken. Agents must avoid
collisions, which incur a shared penalty of −1 when collisions occur.
To promote coordinated behavior, all agents receive a reward of 1
if no collision occurs during an episode. We consider two maps
with many agents, different routes, and limited observability. In the
Medium map, 15 agents must complete routes of length 10 with a
single junction. In the Hard map, 20 agents must complete routes of
length 12 with four junctions. We evaluate the win rate of completed
episodes without collisions for all maps.

In Predator-Prey, predators (agents) with limited vision (i.e., a
range of 2) search for two prey in a grid world [34]. To increase
the stochasticity and difficulty of the environment, the prey move
randomly until being caught, and a reward of 1 is given to the
predators only when all predators reach the prey; otherwise, a step
penalty of −1 is given to the predators. We further consider maps of
different scales: PP9a where 9 predators operate in a 10 × 10 grid
within 50 steps, and PP12a where 12 predators move a 12 × 12 grid
within 100 steps. We evaluate the win rate of all predators catching
the prey.

5.2 Variance in Policy Gradients
We first compare the variance of policy gradients under CCDA and
CTDE to verify our theoretical analysis that using communicating
critics (in CCDA) can lead to equal or higher variance than using cen-
tralized critics (in CTDE), as proved in Section 4.1. We use MAPPO
as a representative CTDE method, compared to CCDA methods



Table 2: The std of gradient norms (×0.01) for representative
CTDE and CCDA methods in all maps.

Map MAPPO w/o baseline IPPO-Comm GAAC

SMAC

10m_vs_11m 2.65 3.35 1.52
6h_vs_8z 7.47 8.74 7.31

1o_10b_vs_1r 1.11 1.55 6.47
27m_vs_30m 0.51 1.09 0.90

Traffic Junction Medium 1.93 2.28 2.27
Hard 1.71 2.02 2.11

Predator-Prey PP9a 1.73 2.05 1.81
PP12a 1.01 1.26 1.12

Figure 2: The change of variance over time.

IPPO-Comm and GAAC, and these three methods differ only in
their critics. To enable a fair comparison, we remove the baseline
function used in MAPPO (denoted as MAPPO w/o baseline) and
adopt the same training strategies and hyperparameters for MAPPO
w/o baseline, IPPO-Comm and GAAC. Following the literature [18],
we compare the standard deviation of policy gradient norms across
different seeds during training, as reported in Table 2.

As we can see, IPPO-Comm consistently exhibits higher gradient
variance than MAPPO w/o baseline across all domains, empiri-
cally supporting our theoretical analysis. GAAC exhibits higher
gradient variance than MAPPO w/o baseline in all maps except
for 10m_vs_11m, which show much lower variance than other
two methods. To understand this behavior, we plot the change of
variance over time steps for MAPPO w/o baseline and GAAC in
map 10m_vs_11m in Figure 2. As we can see, the variance of
GAAC policy gradients increases quickly at the beginning of train-
ing. However, after approximately 0.1M time steps, the variance
drops and becomes stable, indicating premature convergence. In
contrast, MAPPO w/o baseline exhibits fluctuations in the gradi-
ent variance even after 3M time steps, which may be attributed to
exploration that can potentially lead to better performance.

To further investigate how the KL regularization term influences
variance reduction, we compute the relative change in variance when
applying OB or OB-KL compared to the base methods (IPPO-Comm
and GAAC) under different values of temperature 𝛽 ∈ {0.5, 1, 5}.
For example, for IPPO-Comm-OB-KL, we have: 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑐ℎ𝑎𝑛𝑔𝑒 =
Var(IPPO-Comm-OB-KL)−Var(IPPO-Comm)

Var(IPPO-Comm) , where the KL uses a certain
value of 𝛽. As shown in Figure 3, the solid lines show the rela-
tive change in variance under different 𝛽 values, while the dotted
lines correspond to the relative change in variance achieved by OB
alone. In SMAC, IPPO-Comm-OB-KL consistently reduces vari-
ance across all tested 𝛽 values and achieves better variance reduc-
tion (i.e., lower 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑐ℎ𝑎𝑛𝑔𝑒) than IPPO-Comm-OB in three out

Figure 3: Relative change in variance of gradient norms. Solid
lines represent the relative change using OB-KL. Dotted lines
represent the relative change using OB.

of four maps. In the Predator-Prey and Traffic Junction domains,
IPPO-Comm-OB-KL also outperforms IPPO-Comm-OB in terms of
variance reduction for most choices of 𝛽. For GAAC-OB-KL, how-
ever, the variance reduction can be sensitive to the choice of 𝛽. This
is likely because GAAC-OB itself can exhibit higher variance than
GAAC, causing the effectiveness of GAAC-OB-KL to depend more
on a tuned 𝛽. Moreover, we find that these behaviors of different
𝛽 values can be related to policy entropy, reflecting differences in
exploration and environment-specific properties. A detailed analysis
is presented in Appendix 4.

5.3 Win Rate of Tasks
The win rate of comparing methods across all domains are presented
in Figure 4. As shown, compared to CCDA methods without OB-KL
(i.e., IPPO-Comm and GAAC), IPPO-Comm-OB-KL and GAAC-
OB-KL achieve much higher win rates across all maps, demonstrat-
ing the effectiveness of the proposed variance reduction techniques
in improving learning performance. Due to the similarity between
CCDA and CTDE settings, we also compare IPPO-Comm-OB-KL
and GAAC-OB-KL with CTDE methods (using standard imple-
mentations). As shown, IPPO-Comm-OB-KL and GAAC-OB-KL
achieve higher win rates in most maps than MAT and MAPPO, ex-
cept for 27m_vs_30m, PP9a, and PP12a. In these three maps,
IPPO-Comm-OB-KL achieves similar final performance as MAT. In
PP12a, IPPO-Comm-OB-KL can achieve much higher win rates
during the early stage of training, i.e., before 1M time steps. On the
other hand, GAAC-OB-KL achieves similar performance to MAT
in 27m_vs_30m and PP12a. Then, using our proposed variance
techniques in CCDA does not compromise learning performance
when compared with strong CTDE methods on most maps.

We further conduct ablation studies to investigate how the pro-
posed OB-KL affects learning performance in CCDA setting. Specif-
ically, we perform ablations by removing the KL divergence term
and the optimal baseline (OB) from the full versions of IPPO-Comm-
OB-KL and GAAC-OB-KL. We first report the win rates obtained
under the ablations of OB and KL in Figure 5. As shown, compared
to using OB alone, jointly applying OB and KL leads to substantially
higher win rates in 10m_vs_11m for GAAC-OB-KL, 6h_vs_8z
for IPPO-Comm-OB-KL, 1o_10b_vs_1r for both IPPO-Comm-
OB-KL and GAAC-OB-KL, and PP9a for both IPPO-Comm-OB-
KL and GAAC-OB-KL. In the remaining maps, jointly applying



Figure 4: Averaged win rate of all methods in SMAC, Traffic Junction, and Predator-Prey.

Figure 5: Averaged win rate when ablating OB and KL in SMAC, Traffic Junction, and Predator-Prey.

Figure 6: Win rate of IPPO-Comm-OB-KL and GAAC-OB-KL
under different 𝛽 values in all maps.

OB and KL does not lead to significant performance degradation
compared to using OB alone. We further ablate communication, i.e.,
the DTDE method IPPO, and show that CCDA with our proposed
variance reduction techniques consistently outperform the DTDE
method that does not use communication.

We further investigate the effect of different 𝛽 values on learn-
ing performance, as shown in Figure 6. The performance of IPPO-
Comm-OB-KL and GAAC-OB-KL is generally similar across dif-
ferent 𝛽 values in most maps, except for 6h_vs_8z and PP12a.
In 6h_vs_8z, IPPO-Comm-OB-KL using larger 𝛽 values (e.g.,
𝛽 = 5) tends to be deterministic at the early stage of training, while
eventually maintaining similar amount of entropy compared to other
𝛽 values. This pattern of IPPO-Comm-OB-KL with 𝛽 = 5 can lead
to much lower dead ratio of agents, which can finally achieve higher
win rate. In contrast, for GAAC-OB-KL in PP12a, we observe a sig-
nificant drop in policy entropy at the early stage of training for large
𝛽 value, i.e., 5, which leads to convergence to suboptimal policies.

Nevertheless, 𝛽 = 1 provides a robust choice, achieving performance
comparable to CTDE methods in all maps.

6 CONCLUSIONS
We investigate the variance of policy gradients caused by commu-
nication in multi-agent deep reinforcement learning. Specifically,
we focus on the Communicating Critics and Decentralized Actors
(CCDA) setting, where communication is allowed only among crit-
ics during training, while actors do not communicate during training
and execution. By variance analysis, we prove that CCDA policy
gradients have a higher or equal variance than the policy gradients
under CTDE without communicating critics. We further propose
a message-dependent baseline technique and a regularization tech-
nique for variance reduction in policy gradients. We theoretically
prove that the optimal message-dependent baseline can reduce the
variance in CCDA policy gradients. The experiments on several
tasks show that our proposed techniques achieve not only a similar
or higher learning performance but also reduced variance in policy
gradients. In the future, we would like to investigate how continuous
values of messages are quantized or bandwidth-limited, and utilizing
adaptive baselines affect the variance in policy gradients. We will
also investigate whether communication in general Comm-MARL
settings (e.g., those with communicating actors) causes increased
variance, and whether our proposed technique can reduce such vari-
ance in the future.
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