The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

RGMComm: Return Gap Minimization via Discrete Communications in
Multi-Agent Reinforcement Learning

Jingdi Chen!, Tian Lan!, Carlee Joe-Wong?

'The George Washington University
2Carnegie Mellon University
jingdic@gwu.edu, tlan@gwu.edu, cjoewong @andrew.cmu.edu

Abstract

Communication is crucial for solving cooperative Multi-Agent
Reinforcement Learning tasks in partially observable Markov
Decision Processes. Existing works often rely on black-box
methods to encode local information/features into messages
shared with other agents, leading to the generation of con-
tinuous messages with high communication overhead and
poor interpretability. Prior attempts at discrete communication
methods generate one-hot vectors trained as part of agents’
actions and use the Gumbel softmax operation for calculating
message gradients, which are all heuristic designs that do not
provide any quantitative guarantees on the expected return.
This paper establishes an upper bound on the return gap be-
tween an ideal policy with full observability and an optimal
partially observable policy with discrete communication. This
result enables us to recast multi-agent communication into a
novel online clustering problem over the local observations
at each agent, with messages as cluster labels and the upper
bound on the return gap as clustering loss. To minimize the
return gap, we propose the Return-Gap-Minimization Com-
munication (RGMComm) algorithm, which is a surprisingly
simple design of discrete message generation functions and
is integrated with reinforcement learning through the utiliza-
tion of a novel Regularized Information Maximization loss
function, which incorporates cosine-distance as the clustering
metric. Evaluations show that RGMComm significantly out-
performs state-of-the-art multi-agent communication baselines
and can achieve nearly optimal returns with few-bit messages
that are naturally interpretable.

Introduction

In multi-agent tasks, communication is necessary to suc-
cessfully complete tasks when agents have partial observ-
ability of the environment. Multi-agent reinforcement learn-
ing (MARL) has recently seen success in scenarios that re-
quire communication (Cao et al. 2013). Existing approaches
to multi-agent communications have considered continuous
communication (Foerster et al. 2016; Sukhbaatar, Szlam, and
Fergus 2016; Lowe et al. 2017; Jiang and Lu 2018; Wang
et al. 2019; Rangwala and Williams 2020) and discrete com-
munication (Mordatch and Abbeel 2017; Freed et al. 2020;
Lazaridou and Baroni 2020; Li et al. 2022; Tucker et al. 2022).
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However, continuous communication messages refer to nu-
merical vectors originating from a continuous space. These
vectors are generated by encoding local information/features
using Deep Neural Networks (DNN5s) or attention networks.
This is largely a black-box approach with high communi-
cation overhead and offers little explainability of the mes-
sages (Chen et al. 2023). Efforts on generating discrete com-
munication messages enable agents to broadcast one-hot vec-
tors apt for solving particular tasks. However, discretizing
messages through the imposition of one-hot vectors, as out-
lined in (Lowe et al. 2017; Sukhbaatar, Szlam, and Fergus
2016; Freed et al. 2020; Lazaridou and Baroni 2020; Li et al.
2022), inherently precludes agents from learning some de-
sirable properties of the messages. This is because the one-
hot vectors do not establish relationships between messages,
since each one-hot vector remains orthogonal to and equally
distant from all other one-hot vectors. Some recent works try
to address the limitations of one-hot communication by en-
dowing agents with learnable messages (Tucker et al. 2021)
or discretized bottleneck layer outputs of autoencoders and
using them as communication vectors (Tucker et al. 2022),
but none of these methods provides average return guarantees
for a Decentralized Partially Observable Markov Decision
Process (Dec-POMDP) with communication, and the com-
munication module in (Tucker et al. 2022) still requires a
large vocabulary size.

In this paper, we propose a discrete MARL communica-
tion framework, Return-Gap-Minimization Communication
(RGMComm), that is proven to achieve a closed-form guar-
antee on optimal expected average return for Dec-POMDPs.
It analyzes what information in an agent’s local observations
is relevant for other agents’ decision-making (for minimiz-
ing the resulting return gap) and supports sharing messages
between MARL agents using any finite-size discrete alpha-
bet. More precisely, consider a Dec-POMDP problem with
n agents. Each agent j computes a message m; sent to each
other agent 4 based on its local observation o; in each step
t. Let m_; = {m;,Vj # i} be the collection of all mes-
sages received by agent i. For any discrete communication
strategy, we quantify the gap between the optimal expected
average return of an ideal policy with full observability, i.e.,
m* = [7F(a;|o1,. .., 0n), Vi] and the optimal expected aver-
age return of a communication-enabled, partially-observable
policy, i.e., m = [m;(a;|o;,m_;),Vi]. This return gap is
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proven to be bounded by O(y/enQmax ), with respect to the
number of agents n, the highest action-value Q;,.x and the
average cosine-distance e between joint action-value vectors
corresponding to the same messages.

To the best of our knowledge, this is the first theoretical
result quantifying the value of communication in POMDP
through closed-form return bound. Our key insight is that
the problem of generating messages m; from local obser-
vations o; can be viewed as an online clustering problem
with o; as inputs and m; as labels, with respect to a new loss
function to minimize the return bound. Since the policy of
agent ¢ with communication is conditioned on local observa-
tion o; and messages m_; rather than the full observation
01, ..., 0n, its impact on optimal expected average return can
be characterized using a Policy Change Lemma and relying
on the average distance for corresponding joint action-values
in each cluster. Intuitively, if the action values in each cluster
are likely maximized at the same actions, then it would result
in only small return gaps. We formalize this argument and
derive an upper bound on the return gap in this paper.

The result naturally motivates a new family of MARL
by training an online clustering network for message la-
bel generation. Since joint action values are available in
most state-of-the-art MARL algorithms adopting actor-critic
framework (Chen, Wang, and Lan 2021; Mei et al. 2023;
Chen, Lan, and Choi 2023), e.g., MADDPG(Lowe et al.
2017), QMIX(Rashid et al. 2018), FOP(Zhang et al. 2021),
and DOP(Wang et al. 2020), our proposed solution can be
readily integrated into these algorithms by sampling the joint
action-values. To this end, we proposed RGMComm, which
trains an online clustering network via a Regularized Infor-
mation Maximization (RIM) loss function (Hu et al. 2017),
consisting of a novel cosine-distance clustering loss /cp
specifically designed to minimize the proven return bound
for message label generation, and a mutual information reg-
ularization loss Iy (05, m;) to guarantee even cluster sizes
and distinct observations-to-cluster assignments. The algo-
rithm generates naturally interpretable discrete messages and
easily extends to MARL problems with continuous state
space by sampling the replay buffer. Evaluations using con-
tinuous state space problems (Lowe et al. 2017) show sig-
nificant improvement over state-of-the-art communication-
enabled MARL algorithms with partial observability, includ-
ing CommNet(Sukhbaatar, Szlam, and Fergus 2016), MAD-
DPG(Lowe et al. 2017), IC3Net (Singh, Jain, and Sukhbaatar
2018), TarMAC(Das et al. 2018), SARNet (Rangwala and
Williams 2020), and VQ-VIB (Tucker et al. 2022).

The main contributions of the paper are as follows:

* We quantify the return gap between an ideal policy with
full observability and a partially observable policy with
communication via a closed-form upper-bound.

¢ We introduce RGMComm, a discrete communication
framework for MARL, aimed at minimizing the upper
bound of the return gap. Instead of generating messages
directly via DNNs, RGMComm employs a finite-size dis-
crete alphabet and treats message generation as an online
clustering problem.

» With few-bit messages, RGMComm significantly outper-
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forms state-of-the-art communication-enabled MARL al-
gorithms with partial observability and achieves nearly-
optimal returns.

Related Work

Previous work in MARL communication mostly establishes
how agents should learn to communicate assuming continu-
ous communication vectors (Foerster et al. 2016; Singh, Jain,
and Sukhbaatar 2018; Jiang and Lu 2018; Das et al. 2018;
Rangwala and Williams 2020). Inspired by the efficient com-
munication patterns observed in human interactions, where
people only use a discrete set of words, some previous works
enable agents to learn sparse and discrete communication.
CommNet (Sukhbaatar, Szlam, and Fergus 2016) and MAD-
DPG (Lowe et al. 2017) learn continuous communication
vectors alongside their policy and can generate discrete 1-
hot binary communication vectors using a pre-defined set of
communication alphabets. However, CommNet uses a large
single network for all agents, so it cannot easily scale and
would perform poorly in an environment with a large number
of agents. MADDPG adapts the actor-critic framework using
a centralized critic that takes as input the observations and
actions of all agents and trains an independent policy network
for each agent to generate communication as part of the ac-
tions, where each agent would learn a policy specializing in
specific tasks. The policy network easily overfits the number
of agents, which is infeasible in large-scale MARL.

Further, communication in terms of sequences of discrete
symbols are investigated in (Havrylov and Titov 2017; Mor-
datch and Abbeel 2017). Both of these works generate cat-
egorical messages and adapt the Gumbel-Softmax Estima-
tor (Jang, Gu, and Poole 2016; Maddison, Mnih, and Teh
2016) to make the communication models with discrete la-
bels differentiable, training them with backpropagation al-
gorithms. However, (Havrylov and Titov 2017) only studies
a two-agent setting, and (Mordatch and Abbeel 2017) only
learns message meanings through the prompt rewards in a
small action space. Many works, therefore, resort to differ-
entiable discrete communication such as (Freed et al. 2020;
Lazaridou and Baroni 2020; Li et al. 2022; Tucker et al.
2022) where agents are allowed to directly optimize each
other’s communication policies through gradients. However,
these approaches impose a strong constraint on the nature of
communication, which limits their applicability to many real-
world multi-agent coordination tasks. Besides, the primary
limitation is that these approaches lack rigorous policy regret
minimization guarantees, operating as heuristic designs.

Preliminaries and Problem Formulation

Dec-POMDP: A Dec-POMDP (Bernstein et al. 2002;
Mei, Zhou, and Lan 2023) models cooperative MARL,
where agents lack complete information about the en-
vironment and have only local observations. We formu-
late a Dec-POMDP with communication as a tuple D =
(S,A,P,Q,0,I,n,R,~,g), where S is the joint state space
and A = A; X Ag X --- X A,, is the joint action space, where
a = (a1,az,...,a,) € A denotes the joint action of all
agents. P(s'|s,a) : SxAxS — [0, 1] is the state transition
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function. ) is the observation space. O(s,i) : Sx I — Qs
a function that maps from the joint state space to distributions
of observations for each agenti. I = {1,2,...,n} is a set
of n agents, R(s,a) : S x A — R is the reward function
in terms of state s and joint action a, 7 is the discount fac-
tor, and g : Q2 — M is the message generation function
that each agent j uses to encode its local observation o, into
a communication message for other agents 7 # j. We use
m_; = {m; = g(0;),Vj # i} to denote the collection of
messages agent 4 receives from all other agents j # . In Dec-
POMDP with communications, each agent 7 considers an
individual policy 7;(a;|o;, m_;) conditioned on local obser-
vation o; and messages m_;, i.e., = [m;(a;|o;, m_;), Vi].
To model the return gap, we also define an ideal policy with
full observability: 7* = [7¥(a;|o1, ..., 0p), Vi].
Return Gap Minimization: Given a policy m,
we consider the average expected return J(w) =
limy_0o (1/T)Ex [E;f:o R;]. The goal of this paper
is to minimize the return gap between an ideal policy
™ = [nf(aslo1,...,0,),Vi] with full observability
and a partially-observable policy with communica-
tions m = [m;(a;|o;,m_;),Vi] where message labels
m_; ={m; = g(0;),Vj # i}.ie.,

min J(7*) — J(7, g). (1)

While the problem is equivalent to maximizing J (7, g), the
return gap can be analyzed more easily by contrasting 7 and
7*. We derive an upper bound of the return gap and then
design efficient communication strategies to minimize it. We
consider the discounted observation-based state value and the
corresponding action-value functions for the Dec-POMDP:

o0

V(o) = Ex [Z v Riyi
o o)

Q" (0,a) =E, [Z ’Yi cRyq

=0

Ot = 0,0¢ Nﬂ—}v

o =o0,a; =al,

where ? is the current time step. Re-writing the average ex-
pected return as an expectation in terms of V™ (0):

J(m) = lim E,((1 =)V (o)), )

where p is the initial observation distribution at time step
t = 0,ie, 0(0) ~ u. We will leverage this state-value
function V7 (0) and its corresponding action-value function
Q™ (0, a) to unroll the Dec-POMDP and derive a closed-
form upper-bound to quantify the return gap. For V™ (o) and
Q7 (o0, a) we suppress g for simpler notations.

Upper-Bounding the Return Gap

Since directly minimizing the return gap is intractable, we
prove that the return gap between ideal policy 7* with full
observability and optimal communication-enabled policy 7
with partial observability is bounded by O(y/enQmayx) with
respect to average cosine-distance € in each cluster and maxi-
mum action-value Qp,ax in Thm. 3.

In this section, we present the theoretical proof of Thm. 3
followed by an illustrative example. The proof consists of
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the following major steps: (i). We characterize the change
in optimal expected average return J(7*) — J(m,g) for
any two policies 7* (under full observability) and 7 (un-
der partial observability with communication) based on
the joint action-values under 7*. The result is stated as a
Policy Change Lemma 1. (ii). We apply Policy Change
Lemma 1 to two auxiliary policies wfj) and (;), where
ij) is the optimal policy conditioned on complete obser-

vations o = [01, ..., 0j,. .., 0,] including observation o; of
agent j, and 7(;) is the policy conditioned on partial obser-
vations o = [01,...,0j,,M;j,0j41 ..., 0] without knowing

observation o; but including a communication message label
m; = g(o;) generated by agent j. The result (formulated
in Lemma 2) allows us to quantify the impact of message-
encoding agent j’s local observations o; as m, rather than
having complete access to o;, on the optimal expected av-
erage return gap. (iii). Finally, we construct a sequence of
policies beginning from 7*, end with 7, which has a pro-
cess of changing by replacing each observation o; by la-

bel m;, one at a time: 7% = [m;(a;|01,02,...,0p),Vi] —
[mi(a;lmy,09,...,00),Yi] — [mi(a;lmq, My, ... ,Qn),Vi]
— ... = =[mi(a;|lma, ..., 04, ...,my), Vi]. Applying the

results from step (ii) (Lemma 2) for n times, we can quantify
the desired return gap between 7* with full observability and
communication-enabled policy 7 in Thm. 3. For simplicity,
we use V* to represent V™, and Q* to represent Q7 . We
only give a sketch below, and Appendix A (Chen, Lan, and
Joe-Wong 2023) contains a notation table, and complete
proofs for all theoretical results.

We assume that observation/action spaces defined in the
Dec-POMDP tuple are discrete with finite observations and
actions, i.e., |Q2] < oo and |A| < oo. This is a technical condi-
tion to simplify the proof. For Dec-POMDPs with continuous
observation and action spaces, the results can be easily ex-
tended by considering cosine-distance between action-value
functions and replacing summations with integrals, or sam-
pling the action-value functions as an approximation.

Lemma 1. (Policy Change Lemma.) For any policies m* and
m, the optimal expected average return gap is bounded by:

J(m) = J(m) <Y Y [Q(0.a] ) = Q(0,a])]d; (o),

d;(o) = (1 - V)Zryt ' P(Ot = O|7T,,Ll/)7
t=0

“)
where dJ,(0) is the ~y-discounted visitation probability under
policy m and initial observation distribution i, and )
is a sum over all observations corresponding to message m.

Proof Sketch. Our key idea is to leverage the state value
function V™ (o) and its corresponding action value function
Q7 (0, a) in Eq.(2) to unroll the Dec-POMDP from timestep
t = 0 and onward. The detailed proof is provided in Ap-
pendix A (Chen, Lan, and Joe-Wong 2023).

Then we define the action value vector corresponding to
observation o, i.e.,

Q*(0;) = [Q*(0—,0),Yo_j], )



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

where o_; are the observations of all other agents and

Q*(o—j,0;) is a vector of action-values weighted by
marginalized visitation probabilities dJ;(o;|o;) and cor-
responding to different actions, ie., Q*(o_;,o0;)

(@ (0—j,05,a) - dj;(0-;]o0;),Va].

Next, we view the message generation m; = g(o;) as a
clustering problem with o; as input and m,; as labels, i.e.,
the o; are divided into clusters and each is labeled with the
clustering label to be sent out to all other agents i # j.
We bound the policy gap between WE"j) and 7(;), which are
optimal policies conditioned on o; and m;, using the av-
erage cosine-distance of action value vectors Q*(o;) cor-
responding to o; in the same cluster and its cluster center
H(m) Zoij dm(0;) - Q*(0;) under each message m.
Here d,,(0;) = dJ;(0j)/d],(m) is the marginalized probabil-
ity of o; in cluster m and dJ; (m) is the probability of message
m under policy 7, and the environments’ initial observation
distribution is represented by o(t = 0) ~ p. To this end,
we let €(0j) = Dcos(Q*(05), H(m)) be the cosine-distance
between vectors Q* (0;) and H (m) and consider the average
cosine-distance e across all clusters represented by different
message labels m, which is defined as:

= Zdﬂ(m) Z CZm(oj) ' 6(01

O]‘ ~m
The result is summarized in Lemma 2.

(6)

Lemma 2. (Impact of Communication.) Consider two opti-
mal policies ;) and 7(;) conditioned on 0; and mj, respec-
tively, while the observability and policies of all other agents
remain the same. The optimal expected average return gap is
bounded by:
J(m() =

J(ﬂ-(j)’g) < O(\/EQmax) 7

where Quax is the maximum absolute action value of Q* (oj)
in each cluster as Qmax = max,,||Q*(05)||2, and € is the
average cosine-distance defined in Eq.(6).

Proof Sketch. We give an outline and provide the complete
proof in Appendix A (Chen, Lan, and Joe-Wong 2023). Since
the observability of all other agents i £ j remains the same,
we consider them as a conceptual agent denoted by —j. For
simplicity, we use ™" to represent w(*j), and 7 to represent 7 ;)
in distribution functions. The proof contains the following
major steps: (i). Viewing the problem as a clustering of o;,
restrict policy ;) (conditioned on m;) to taking the same
actions for all o; in the same cluster under the same message
m. (ii). Re-writing the optimal expected average return gap
derived in Policy Change Lemma 1 in vector terms using
action-value vectors Q*(0;) and an auxiliary maximization
function @, (Q* (0;)). (iii). Projecting action-value vectors
towards cluster centers to quantify the return gap through
orthogonal parts related to projection errors. (iv). Deriving an
upper bound on the return gap by bounding the orthogonal
projection errors using the average cosine distance within
each cluster.

Step 1: Recasting communication into online clustering.
In this view, policy 7(;y (conditioned on my) is restricted
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to taking the same actions for all o; in the same cluster and
under the same message m; (the clustering label).

Step 2: Rewrite the return gap in vector form. We define an
auxiliary function ®,,,,(X) that returns the largest compo-
nent of vector X. Since the optimal average return .J (wZ‘j)) is
conditioned on complete oy, it can achieve the maximum for
each vector Q*(0;). Thus, Zojwm dm(05) * Prax (Q*(0))
can be defined as selecting the action from optimal policy
772‘].) where each agent chooses a different action distribu-

tion to maximize (Q*(0;)). On the other hand, policy ;)
is conditioned on messages m ; rather than complete o; and
thus must take the same actions for all o; in the same cluster.
Hence we can construct a (potentially sub-optimal) policy
to achieve ‘I’rnax(ZOij dm(0;)-Q*(0;)) which provides a
lower bound on J(7(;), g). (The Appendix A (Chen, Lan, and
Joe-Wong 2023) details the transformation to vector terms
with the help of @, (X).)

Using the transformed vector term formats of optimal re-
turns J(7(;)) and J(7(;), 9) (J (75, 9) is lower bounded),
we can obtain an upper bound on the return gap:

J(Tl'Ekj))—J(ﬂ'(j))
<Zd Y din(0) - Braan(Q7(07)) ©

(bmax( Z dm Oj : Q

oj~m

(07))];

Step 3: Projecting action-value vectors toward cluster
centers. The policy 7(;) conditioned on m; takes actions
based on the action-value vector at the cluster center H (m).
For each pair of two vectors Q*(o;) and H(m) with
D(Q*(0j), H(m)) < €(0;), we use cosf,, to denote the
cosine-similarity between each Q*(o;) and its center H(m).
Then we have the cosine distance D(Q*(oj) H(m)) =
1 — cosf,, < €(o;). By projecting Q*(o;) toward H(m),
Q* (o) could be re-written as Q* (0;) = Q*(0;) + cos b, -

H,,, then we could upper bound ®,,,,,,(Q*(0;)) by:

(bmax(Q (O])) S (I)max(COS eoJ- . m) + (bmax(QL(Oj))-
Taking a sum over all o; in the cluster, we have
ZOJN"LJ (0)Pmax(cos b, - H ) = ®pax (H,y), since the
projected components cos 6, - H,, should add up to exactly
H,,. To bound Eq.(8)’s return gap, it remains to bound the
orthogonal components Q- (0;).

Step 4: Deriving the upper bound w.r.t. cosine-distance.
Let || - ||2 be the Ly norm, then the maximum func-
tion @y (QF (0;)) can be bounded by its Ly norm C' -
[|Q*(0;)||2 for some constant C, i.e., @0z (Q*(0;)) <
C - 1|Q(0))]l2. Since Q*(o;) Q*(0;) - sin(8),
Prmax(QL(0j)) can be further upper bounded by C -
||Q*(0;)||2 - | sin@|. Denote a constant Qax as the max-
imum absolute action value of Q*(o;) in each cluster as

Qmax = maz,,||Q*(0j)||2; combined with |sin(f)| =
V/1—cos?(0) = \/1 — [1 — €(0;)]?, we can thus obtain
Braz(QH(05)) < O(1/€(05)Qumax)- ©
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Using the concavity of the square root with Eq.(6), i.e.,
€(0;)] < Ve, we derive the

S A2 )3, Ao (05)
desired upper bound J(7(;)) — J(7(;)) < O(VeQmax)-

Theorem 3. In n-agent Dec-POMDP, the return gap between
policy * with full-observability and communication-enabled
policy m with partial-observability is bounded by:

J(ﬂ-*) - J(ﬂ—7g) < ) (\/Eanax) .

Beginning from 7* = [7} (a;|01, 02, ... ,04), Vi], we can
construct a sequence of n policies, each replacing the condi-
tioning on o; by messages m;, for j = 1to j = n, one ata
time. This will result in policy 7 with partial observability.
Applying Lemma 2 for n times, we prove the upper bound
between J(7*) and J(, g) in this theorem.

Remark 4. Thm. 3 holds for any arbitrary finite number of
message labels |M|. Furthermore, increasing |M| reduces
the average cosine distance (since more clusters are formed)
and, consequently, a reduction in the return gap due to the
upper bound derived in Thm. 3.

An illustrative example. We consider a two-agent matrix
game with pay-off @Q* shown in Fig 1. Assume that dif-
ferent observations are equally likely and that agent 2 has
a single action in each state. It is easy to see that under
an ideal optimal policy 7* [77,75] with full observ-
ability (01, 02) can achieve an optimal average reward of
J(r})=1/2-[(53.24+4.54+64.0+16.1)/4+ (31.8+28.0+
34.1 + 81.5) /4] = 39.1375 by choosing the optimal actions
in each (01,02), i.e.,, m* = argmax, ,,Q*(01,02,a1,a2).
Consider a POMDP scenario where agent 1 has only lo-
cal observation o1, and agent 2 can send a 1-bit message
mo = g(02) encoding its local observation o,. Since the
message is only 1-bit but there are 4 possible observations
02, multiple observations must be encoded into the same
message. Thus, agent 1 is restricted to a limited policy class
m1(ay]o1, mo) taking the same actions (or action distribu-
tions) under the same o7 and for all 0o corresponding to
the same message ms. Thm. 3 shows that to minimize the
return gap between 7 (ay|o1, mg) with partial observation
and the ideal optimal policy 7* = [r], 73] with full observ-
ability, we can leverage a message generation function to
minimize the average cosine distance e between action val-
ues for different observations os. In particular, let Q*(03)
be a column of Q* corresponding to oz. There are then four
pOSSibi]itieS of 02: 021,022,023, 024. If Q* (OQi) and Q* (OQJ‘)
are likely maximized at the same actions a1, then encoding

(10)

gent2| 021 | Oz | 023 | Oz4 0
* " * " (021)/._ 7 0.56
Agent 1 Ay | Qz2 | Q3 | Q24 09 -
a;, | 532 | 45 [s85]| 03 075 Qo)
011 Q7 o
ay, | 429 | 12 | 640|161 (©22) % &
S
a;, | 318 20 [341] 63 vl
012 m; =0 73 Qoray
aip | 229 | 280 | 100 | 815 3
— 34— m; =1

Qlor) Qor) oz oz

Figure 1: An illustrative example of optimizing message
generation mo via clustering to minimize the return gap.
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02; and o0z; to the same message would result in little re-
turn gap, as formalized in Thm. 3. The message generation
could be viewed as a clustering problem over o, under vec-
tor cosine-distance (Muflikhah and Baharudin 2009). The
right figure in Fig 1 displays the cosine distances calculated
between every pair of action value vectors in Q*(02;) and
Q*(02;) (which are readily available during centralized train-
ing). According to Thm. 3, assigning the same message la-
bels to observations o, whose optimal action value vectors
have smaller cosine distances would result in smaller return
gaps. Hence, we assign message label ‘0’ to Q*(021) and
Q* (023_), whose cosine distance is 0.03, and message label
‘1’ to Q*(022) and Q*(024), whose cosine distance is 0.02.
Accordingly, the message generation in Fig 1 leads to an
average return of J (7, g) = 38.775 with an optimal return
gap of J(m*) — J(m, g) = 0.3625.

RGMComm Design: Minimizing the Upper
Bound of Average Cosine Distance ¢

The result in Thm. 3 inspires a new MARL communi-
cation framework - RGMComm shown in Fig.(2), which
minimizes the return gap between fully-observable 7* and
communication-enabled 7 by training an online clustering
network ¢ for message label generation, minimizing € with a
cosine-distance loss. The method can be easily implemented
since:

* Due to the actor-critic framework adopted by most
MARL algorithms, e.g., MADDPG(Lowe et al. 2017),
QMIX(Rashid et al. 2018), FOP(Zhang et al. 2021), and
DOP(Wang et al. 2020), joint action-value functions (of-
ten represented using DNNs) are readily available for
training the message generation functions.

To train communication (using online clustering) together
with agent policies, we can efficiently sample action-
values based on transitions and state visitations in the
replay buffer, allowing easy application to continuous
state-space problems.

MARL training: We can leverage state-of-the-art MARL
algorithms adopting the actor-critic framework to train agent
policies and obtain an estimate of the action-value function.
Note that we drop time ¢ in the following notations for sim-
plicity. Let Q.,(0,a) be a DNN parameterized by w. We

Trained by sampling Q" (04, ..., 0,,, @4, ..., Gy,

Figure 2: RGMComm trains message generation function g
via sampled action-value vectors, shaping the cosine-distance
loss function Lo p.
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update the parameter w using an experience replay buffer R
containing tuples (0, a, R, 0’) and recording the experiences
of all agents. The action-value function Q. (0, a) is updated
by minimizing the loss function £(w) defined as:

‘C(w) = E(o,a,R,o/)[(Qw(ov a) - 9)2]»
y=R+7vQu (0,a)|a =7 ().

We note that decisions above may be taken with re-
spect to decentralized policies conditioned on partial ob-
servation and communication messages, denoted as 7 =
[Ti(@i|0i, M —4)|m_,={g(0,),vji}» Vi]. Suppose that agents’
policies are parameterized by {61,...,6,}, respectively.
These policies are updated and executed in a decentralized
manner using the policy gradient to minimize the expected
return J(0;) = E[R;] of each agent i:

)

Vo,J(0;) = Eo.anr | Ve, logm, (ai|oi, m_;)QL" (o, a)} .

(12)
Learning message generation: The message generation
functions g = {¢1,...,gn} of all agents are approximated
using DNNs parameterized by £ = {&1,...,&,}. For each
agent j, we first sample a random minibatch of K; samples
X; = (o*,ak, RF1 o'*1) from the transitions recorded
in replay buffer R, which contains the observation-action
pairs from all agents including agent j. Then we sample
aset X_; = (o]?j,alizj) from X, which are the top K5
frequent observation-action pairs in the minibatch X; after
removing o; and a; from X;. Then we form the sampled tra-
jectories by combining (0, a;) in X; and (0_j,a_;) in X_;
as D = (of1k2 akik2 RRik2 ofkikz) To obtain the action-
values for clustering, we query the critic networks with D
as the input to get the Q,, (0j,0—j,a;,a_j;), which approx-

imates action-value vectors (Q*(o;) defined in Eq. (5) and

the illustrative example. We use Q*(0;) instead of (), in the
following part to be consistent with the theoretical results.
The message m; = ge, (0;) is updated by minimizing a Reg-
ularized Information Maximization (RIM) loss function (Hu
etal. 2017) L(ge,) in terms of Q*(0;):

L(g¢,) = Lep — AL,

(13)
where Lop is a clustering loss in the form of Locality-
preserving loss (Huang et al. 2014). It preserves the locality
of the clusters by pushing nearby data points of action-value
vectors together. Inside L¢op, 0§-’ € X;,p=1,...,K;isthe
sampled observation o;, N, (p) is the set of the K3 nearest
neighbors of Q* (057 ), with D, (the cosine-distance between

Q* (o) and its neighbor Q* (o)) as the metric to define the
neighbors. The mutual information loss Lj;; measures the
mutual information between observation o; and message m;.
Here we measure the mutual information loss as the differ-
ence between the marginal entropy H (m,) and conditional

Algorithm 1: RGMComm message label generation

1: Input: K1, K5, K3, A\, Replay buffer R, current parame-

tersw, & = {&1,. .., &}
2: fort =1to 7T do

3: for agent j ton do

4: Get top-K; samples X; = (0¥, a*1, R¥1 o'*1)
from reply buffer R;

5: Get top-K samples X_; = (o’f?j, a’?j) from X
from X;

6: combining (0, a;)in X; and (o_;,a_;)in X_;
as D = (ol1kz gikz Rikz gfkika),

7: Query the critic w with D as the input to get the
Qw(0j7 0—j, aj, a—j);

8: Update g¢, by minimizing the loss L(ge,) de-
fined in the main paper;

9: end for

10: end for

11: Output: Message functions: m; = ge, (0;).

entropy H(m;|o;), which are defined as:

K,
H(mj) = h(pe,(m;)) = h(1/K1) Y pe, (mjlo;),

. ”:1 (14)
H(mjlo;) = 1/K1) > hlpe, (mjlo;).
p=1

where h(p(z)) = — >, p(«’) log p(«’) is the entropy func-
tion. Increasing the marginal entropy H (m;) ensures diverse
and uniformly-sized clusters, while decreasing the condi-
tional entropy H (m;|o;) leads to clear and definitive cluster
assignments for each observation and thus minimizes over-
lap. In summary, minimizing Lcp narrows the return gap
between full-observability and partial-observability policies
with communication, and maximizing L, guarantees even
cluster sizes and distinct observations-to-cluster assignments.
A hyper-parameter A balances these objectives.

Action-value vectors are normalized and processed
through the activation function for improved clustering out-
comes. The choice of activation function is discussed in the
experiments section. The Return-Gap-Minimization Com-
munication(RGMComm) message label generation process
is summarized in Algorithm 1, The complete pseudo-code
for training RGMComm is in Appendix B (Chen, Lan, and
Joe-Wong 2023).

Experiments

We test RGMComm on continuous state space Dec-POMDP
problems (using Multi-Agent Particle Environment (Lowe
et al. 2017)). We compare it against strong baselines: (1).
Continuous communication using SARNet (Rangwala and
Williams 2020), which employs memory-based attention for
uninterrupted messages. (2). One-hot discrete communica-
tion using CommNet (Sukhbaatar, Szlam, and Fergus 2016),
MADDPG (Lowe et al. 2017), IC3Net (Singh, Jain, and
Sukhbaatar 2018), TarMAC (Das et al. 2018), and SAR-
Net (Rangwala and Williams 2020). We enable their discrete
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Figure 3: Evaluation on n-RGMComm-trained predator agents in Predator-Prey tasks: (a)-(c) Comparing RGMComm with
baselines with communication: RGMComm (red curve) converges to a higher mean episode reward than all the baselines. (d)-(f)
Comparing RGMComm with full-observability policy: RGMComm (red curve) achieves nearly optimal mean episode reward
(brown dashed curve) in all scenarios with varying numbers of agents, which illustrates its ability to minimize the return gap.

communication mode, where agents send discrete unstruc-
tured vectors. These baselines use Gumbel softmax for gradi-
ents and backpropagation. (3). Vector-Quantized Variational
Information Bottleneck (VQ-VIB) (Tucker et al. 2022), the
recent method using autoencoder and quantization for com-
munication. All baselines train from scratch with the same
hyperparameters as RGMComm, repeated 3 times with dif-
ferent seeds. Appendix C (Chen, Lan, and Joe-Wong 2023)
has more details on baselines, architectures, hyperparameters,
and environments.

Predator-Prey

In the Predator-Prey scenario, predators are trained to collab-
orate to surround and seize prey who move randomly. We
trained RGMComm with different alphabet sizes |M | and
N = 2,3, 6 predators. Figures 3a to 3¢ show that RGM-
Comm outperforms all baselines with 2, 3, and 6 coopera-
tive predator agents. The figures display learning curves
of 300,000 episodes in terms of the mean episode reward,
averaged over all evaluating episodes (10 episodes evaluated
every 1000 episodes). Figures 3d to 3f show the learning
curves of average returns under our RGMComm policy com-
pared with an ideal full-observability policy 7*. RGMComm
achieves near-optimal mean episode rewards in all scenar-
ios with varying numbers of agents, which demonstrates its
ability to minimize the return gap. Additionally, the message
generation training process uses an online clustering algo-
rithm that does not require a large volume of data, leading to
faster convergence that scales well with more agents.

Fig 4 shows how the total number of message labels af-
fects RGMComm’s performance. We compare the normal-
ized mean episode reward achieved by RGMComm with

17333

|M| = 0,2,4,8,16,32 message labels. As expected, the
mean episode reward increases with the number of message
labels. Remarkably, with only |M| = 2 message labels (i.e.,
1-bit communication), RGMComm achieves nearly optimal
mean episode reward. With more than |M| = 4 message
labels, RGMComm’s reward exceeds that of the policy with
full observability, this is because the message generation
function learned from the critic provides a succinct, discrete
representation of the optimal action-value structure, leading
to less noisy communication signals and allowing agents to
discover more efficient decision-making policies conditioned
on the message labels.
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Figure 4: The normalized mean episode reward increases as
the total number of message labels increases.
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have higher convergence values than all baselines with partial observability - RGMComm both lead to almost zero return gap achieved by

via discrete communication allows more efficient policies to be learned in POMDP.

full observability policy (brown dashed curve).

Figure 5: Cooperation Navigation Experiments

Cooperative Navigation

We train RGMComm using 4 and 16 message labels for Co-
operative Navigation, which tasks agents with collaboratively
navigating to specific targets without collisions. Each agent
could observe the nearest landmark with relative positions
and velocities without knowing the others’ information. At
each timestep, the reward of an agent is given by the distance
between the agent and its nearest landmark. A penalty will
be added if a collision occurs between agents.

Fig. 5a shows the learning curve in terms of mean episode
reward for RGMComm using 4 and 16 message labels com-
pared with baselines with communication in partially observ-
able environments. We can see that RGMComm converges
to a much higher reward than all the baselines at a faster
convergence speed. Figure 5b shows that RGMComm using
4 message labels leads to almost zero return gap and achieves
nearly optimal returns. With 16 message labels, the proposed
RGMComm algorithm sometimes even converges to a higher
mean episode reward than the policy with full observability.
The improved performance is due to the message generation
function, learned from the centralized critic, offering a com-
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60 F77 Return Gap (left) .
50 EZ7 Avg Cos Dis (right) j0.052

450.04 &
A B

2 X 0.04 0.0a2

8% °

£ 003G

S 30 039

9 S

o < o
20 7% 0.2

' o
10 0.01%
7!
0 a 6 0.00

5 7
Number of Message Labels

Figure 6: The return gap (left) is bounded by average cosine-
distance (right) and diminishes as average cosine-distance
(right) decreases due to the use of more message labels.
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pact and distinct representation of the optimal action-value
structure. This leads to clearer, less noisy communication
signals, enabling agents to develop more effective decision-
making strategies based on the message labels.

Figure 6 plots the average cosine-distance e across clus-
ters and the corresponding return gap (between RGMComm
and the full-observability policies) using 4, 6, and 8 mes-
sage labels. The cosine-distance e is averaged over different
clusters and different vectors (Q*(o;) in each cluster. We
note that the Q,.x for 4-, 6-, 8-label RGMComm policy is
721,739, 754 respectively. To calculate the return gap, we
evaluate RGMComm and full-observation policy with re-
spect to the mean episode rewards by taking the average over
the last 30 episodes after each algorithm converged. The nu-
merical results justify Thm. 3’s analysis: the return gaps are
indeed bounded by O(y/enQmax), and the average return
gap diminishes as the average cosine-distance over all clus-
ters decreases due to using more message labels, which also
validates the results in Remark 4.

Ablation Study

We further provide an ablation study on the RGMComm algo-
rithm about how different normalizations of the action value
vectors (Q*(o;) (which result in different distance measures)
affect the performance of RGMComm. We compare the
achieved average returns by using the Softmax function, hy-
perbolic tangent (Tanh) function, and not using any activation
functions in our proposed RGMComm algorithm with two
baselines - independent Q learning and centralized Q learn-
ing algorithms (by allowing 7* to have full-observability).
The results in Fig. 7 first show that RGMComm with Soft-
max (pink densely dashed curve) could achieve a higher
return than RGMComm with no activation function (yellow
densely dotted curve), and Independent Q learning algorithm
(gray dash-dotted curve). This is because the Softmax activa-
tion function extracts the largest element of Q)*(o;) for the
distance calculation, this result validates the importance of
cosine-distance in our bound. Fig 7 also shows that RGM-
Comm with Tanh (purple solid curve) can converge to a
higher return, compared to RGMComm with Softmax, this
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Figure 7: RGMComm with Tanh activation function (purple
solid line) outperforms all baselines with other activation
functions and converges to almost the optimal mean episode
reward achieved by centralized Q learning (green loosely
dashed line).

is because such S-shape functions like Tanh can push larger
action-values toward 1, which helps the online clustering al-
gorithm under cosine-distance to group the action-values that
are likely maximized at the same actions. Fig 7 further shows
that RGMComm with Tanh can achieve a nearly optimal re-
turn compared to the centralized Q learning full observability
algorithm (green loosely dashed curve), indicating its ability
to minimize the return gap as well.

Communication Message Interpretations

To illustrate message interpretation, we run RGMComm on
a grid-world maze environment (see environments details
in Appendix C (Chen, Lan, and Joe-Wong 2023)) for easy
visualization, while our method here can be readily used
in other environments. The discrete message labels used in
RGMComm are naturally interpretable. We investigate the
correlation between message labels and local observations
as well as agent actions. We visualize the count of message
labels agents uttered in different positions during training
in Fig 8a and Fig 8b. We use ‘red’, ‘yellow’, ‘purple’, and
‘grey’ to represent the positions where agents have higher
probabilities to send message labels ‘0’, ‘1°, ‘2’, and ‘3’,
respectively. We can see that when agents are closer to the
high-reward target(circle), they are more likely to send label
‘1’, while more likely to send label ‘2’ when they are closer to
the lower-reward target(triangle). To interpret other messages,
for two RGMComm agents, we also visualize the correlation
between actions and messages they receive. As shown in
Fig 8c and Fig 8d, both agents are more likely to take action
‘down’, ‘up’, ‘right’, ‘left’ conditioned receiving label ‘0, ‘1°,
2’, and ‘3’, respectively. Putting these together, for instance,
we can see that when an RGMComm agent approaches the
high-reward target, it will utter a label ‘1’, instructing other
agents to move ‘up’ or ‘left’, which effectively guides other
agents to approach the same target located at the upper left
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(a) Label-position (agent 1) (b) Label-position (agent 2)
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Figure 8: (a)-(b): agents are more likely to send label ‘1’ when
closer to higher-reward target (circle), while more likely to
send label ‘2° when closer to lower-reward target (triangle);
(c)-(d): both agents are more likely to take action ‘down’,
‘up’, ‘right’, ‘left’ conditioned receiving label ‘0’, ‘1°, ‘2’,
and ‘3’°, respectively.

corner of the map. Discrete communication in RGMComm
naturally allows such interpretations to be obtained during
training in different task contexts.

Conclusion

In this paper, we propose a discrete communication frame-
work for MARL using any finite-size discrete alphabet that
views message generation as an online clustering problem
and quantifies the optimal return gap between an ideal pol-
icy and a communication-enabled policy with a closed-form
upper bound. We also show that the proposed new class of
MARL communication algorithm which minimizes the return
gap with few-bit messages significantly outperforms state-
of-the-art baselines and achieves nearly-optimal returns. For
future work, we will investigate the decision paths of agents
through a more explainable structure than DNNs, and see
how the decision paths affect each other in MARL settings.
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