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Abstract

Cooperative Multi-Agent Reinforcement Learning (MARL)
has drawn increasing interest in recent works due to its signif-
icant achievements. However, there are still some challenges
impeding the learning of optimal cooperative policies, such as
insufficient exploration. Prior works typically adopt mutual
information-based methods to encourage exploration. How-
ever, this category of methods does not necessarily encourage
agents to fully explore the joint behavior space. To address
this limitation, we propose a novel objective based on learn-
ing a representation function with a Lipschitz constraint to
maximize the traveled distances in the joint behavior space,
encouraging agents to learn joint behaviors with large varia-
tions and leading to sufficient exploration. We further imple-
ment our method on top of QMIX. We demonstrate the ef-
fectiveness of our method by conducting experiments on the
LBF, SMAC, and SMACV2 benchmarks. Our method outper-
forms previous methods in terms of final performance and
state-action space exploration.

Introduction

Cooperative Multi-Agent Reinforcement Learning (MARL)
has demonstrated its potential in addressing diverse multi-
agent challenges, ranging from multiplayer video games
(Vinyals et al. 2019) to real-world traffic light control (Wu
etal. 2020). MARL facilitates effective cooperation by train-
ing multiple agents together to maximize team returns. Due
to partial observation constraints and high scalability de-
mands of multi-agent systems, Centralized Training with
Decentralized Execution (CTDE) framework (Lowe et al.
2017), where decentralized policies are learned for agents
to make action decisions while being trained in a central-
ized manner to ensure robust and stable performance, has
been widely used in many MARL algorithms, such as value-
decomposition methods (Igbal et al. 2021; Yang et al. 2021;
Wang et al. 2020a; Sunehag et al. 2018; Rashid et al. 2018)
and policy gradients (Ma et al. 2021; Wang et al. 2020b;
Ndousse et al. 2021; Zhang et al. 2021).

One of the most popular algorithms based on CTDE is
QMIX (Rashid et al. 2018). QMIX learns factored value
functions for each agent by optimizing an approximation
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for the joint action-value function. The factors allow agents
to make action decisions only depending on their histori-
cal trajectories, enabling decentralized execution. Moreover,
QMIX monotonically combines these factors with a mix-
ing network and trains them with the global state and joint
behaviors of all agents, leading to stable and robust per-
formance. However, the trade-off for this decentralization
is evident, given that the monotonicity constraint imposes
limitations on QMIX, leading to suboptimal approximations
of values and inefficient exploration (Mahajan et al. 2019).
There have been many recent efforts trying to enhance the
performance of QMIX by improving the network architec-
ture (Sunehag et al. 2017; Rashid et al. 2018; Wang et al.
2020a; Son et al. 2019) or extensive exploration (Mahajan
et al. 2019; Wang et al. 2019; Jiang and Lu 2021; Li et al.
2021, 2022; Yu et al. 2023).

MAVEN (Mahajan et al. 2019) realizes the committed ex-
ploration by enabling agents to condition their behaviors on
the shared latent variables, controlled by a hierarchical pol-
icy, through maximizing mutual information between latent
variables and joint behaviors. This leads the latent variable
to be maximally informative of the joint behavior. Therefore,
optimizing the mutual information objective encourages the
visitations of mutually different joint behaviors. Given the
promising results achieved by mutual information in facili-
tating exploration, many recent studies also adopt the mutual
information objective to improve the performance of QMIX
(Wang et al. 2019; Jiang and Lu 2021; Li et al. 2021, 2022;
Yu et al. 2023).

Despite their achievements, these mutual information-
based methods may not enable agents to sufficiently explore
the joint behavior space. Since the mutual information re-
mains unaffected by scaling or invertible transformations
of input variables, it inherently possesses infinitely many
optima (Ozair et al. 2019). Consequently, the convergence
tends to occur towards the most easily optimizable maxi-
mum, i.e., the mutual information objective can be easily
maximized with only slight differences between joint behav-
iors, which does not necessarily encourage agents to learn
joint behaviors with large variations for sufficient explo-
ration of the joint behavior space in complex multi-agent
tasks.

In order to resolve the limitation of mutual information-
based methods, we propose a novel multi-agent exploration



method, called Direction-based Joint Behavior Difference
(DJBD). The mutual information-based methods prefer joint
behaviors that are closer in the joint behavior space rather
than seeking for distant ones so that the maximum of mu-
tual information can be easily achieved. To address this, our
method is based on a novel direction item objective that
aligns the directions of joint behavior differences in a latent
representation space and latent variables, to learn a repre-
sentation function with a Lipschitz constraint. The Lipschitz
constraint ensures that the maximization of our objective in
the latent space can lead to increased traveled distances'
in the joint behavior space. Compared to previous mutual
information-based methods, our method causes large trav-
eled distances in the joint behavior space, thus leading to
more sufficient exploration and the learning of complex co-
operative behaviors.

The contributions of this work can be summarized as fol-
lows:

* We propose a novel multi-agent exploration method
named DJBD to learn a representation function with a
Lipschitz constraint by maximizing a direction term ob-
jective, enlarging the traveled distances in the joint be-
havior space. We further deploy it in QMIX by introduc-
ing a per-step transition reward function for agents to en-
courage efficient exploration.

We conduct experiments on the Level-Based Forag-
ing (LBF) (Albrecht and Stone 2019), StarCraft Multi-
Agent Challenge (SMAC) (Samvelyan et al. 2019), and
SMACV2 (Ellis et al. 2022) benchmarks to test our pro-
posed DIJBD. The experimental results demonstrate the
superior performance of our method compared to exist-
ing state-of-the-art methods. Our method is more robust
in learning complex cooperative policies in challenging
multi-agent tasks.

Related Works

Collaborative MARL Numerous efforts have been dedi-
cated to enhancing agent performance in collaborative en-
vironments within the MARL field. Policy-based methods
like COMA (Foerster et al. 2018), MADDPG (Lowe et al.
2017), MAPPO (Yu et al. 2022), and DOP (Wang et al.
2020b) learn decentralized policies for agents to maximize
expected team returns by employing the CTDE framework.
On the other hand, value-based algorithms like VDN (Sune-
hag et al. 2017), QMIX (Rashid et al. 2018), and QPLEX
(Wang et al. 2020a) learns an approximation for the joint ac-
tion value function and decompose it into individual utility
functions, enabling agents to make decentralized action de-
cisions. However, these methods face challenges in learning
optimal cooperative policies maximizing the joint action-
value function due to representational constraint, potentially
hindering sufficient exploration. While VDN uses a sum-
mation of agent utilities, QMIX introduces a mixing net-
work with a monotonic constraint to relax the summation
constraint, and QPLEX further employs a duplex dueling

!The traveled distances refer to the dot product of the joint be-
havior distances and the latent variables.
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network architecture for enhanced representation capability.
Despite their large representation capability, agents still suf-
fers from insufficient exploration to learn optimal coopera-
tive policies in complex multi-agent tasks.

Mutual Information-based Cooperation Several recent
works adopt the mutual information objective to improve ex-
ploration. MAVEN (Mahajan et al. 2019) introduces a la-
tent variable controlled by a hierarchical policy for value-
based agents to condition on. MAVEN maximizes mutual
information between the latent variable and trajectories to
learn diverse joint behaviors. EOI (Jiang and Lu 2021) en-
courages individuality by training a probabilistic classifier
to predict the distribution over agents based on observa-
tions, using this prediction as an intrinsic reward for pol-
icy training. CDS (Li et al. 2021) optimizes mutual infor-
mation through lower bounds derived from Boltzmann soft-
max distribution and variational inference, introducing in-
trinsic rewards to address mutual information objectives.
Similarly, EITI (Wang et al. 2019) uses mutual information
to extract transition dynamics, while PMIC (Li et al. 2022)
maximizes mutual information for superior cooperative be-
haviors while minimizing it for inferior ones. GHQ (Yu
et al. 2023) learns individual parameters for agent groups
through Inter-group Mutual Information (IGMI) to encour-
age diversity. CIA (Liu et al. 2023) achieves temporary cred-
its distinguishability among agents by maximizing the mu-
tual information between temporary credits and identity rep-
resentations. LIPO (Charakorn, Manoonpong, and Dilok-
thanakul 2023) employs policy compatibility as a means to
learn diverse policies, further diversifying agents’ behav-
iors via the mutual information objective. FoX (Jo et al.
2024) introduces formation-based exploration, encouraging
diverse formations by guiding agents to be aware of their
current formations via maximizing the mutual information
between formations and latent variables. These methods ex-
hibit promise in promoting exploration, yet they may prefer
similar joint behaviors or trajectories that can easily achieve
the maximum of the mutual information, hindering suffi-
cient exploration.

Backgrounds
Multi-Agent System

We consider a fully cooperative multi-agent Decen-
tralized Partially Observable Markov Decision Process
(Dec-POMDP) (Olichoek and Amato 2015), denoted as
(A,S,U,P,R,0,,~). Here, A denotes a set of | A| agents,
s € S is the global state, and U represents the set of ac-
tions. Each time step initiates with each agent a receiving
an observation 0% € () via the function O(s,a). Subse-
quently, the agent selects an action u* € U. The collec-
tion of all agents’ behaviors forms a joint behavior u; the
environment transitions to the next state s’ based on the
probability from the transition function P (s’ | s, ). Simul-
taneously, the environment provides agents with a shared
team reward r = R(s,u). v € [0,1) is the discount fac-
tor. The observation-action pairs (0%, u®) for agent a form
its trajectory 7 € 7. Each agent a learns an individual
policy 7% (u® | 7%), collectively forming a joint policy 7



to maximize the joint action-value function Q™ (s,u) =
E o0 t — —
50:00,U0:00 [Zt:o’y Tt | S0 = 5, Up = U, 71'].

Direction-based Joint Behavior Difference

In this section, we propose Direction-based Joint Behavior
Difference (DJBD), a novel multi-agent exploration method
encouraging the visitations of diverse joint behaviors with
larger traveled distances. We first analyze the limitation of
mutual information in encouraging diverse joint behaviors.
Then, we derive our objective from the mutual information
and learn a representation function by maximizing our ob-
jective with the 1-Lipschitz constraint. Further, we provide a
practical learning algorithm by integrating our method with
QMIX.

Limitation of mutual information-based methods We
first discuss why previous mutual information-based meth-
ods (Mahajan et al. 2019; Li et al. 2022; Charakorn,
Manoonpong, and Dilokthanakul 2023; Jo et al. 2024) may
lead to insufficient exploration. The mutual information ob-
jective between the joint behavior u; and the latent variable
z with a variational lower bound can be written as follows:

e 10gD (2 | ug)] + E. [logp (2)]

2 J0gq (2| ug)] +E; [logp(2)] (1)
where E, [logp (2))] is a constant since the latent variable
z € R? is sampled from a fixed uniform distribution p(z).
The variational distribution ¢ (z | w;) is an approximation of
p (z | ug), the true posterior of z. The optimization over the
mutual information means optimizing over the variational
distribution ¢ (z | us).

Although the objective of mutual information shown in
Equation 1 encourages mutually diverse joint behaviors
given different values of z, one limitation is that the goal
of fully maximizing mutual information can be achieved
even with small differences between the joint behaviors.
This is because the variational distribution ¢ (2 | u¢) serves
as a joint behavior discriminator that can be easily modeled
when different values of z correspond to marginally distinct
joint behaviors w¢, which means that the mutual informa-
tion objective lacks a metric for measuring the distance in
the joint behavior space. This limitation becomes extremely
problematic for many challenging cooperative tasks because
small differences between joint behaviors may impede suffi-
cient exploration of the joint behavior space, which leads to
sub-optimal cooperative policies and downgrade the perfor-
mance of agents.

Direction-based Joint Behavior Difference To resolve
this limitation and maximize traveled distances between
joint behaviors, we adopt neither mutual information maxi-
mization nor a joint behavior discriminator but a representa-
tion learning function that learns the latent representations of
joint behaviors. Concretely, to derive our objective, consider
the variational mutual information between joint behaviors
and the latent variable z with a conditional form (Sharma
et al. 2019),
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We further parameterize g (z | ©¢, w¢41) by anormal dis-
tribution with unit variance N (u (ug, wg1),1I). Here we
assume p (z | wt) = p(2). dis the dimensionality of z. Max-
imizing I (z; u¢41 | ue) encourages different values of z to
correspond to distinct w¢4; with the last step joint behavior
being uy.

The intuition behind our introduction of the conditional
mutual information objective I (z;u¢41 | ue) is that we
need to highlight the differences between joint behaviors
induced by the policies of agents at successive time steps.
To achieve this goal, we further model u (uy, ugqq) with
¢ (ut41) — ¢ (ug). Here, ¢ is a learnable representation
function that maps the joint behaviors to an abstract repre-
sentation space. With the representation function, we can de-
compose the variational distribution g (z | w¢, u¢41) as fol-
lows,

E%"H—l [1qu (Z | Ut, ut+1)]
1

= B [l — i (e )] — 5 log(2)
= 3 Bes [~ (8 () — 6 (we)) 7] — & log(2m)
= Eennpa | (6 (ues1) — 0 (wr) " =

1
— 5B [0 (uera) = o (ur)|]
1
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where E, [ZTZ} is a constant because p(z) is a fixed distri-
bution. The first term of Equation 3 aligns the directions of
the vector ¢ (uty1) — ¢ (us) and latent variables z, while
the second term serves as a norm regularizer.

To encourage diverse joint behaviors with larger traveled
distances, we use the direction term of Equation 3 to be the
objective of our method to train the representation function
¢, which can be written as follows:

Ja = B [0 (wegn) =6 ) 2] @

The ¢ (ug41) — ¢ (ue) term guarantees the distance be-
tween joint behaviors in the latent representation space.
However, simply maximizing the objective J; may cause
the value of ¢ (ug41) to be infinite regardless of the real
joint behavior u¢4 1, i.e., enlarging the distance in the rep-
resentation space may not lead to increased distance in the
joint behavior space. To address this issue, we introduce the
1-Lipschitz constraint and enforce it on the representation
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Figure 1: Architecture for DIBD.

function ¢ to ensure that the increased distance in the repre-
sentation space entails an increase in the distances between
joint behaviors. The Lipschitz-constrained objective can be
written as follows,

Jqg = Ez,ut+1 ((b (Ut+1) —¢ (ut))T Z}

Vr,y e U |[o(x) — o)l < llz -yl

We note that maximizing the objective in Equation 5 in-
creases the length of ¢ (ur41) — ¢ (ut). Meanwhile, it also
leads to an increase in the upper bound |41 — ue || caused
by the 1-Lipschitz constraint (i.e., ||¢(ur4+1) — P(u)]| <
|lwt1 — ue|]). Therefore, the maximization of our objective
shown in Equation 5 encourages agents to take joint behav-
iors with larger traveled distances. In practice, we implement
the 1-Lipschitz constraint by Spectral Normalization (Miy-
ato et al. 2018).

The 1-Lipschitz constraint used in our method is entirely
different from its usage in unsupervised skill discovery to
learn useful skills (Choi et al. 2024; Yang et al. 2023; Maz-
zaglia et al. 2022; Park et al. 2021). First, we derive our ob-
jective from a novel conditional mutual information that as-
sociates the next step joint behaviors with latent variables
given the current joint behaviors. Second, we impose the 1-
Lipschitz constraint between joint behaviors in consecutive
time steps instead of the initial and final states, which allows
for efficient per-step incentives.

Practical Learning Algorithm Since we have presented
the objective of our method, we next provide a practical
learning algorithm that combines our method with QMIX
(Rashid et al. 2018), a MARL algorithm based on the value-
decomposition that jointly optimizes @, an estimate of
the joint action-value function, to learn optimal policies for
agents. To implement our method in MARL, we introduce a
per-step transition reward function for agents given as:

&)
s.t.

ra(se, ut, se41) = (P(ugga) — ¢(ut))T2 ©)
where the transition (s;,us,s¢y1) is sampled from the
replay buffer and wsy, is selected by the target util-
ity networks @ in QMIX. We use the per-agent utilities
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Q%(7%,u®) in the case of QMIX as the representatives of
joint behaviors to be the input of the representation func-
tion ¢. To learn diverse joint behaviors with larger traveled
distances, we apply this reward function to the TD loss of
QMIX to train the policies of agents. The TD loss aims to
update the Q. network of QMIX towards maximizing ex-
pected team returns that is given as:

b

Lrp = Z [(ymt - Qtot(Tt,Ut,St))2} , where

i=1

=7+ arg +7max Qtot (Te41, Utt1, St41)
t41

(7

tot
Y

where b is the batch size of the transitions sampled from
the replay buffer, r is the environmental reward, « is a co-
efficient that is used to weight the transition reward r4, and

Qtot is the target network. We provide the pseudocode for
our method in the Appendix 3. Note that our method is easy
to implement since it only additionally introduces a transi-
tion reward function based on the representation function ¢
to QMIX, and the other components are the same as QMIX.
In order to achieve large joint behavior variations and max-
imize team rewards, we train the representation function
¢ and Q4. alternatively. Moreover, we also integrate our
method with the policy gradient method MAPPO. We refer
the reader to Appendix 1 for more details.

Experiments

In this section, we evaluate the performance of our proposed
DIJBD on challenging multi-agent tasks from the LBF (Al-
brecht and Stone 2019), SMAC (Samvelyan et al. 2019), and
SMACV2 (Ellis et al. 2022) benchmarks to highlight its su-
perior performance. We use several state-of-the-art methods
as baselines, including value-decomposition methods such
as QMIX (Rashid et al. 2018) and QTRAN (Son et al. 2019),
as well as mutual information-based exploration methods
such as MAVEN (Mahajan et al. 2019), EOI (Jiang and
Lu 2021), CDS (Li et al. 2021), PMIC (Li et al. 2022),
LIPO (Charakorn, Manoonpong, and Dilokthanakul 2023),
and FoX (Jo et al. 2024). The experimental results presented
in this paper are illustrated with both the mean and standard
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Figure 2: Performance comparison between our proposed DJBD and baselines in LBF.

deviation of performance tested with five random seeds. For
a fair comparison, the hyperparameters shared across meth-
ods are consistent in each multi-agent task. Training details
and hyperparameters used in our experiments are available
in the Appendix 5.

Level-Based Foraging

To demonstrate the effectiveness of our proposed DIBD in
promoting multi-agent exploration, we first introduce the
Level-Based Foraging (LBF) environment (Albrecht and
Stone 2019), where several agents and food items are ran-
domly distributed in a 10x10 grid world as shown in Figure
2a. Each agent can only observe a 3x3 grid around them.
During each episode, agents can move in four directions in
the grid world and collect items adjacent to them. Each agent
and item is assigned a specific level. The item can be suc-
cessfully collected only if the total level of agents attempting
to collect it is equal to or greater than its level. This challeng-
ing collection task in the LBF environment requires agents
to collaborate with each other to attain more rewards, neces-
sitating the emergence of complex cooperative policies.
The performance of different algorithms in the LBF en-
vironment is shown in Figure 2b. Our proposed DJBD
achieves superior performance compared to the baselines.
We visualize the average normalized distance between joint
behaviors ||ug4+1 — uel| in Figure 2c. The results demon-
strate that our method efficiently enlarges the distance be-
tween joint behaviors by maximizing the direction term ob-
jective. Also, the distance between joint behaviors increases
as the distance in the representation space increases, due
to the 1-Lipschitz constraint. In contrast to our method, the
mutual information-based baselines such as EOI, CDS, and
FoX prefer joint behaviors with small distances. We believe
this is because such slight differences between joint behav-
iors can be sufficient to fully maximize the mutual infor-
mation objective, thus these baselines have no incentives to
seek distant joint behaviors, which leads to insufficient ex-
ploration and downgrades the final performance in the LBF
environment. Notably, QMIX fails to yield satisfactory final
performance due to limited exploration. But with the help of
our method, QMIX successfully learns exploratory policies
for agents to achieve more rewards. We further provide the
average number of times food items are eaten by agents in
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Figure 2d. The baselines struggle to learn effective collabo-
rative policies to collect the food items, especially the food
item with level 4 requiring at least 3 agents to collabora-
tively collect. Compared with baselines, DJBD yields robust
results and maintains its outperformance across all levels of
food items, demonstrating that our method learns more com-
plex cooperative policies via enlarging the traveled distance
in joint behavior space.

SMAC

We next evaluate our proposed DIBD in the StarCraft
Multi-Agent Challenge (SMAC) (Samvelyan et al. 2019), a
common-used benchmark for evaluating cooperative MARL
algorithms. It includes a set of challenging combat scenarios
that require agents to learn micromanagement skills to de-
feat enemies controlled by built-in AI. These scenarios are
classified into different difficulty levels (easy, hard, and su-
per hard). To validate the effectiveness of our method, we
compare our method with baselines in 6 scenarios of SMAC:
3s5z (easy), 2c_vs_64zg (hard), 7sz (hard), 6h_vs_8z (super
hard), corridor (super hard), and 3s5z_vs_3s6z (super hard).
The performance is not comparable between different ver-
sions of SMAC. The version of SMAC we use in our work
is SC2.4.10.

The performance of our method and baselines is shown
in Figure 3. Our method achieves better performance than
baselines. The baseline QMIX achieves satisfactory perfor-
mance in the easy 3s5z scenario and the hard 2c_vs_64zg
scenario, however, it fails to learn optimal policies in the
other more challenging scenarios and needs our method to
improve its final performance. EOI is less efficient in learn-
ing cooperative policies since its observation classifier may
overfit agent identity information. Our method does not rely
on the agent identity but on the differences between joint
behaviors, thus leading to more efficient exploration. Com-
pared with MAVEN, our method maintains its outperfor-
mance in the super hard scenarios by enlarging the traveled
distances between joint behaviors for exploring cooperative
policies. Moreover, our method does not yield significant
improvement over baselines in the easy 3s5z scenario and
the hard 2c_vs_64zg scenario, demonstrating that encourag-
ing the differences between joint behaviors may not result
in better learning efficiency in simple scenarios that do not
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require complex tactics.

Exploration and Stochasticity Although the scenarios
in SMAC are challenging, however, the agent compositions
and initial positions during each episode are the same in each
scenario. This means that it lacks enough stochasticity to
evaluate the exploration of MARL algorithms. The agents
may learn fixed action sequences regardless of specific ob-
servations. Therefore, to evaluate the state-action space ex-
ploration, we further use a more challenging benchmark
called SMACv2 (Ellis et al. 2022), which adds randomness
by adopting random unit types and random initial positions.

Our proposed DIBD achieves significant outperformance
in all scenarios, as shown in Figure 4. MAVEN does not
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Figure 5: Visitation heatmaps of different algorithms in the terran_5_vs_5 scenario.

yield satisfactory performance in most scenarios and even
achieves worse performance than QMIX. We believe this is
because the maximization of mutual information does not
lead to sufficient exploration to adapt to the changes in the
environment caused by stochasticity. Taking advantage of
learning the Lipschitz-constrained representation function,
our method successfully learns more exploratory policies
and achieves higher win rates. Compared to EOI, CDS, and
FoX which encourage multi-agent diversity, our method per-
forms substantially better than them, indicating enlarging
traveled distances between joint behaviors is more efficient
in promoting exploration.

To demonstrate the effectiveness of DJBD in encouraging



exploration, we further present visitation heatmaps for dif-
ferent methods in Figure 5. The mutual information-based
baselines do not fully explore the map. The agent move-
ments are only located in partial areas of the map. There-
fore, the agents struggle to detect and cooperatively defeat
distant enemies. However, by enlarging the traveled distance
between joint behaviors of agents, as shown in Figure 5, the
agents trained by our method actively explore the map and
efficiently search for enemies. The agent movements are uni-
formly distributed on the map.

Ablations and Visualization

Our proposed DIBD consists of three main components: (i)
the 1-Lipschitz constraint, (ii) the direction term, and (iii)
the differences ¢ (u¢y1) — @ (ug). We carry out ablation
studies to test their contributions. To test the 1-Lipschitz
constraint, we design a variant that ablates the 1-Lipschitz
constraint and only uses the direction term as our objective.
To test the direction term, we use the normal distribution
given by Equation 3 as our objective in place of the direction
term. Moreover, we also design a variant using the regular-
izer term given by Equation 3 as our objective. To test the
differences ¢ (u¢y1) — ¢ (ur), we ablate the differences by
using ¢ (u¢), ¢ (Uey1), and ¢ (ug41 — ue), respectively.

We first conduct ablation studies in the scenarios of
SMAC, and the results are shown in Figure 6. We note that
missing any of the components constituting DJBD leads
to a dramatic performance decrease. All the components
contribute to the large joint behavior variations. Specifi-
cally, without the 1-Lipschitz constraint, the performance
of agents declines rapidly and with similar performance
to QMIX, indicating that directly maximizing the distance
in the representation space would not lead to increased
traveled distance in the real joint behavior space. In con-
trast, with the 1-Lipschitz constraint, our method consis-
tently achieves robust performance in all scenarios. Maxi-
mizing our objective with the 1-Lipschitz constraint entails
increased distance in the joint behavior space. The normal
distribution does not improve the performance since it does
not necessarily encourage large joint behavior variations as
slight differences between joint behaviors are enough to
fully maximize the variational objective. Simply maximiz-
ing the differences ¢ (ut41) — ¢ (ug) with the 1-Lipschitz
constraint also results in sub-optimal performance. This is
because the direction term objective enables the differences
¢ (utg1) — ¢ (ue) to collapse to different directions given
the latent variables, thus resulting in better joint behavior
space converge. Moreover, using the representations of the
joint behavior u; and u¢41 in our objective only aligns
the directions of representations of joint behaviors and la-
tent variables, and does not actually enlarge the traveled
distance between joint behaviors. Similarly, we note that
learning the representations of the joint behavior difference
¢ (ug41 — uy) also leads to poor performance. We believe
this is because ¢ (ut41 — u¢) does not induce differences in
the representation space to ensure the 1-Lipschitz constraint
works properly.

We further visualize the final policies learned by our
method in the corridor scenario, presented in Figure 7. Fac-
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Figure 6: Performance comparison between DJBD and ab-
lation variants in SMAC scenarios.

Figure 7: Visualization examples of agent policies learned
by DJBD in the corridor scenario. Green and red shadows
represent agents and enemies, respectively. Green and red
arrows represent the moving directions of agents and ene-
mies, respectively.

ing powerful enemies, the agents trained by our method co-
operatively distribute the enemies’ attacks. Specifically, one
agent moves away from the team to attract the attention of
the majority of enemies. This agent continuously leads the
enemies away, diverting their fire to provide cover for the
rest of the team. Meanwhile, the other agents strategically
move in different directions and surround the following en-
emies. They can easily defeat the few remaining enemies,
as most are attracted by the separated agent. As a result, the
strength of enemies is greatly weakened. Enlarging the trav-
eled distance in the joint behavior space allows agents to
efficiently learn complex cooperative policies.

Conclusion

In this paper, we present a novel multi-agent exploration
method called DJBD to learn optimal cooperative policies
in complex multi-agent tasks. We analyze the limitation of
mutual information-based methods that the agents may pre-
fer similar joint behaviors that can easily maximize the mu-
tual information objective, impeding sufficient exploration.
We thus propose a novel objective based on learning a rep-
resentation function with a Lipschitz constraint to resolve
this limitation. Our method efficiently enlarges the traveled
distance between joint behaviors, thus resulting in more di-
verse joint behaviors and sufficient exploration. We imple-
ment our method on top of QMIX and evaluate its perfor-
mance in the LBF, SMAC, and SMACv2 benchmarks. Our
method achieves better final performance and state-action
space exploration than previous methods.
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