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ABSTRACT
Quality–diversity optimization (QD) in multi-agent reinforcement
learning (MARL) aims to evolve a population of team policies that
are both high-performing and behaviorally diverse, enabling effec-
tive coordination in complex cooperative tasks. However, existing
QD approaches often depend on random exploration to encour-
age diversity, resulting in unstable learning and limited coverage
in high-dimensional environments. We propose MIQD, a mutual-
information–enhanced QD framework that integrates fragment-
based behavioral descriptors into the critic to capture short-term
patterns and guide policy updates. Mutual information measures
alignment between policy behavior and target descriptors; its step-
level decomposition yields intrinsic rewards that promote align-
ment at each state–action pair. Experimental results show that our
method consistently outperforms strong baselines across multiple
metrics, demonstrating its effectiveness in jointly enhancing policy
quality and diversity.
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1 INTRODUCTION
Multi-agent reinforcement learning (MARL) [29] has been widely
applied to solving complex collaborative tasks, such as game AI [32],
autonomous driving [12], and robotic control [2]. Among these,
cooperative tasks are particularly prevalent: agents interact with
the environment to obtain team rewards, and by maximizing these
rewards, they develop more effective joint strategies. A commonly
adopted paradigm in MARL is the centralized training with de-
centralized execution (CTDE) [10] framework. In this framework,
agents have access to global information during training, while
execution relies solely on each agent’s local observations. This
approach enables agents to learn how to cooperate efficiently.

In multi-agent reinforcement learning, the primary objective is
to maximize team rewards and thereby obtain effective cooperative
strategies. Most approaches are based on gradient updates of the
value function: they maintain a multi-agent policy, apply tempo-
ral difference (TD) [20] methods to approximate the centralized
value function, and then update each agent’s policy through value
decomposition [28] or actor–critic techniques [6].

Although these approaches can efficiently improve joint perfor-
mance, they often overlook policy diversity. A lack of diversity can
cause convergence to suboptimal equilibria and reduce robustness
when facing novel or perturbed environments [3].

In contrast, evolutionary algorithms [4] optimize a population
of policies rather than a single solution, using stochastic operators
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such as crossover and mutation [19] to explore the policy space.
This population-based mechanism naturally maintains diversity
and allows for broader behavioral exploration. Building upon this
idea, quality–diversity optimization [26] explicitly aims to evolve
a set of policies that are both high-performing and behaviorally
distinct. QD methods maintain an archive of policies organized
by behavioral descriptors, which summarize how a policy behaves
over an episode and provide a basis for quantifying diversity.

Classic single-agent QD algorithms, such as MAP-Elites [30], dis-
cretize the descriptor space into a grid-based archive and retain the
best-performing policy within each cell. PGA-MAP-Elites [21] com-
bines gradient-based policy improvement with evolutionary search
by incorporating a critic to guide mutations toward higher perfor-
mance. QD-PG [25] further augments the critic with an intrinsic
diversity reward based on state novelty, encouraging exploration
of underrepresented regions in the state space.

However, these methods primarily rely on stochasticity to in-
duce behavioral diversity. Although behavioral descriptors (BDs)
summarize how an agent or team behaves, they rarely participate
directly in learning. Their critics typically account only for the en-
vironmental reward function or the added diversity reward, while
neglecting the role of BDs in gradient updates. Some approaches
have attempted to incorporate BDs directly into value function
updates. For instance, DCG-MAP-ELITES [5] stores both states and
their corresponding BDs during sampling, then uses the distance
between the target BD and the sampled BD as an additional re-
ward signal. This allows the value function to partially account for
agent behavior during updates. Nevertheless, such a simple reward
modeling scheme is insufficient to fully capture how BD-related
behaviors influence different state–action pairs.

Existing QD methods compute BDs over entire trajectories, miss-
ing local behavioral variations. In long-horizon tasks (e.g., robot
control), behavior changes across phases, while a global BD ne-
glects these dynamics. To address this, we introduce MIQD, a novel
mutual information enhanced quality-diversity method tailored for
the multi-agent reinforcement learning framework. Our approach
addresses key challenges in balancing policy performance and be-
havioral diversity. First, we propose the use of fragment behavioral
descriptors to characterize agent behaviors during the sampling
process. Traditional behavioral descriptor representations are typ-
ically computed over entire episodes, which prevents them from
accurately capturing local behavioral variations. As a result, global
BDs may fail to reflect short-term behavioral dynamics within
long trajectories. By contrast, fragment BDs capture the behavioral
tendencies of agents over shorter temporal segments, thereby pro-
viding a more accurate and localized description of their actions.
Instead of modeling rewards solely based on distances between
target and observed BDs, we leverage the mutual information of
actions and fragment BDs to model rewards. This design enables
a more precise and robust alignment between the learned policy
and the targeted behavioral characteristics. Second, we address
the mismatch between multi-step behavioral descriptor representa-
tions and the single-step nature of value updates. To resolve this,
we introduce a mutual information factorization approach that de-
composes the deviation between an agent’s multi-step behavior
and the target BD into step-wise contributions. This decomposition
distributes behavioral feedback across individual state–action pairs,

ensuring the value function consistently reflects the alignment be-
tween actions and the intended behavioral objectives. Finally, to
fully leverage the agents generated during training, we integrate
the Cross-Entropy Method [16] into the optimization pipeline, al-
lowing high-performing offspring from the evolutionary process to
guide policy improvement. Additionally, we employ a population-
based approach with neighboring policies to achieve more accurate
target value estimation during critic updates. Together, these con-
tributions position MIQD as a flexible and effective framework for
promoting both quality and diversity in MARL, offering a princi-
pled balance between performance optimization and behavioral
exploration.

We demonstrate the effectiveness of MIQD in the Multi-Agent
MuJoCo (MAMUJOCO) [23] environment. Experiments are con-
ducted under different BD dimensional settings, and performance is
evaluated across three metrics: maximum fitness, coverage, and QD
score. Our method achieved consistently strong results on different
tasks. Furthermore, to validate the contributions of individual com-
ponents, we conducted ablation studies examining the effects of
fragment BDs, the mutual-information-based reward, and the use
of neighborhood policies.

2 BACKGROUND
2.1 Dec-POMDP
Decentralized partially observable Markov decision processes (Dec-
POMDPs) [10] provide a general framework for modeling coop-
erative multi-agent reinforcement learning (MARL) tasks. A Dec-
POMDP is defined as 𝐺 = ⟨𝑆,𝑈 ,𝐴, 𝑃, 𝑟, 𝑍,𝑂,𝛾⟩, where 𝑎 ∈ 𝐴 :=
{1, . . . , 𝑁 } denotes an agent, and 𝑠 ∈ 𝑆 represents the global state of
the environment. At each timestep, every agent receives a local ob-
servation 𝑧𝑎 ∈ 𝑍 through the observation function𝑂 (𝑠, 𝑎) : 𝑆×𝐴→
𝑍 , and selects an action 𝑢𝑎 ∈ 𝑈𝑎 . The joint action of all agents is
denoted as u ∈ U. The environment then transitions from state 𝑠 to
𝑠′ according to the transition function 𝑃 (𝑠′ |𝑠, u) : 𝑆 ×U×𝑆 → [0, 1].
All agents share a common reward function 𝑟 (𝑠, u) : 𝑆 × U → R,
and the objective is to maximize the expected discounted return:
𝑅 =

∑∞
𝑡=0 𝛾

𝑡𝑟𝑡 , where 𝛾 ∈ [0, 1) is the discount factor. Each agent
follows a stochastic policy 𝜋 (𝑢 |𝜏) : 𝑇 ×𝑈 → [0, 1], where 𝜏 ∈ 𝑇
denotes its local action–observation history.

2.2 Policy optimization
In the CTDE paradigm, a common learning architecture is the
actor–critic framework. Each agent 𝑎 ∈ 𝐴 maintains its own policy,
parameterized by 𝜃𝑎 , denoted as 𝜋𝜃𝑎 (𝑢𝑎 |𝑧𝑎), where 𝑧𝑎 is the local
observation available to the agent. The actor is responsible for
generating decentralized actions during execution.

During training, however, critics are typically centralized. Each
agent is associated with a centralized critic function 𝑄 (𝑠, u), which
conditions on the global state 𝑠 (or the joint observation) and the
joint action u. The critic evaluates the expected return of joint
actions, thereby providing more informative gradients to guide
policy updates. The actor parameters are updated by maximizing
the expected Q-value under the policy distribution:

∇𝜃𝑎 𝐽 (𝜋𝜃𝑎 ) = E
[
∇𝜃𝑎 𝑙𝑜𝑔𝜋𝜃𝑎 (𝑢𝑎 |𝑧𝑎)𝑄 (𝑠, u)

]
. (1)
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This actor–critic formulation under CTDE enables each agent
to learn a decentralized policy while exploiting centralized in-
formation during training. Variants such as MADDPG [18] and
MATD3 [1] extend this framework by incorporating techniques
like deterministic policy gradients, twin critics, and target pol-
icy smoothing to improve stability and sample efficiency. Such
actor–critic architectures serve as the backbone of many mod-
ern MARL algorithms and provide the foundation for integrating
diversity-aware optimization.

2.3 Single-Agent Quality-Diversity
The objective of quality-diversity methods is to simultaneously
achieve high performance and behavioral diversity. Formally, let 𝜋𝜃
denote a policy parameterized by 𝜃 , and let 𝑓 (𝜋𝜃 ) denote its fitness,
typically defined as the undiscounted reward:

𝑓 (𝜋𝜃 ) = E𝜏∼𝜋𝜃

[
𝑇∑︁
𝑡=0

𝑟 (𝑠𝑡 , 𝑢𝑡 )
]
, (2)

where 𝜏 is a trajectory generated by 𝜋𝜃 . A behavioral descriptor
function 𝜙 : 𝜏 ↦→ R𝑑 maps each trajectory to a 𝑑-dimensional
descriptor vector that captures its behavioral characteristics.

MAP-Elites realizes this objective by discretizing descriptor space
Φ into a grid-based archive A. Each cell A[𝑖] corresponds to a
region of the descriptor space and stores the policy with the highest
observed fitness in that region:

A[𝑖] = arg max
𝜋𝜃 ∈P

𝑓 (𝜋𝜃 ) s.t. 𝜙 (𝜋𝜃 ) ∈ Φ𝑖 , (3)

where Φ𝑖 denotes the descriptor subspace associated with cell 𝑖 .
During training, MAP-Elites samples parent policies 𝜋𝜃 from A

and generates offspring 𝜋𝜃 ′ through variation operators such as
mutation and crossover. After evaluating the offspring, the archive
is updated as:

A[𝑖] ←
{
𝜋𝜃 ′ if 𝜙 (𝜋𝜃 ′ ) ∈ Φ𝑖 𝑎𝑛𝑑 𝑓 (𝜋𝜃 ′ ) > 𝑓 (A[𝑖]),
A[𝑖] otherwise.

(4)

The goal of QD is not only tomaximize 𝑓 (𝜋𝜃 ), but also to discover
a set of policies {𝜋𝑖 } |A |𝑖=1 that are both high-performing and well-
distributed across the behavioral descriptor space B. This objective
can be expressed as: maxA

∑
𝜋𝑖 ∈A 𝑓 (𝜋𝑖 ) .

While MAP-Elites relies solely on evolutionary operators, PGA-
MAP-Elites incorporates policy gradient optimization. A critic
𝑄𝜓 (𝑠,𝑢) is trained to estimate state–action values, and policy is
updated by the deterministic policy gradient:

∇𝜃 𝐽 (𝜋𝜃 ) = E
[
∇𝜃𝜋𝜃 (𝑠)∇𝑢𝑄𝜓 (𝑠,𝑢)

��𝑢 = 𝜋𝜃 (𝑠)
]
. (5)

In this way, the mutation process is guided not only by stochastic
variation but also by informed policy updates. Moreover, trajecto-
ries 𝜏 generated by offspring are added to a replay buffer D, which
is used to iteratively improve 𝑄𝜓 and further refine the archive.
By combining gradient-based exploitation with descriptor-driven
exploration, PGA-MAP-Elites achieves a more effective balance
between performance maximization and diversity preservation.

3 RELATEDWORK
Many QD methods rely on the stochasticity of crossover and muta-
tion to promote policy diversity. However, such mechanisms often
fall short of producing sufficiently diverse solutions. To overcome
this limitation, QD-PG introduces an explicit diversity reward. It
maintains a state archive and measures the novelty of sampled
states with respect to this archive. A separate diversity critic is then
trained using this reward, and policies drawn from the archive are
updated under the guidance of this critic. By encouraging policies
to explore novel regions of the state space, QD-PG achieves greater
behavioral diversity than approaches that rely solely on random
variation.

In addition to state novelty, other methods incorporate behav-
ioral descriptors directly into the critic. For instance, DCG-MAP-
Elites conditions the critic on BD values, where the reward is de-
termined by the distance between the BD of the current episode
and a target BD. This design allows policies to be updated with re-
spect to different BD objectives, thereby guiding the search toward
more diverse behavioral patterns. By conditioning the critic on BDs,
DCG-MAP-Elites goes beyond simple novelty-based rewards and
enables more direct control over diversity in the policy set.

Several notable variants build upon this integration. PBT-MAP-
Elites [24] incorporates a population-based training procedure to
jointly optimize the hyperparameters of diverse reinforcement
learning agents, thereby enabling dynamic adaptation of train-
ing dynamics across the population. CMA-MEGA [7] further ex-
tends this idea by estimating descriptor gradients through evolution
strategies and combining them with fitness gradients. This hybrid
optimization process allows policies to improve performance while
simultaneously achieving finer control over behavioral diversity.

Intrinsic rewards have been widely used to encourage explo-
ration in multi-agent reinforcement learning. EITI [31] introduces
influence-based intrinsic rewards to capture inter-agent dependen-
cies and promote coordinated exploration. CERMIC [22] further
calibrates intrinsic curiosity using learned models of inferred inter-
agent intentions. NS-MERL [27] employs novelty-based fitness func-
tions to encourage diverse exploratory behaviors for individual
agents.

Recently, several methods have leveraged mutual information
(MI)maximization to design intrinsic rewards that encourage greater
behavioral diversity among agents. For instance, CDS [14] maxi-
mizes the MI [13] between agent trajectories and their identities,
thereby promoting differentiation in both optimization and repre-
sentation and enhancing inter-agent diversity. TKCA [8] adopts
a mixture-of-experts (MoE) [33] architecture and maximizes the
MI between the knowledge selection module and agent identities,
resulting in more diverse knowledge representations. R3DM [9]
maximizes the MI between agents’ roles at a given timestep and
their expected future trajectories, explicitly linking current roles
with anticipated behaviors to facilitate complementary role emer-
gence. Similarly, CIA [17] maximizes the MI between temporal
credit assignments and agent identity representations to improve
role differentiation throughmore distinguishable credit attributions.
While these approaches effectively utilize MI to enhance diversity
in multi-agent reinforcement learning, they focus primarily on role
differentiation or identity-driven diversity within policy learning.
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None of them incorporate MI into a quality–diversity framework
that explicitly models and maintains diversity in the behavioral de-
scriptor space. In contrast, our proposed MIQD method integrates
MI with QD optimization, using mutual information to measure the
alignment between state–action pairs and target behavioral descrip-
tors. This integration enables an information-theoretic mechanism
for promoting diversity not through random exploration or role
labeling, but through the explicit modeling of behavioral descriptor
consistency across the policy population.

4 METHOD
In this section, we introduce the proposed MIQD framework, a
mutual-information-driven quality–diversity approach for multi-
agent reinforcement learning. We begin by outlining the overall
structure of MIQD and its learning process, highlighting how the
method integrates behavioral descriptors into the value function to
guide behavior-aware policy updates. We then analyze the mutual
information factorization mechanism, which establishes a consis-
tent link between multi-step behavioral descriptors and step-wise
value optimization. Finally, we describe how population-based op-
timization and the cross-entropy method are incorporated to refine
value estimation and exploit high-performing offspring throughout
training. Together, these components form a cohesive framework
that effectively enhances both performance and behavioral diversity
in cooperative multi-agent settings, as shown in Figure 1.

4.1 Overall Framework
Behavioral descriptors are typically defined over entire trajectories,
characterizing an agent’s behavior across an episode. However,
when the episode length is large, the global BD often deviates
significantly from local behaviors within shorter segments of the
trajectory. To reduce this discrepancy, we introduce fragment behav-
ioral descriptors, which capture agent behaviors within localized
temporal windows.

Formally, given an episode with state sequence 𝑠1, 𝑠2, . . . , 𝑠𝑇 , we
first compute a smoothed local descriptor for each timestep 𝑡 :

𝑑𝑡 =
1

2𝐾 + 1

𝑡+𝐾∑︁
𝑡−𝐾

𝜙 (𝑠𝑡 ), (6)

where the state descriptor function 𝜙 extracts a low-dimensional
behavioral representation (e.g., joint positions, ground contact, ve-
locities) from high-dimensional observations. For instance, in a
two-legged robot locomotion task, the descriptor encodes which
foot is in contact at each timestep; if only the first leg contacts the
ground at time 𝑡 , then 𝜙 (𝑠𝑡 ) = [1, 0]. Averaging descriptors over
the trajectory yields a global behavioral descriptor summarizing
the robot’s overall gait, and 𝐾 controls the window size. To further
smooth variations across timesteps, we apply a second averaging
step:

𝑓 𝑑𝑡 =
1

2𝐾 + 1

𝑡+𝐾∑︁
𝑡−𝐾

𝑑𝑡 . (7)

This two-level averaging ensures that the fragment descriptors
evolve smoothly over time and provide a stable characterization of
local behaviors.

To encourage policies to update in the direction of specific be-
havioral descriptors rather than relying solely on stochasticity,
we extend the value function to incorporate fragment behavioral
descriptors. Specifically, the critic is defined as 𝑄 (𝑠, u, 𝑓 𝑑), which
estimates both the expected return of taking joint action u in state 𝑠
and the degree to which this action aligns with the target fragment
descriptor.

To enable the critic to capture this property, we introduce a
behavioral relevance reward, which quantifies the correlation be-
tween a state–action pair and a target descriptor 𝑓 𝑑∗. The target
descriptor is a behavioral descriptor assigned during each policy
optimization round, guiding the policy to improve performance
while matching the desired behavioral pattern. This reward is mod-
eled using mutual information 𝐼

(
𝑠, u; 𝑓 𝑑∗), thus encouraging the

critic to learn how state–action pairs contribute to the realization
of specific behavioral patterns. The critic is updated according to
the following Bellman equation:

𝑄 (𝑠, u, 𝑓 𝑑∗) = 𝑟 (𝑠, u) + 𝐼 (𝑠, u; 𝑓 𝑑∗) + 𝛾 max
u′

𝑄 (𝑠′, u′, 𝑓 𝑑∗), (8)

where 𝑟 (𝑠, u) is the extrinsic reward from the environment.
After obtaining the action-value function, we update policies in

a manner analogous to PGA-MAP-Elites. We maintain an archive in
which each cell corresponds to a region of the descriptor space and
stores the best-performing policy for that region. During training,
𝑁̃ deterministic team policies 𝝅1, 𝝅2, . . . , 𝝅𝑁̃ are sampled from the
archive, and a target descriptor 𝑓 𝑑∗ is randomly selected. For each
sampled team policy 𝝅𝑖 , the individual policy of agent 𝑎, denoted
as 𝜋𝑖,𝑎 with parameters 𝜃𝑖,𝑎 , is updated to maximize the expected
return under 𝑓 𝑑∗:

∇𝜃𝑖,𝑎 𝐽 (𝜋𝑖,𝑎) = E
[
∇𝜃𝑖,𝑎𝜋𝑖,𝑎 (𝑧𝑖,𝑎)∇𝑢𝑎𝑄 (𝑠, u, 𝑓 𝑑∗)

��𝑢𝑎 = 𝜋𝑖,𝑎 (𝑧𝑖,𝑎)
]
.

(9)

4.2 Mutual Information Factorization
Although we introduce 𝐼 (𝑠, u; 𝑓 𝑑) to capture behavior relevance, its
computation is not straightforward. This difficulty arises because
the fragment behavioral descriptor is constructed from features ag-
gregated across multiple timesteps. Consequently, it is challenging
to directly determine, for a single state–action pair (𝑠,𝑢), how well
the action aligns with a descriptor 𝑓 𝑑 .

To address this issue, we decompose multi step-level mutual in-
formation into single step-level contributions. Specifically, consider
a fragment episode consisting of 𝜉𝑡 = (𝑠𝑡−𝐾 , u𝑡−𝐾 , . . . , 𝑠𝑡+𝐾 , u𝑡+𝐾 ).
Using Eqs. 6–7, we first compute its fragment descriptor 𝑓 𝑑 . Since
𝑓 𝑑 depends on multiple timesteps, the natural modeling choice is
to estimate the mutual information 𝐼 (𝑠, u; 𝑓 𝑑 |𝜉).

For this purpose, we employ mutual information neural estima-
tion MINE [11], which estimates mutual information as:

𝐼 (𝑋 ;𝑌 ) = sup
𝜔∈Ω

E𝑝 (𝑥,𝑦)
[
𝑇𝜔 (𝑥,𝑦)

]
− logE𝑝 (𝑥 )𝑝 (𝑦)

[
𝑒𝑇𝜔 (𝑥,𝑦)

]
, (10)

where𝑇𝜔 is a neural function parameterized by𝜔 , and Ω is the set of
all candidate functions. MINE provides a tractable and flexible way
to approximate mutual information directly from samples, which
is essential in high-dimensional MARL settings.

However, during policy gradient training, samples are drawn
from the replay buffer at the step level. In this setting, the relevant
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Fragment BD 𝒇𝒅

Moving average 𝐼(𝑠,𝒖; 𝑓𝑑∗|ξ)

𝑄(𝑠,𝒖, 𝑓𝑑∗)

Descriptor Function

BD

𝐼(𝑠,𝒖; 𝑓𝑑∗|𝑠,𝒖, 𝑠′)

Mutual
Information
Factorization

Replay
Buffer

𝝉,𝒖, 𝝉′ , 𝑠, 𝑟

…

Team policy
Sample

𝝅1
′

𝝅N
′

Policy
Gradient

Evaluation

𝝉,𝒖, 𝝉′ , 𝑠, 𝑟, 𝑓 𝝅 ,𝜙 𝝅

𝝅1 …𝝅𝑁

𝝅2
′CEM

Team
Policy

Cross
Entropy
Method

𝑓𝑑∗

Archive

𝑄(𝑠′,𝝅𝑖 𝑠′ , 𝑓𝑑
∗)max

𝑖 𝑖𝑛 𝒩(fd∗)

Target
Estimation

Critic Training…

…

State
Sequence

Figure 1: The overall framework of MIQD. Fragment behavioral descriptors are computed from state sequences, and mutual
information is used to capture the relevance between actions and target behaviors. Multi-step MI is factorized into single-step
terms for critic training with population-based target estimation. Policies sampled from the archive are updated via policy
gradients, and CEM refines high-performing offspring.

form of mutual information becomes 𝐼 (𝑠, u; 𝑓 𝑑 |𝑠, u, 𝑠′). This discrep-
ancy between fragment-level and step-level mutual information
introduces a gap. To reconcile them, we adopt a mutual information
decomposition, which shows that step-level MI is proportional to
fragment-level MI. The derivation process of this decomposition is
as follows:

𝐼𝜔 (𝑠, u; 𝑓 𝑑 | 𝜉) =
E𝑝 (𝑠,u,𝑓 𝑑 |𝜉 ) [𝑇𝜔 ] − logE𝑝 (𝑠,u |𝜉 )⊗𝑝 (𝑓 𝑑 |𝜉 ) [𝑒𝑇𝜔 ]
⋉ E𝑝 (𝑠,u,𝑓 𝑑 |𝜉 ) [𝑇𝜔 ] − E𝑝 (𝑠,u |𝜉 )⊗𝑝 (𝑓 𝑑 |𝜉 ) [𝑒𝑇𝜔 ]
= E𝑠,u,𝑠′

[
E𝑝 (𝑠,u,𝑓 𝑑 |𝑠,u,𝑠′ ) [𝑇𝜔 ] − E𝑝 (𝑠,u |𝑠,u,𝑠′ )⊗𝑝 (𝑓 𝑑 |𝑠,u,𝑠′ ) [𝑒𝑇𝜔 ]

]
⋉ E𝑠,u,𝑠′

[
E𝑝 (𝑠,u,𝑓 𝑑 |𝑠,u,𝑠′ ) [𝑇𝜔 ] − logE𝑝 (𝑠,u |𝑠,u,𝑠′ )⊗𝑝 (𝑓 𝑑 |𝑠,u,𝑠′ ) [𝑒𝑇𝜔 ]

]
= E𝑠,u,𝑠′ [𝐼𝜔 (𝑠, u; 𝑓 𝑑 | 𝑠, u, 𝑠′)]

(11)
This decomposition ensures that behavior-relevant rewards derived
from step-level samples remain consistent with the longer-term
behavioral descriptors computed over fragment episodes.

4.3 Population-Based Target Value Estimation
When updating the Q-network, the target valuemaxu′ 𝑄 (𝑠′, u′, 𝑓 𝑑∗)
arises. However, because the action space is continuous, computing
this maximum exactly is intractable. To overcome this, we utilize
the offspring stored in the archive to do the estimation more ac-
curately: we sample 𝑁̂ policies from it, obtain actions u𝑖 = 𝝅𝑖 (𝑠′),
and evaluate their values 𝑄 (𝑠′, u𝑖 , 𝑓 𝑑∗). The maximum over these
values,

max
𝑖∈1,...,𝑁̂

𝑄 (𝑠′, u𝑖 , 𝑓 𝑑∗), (12)

serves as a practical approximation of maxu𝑄 (𝑠′, u, 𝑓 𝑑∗).
To further improve the accuracy of this estimation, instead of

sampling arbitrary policies, we select the 𝑁̂ nearest policies in

the archive to the target descriptor 𝑓 𝑑∗. These neighborhood poli-
cies provide more relevant candidate actions for the maximization,
yielding a tighter approximation:

max
u′

𝑄 (𝑠′, u′, 𝑓 𝑑∗) ≈ max
𝑖∈N𝐾 (𝑓 𝑑∗ )

𝑄 (𝑠′, 𝝅𝑖 (𝑠′), 𝑓 𝑑∗), (13)

where N𝐾 (𝑓 𝑑∗) denotes the set of 𝑁̂ nearest archive entries to
descriptor 𝑓 𝑑∗.

4.4 Team-Based Cross Entropy Method
To more effectively leverage the teams of agents generated dur-
ing the iterative process and to promote the emergence of higher-
performing joint policies, we integrate the Cross-Entropy Method
into the optimization loop in a multi-agent fashion.

In each iteration, 𝑁̃ teams are generated, where each team is
parameterized by 𝜽𝑖 = {𝜃𝑖,1, 𝜃𝑖,2, . . . , 𝜃𝑖,𝑁 }, with 𝜃𝑖, 𝑗 denoting the
policy parameters of agent 𝑗 in team 𝑖 .

We then select the top 𝑁̃
2 teams based on their joint performance

to update the CEM distribution. Let {𝜽1, . . . , 𝜽𝑁̃ /2} denote these
top-performing teams. The CEM update refines the distribution
over team parameters as:

𝜇new =
1
𝑁̃ /2

𝑁̃ /2∑︁
𝑖=1

𝑤𝑖𝜽𝑖 , Σnew =
1
𝑁̃ /2

𝑁̃ /2∑︁
𝑖=1

𝑤𝑖 (𝜽𝑖−𝜇new) (𝜽𝑖−𝜇new)⊤,

(14)
where 𝜇new and Σnew denote the updated mean and covariance of
the joint team parameter distribution,𝑤𝑖 is the weight coefficient,
same as EvoRainbow [16].

This team-based CEM update ensures that the search distribution
concentrates around high-performing regions of the multi-agent
parameter space, while still maintaining sufficient diversity across
teams to encourage the discovery of novel cooperative behaviors.
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Figure 2: QD score, coverage and maximum fitness for MIQD and other baselines on MAMUJOCO tasks.

5 EXPERIMENTS
To evaluate our method, we consider four cooperative continuous
control tasks from the MAMUJOCO benchmark: HalfCheetah, Ant,
Walker, and Humanoid. These tasks cover a range of morphologies
and control complexities, from planar running (HalfCheetah) to
high-dimensional humanoid locomotion, providing a comprehen-
sive testbed for assessing both performance and diversity. In each
task, agents control different robot joints to achieve locomotion ob-
jectives such as standing, walking, or running. Each agent observes
only its own joint states, making the tasks partially observable and
requiring coordinated multi-agent control.

Agents must cooperate to achieve efficient locomotion while
balancing speed and energy consumption. Policy fitness is mea-
sured as the cumulative reward over a full episode, according to
MAMUJOCO’s reward signals. The behavioral descriptor is defined
as the proportion of time each foot is in contact with the ground

during the episode:

BD =
1
𝑇

𝑇∑︁
𝑡=1

c𝑡 , c𝑡 ∈ {0, 1}𝐹 , (15)

where 𝐹 denotes the number of feet, and c𝑡 indicates whether each
foot is in contact with the ground at timestep 𝑡 (1 for contact, 0
for no contact). The BD thus represents the contact time ratio for
each foot. The dimensionality of BD varies by task: 2 for HalfChee-
tah, 4 for Ant, and 2 for both Walker and Humanoid. Maintaining
a quality-diversity archive adds some computational cost, which
MIQD mitigates through parallelization techniques. In each itera-
tion, 8 team policies are updated concurrently in separate processes
with shared memory for efficient communication. As a result, train-
ing time remains comparable to mainstream MARL methods. Ex-
periments are run on an Intel Xeon Platinum 8280 CPU (112 cores),
providing sufficient capacity for archive-based updates.
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5.1 Experimental settings
We compare MIQD against four representative QD baselines. Since
most existing methods are designed for single-agent settings, we
extend them to the multi-agent domain for a fair comparison: Map-
Elites (MA), PGA-Map-Elites (MA), QD-PG (MA), and DCG-Map-
Elites (MA). For gradient-based baselines, policy updates are per-
formed using the MATD3 algorithm.

• Map-Elites (MA): the classical QD algorithm that discretizes
the BD space and stores the best-performing policy for each
cell.
• PGA-Map-Elites (MA): extends Map-Elites by applying
policy gradient updates to sampled policies.
• QD-PG (MA): leverages a diverse critic to encourage explo-
ration of diverse state-space regions when updating policies.
• DCG-Map-Elites (MA): conditions the critic on the full BD
and introduces an intrinsic reward based on the distance
between BDs.

In the original single-agent QD framework, offspring policies are
generated through crossover operations between parent policies.
However, in multi-agent scenarios, such a design is not directly
applicable. We adapt the crossover mechanism to operate across
agents in a team rather than exchanging neurons within individual
policy networks [15], which better suits multi-agent coordination:

𝑊 ′𝑖 ,𝑊
′
𝑗 =

(
(𝑊𝑖 −𝑊 𝑑𝑖

𝑖
) ∪𝑊 𝑑 𝑗

𝑗
, (𝑊𝑗 −𝑊

𝑑 𝑗
𝑗
) ∪𝑊 𝑑𝑖

𝑖

)
= Crossover(𝑊𝑖 ,𝑊𝑗 ),

(16)

where𝑊𝑖 and𝑊𝑗 represent two chosen teams, and 𝑑𝑖 and 𝑑 𝑗 corre-
spond to randomly selected subsets of agent indices.

We evaluate all methods using three metrics:

• QD-Score: the aggregated fitness of all solutions stored in
the archive, reflecting the overall quality of the population.
• Coverage: the proportion of archive cells occupied by at
least one valid solution.
• Max Fitness: the highest fitness value among all solutions
in the archive, representing the best-performing policy dis-
covered.

5.2 Results
Figure 2 shows the performance of different algorithms across vari-
ous tasks and evaluation metrics. The horizontal axis denotes the
number of evaluation iterations, corresponding to how frequently
team policies are evaluated during training. In each iteration, eight
team policies are sampled for training. It can be observed that MIQD
consistently achieves strong results across all four tasks and evalu-
ation metrics, demonstrating its effectiveness. In particular, in the
HalfCheetah task, MIQD significantly outperforms other methods
across all metrics.

While QD-PG achieves high coverage in most tasks, its perfor-
mance under the QD score metric is relatively poor. For example, in
the Walker task, its coverage is comparable to PGA-Map-Elites-MA,
but the QD score is lower. We attribute this to QD-PG focusing
primarily on diversity rewards while neglecting performance. Even
with the assistance of a quality critic, the combined QD score re-
mains suboptimal.
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Figure 3: Ablation study of fragment behavioral descriptor.

In most tasks, MIQD outperforms PGA-Map-Elites-MA. This sug-
gests that incorporating behavior-descriptor-based rewards into
critic training enables the critic to better capture which actions
align with the target BD. As a result, during policy gradient updates,
agents are more effectively guided to produce behaviors consistent
with the desired descriptors, enhancing overall diversity. Moreover,
MIQD’s use of mutual information to model the relationship be-
tween state–action pairs and BDs provides a more precise measure
than simple BD-distance metrics, further improving performance
across different behavioral dimensions.

5.3 Ablations
In the ablation study, we analyze the contributions of individual
components within MIQD, including the fragment episode mod-
eling, mutual information-based intrinsic reward, and the neigh-
borhood polices in target value estimation. We first investigate
the effect of fragment-based behavioral descriptors by comparing
MIQD variants that use full-episode descriptors. Fragment descrip-
tors mitigate the inaccuracies that occur when behavioral represen-
tations are derived from long trajectories. In our implementation,
we set the fragment length to 50 timesteps. Using theWalker2D and
HalfCheetah tasks, we evaluate how this design choice influences
overall quality–diversity performance. As shown in Figure 3, incor-
porating fragment episodes consistently improves QD performance
compared to using full episodes.

Additionally, we visualize the training loss of the mutual in-
formation discriminator across these tasks. We observe that using
fragment BDs results in lower training loss, indicating that fragment
episodes allow for a more precise characterization of behavioral
descriptors, which in turn improves overall policy performance.

Next, we assess the effect of the mutual information–based re-
ward by comparing MIQD with a variant that omits behavioral
rewards. Using the coverage metric as shown in Figure 5, we find
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Figure 4: Visualization of the fitness distribution in the archive for different methods on the 2-Agent HalfCheetah task. The
archive is represented as a two-dimensional grid, where white cells indicate uncovered regions.
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Figure 5: Ablation study of mutual-information-based re-
ward.
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Figure 6: Ablation study of neighbor policies.

that MIQD achieves higher coverage than the baseline. This indi-
cates that incorporating behavioral rewards to model the relation-
ship between state–action pairs and BDs is critical for enhancing
population diversity.

We then examine the impact of leveraging neighboring policies
around the target descriptor’s cell for target value estimation. As
shown in Figure 6, this strategy substantially improves the QD-
score. We attribute this improvement to the fact that neighboring
policies are more likely to produce actions aligned with the target
descriptor, providing a more stable and accurate training signal for
the value function. Consequently, learning is easier, and overall
performance is enhanced.

6 VISUALIZAITON
We visualize the distribution of solutions in the archive to examine
how different methods balance performance and diversity. Specifi-
cally, we consider the 2-Agent HalfCheetah task, where the archive
is two-dimensional. The visualizations reveal that baseline methods
tend to concentrate solutions in the upper and right regions of the
archive. Methods with policy gradient updates exhibit more yellow

grids, indicating higher-performing solutions, while QD-PG shows
particularly dense coverage in the upper-right corner due to its
explicit diversity reward.

In contrast, MIQD achieves more uniform coverage across the
archive, with fewer empty grids and a larger proportion of high-
performing (yellow) cells. This demonstrates that MIQD enhances
both performance and diversity. We attribute this improvement to
the integration of mutual-information-based behavioral rewards,
which more accurately capture the alignment between actions and
behavioral descriptors while maintaining performance optimiza-
tion.

7 CONCLUSION AND FUTUREWORK
To address the limitation of multi-agent reinforcement learning
methods that prioritize performance at the expense of policy di-
versity, we propose MIQD, a quality–diversity approach that mod-
els multi-agent behavioral features using mutual information. To
mitigate the inaccuracy of behavioral descriptors for individual
state–action pairs in long trajectories, we introduce fragment BDs,
which are incorporated into the critic to enable simultaneous opti-
mization of agent performance and alignment with target behaviors.
We model the relationship between actions and target BDs via mu-
tual information, and since BDs are derived from multi-step state
sequences, we decompose this information so that the resulting re-
ward function captures how well single-step actions align with the
target BD. Furthermore, to fully leverage high-performing individ-
uals generated during training, we incorporate the Cross-Entropy
Method and use a population-based approach to more accurately
estimate target values during critic updates. We evaluate MIQD on
multiple MAMUJOCO tasks and demonstrate strong performance
across various metrics. Ablation studies confirm the contribution of
each component in our method. In future work, we plan to explore
alternative approaches for modeling reward functions and investi-
gate the applicability of MIQD to a broader range of multi-agent
reinforcement learning algorithms and settings.
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