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◈ MARL's success is partly because of parameter sharing among agents

 However, such sharing may lead agents to behave similarly and limit their coordination capacity

◈ propose an information-theoretical regularization to maximize the mutual information 

between agents’ identities and their trajectories, encouraging extensive exploration and 

diverse individualized behaviors

◈ incorporate agent-specific modules in the shared neural network architecture, which are 

regularized by L1-norm to promote learning sharing among agents while keeping necessary 

diversity.

Abstract



3

Abstract



4

◈ One central problem is that the joint action-observation space grows exponentially with the 

number of agents, which imposes high demand on the scalability of learning algorithms

◈ To address this scalability challenge, policy decentralization with shared parameters (PDSP) is 

widely used, where agents share their neural network weights

◈ To address this scalability challenge, policy decentralization with shared parameters (PDSP) is 

widely used, where agents share their neural network weights

Introduction
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◈ Complex tasks typically require substantial exploration and diversified strategies among 

agents

 When parameters are shared, agents tend to acquire homogeneous behaviors because they 

typically adopt similar actions under similar observations, preventing efficient exploration and the 

emergence of sophisticated cooperative policies

◈ Notably, sacrificing the merits of parameter sharing for diversity is also unfavorable

 Like humans, sharing necessary experience or understanding of tasks can broadly accelerate 

cooperation learning

 Without parameter sharing, agents search in a much larger parameter space, which may be 

wasteful because they do not need to behave differently all the time

◈ Therefore, the question is how to adaptively trade-off diversity and sharing

Introduction
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◈ Dec-POMDP, which is defined as a tuple 𝒢 = 𝑁, 𝑆, 𝐴, 𝑃, 𝑅, 𝑂, Ω, 𝑛, 𝛾

 𝑁 is a finite set of 𝑛 agents

 𝑠 ∈ 𝑆 is the true state of the environment

 𝐴 is the set of actions

 𝛾 ∈ [0, 1) is a discount factor

 At each time step, each agent 𝑖 ∈ 𝑁

 receives his own observation 𝑜𝑖 ∈ Ω according to the observation function 𝑂 𝑠, 𝑖

 selects an action 𝑎𝑖 ∈ 𝐴, which results in a joint action vector 𝒂

 𝑃 𝑠′ 𝑠, 𝒂 is the transition function

 A global reward 𝑟 = 𝑅 𝑠, 𝒂 is shared by all the agents

 Each agent has its own action-observation history 𝜏𝑖 ∈ 𝒯𝑖 ≐ Ω𝑖 × 𝐴 ∗

Background
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Method: 3.1 Identity-Aware Diversity



9

Information Theory
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◈ An information-theoretic objective for maximizing the mutual information between individual 

trajectory and agents’ identity

Method: 3.1 Identity-Aware Diversity
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◈ Term ① is determined by the environment, and we can ignore it when optimizing the mutual 

information

◈ The second term quantifies the information gain about agent’s action selection when the identity is 

given, which measures action-aware diversity as 𝐼 𝑎; 𝑖𝑑 𝜏

Method: 3.1 Identity-Aware Diversity
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◈ However, 𝑝 𝑎𝑡 𝜏𝑡, 𝑖𝑑 is typically the distribution induced by 𝜖-greedy, which only distinguishes the 

action with the highest possibility

◈ Therefore, directly optimizing this term conceals most information about the local 𝑄-functions

◈ To solve this problem, we use the Boltzmann softmax distribution of local Q values to replace 𝑝 𝑎𝑡 𝜏𝑡, 𝑖𝑑 , 

which forms a lower bound of term ②:

◈ We maximize this lower bound to optimize Term ②

Method: 3.1 Identity-Aware Diversity
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◈ Inspired by variational inference approaches, we derive and optimize a tractable lower bound 

for Term ③ at each time step by introducing a variational posterior estimator 𝑞𝜙 parameterized by 𝜙:

◈ Intuitively, optimizing Eq. 4 encourages agents to have diverse observations that are distinguishable by 

agents’ identification and thus measures observation-aware diversity as 𝐼 𝑜′; 𝑖𝑑 𝜏, 𝑎

Method: 3.1 Identity-Aware Diversity
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◈ To tighten the this lower bound, we minimize the KL divergence with respect to the parameters 𝜙

◈ The gradient for updating 𝜙 is:

Method: 3.1 Identity-Aware Diversity
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◈ Based on the lower bounds shown in Eq. 3 and Eq. 4, we introduce intrinsic rewards to optimise the 

information-theoretic objective (Eq. 1) for encouraging diverse behaviors:

Method: 3.1 Identity-Aware Diversity



16

◈ Defining experiences that need to be shared or exclusively learned is inefficient and usually 

can not generalize

◈ Therefore, we let agents adaptively decide whether to share experiences by decomposing 𝑄𝑖

as:

 𝑄𝑖
𝐼: individual local 𝑄-function

 𝑄𝑆: shared 𝑄-function

 𝑄𝑖: local 𝑄-function

Method: 3.2 Action-Value Learning for Balancing Diversity and Sharing
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◈ Since the intrinsic rewards 𝑟𝐼 inevitably involves the influence from all agents, we add 𝑟𝐼 to 

environment rewards 𝑟𝑒 and use the following TD loss:

◈ We use QPLEX to decompose 𝑄𝑡𝑜𝑡 as mixing of local 𝑄-functions 𝑄𝑖 and train the framework 

end-to-end by minimizing the loss:

 𝜃𝑖
𝐼 is the parameters of 𝑄𝑖

𝐼

 ℒ𝐿1 𝑄𝑖
𝐼 is the L1 regularization term for independent 𝑄-functions

 𝜆 is a scaling factor

Method: 3.3 Overall Learning Objective
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𝑆𝐷 𝑄𝑖
𝐼 ∙

𝑆𝐷 𝑄𝑆 ∙

A higher SD ratio indicates the independent 𝑄-functions play a leading role, 

while a lower SD ratio indicates the shared 𝑄-function’s domination
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Experiments: Performance on Google Research Football (GRF)
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Experiments: Performance on StarCraft II
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Experiments: Ablations and Visualization
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Experiments: Ablations and Visualization
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