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DGN(Graph convolutional RL)

 Construct multi-agent environment as a graph
 Agents in environment are represented by the nodes of the graph 

 For each node, there are K edges connected to its K nearest neighbors

 Nearer neighbors are more likely to interact with each other

 Continuously changing over time as agents move or enter/leave the 
environment
 Consider partially observable environment

 Merge all agents’ feature vectors at time t into a feature matrix 𝐹𝑡 with size N x L in the order 
of index

 N is number of agents and L is length of feature vector

 Construct an adjacency matrix 𝐶𝑖
𝑡 with size (K+1) x N with agent i

 First row is the one-hot representation of the index of node i

 jth row is the one-hot representation of the index of the (j-1)th nearest neighbor

 Then we can obtain the feature vectors in the local region of node i by 𝐶𝑖
𝑡 × 𝐹𝑡
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DGN(Graph convolutional RL)

 DGN consists of three types of modules

 Observation encoder

 Encode local observation into feature vector

 Convolutional layer

 Integrate feature vectors in the local region and 

generate latent feature vectors

 Q network

 Concatenate all preceding feature vectors and 

train Q-value
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DGN(Graph convolutional RL)

 Observation encoder module

 The local observation 𝑜𝑖
𝑡 is encoded into a 

feature vector ℎ𝑖
𝑡 by MLP for low-dimensional

input or CNN for visual input

 Convolutional layer module

 Integrates the feature vectors in the local region

and generates the latent feature vector ℎ𝑖
′𝑡

 By stacking convolutional layers, the receptive 

field of an agent grows

 Contains the information from nodes in (# of 

convolutional layers)-hop, but will not increase

the local region of node i (node i still only communicates with its K neighbors)
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DGN(Graph convolutional RL)

 Q network

 Centralized training and distributed execution

 Sample a random minibatch of S samples from

replay buffer B and minimized the loss

where 

 Keep C unchanged in two successive timesteps

to make the learning process more stable

 Each agent only requires the information from 

its K neighbors during execution
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DGN(Graph convolutional RL)

 Convolutional layer module
 Use multi-head dot-product attention as the convolutional kernel to compute interactions 

between entities in the local region(node itself and K neighbors)

 Multi-head attention makes the kernel independent from the order of input feature vectors
and training more stable empirically
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DGN(Graph convolutional RL)

 Temporal Relation Regularization
 Use attention weight distribution in the next state as the target for the current attention 

weight distribution

 Use KL divergence to compute the distance between the attention weight distributions in the 
two states

 where                          and                denotes attentions weight distribution of relation 
representations at convolutional layer     for agent i
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Experiments

 DGN substantially outperforms existing methods in several environments

 Jungle

 Battle

 Routing
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Illustration of experimental scenarios: jungle, battle, and routing
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Experiments

 DGN substantially outperforms existing methods in several environments
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Code Implementation

 https://github.com/PKU-AI-Edge/DGN

직접 돌려보려 했지만 tensorflow 2.1.1 version이 필요 – 보유한 서버
의 tensorflow 버전과 충돌이 일어날 가능성이 있음

논문 실험에서의 3가지 environment에 대한 각각의 Code 분석을 통
해 알고리즘 설명
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Code Implementation – Jungle(multi_jungle.py)

 multi-agent RL의 environment로서
magent 모듈을 사용

 keras를 기본으로 tensorflow의
network(FCN, CNN)를 구현
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Code Implementation – Jungle(multi_jungle.py)

 Adjacency는 RL의 state를입력 받아
자기자신과 K nearest neighbor를
나타내는 one hot representation

matrix를 output한다. 여기선 agent의
개수가 20이고 K=3으로 distance를
구한 후 sort시켜 K+1 만큼만
가져온다

 MLP의 경우 Keras를 이용하여
2 hidden layer를 가진 FCN을 return

함
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Code Implementation – Jungle(multi_jungle.py)

 Multi-head attention을 실행하는
model을 return함
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Code Implementation – Jungle(multi_jungle.py)

 Q_Net은 앞의 feature들을 concat하여 state에 대한
action들의 Q value들을 output하는 model을 return

한다

 map size, replay buffer size, gamma, agent 수 등
hyperparameter를 지정

 environment는 Jungle의 Food가 있는 eat 

GridWorld를 만듬
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Code Implementation – Jungle(multi_jungle.py)

 Observation encoder(cnn)와 2층 convolutional 

layer(m1, m2), Q network(q_net)을 만듬

 In(Input)으로부터 cnn을 통하여 feature를 얻음

 feature를 attention에 입력하여 relation을 구함, 

2층 convolutional layer로 relation을 2개 얻음

 feature와 relation을 모두 Q network에 input하여
Q value를 구함
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Code Implementation – Jungle(multi_jungle.py)

 episode의 max step만큼 무한 루프를 돌림

 adjacency matrix를 뽑고 model을 통해 Q value를 얻음

 ε-greedy를 통해 action을 고르고 실행하여 next 

observation과 reward를 관찰

 episode가 끝난 후 전체 agent가 다른 agent로부터
받은 damage, reward의 합인 score, loss값을 측정
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Code Implementation – Jungle(multi_jungle.py)

 replay buffer에서 batch size만큼의 history data

를 뽑음

 Q value와 target Q value를 통해 model의
train을 진행

 이후 일정 episode마다 target Q network를
main Q network의 weight와의 moving average

로 update

 Battle의 경우 enemy 역할의 agent들을 미리
DQN으로 학습된 model을 load하여 사용
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