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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

as agents move or enter/leave the
environment

= Consider partially observable environment
into a feature matrix F¢ 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 C/ with size (K+1) x N with agent i
= First row is the one-hot representation of the index of node |
= 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 Cf x Ft
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DGN(Graph convolutional RL)

* DGN consists of three types of modules
= Observation encoder 0 hgent 0
» Encode local observation into feature vector ........ é Q network
= 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

Convolutional Layer
I:: (relation kernel)

Convolutional Layer
(relation kernel)

Encoder (MLP/CNN)
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DGN(Graph convolutional RL)

= Observation encoder module

= The local observation o} is encoded into a + Observation encoder module
feature vector h} by MLP for low-dimensional * Thelocal abservaton o is ncoded o2

: : : feature vector h! by MLP for low-dimensional
In pLIt or CNN for visual mpUt input or CNN for visual input

* Convolutional layer module

. !
CO Mo l ution al l aye cm Od Y l © * Integrates the feature vectors in the local region

= Integrates the feature vectors in the local region and generates the latent feature vector i
and generates the latent feature vector h{t » By stacking convolutional layers, the receptive

field of an agent grows
= By stacking convolutional layers, the receptive + Contains the nformation from nodes in (¥ of
. convolutional layers)-hop, but will not increase
field of an agent grows the local region of node i (node i still only communicates with its K neighbors)

= 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

N
L(0) = é Z % Z (yi — Q (04, a;;0))”
S

1=1

where y; = r;+ymax, Q (0O}, a;; 0")

= 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

am — P (7 Wg'hi - (Wil'h,)") h, = o(Concat]| Z at Wi h;, Ym € M])
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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

N
£0) = ¢ Y 3 (0~ Q(01.030)* + A Dyt (G*(0::0)]2)

o

S i=!

= where z; = G"(0};0) and G"(0;; 6)denotes attentions weight distribution of relation
representations at convolutional layer K for agent |
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Experiments

= DGN substantially outperforms existing methods in several environments

» Jungle
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Experiments

» DGN substantially outperforms existing methods in several environments

Table 1. Jungle

Table 2. Battle

(N, L) DGN DGN-M MFQ CommNet DQN DGN+R DGN DGN-M MFQ CommNet DQN
(20,12) meanreward 0.70 - 0.66 - 0.62° - 0.30 0.24 " meanreward 0.91 0.84 050 070 0.03 -0.03
# attacks 091 189 274 5.44 7.35 # kills 290 208 121 193 7 9
(50,12) ™mean reward 0.67 0.63 0.57 027  0.20 # deaths 97 101 &4 92 27 74
’ # attacks 091 1.88 3.13 6.35 9.02 kill-death ratio 2.27 2.06 1.44 2.09 0.26 0.03
Table 3. Routing
(N,L) Floyd Floyd with BL DGN+R DGN DGN-M MFQ CommNet DQN
mean reward 1.23 1.21 0.99 1.02 0.49 0.18
(20, 20) delay 6.3 8.7 8.0 8.1 9.8 9.4 18.6 46.7
throughput  3.17 2.30 250 247 2.04 2.13 1.08 0.43
mean reward 0.86 083 0.70 0.78 0.39 0.12
(40, 20) delay 6.3 13.7 9.8 10.0 12.7 11.8 23.5 83.6
throughput  6.34 2.91 408 400 3.15 3.39 1.70 0.49
mean reward 094 090 0.78 0.76 0.35 0.05
(40, 20) retrained delay 6.3 13.7 10.2 10.5 12.2 128 21.2 112.2
throughput 6.34 2.91 3.92 381 3.27 3.12 1.86 0.35
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» https://github.com/PKU-Al-Edge/DGN
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https://github.com/PKU-AI-Edge/DGN

Code Implementation — Jungle(multi_jungle.py)

= multi-agent RL2| environment2A{ = 200"

o
magent E ; = Al- g from magent.model import BaseModel

from magent.builtin.tf_model import DeepQletwork

| keras g 7| E EE tensorflow_o_l from keras import backend as K

from keras.optimizers import Adam

netWOFK(FCN, CN N)% ;'-CI)I-_:l import tensorflow as tf

import random

from ReplayBuffer_w2 import ReplayBuffer

from keras.layers import Dense, Dropout, Conv2D, Input, Lembda, Flatten, TimeDistributed, merge
from keras.lavers import Add, Reshape, MaxPooling2D, Concatenate, Embedding, RepeatVector
from keras.models import Model

from keras.lavers.core import Activation

from keras.utils import np_uwtils,to_cetegorical

from keras.engine.topology import Laver

from keras.callbacks import TenscorBoard

from magent.builtin.tf_model import DeepQietwork

import keras.backend.tensorflow_backend as KTF

config = tf.CanfigPratol)

config.gpu_options.allow_growth=True

session = tf.5ession{config=config)

KTF.zet_sesszion{session)
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Code Implementation — Jungle(multi_jungle.py)

def Adjacency({state)

= Adjacency= RLO| stateE Y& B0} =0
KtZ| XtA1 20 K nearest neighborE rimeeoe:
LIEfLH= one hot representation
matrlx% OUtpUt-é;l- I:|- O:I 7| A|__| agent9| 'IF:quj:;f‘:Edi;[l;[i:]Jdls[]][o]“32+(d15[l][l]dls[j][l]‘-5;_r~:|

=3 =
LAl A CE = S P |
=] -

[y =

n range{2@):
f.sort(key=lambda x:x[@])

7H==7F 200|101 K=32 & distance= LN
ToF = sortA|7 K+1 2 E T
7t 2Lt

def observation{statel,statel):

EEE —l
= MLP2| 8% Keras& 0| &9} e
for j in range{2@):
2 hidden Iayer% 7|-X|_| FCN% return state.append{np.hstack(((statel[j]1[@:11,8:11,1]-statel[j][©:11,8:11,4]).Flatten(),state2[j1[-1:-3:-11)))
St

return state

o
- def MLP():
In_@ = Input(shape=[123])

h = Dense(512, activation="relu’,kernel_initializer="random_normal’)(In_&)
h = Dense(128, activation="relu’,kernel_initializer="'random_normal’)({h}

h = Reshape{(1,128))(h)

model = Model(input=In_@,output=h)
return model
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Code Implementation — Jungle(multi_jungle.py)

= Multi-head attention= Al o=
modelS returnet

- exp ('r W, h; - (W?hj)-r)
a’. .

o ZEES exp ('r -W™"h; - (W'h)T

i q k ‘(///////////’
h, = o(Concat Z a; Wi h;,Vm € M])

)
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model

Input(shape = (1, d})
Input(shape = (1, d})
Input(shape = (1, d})
Input(shape = {1, 1))

Dense(dv*nv, activation
Dense(dv#nv, activation

Dense(dv#nv, activation

eshape( (1, nv, dv)){v2)
eshape((1l, nv, dv)){g2)
eshape( (1, nv, dv))(k2)

ambda(lambda ®: K.permute_dimensions{x, (@,2,1,
ambda(lambda ®: K.permute_dimensions{x, (8,2,1,3)3)}) (k)
8,2,1,

gmbda(lambda ®: K.permute_dimensions{x,

Lambda(lambda x: K.batch_dot{x[8],x[1] ,axes=[3,3]) 7 np.sgrt{dv)){[q,k])#

def MultiHeadsAttModel(l=2, d=128, dv=16, dout=128, nv = 8 ):

"relu”,kernel_initializer="random_normal® ) (v1)
"relu”,kernel_initializer='random_normal®){ql)}

"relu”,kernel_initializer='random_normal” ) (k1)

310D

33))(a)

Lambda(lambda x: K.softmax(x))({att)
Lambda(lambda x: K.batch_dot{x[8], x[1],axes=[3,2]1))([att, v1}

Lambda(lambda x: K.permute_dimensions(x, (8,2,1,3)))(out)

Reshape( (1, dv*nv)){out)

gmbda(lambda ®: K.batch_dot(x[@],x[11)){[ve,out])

Denze{dout, activation

"relu”,kernel_initializer='random_normal® )(T)

= Model(inputs=[ql,kl,vl,ve], outputs=out)

return model

1, nv, nv
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Code Implementation — Jungle(multi_jungle.py)

det Q_MNet({action_dim}:
Input({shape = {1, 128})

= Q_Net2 2| feature== concatot O] stateO]| Ci Tt - ot anepe - (1. 129)
action= 2| Q value=2= outputSt= model= return .,
StC} R

oncatenate()([h1l,h2,h3])

o
-
[
I
t
—

 —

L[} Il
o M

[ map Size, replay buﬁer Size’ gamma’ agent _T_ 6 ensef{action_dim,kernel_initializer='random_normal’

model = Model(input=[I1,IZ2,I3],output=\v)

hyperparameter= X| &

O I |_ path="datasbattle_model"”

= environment= Junglel| Food”} = eat

capacity = 222808

GridWorldS 3t oxten.size - 25

TAU = @.21

LRa = @.2821

param = MNone

alpha = 8.8

GAMMA = ©.96
n_episode = 1228@

max_steps = 128

episode_before_train = 288
n_agent=2a
magent.utility.init_logger(™eat")

env = magent.GridWorld{"eat™, map_size=38)
env.set_render_dir{"build/render™)

handles = env.get_handle=s()

sess = tf.Sessiond()

K.zet_session{sess)

n = len{handles)
n_actions=env.get_action_space(handles[8])[&]

i episode=0

. buff=ReplayBuffer(capacity)
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Code Implementation — Jungle(multi_jungle.py)

= Observation encoder(cnn)2t 25 convolutional
layer(ml, m2), Q network(q net)

* In(Input) 2 £ £E cnn= 10 featureE &

= featureE attentionOf| =510 relation= +
2% convolutional IayerE relation= 27 €=

= feature2t relation=2 25 Q networkd| inputst

Q valueE &
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ml = MultiHeadsAttModel(1l=4)
m2 = MultiHeadsAttModel(l=4)

g_net = Q Net{action_dim = 9)
vec = np.zeros({1,4))
vec[8][8] = 1

In= []

for j in rangei{n_ggent):
In.append{Input{shape=[123]))
In.append{Input(shape=(4,28)))

In.append(Input{shape=(1,4)))

feature = []

for j in rangei{n_ggent):

feature.append{cnn(In[3*21))

feature_ = Concatenate(axis=1){feature)

relationl = []

for j in rangei{n_ggent):

T = Lambdaflambda x: K.batch_dot(x[8],x[11)){[In[j*2+

reletionl.append{ml{[T,T,T,In[4@]11))

relationl_ = Concetenate(axis=1)(relationl)

relation2 = []

for j in range{n_sgent):

T = Lambdaflambda x: K.batch_dot(x[8],%x[1]1)){[In[j*2+

reletion2.append{m2{[T,T,T,In[4@]1]1))

V=

for j in range{n_sgent):

1],feature_1)

1],relationl_])

Y.appendl(q_net([feature[j],relationl[j],relation2[j1]))

model = Model{input=In,out th V)
model.compilef{optimizer=Adam{lr = @.@3@1), loss="mse")

model.summary ()



Code Implementation — Jungle(multi_jungle.py)

while steps<max_steps:
steps+=1

e(m
O5F =2 117 =2
u epISOdeol maX Step L_ % _I_(&l- _I_ig % EI i;i[i] = env.get_observation(handles[i])
adj = Adjacency{obs[i][1])

d
- adjacency matrlx% E'EH—_TI_ mode|% %-6” Q ValueE O:-I% Zii?ob=cbser-.-a—.im(cbs[i][a]Jcbs[iJ[n:-

for j in range(n_agent):

g ob.append(np.asarray ([Flat_ob[i11))
= e-greedyE S0l action= 1 =11 WS next

cb.append(np.asarray{[vec]))

observatiom_f rewardS &t e

for j in range(n_agent):

if np.random.rand(}<alpha:

= episode’} - 2 MX| ag ent7f C}2 agentZ2 £ H

o o =< é;se;cticni'j'=ns.s'gma:<-’a:‘tsj
3r2 damage, rewardol O* 2l score, lossii= 5

done = env.step()

next_obs = env.get_observation{handles[d])
flat_next_obs = observation{next_obs[@],next_obs[1])
rewards = env.get_reward(handles[@])

score += sum{rewards)

if stepsi3d ==0:

buff.add(flat_ob, action[8], flat_next_obs, rewsrds, done, adj)

if (i_episode-1) % 18 ==8:
env.render()

if max_steps == steps:
damage = @
for j_ in range(n_agent):

damage = damage + 488- obs[B]1[81[J_1[51[51[2]*4ea

damage = damage/28
print(damage,snd=""t")
print(score/3@8,end="%t")
#f.write({str(dead[i])+ "\t "+str{score[1]/38@)+"\t")
#f . write({str(loss/188)+'\n")
print(loss/18@,end="%n")

]. Y. ChOl. SNU fourite(str{damage)+"'\t'+str{score/30@)+"'\t"'+str{loss/18@)+"n")

env.clear_dead()



Code Implementation — Jungle(multi_jungle.py)

mEREAR fEtraining - E=

= replay buffer®| Al batch sizeB+HE 2| history data 'i_iai;;fii;ff?giiiiifz;‘.:_j;ates,ms,ad;m,;],[;,[;,[Lu
=== s
=55

for e in batch:

for j in range(n_agent):

=Q value9f target Q value= &5H model2]

states[j*2+1].appendie[5]1[3])
traln II OH new_states[j*2].append(el[2][i1)
E L new_states[j*2+1].append(e[5][F1)
states[48].append(vec)

new_states[48].append(vec)

= 0|2 2 episodedtC} target Q networkE

rewards.append(e[3])

main Q netwoerI weightt2| moving average  ~—

actions = np.asarray(actions)

E u pdate rewards = np.asarray{rewards)

dones = np.asarray(dones)
= Battlel| A2 enemy G 2| agent== 0| S
new_states[i_]=np.asarray(new_states[i_])
DONS 2 &t&El modelS loadsto] AR

q_walues = model.predict(states)

tf_model = DeepQietwork{env, handles[1], 'trusty-battle-game-1', use_conv=True) TArgst_a_valuss = model_t.precictinen statas)
tf_model.load({"data/battle_model”, @, 'trusty-battle-game-1') for k in range(len(batch)):
if domes[k]:

for § in range{n_agent):

gq_values[Jj][k][actions[k][j]1] = rewards[k][]]

or j in range{n_agent):

q_values[j][k][actions[k][§]1] =rewards[k][J] + GAMMA*np.max(target_g_values[§1[k])

history=model.fit({states, q_values,epochs=1,batch_size=18,verbose=0)
his=@
for (k,v) in history.history.items():

]. Y ChOl SNU i his+=v[@]

loss+=(his/2@)



