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[Abstract]

Multi-agent systems can be utilized in various real-world cooperative environments such as battlefield
engagements and unmanned transport vehicles. In the context of battlefield engagements, where dense
reward design faces challenges due to limited domain knowledge, it is crucial to consider situations that
are learned through explicit sparse rewards. This paper explores the collaborative potential among allied
agents in a battlefield scenario. Utilizing the Multi-Robot Warehouse Environment(RWARE) as a sparse
reward environment, we define analogous problems and establish evaluation criteria. Constructing a
learning environment with the QMIX algorithm from the reinforcement learning library Ray RLIib, we
enhance the Agent Network of QMIX and integrate Random Network Distillation(RND). This enables
the extraction of patterns and temporal features from partial observations of agents, confirming the

potential for improving the acquisition of sparse reward experiences through intrinsic rewards.

» Key words: Multi-agent Reinforcement Learning, Sparse Reward, Cooperative Battlefield Engagement,
Ray RLlib, QMIX, RND
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I. Introduction
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II. Preliminaries

1. RWARE
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Table 1. Compare properties of a multi-agent

reinforcement learning environment
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3. Ray RLlIib
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Fig. 1. Multi-Robot Warehouse 10X12 grid environment

III. The Proposed Scheme
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Fig. 2. Learning architecture using Ray RLlib and RWARE

2. Learning Architecture

Ray RLIb 2loj2ejels Atgslel aisslr] 9l
RWARE Al&2fo]8] #1735 A|Qtett142]. RWAREZ}
OpenAl Gym9 &=z AE]o] Ray?Q] Standard
Environment {122 ZI3§gion, Algsh= QMIX il
2|50 2 sh43}7] Qs MultiAgentEnv ZejAS Ap&ut
of Ray_RWARE ZjAE /dstct. QMIX A2 sl
action_space_sample¥} with_agent_groups &5 I
I3 5 Vol ehlE2E AP L P,

Table 2. Class Ray_RWARE function

Function OpenAl Gym Ray RLIlib
Dependency Dependency
reset 0 0
step 0 0
render 0 0
close 0 0
seed 0 0
action_space X 0
_sample
with_agent X 0
_group
reset &4+ RWARE ojt] A5 2 RjAAtste], 7t ool
Eo] AL UYL step T4t 2} ofolHES] Y5
< o)l M galol, b WA B vishied,
render @49} close 4= 717 81740] A|Ztetet a2
AL, seed e PO AMINES Z7NMH
action_space_sample §f4= ofo]ME pElS E5 &5

Aol si=S uisksly, with_agent_groups 4= ZE
ofJo]XEQ] WAto] alLto] I:20] wAlo 2 oAlaA| st

Ray RLIib 2foluejelold x|gaix] or= RND:
Exploration 2ejAE @P—i\—‘.ﬂgﬁ RND ZjAE F/d3ht
[2=3]. 2A V] g4z s, £8 Fd4e Ray
RLIibQ] Exploration 240 &4-5 @ujeto|dsto] 1L
‘dstt], RNDO| F=5 AFaghi{12].

nol‘

# Ray/rllib/utils/exploration/curiosit_rnd.py

Class RND(Exploration):
def mit ():
# set configuration variable
# create RND random network
# create RND prediction network
def get_exploration_action():
# override Exploration
# delegate to sub-exploration modeul
def get exploration optimizer():
# override Exploration
# put optimizer for RND prediction network
def postprocess_trajectory():
# override Exploration
# calculate loss and update RND using optimizer
# calculate intrinsic reward, total reward

Fig. 3. Class RND in Ray RLlib
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(Hyper Network)?] &3igtg W=t], o|tfj stojxf HE
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A9 A ) S 2710 FAYR o
o7 nAELH

A JA o A2 (3)F™H Ao L UA BAR
Buffero| 419 vjx] Ajo]=, ¢~ L EF YEY I (Target RIS 7"f+ A1 (3)A] goj=lt, WA otk
ShA| oo]XEV} A YA o AA (HA™E AR
Network), 72]1 4" = r+~ymax, me(T W, s’ 0" ) A oflo] I S Ti+1 (HXE AA
= ojmjsit}, Aoz RE S5t A BAF o, o A B, 02
Holgint,

Loss = L(8) + L{¢)

Mixing network. St+1 ¢’
Agent network l
BB a | | a Random network
5, 0] u ARE . 1
i 1 LA Q Q —to— RW. 1= Sy (sp41)— far (see)?
& tot- Ya a.,a a e 2
aat ey (e, 0F, U = Sev1, 0¢+1,7%41)

- | | é I

ey a a a €
a a (st 08 Ut Se41,084 1,14 1)

Prediction network

To

1
L(p) =Eg,,, 5 (Fp (se21) = fr (5241))?

r}.'(6‘)
b

== Z[rHl +* Ymaxqutut(ft-n.utﬂ. $t41:07) = Quor (T4, U, 51 O
i=1 ) Prediction network update

Mixing network. Agent network update

Replay memory Set1

—— L
Teer =i Ty

a a a
(s, 08 Ut Sev1, 0841, Te1)

Fig. 4. Structure of the entire learning process(QMIX + RND)



Cooperative Multi-agent Reinforcement Learning on Sparse Reward

Battlefield Environment using QMIX and RND in Ray RLIlib 17

Loss = L(0)+ L(¢) (5)

IV. Experiments

1. Experiment Environment

Ray RLIbO| QMIX ¥112}&52 AMEsto, A 3=
FFICE oflo]MES] By pEZEe 71 1D WElZ 14
wjo), AR W1 87), B el U ooliE AR 457,
o5 ol Ul A A 18712 pAEch

(1),

Mixing Network®] HA| &= oo|HE &= 7io] #&
AEE Aol7t 3291 1D ¥E
t}. sl Mixing Networky 855 Aot ARG, £&
A AFgSHA] SHETh Z1E QMIXGH SUshA BE GRUC)
hidden state® 642 7AJatn], melo] Q2] A5} &2
AESL AQJgt BE AEL input dimensiondt output
dimensiong 642 =UsHA 1435ttt ConvlD kernel
size 302 ARSI, paddingS 1 F71SH}

RNDQ] Al7wre input dimension® 2 ofjo]X EE9]
H=7Fe 142 1D HHZ A6, output dimensionS
12 hidden dimension& 642 435ttt RNDQ] mask
update rateZ 0.52 AA35}o] loss AAHS Zlsigion,
ol" ®A} HalRle 3ol A 12 nAg

s% A] ALE netlE(E 3)E 25 FUsh) A
o0}, 2.5M ARIES Sg AT A2 Al, FUsH
2% RWARE max stepsE 3K, RWARE inactivity
stepsE 002 A7Jsto], & 150K §1o] ARlo =z Algd

7S AR,

Table 3. Hyper parameters for training

Learning rate 0.003
Train batch size 64
Exploration final epsilon 0.01
Exploration epsilon anneal 1000000
Target network update frequency 100
Max sequence length 64
Mixing embedding dimension 32
Replay buffer capacity 10000
Agent observation size 71
Gamma 0.99
RWARE max steps 6000
RWARE inactivity steps 1000
RND constant a 1
RND mask update rate 0.5

2. Experiment Evaluation Criteria

ool ET} A|&3hA 8l4 HAFS A7) s 37HA]
o] g Aoz ZHolsfjof sict. ofof wat 7t ofjo]
MEZ} A0 2 3717] AEfo] et XS Mg AT}

£ 5o ATk Y B A gL ofelet 2T,

(1) ollo]iEZL 2t Avhe B JE
(2) olo]MEZE oAt ARte =1 SRR 2 EASH:

3. Experiment Results

&5 A 15 AQks QMIX(proposal)+RND &h
&7t ofo]AEQ] E3(Exploration) 2 ¢ W 34
Ui Qon] B33 1 HIT 4 9k RNDE ALg
SHA] QMIX(proposal)¥t  QMIX(default)=
Exploration epsilon annealof @2} &8 Q5 IM A
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Fig. 5. Training result graphs (2.5M steps)
Table 4. Inference result (150K steps)
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V. Conclusions
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