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Abstract

Swarm has recently become a critical component of offensive and defensive systems. Multi-agent reinforcement
learning(MARL) empowers swarm systems to handle a wide range of scenarios. However, the main challenge lies
in MARL’s scalability issue - as the number of agents increases, the performance of the learning decreases. In this
study, transfer learning is applied to advanced MARL algorithm to resolve the scalability issue. Validation results
show that the training efficiency has significantly improved, reducing computational time by 31 %.

Key Words : Multi-agent Reinforcement Learning(F7)A| 738}8145), Transfer Learning(% ©]8}<5), QMIX

Z/NEdg : rewards
: action-observation history
n : the number of agents : discount factor
a : actions . index set of agents = {1,---,n}
s : states : index set of neighbors of agent i

o : observations : action space

. state space

: observation space
. returns
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: action-observation history space
. state transition function

: policy

. state-action value functions

QDN NN

: positions in x, y-directions

ISR
8

>
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: actions in x, y-directions

8
@

hp : remaining health points

1. Introduction
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ol 2 ;} bl B8 A7} 2
2ol 23 Aol g8l AL
%_LILE] E(behawor-based algorithm)®
g eliEol ey A JiA)
45 Wl sEHow s
SHAZE EA8H7] Wizl Q1FA] T 7]uke]
(Reinforcement Learning, RL)S Z-&3}= 34
7<1 }\]/\Eﬂoﬂ 71—;}6L/‘\§ 283l Ao =

T ATORFE  okrs AV EAAHo
(predator-prey) wA1E E7] 93] FAtstE PE UE
YAt Fd3tE T35 7HX S (joint action value
function)S 8t&53d= MADDPGYE ] EM, vt A
o] Abeli(states)S mean embedding® & FEHst] ©d
HEAIAR ghFahe gags!, o/ Ao 3
mElg Aojus Awd N ol N -5 %(dogfight)
Fo) AHANPES S selfplay QL FIE
Agard, URE 2Foery B oae w99
7] 9% AF-E 8l AAKer F5 s A (oint
action policy)S S5t =s 3 Al Fo] vk Abgd
=9 471 W&elA wle HE& MARLS Eaf it
o]l AFAIYR! Starcraft oA AlES tiifoz o]
752 g5E alphaStar[S] w3t gix el Al &= st
ojth. shAIRE, theFgt A+ Atglell = E7-8kal MARL
o] 7HAaL A& AAARD EAEL vhel Al
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A

3 73t shas A8 A9 7 AL AEAL o
53 7 dAY] o]Fo] BtEA] FIelA| vk kS
T 71 Wizl @] wiEAde] AR & dar, A
ofst P ol b2 At AdEg EgE 1
Hafjok st AAPE H7) wiol g9 7RI AE
FF I e ek Aol AdHAY Evlssd ¢
3)\1:]'{” ] O]I;]_[U]

MARL®] s Fol7] Asixe &9 2%
HAGle] Frasgt e 85 7 IEF v A
(scalability)ell th3t i} s, o]E tEr] 9
3 tEA O R T3 Al 7FA| Hge] Stk

1) Embedding for multi-agent :

2)

3

~

A e FuE
dAstr] s 2z ALY A ¥HE BT A
(concatenate)sH= A9~ TR FRIF ALFE
AsE F7k EE xR o R Zrtsle] A A3 3§
e gk Aol Sol7 ot slE 3
oAl H= A o] AT (curse of dimensionality)
A7 wAgtt o5 sjAdsty] g WMo R Ty

Moo oo R

AAe g FEHE zTdshe YwlE(embedding)
7IMEo] MEEA e, I Hugk, duldd 9
Elo] HFg o el M (attention) 02 715S =+
w g OJ} Wilo]l =47

Transfer learning™ : 234 EAS didsty] 3t

tE Haoewr

S Hol7|:=

7Hzﬂ—r°ﬂ ”1}§0] oAbe =
e Qi)

el

0}71 “ﬂ—f°ﬂ
learning) = ﬂﬂﬁ‘ e
2kal gk
Decentralized acting policy with centralized training:
ME VIEAIAH Shgate] JHA 1he] Aoatgol
A& 1 E A gAK(Independent Q-Learning, IQL),
2E JHAESY dH 2 deS d7Hel uHd
E UESAAE Shadte] ol SHelA A9
ol AR & AW 2o AFEAE AY
Al 5= (Counterfactual Multi-Agent policy gradient,
COMA)®] ZeH&ol T wpale s Egao] 7|
3 U ESTE BAkststel 242k A A (policy)tH =2 3

(transfer

85 (curriculum learmng)O]



Aolstss &3 TRAO1E Atk B8 N et #g A9
Fata, B3 WEYANdA o= FHste] shist MDP)E 7|Hto & FE =7 (partial observability)S
5% oy 5 Ay a&s g & 9l 31213} decentralized partially observable Markov decision
2 gl A og oMix!', vDN'' MADDPGH process(Dec-POMDP) 2 RElH & 4= glom FZ (y,
oo darglol EE A S, 0 A xn, P, )= Z@A AA] dH se SellA
o Alzgel Z3HE wle] AATE AER gE F
2 ArelMe S olF= WA S7HE o S(joint action) e € A= A" A} thF FEH o=
S Ay BAE ddsad ggel AAd age) bn, ojed Addwss dd wd w9
gk ok des Y 7 dE QMIX FagEs 7 (state transition function) P(s'ls, @) 2.2 YEPE 4 9l
gko® afo], o] JhAl] ik Shpom de A2 o ZF ARAIZE Q148 AdERl it 5 0e Ols, a)
o el AAS Alee Ades mdel A9d = gz A4 A43R A4 2(do)E w4 o
w5 she Aol S wUSA o oISk B g gl ARurh 24 AsselAE AEae o
FES Wl &2 4] Sl HxEed e SHths ¥5 H53x 94s 98 TEds AT
(migration) &l A8l ol Ll MARLAM 4 @%(sa,) = FlR |5, | & ATISFSh= 573 2 oin
) =] = == -
“f’] Q—Xo]'/%] 1'_‘1'"_ oﬂ7é°ﬂ /‘EH}E]E = T gl\q—t‘ ?j'_é‘ pohcy) 7[% ;‘%—l“____ Zﬂo] %X_qlol Q‘__E]— 047]/\_1 ]?t _
Gelgglon, stie) A5e wuel] olde AR -
_ k, e g o 5 SRIPAEN
FolA WA= B (sensitivity analysis)S F3 A 1;07 714, discounted return FHS ovlb, Sl
AelolA 54 dES shAl @ A diE 243 (discount factor) y € [0,1)S oJE@A AAsl=r}ol] u}
Htrh 2 =S 244 MARLO #HeE w7 <] 2] ot HZ WA RS FeA L] BAdE F
& 2B, AR B QTN B9 Y B A% FeAs A4t 2Y9 RE ANEe du
< Ve & 487 sHAAM HSE ST A A4 Ko g e RIe(reward function) 7 (s.a)S 3
9 Asiel 24 8 27 vEEs Tsd, s,
2.2 Q-learning with QMIX"®!
2. Backgrounds o AAIEe] AT AEol WA Al=E el A
Frelgh e Adstr] S8 T sdE TR
2.1 Swarm Markov Decision Process (joint action value function) Q(s.z)#k<S AAEsle] 7}
T3 A28 Hiittenrauch!'e] 1ol 7]&E ) ot a4k o]2 AMH oz ALgEE A Yo
oF o]l A AEl= vkE o] AdEfel ofsiAnt A AT EA7E Q7] wiito] DeepMind!' o] 1ol A=
AHEYE w232 A3 (Markov Decision Process, value decomposition network(VDN)E #|QFsle] o] &3k
Mixing networks
Agent networks
P Qrot(t, @) Qtor(T, @)
Qi(t', ar)
¥ =
MLP St Mixing Networks " .
W, St
hi_ GRU hi Qi(t%, ad) Q1(z", a)
t—-1 t 1 t 1 t /+
MLP = Agent 1 Agent n W, -1
(o}, at_y) (o}, at_1) (oft,al 4 Qi(th,al) **+ Qu(t™, a®)

Fig. 1. Architecture of QMIX network"® reproduced for better resolution
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7§ A0 €]

shlth. VDN 7+ 7l 9]
A3t E UIES] H(agent network)$} &
5ol FolRE wl A Al=Hel fFEEE Pt
= 53 U ES A(mixing network)Z TAE o] glom,
o JHAESY A5 FRHAoE Hriekr] AE A
W Y E 9] 7FX 3 (value function) @ (s',a')e]

Q& TIE BAE (1) AHEHA,

ZQ(S a')

i=1
: state, action of agent i

Q‘ot S» tl)

where s',a

QMIXE VDN 2+e wigho] 4]
East &3 MEATY Wl Wake 3hofo gitt
= @EA(monotonicity) (2 B WHIEF &
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F UEHZE A N vEHAS $F
E9zd ok ARG A B A Q)
o} o] AojgowM F UEYA H] dAAEE 7
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arg:lnax Ql(s’al)
argmax @, (s,a) = : )
a arg::/lar Qn(s,dn)
W 0,VieEN ?3)
&

QMIXOI A AFE-3= deep Q-learning 71'H-2 65 v
MAFR 7= A5 A7 W(deep neural network)©.
2 7R Qs,a0)E BARHE WAolth Deep
Q-networks(DQN)©|gtal % 3= g Zde A& 9]
Arte] Ao Ag(rolloutyS 3 A WE(replay
memory)oll A74¢t 73 FE(transition tuple) (s,a7,s")
S AMEHst] AlZFK(temporal difference, TD) & &
Zo]=E 53yl DQNOJ recurrent neural network
(RNN)S AR&3HH w9 7 B(transition) & AF8-3H=
Al Fgke] B9l A E(trajectory) 15 ¢E HolH
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3ted A% ghe AR B3 UEANAE 7 7]
A7y Bs Ao AHESH Qevalue #F MY JE|
(global state) 7k AHEsle]l AA| 7 Al2El o)
Aol TR Qe ALTsHAl

AFHom QMIX HEALE T 4 @ 2
&4 Sh(loss function)E E3) end-to-end A} OZ
stk o7IA b Shepell AREEE WA A7)
(batch size), 6 = LA F72 HHo|EHE g7
U E ¢ F(target network)®] TFebu]E], Z} Wdo] Ho
AE = AH HF o)F ghs o] gith

b

Z target _

i=1
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2.3 Transfer learning!'®
o] 5 oln FH
slel W8-S
H(task)= 53

A gk P e

el
T E
27 A 2
Curriculum distillatlon 2) buffer reuse, 3) model reload.
A A AL o)del Shadd Fjiel AR A=
Hlj-2- ?%0494 éx‘* EE7F FrAksidaL sk W,
. ‘ﬂﬂﬁ WA AR Kok A HEeE o H

H IQdoll A ARgeh= WA, 2o Al A
A Fsdel e shEgh E'_%‘% U 3]
}%ﬁ}h W2jolt}, Wang!Wle] Al A
27k AolA] model

3. Methodologies

3.1 QMIX-TL : QMIX with transfer learning

B ATelAE 24 ol AL 471 gobd
wg-:s}h Y EAS ALt B A
2] Aol diF ) B s



Algorithm 1. Pseudo—code of QMIX-TL

# Outer loop
For m in number of tasks do
Initialize parameters
0, 0, iftm>1else Ull,u)
Initialize replay buffer D« &
# Inner loop
For iteration in maximum iteration do
Initialize episode buffer e« &
# Collect samples
For step in episode limit do
Get observations o, and states s,
Get action a,
Update environment s, ,
Calculate reward 7,
Store transition e<—eU (s, a,,7,)
End for
Compute returns K,
Update replay buffer D« DUe
# Training model
For batch in train samples do
Compute loss Eq.(4)
Backpropagate
Update parameters 0,
End for
Update target network 6
End for
End for

g5 ZRAAE Algorithm 19 7]E#
8w, WE FZ(nner loop)oll A 1AH 7Hiﬂ
of tal QMIX EE-E o] &35 v JhAle] 4s}e)
o] = al, 9]F FZ(outer loop)ol A= A4S A
sk Holghgo] saEh

Wi 2o QMIX dHES 34
(rollout)yS Faste] MES Kot Hzﬁ_ | 1.2
AR B A]-O]Z_J DB 7}11 EddrE AR,

YL =
o e

molxe] A4 ALe 93 old vl
o) sulE 0, % @A HAGIN S
& mue] sehuy 6,0 275 gl Heh

o, ol dATE gl
(uniform distribution, ()& e} AHSHA Z7]8kgit)
MAF7Y S7vske 45 24 S
Abo)= ztol7t WA EtE R Sl 2R
EAbet e kit o 7HXﬂ%4 ]
& (homogeneous) :rL X] Holm
guEE et v A
o] T2 o]F(heterogeneous)
7} st
Wang!'Y19] Aol A= Foghss d8she
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E 9] Z1(Graph Neural Network, GNN)= A}-8-3}¢] H
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Aol A 71E8] 719 Eoll vl 843 d5S BV
of 7pAsk= ol el wig Y A4S GNN
o 7IME E8FrhE 2 A9 7 AL Qe S
s AT F A Zolzt 7dEr)
4. Experiments

4.1 Problem descriptions

38N 7] QMIX-TL dauglES Fa A
wAZE AdE=A A s 5 =2 ARS
el FHole RRES Wt olFde vy Al=H
o] Ao AE A wHole FxEC] ol
1A A QA o whet oyt FAe] Y]de] H= ¢
ol o]yt 2 Sl gk AiE v &
|8 F e EAoth & AFtelME 5 7H2ﬂ7} =
Zlo]= = —t—

ez oEat 9RE el sh AAY 49
97 WEst ol FEeHE A9E PAS 9 9
78 7k

4.2 Experiment setups

v JNA S Rt flg AlEEClEE I
A 7]nke] MAgem“g]E AHE-3EL 2.1, 100x100 71 9]
22H Woll A F 37FA| 1F — Agent, Target, Goal —
X33 EE :rU‘q SFAtH(Fig. 2). Target> 1AH =

el
=
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2t A H(Goal)yS sl 443 2 4 O]-T’—, o4
o] Agent= Aol Targers WEPIEE 2357
Aell Targerstel A7t 7Wbers B2 E};}% it
= o2 22 Migrate rewardE A AlSHSITH

) 1 ifd, <
migrate — ti
i —d,; else )

where dy; = || p, = p; |

AAG7} ol ol we)

Crowded rewardS 53J|

4% AT FEE WA A9 Y e
AAse] A7k 54w otz Boles A% o
gElE polahes 6}914

ifd

rq‘rmrded — -1 o=
! 0 else

where d;; =min || p;—p, |
7

(©)

=i ie}

E‘E@' =589 3t 3

Y5 AstA F=s I F4d
wult} shortest path reward, {7 =

QUE LR Sgn. AFHoR A Ak v

A 919 Al A4 e A glelad (7)), A

TR AlzgloZA wh= RARS 7F A E0] JHA|E

Bg) BARE MHES Sk @)

7; :1,:nig¢'ate+1,lclrowded +r?}wylesz‘ (7)
:—Zr ®)

ni=1

Fig. 29 =213}% vl o] MAgentZ7 oA 71|
7F A 7 de Hee 97HA olitstd &%
(discrete action) 2% 7 2] 331t}

ol ARg-E = ?ﬂ]aﬂnﬁkoﬂ‘:‘ ! LﬂE%’—Jﬂcﬂ]H z}
MA7 FAY g 73* ah= o &&ske #=
(observation) (Table 1)3} F3F ‘—ﬂ_.vrl ﬂoﬂ/ﬂ A A1
3 weke] AMSEE 9 AJHi(global state) (Table
2)7F 2tk JE A #ASFdE A BA W9
(view range)?toll BA|E = o] MAES #xo) H
ARl o]F Wako] xFH L, F
A EH (broadcast) HT= 7HgStdl HREY 7
AR doA 914 R olE “H%ko] F7HE =5 516l
ok AAR =R 7919 s

=z20
ST

N
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ek Sol ANL A, FF BA AN B
Ag W F vk AUH 42 NIFHES A
Brt.

QMIXS EF UEAZAAE AAH ol o]

@ Z7h WgE Bgalel A WENR S o

HELZA o T84S Folof X4 st el E
shslAl H=H), olE 218k A AEl(global state)

ez ]
o
53e] 9A4ng

xgbekal ok
Agents W
Goal
. m_ N
[ | — [ |
H
i . .
6:(-1, 1) 0N &Ly )"
[ |
' Field of view
3:(-1,0) . . 0) 5:(1,0) E
0: (-1, -1) 1: (0, -1) 2:(1,-1) E
Actions
. Target

Fig. 2. Discrete action space on MAgent environment

Table 1. Components of observations

Observations, o,

Mean of relative positions mean (A, jibx )
(b.t.w. agent & neighbors) mean ( Aﬂpy)
Mean of relative direction mean(A ja,)
(b.t.w. agent & neighbors) mean( A i a,)
Relative position B ity
(b.t.w. agent & target) Aub,
Relative direction A,
(b.t.w. agent & target) A,

IEN, JEN, k=1,A,;(«)=(+),—(+),




Table 2. Components of global states Table 3. Comparison of learning costs
Global states, s, e SEEA|ZF H A AAQA|ZF
Absolute positions: agent Deir Dy TL | t72 = Tonar X tsmar T Diarge X tiarge 367 hrs
Absolute positions: target Dot Py DL tor = Topatr T Diage) X tiayge 532 hrs
Actions: agent Arivo Ay,i
Actions: target Ao Ay .

HPs: agent hp; o Eiz‘;gg"‘ LI | | “‘
HPs: target hpy, — N i "m M‘N M * |
B n"l‘l g Rl 1"

iIEN, j=MNi, k=1

g% md gepuE] W HAsE 913l root mean
square propagation(RMSprop) ¥iL8|HFS AHE-sIG1 o,
8t5 E(learning rate)> le-3, HIX| F7|(batch size)=
64, Zt Al A== A 160 stepS 7FA AL, returnibS
AlAkel=t] AFE-3S= discount factor (y)© 0.99°.2 A
8L, Qualuedts 72 Fes AHs= WA
5ol xagte] wet 729 dEs FHo A =
A E(epsilon)ghs SAU7IESs AT JAE

Z12] U] (epsilon greedy) W2)S AF-al T

kel
i

=
hl

4.3 Experiment results

2071 ZHAlel oiE) 53k DL
(Direct Learning)¥} Zo]8k5S F3ll 571 7)Ao A4
&4 A3E A2 TL(Transfer Learning)oll T3l
F& T3 gAste Y retums HluE] & A3
(Fig. 3) TLY A% HETH2Z 140959 retundt s
53R DL A 108% 5o HEY AL
FH o] Al sl g5 k= DL A9

?ﬁ o] o1t 0‘13}\ o]
[ei8
of

3}
of

I RERE=] T
ghgoll s AR eS I & AT &
Al Ao Qe dlsiAe AL AATR g5
olEE W F5¢ ANE H& dolre] EAY A
getoan Al 7 ol wt WAEh= g
A EAE AT 7 AEs HoTe AP et

DLW o 2= TLWA] 729 85 A5S 48 -
A7) wiEol Holghtol AaH F oyin Fvt
S DL £0% Afto® E 4= qlon oo ule}
Table 3¢ 7|5 npe} o] Holghss ol 3t Al
e 31 % AE g vk & 4 2t} Table 390
A kel A A A28 3 AlTFAT(160 steps)
= A3Psh=d el HeE 28 AR shgo] W3

0 i : i
I 1

0 100k 200k 300k 400k 500k 600k 700k
Timesteps

Fig. 3. Histories of retun values

H oAt F9] Fo7 G330, Intel i7-107005
AREEE ARESHE A it e AR S JRA B
a4 ¢ .= 125 seconds, 207 7| =& =274
seconds® S5 2low, HolstFollA 57 JjA= St
F3 A= F T, = 400,0009 2071 WA=
g ol FrE 5 T, = 300,0005 71Fo 2 AXbs
At

AAR S AAS ue Bl dS A
ZA3kFig 4) TLY) 4§ HRES ofPE gl
wpekrbA] Sskal

tlarge

3}
of

¥@ oy I

¥ (Lol

=72 1w

B ool ojw S TAR ol#F S g
A HJA=A AR Q] 7 AA UES] A4 2
Z3kel gk Q-value %] WIZFS(sensitivity) 9Q./90:
E TelRgton, ExEve]l Azl Ho] HxEo
Adshe e ¢4 Ao ® Fa gus S A5
Harete] Ao #¥H B35 %k(px_target, py target)©]
wztEsd 3A JelE vHAFg 5), SXEI] A
7} 7V EEEIe] Al
py_target)?] WIE=E b A (Fig. 5)°1 Hlsl
Aol v AAeke] ARt ke AS FES

A 52k (px_target,
ZFo}

53
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o]&7] -

A7 HAo] sAlEA ol AAETe] Aol ¥
H #Z3k(px_neighbors mean, py neighbors mean)2]
HE7E o H(Fig 5)°l Hls] Ax AS gl 5 3l
THFig. 6). ©] 7152 -9 pytorcholl A #|&-sk= =t
1] (automatic difference) 7]%5S AFE3F o, o]
v SgE sebEE Z85k7] wEed At Fskt
A ol ¥ RL Aol 283 F dS sow
71t

off 3@ 4 [ N

100 G, sedes |
0 20 40 60 80 100

20

40

60

80 1 1 - 1 - - -

100 ;
0 20 40 60 80 100

Fig. 4. Trajectories of simulation results
(upper: DL, lower: TL)
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W agent
W selected: 0
® target
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Fig. 6. Agents avoiding collision
(upper: status, lower: sensitivity)



5. Conclusions
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