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Recently, the paradigm of defense technology has been shifting from manned weapon systems to distributed systems, including
Manned—Unmanned Teaming(MUM-T) enabled by artificial intelligence technologies. In maritime industries, MUM—T has been
studied for both surface vessels and underwater vehicles, However, limitations in visibility, communication, and operational depth
in underwater environments are regarded as critical barriers for implementing MUM-T technologies in underwater vehicles,

Furthermore, it is challenging to establish an initial concept for cooperative underwater vehicles based on MUM-T. In this paper,

operation technology for MUM-T in cooperative underwater vehicles was developed, In particular, a framework for conducting
formation transformation of a fleet was proposed, First, studies on MUM—T formations being developed in various fields, including

underwater vehicles, were investigated, Second, multi—agent reinforcement learning was applied to

the methodology for MUM—-T

formation keeping and transformation, Third, the fair Hungarian algorithm was applied to the formation transformation problem to
improve the operational duration of the entire fleet, Fourth, the formation transformation results of MUM—T were analyzed and

examined using the proposed multi—agent reinforcement learning model,

o

Keywords : Formation transformation(HCH 2f) Manned—Unmanned Teaming(5 - 221 Z8A|7)), Underwater vehicles($S S=A])),
Multi—Agent reinforcement learning(CES 0|0 |ME XU3lsks)
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Fig. 1 Coordinate system of point mass models
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Fig. 3 S/W architecture of single—agent reinforcement
learning (Sutton and Barto, 2018)
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Fig. 4 S/W architecture of multi-agent reinforcement
learning (Sutton and Barto, 2018)

min. {;Ell ;EII w(ew )} 2)

min. || max - {wle,,)}] 3
|8 <|N(S)| for S X (4)

N

dslstE2 Of0IMET} S0t HoAES SIHAM SR el
oflMel ASS MEISIE, 1 2oz 255 242 A5 2
a2 FtEeles YAME siaske 7|#olckSutton and
Barto, 2018). YKoz Zislskse chl of|o|ME Zslsks
AL
=

=
It CES of|0IME datekge 2 FEEICE Fig. 31t 20| T of

JSNAK, Vol, 63, No, 3, June 2026

151



o 5 2aAe Hil

ek T3 7| T4

|'0II
my ;v:

leKShin et al. 2020) 4 Cis oflo|™
Zo| = OI“OI oflo|d 5t &k '—H01|A1 SAlof |
2 ol ZXfe| HHS 3—.%3._ KZhang et al., 2026).
EFs OlOIME Z3leks Yue|E=2 °'HW°§ 7kl 7|8t
(value—based), B 7|¢Hpolicy—based), HLAX-H|LX} 7|gt
(actor—critic-based) 22 T==ICtH (Ning and Xie, 2024). 0| &
SHQUAH|-XL 7|2 o2 HAllS shashe #f|AHactor)2t 7t
g FMoke |8 A critic) 5 21 SHEERCQEM, T 7
|.x4xH 7|H|-o| S skt Z40] §§o||:|.. _g|‘ ‘:'L o
Hof 2HloflA %-‘?—IKI—HI%KUI“J ge|Eo| de| &8
CHZhang and Yu, 2020). &
b QIR X} 7(HE 7“2P9.§% A5t
SR [HAL 78 Zstetg2 FH H0|HE e8shs WAl
ol w2t on—policy@} off-policy2 TE=ICH
A Yo=Re X HOHE 08510 MME Hilske
HHH off-policy 212 2P = CHE Aoz XI5 H|o|E
T MAk=sto] sHEE = JACKGorji and Granmo, 2023). Z12{4+
off-policy 22 il HAlslzd= M) Ho[E7 | £RIE AE
o M Alolol| Xfo|7F EXstER, FH SYUXZ Qs sk 4
oo EorFYM ZX|J7L Wde 4= ct 59|, CkE ooIMEE
g A4, Z oflo|MES| Mol SAlol| BStstr| ool H]
HAM ZHQl sky Zufel Setgdol et fa{7F H7|=S]
Ch 2HH on—policy 2 ixf Faiol| 7|dkst £[4l HIO|EE
ARBSIER B oMEdo| MUiMez 11, CfE ofo|ME &
ZollA dske dH|HaAE siZske O
Xie, 2024). 2 2170l|M= on—policy 20
oM Zsll U= ZAYF 7] e
PPO(Proximal Policy Optimization)= &2 ZA} 7|8ke| Ch3E
Mol on—policy Zeteks LN |EOZ, Table 10AM AMms|I0
Ue AXH sdnfe| MSAES il $RE ERoZRE of

o=

S D e i
I ]

ok
|—3'

OI'

e)
?
o)
Q
Q
OII
T o

Inlﬂl

2| SM&=(surogate objective) S /X350 HHMS Al
(Nam et al., 2023). &l A 2™of|A clipping 7[#HE £
0f M2 H0| 7|ZE YMOZHE TS LK
HBksich Al (5)= six) MAD} o|M M 7+ xjo|2 H]
Ak Ziolod, 4| (6)2 PPOOIIA] Ol8=l=

b Zdo|ct o[2{3t clipping 7182 XM2H o] E
% 7%?; WX[etD, sk +EHME ©
l = 2SH7F SAlOll /IXIE

Z0|sh= o 2U0f, PPO &2
|-I:|-_' oot

LTl

ol

ol
s

Ed

ook

—F

i o
oz
1o

|:H E_I EX-I S

i
o
ol
2

S

rok
N
rok 6
0x
f{ [m
o _IH:I

0
4y Mo
30
O
o T

E:
F|‘F
+u:r

O.I.
i)
s
on O
0x
o F

M
kO
ofr

m

o

N

rir

o

o

ol
Tl

et
o W or

X X re oy
e
=
>
riok
M
ﬂHt

)
o
O
02
o
>
A
oy
oﬂ
rulru _u
H
i
i
E
|0
I-HJ
_0_
|o
I-ﬂJ
I
rulo
0
=

>
®

>
OH'T
J

$ )
[} wiglel xjo|5 | Lsfele s SA
AlEolMel x| ghetgio] bl

SPLSK|E LIERHD], XzH

ANl J|z=0z &gsr}

ol
F[F
o
| o TIT
Nl

_WI
02

0z omy 3
o
1>
= =
rIo
|m
oi

o
=
C

>£0

~N A
F[F

=l

ol
g
1=
Z
u
I
inl
e
a
E

=)
>
2
§nl
o 2
=W
Olﬂ r(|)||
mo '+
rx
a2 =
:Iog
o
_°[_
Ral
mlru

Table 1 Pseudo-code of multi-agent proximal policy
optimization algorithm
Algorithm 1 MAPPO

1. Initialize decentralized actor parameters ¢
2. Initialize centralized critic parameters ¢
3. for episode =1,2, -+, episode,,,, do

Initialize rollout buffer D—g

Set old actor parameter 6,,,<6

4
5
6. for t=1,2, do
7
8

max
for z:1,2, -, N do

. Receive local observation o, ,
9. Sample action q,,

- TFHW_,(az,tloi,.r,)
10. end for
1. Execute joint action a, =(a,),, --, (a,) v
12. Receive reward r,, global state s, ,, and next
local observations o, , ,

13. Store (s, 0, a7, 8,4150,.,) IN D
14. end for
15. Compute returns 7,
16. Compute advantages 4,
17. for k=1,2, -+, k,,, do
18. Sample mini-batch Bc D
19. for i=1,2, ---, N do
20. Optimize actor objective L“*™0,)
21. end for
22, Optimize critic objective L,"4+7 )
23. end for
24. end for
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Table 2 Definition of underwater vehicles’ formations

Specifications

Vertical
length [m]

Transverse
length [m]

Longitudinal

Formation length [m]

Inner | Quter | Inner | Outer | Inner | Outer
layer | layer | layer | layer | layer | layer

1D (line) 40 120 - - - -

2D horizontal
(ellipse)

60 100 | 42 70 - -

2D vertical
(ellipse)

3D (ellipsoid) | 60 100 | 42 70 30 50

60 | 100 - - 30 50

7t AHHoZ =2 o|0|MEE Wil tixlst, 1 2 £2l of
OIMEE 2|50 tix|sICt 2t ofo|MES| ZE= 7Ol A
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Table 3 Definition of parallelized multi—agent reinforcement
learning environments

ltems Specifications

Environment #0 1D(line) to 2D horizontal(ellipse)

Environment #1 1D(line) to 2D vertical(ellipse)
1D(line) to 3D(ellipsoid)
2D horizontal(ellipse) to 2D

vertical(ellipse)

Environment #2

Environment #3

Environment #4 | 2D horizontal(ellipse) to 3D(ellipsoid)

Environment #5 2D horizontal(ellipse) to 1D(line)

Environment #6 | 2D vertical(ellipse) to 3D(ellipsoid)

Environment #7 2D vertical(ellipse) to 1D(line)

2D vertical(ellipse) to 2D
horizontal(ellipse)

3D(ellipsoid) to 1D(line)
3D(ellipsoid) to 2D horizontal(ellipse)

Environment #8

Environment #9

Environment #10

Environment #11| 3D(ellipsoid) to 2D vertical(ellipse)
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Table 5 Reward functions

Table 6 Hyperparameter

ltem Reward functions Parameter Value
r,=d,(t—1)—d,(t) Batch size 76,800
#1 TR
where, d; (8) = |l {p (8) =, ()} Pgou @) | Buffer size 76,800
#2 —0.0L[lv, () | Beta 0.01
43 {750, (min. (& (t)) < R, , or min.(d (t)) <R, , Epsilon 0.2
0, otherwise Gamma 0.99
#4 {—1, 2 (t) < Zin OF 2 () > 200 Lamda 095
0, otherwise - -
B Goal Time horizon 200
#5 1, if max. (47" (¢)) <1 :
0, ot herwise Number of hidden layer 1
Number of epoch 15
oA eSH= HIMAMS 2iststD Hoje| Mah 1S Ty lst Hidden units 64
7| Sisl metsiict Brh Fek 28 I oo} ekesl Learning rate 0.0005
2F 9% 2 0|5k 2|7} ofL|2}, CRQ| of|0|MET} AL R Critic learning rate 0.0005
Soiin SE B HAS BAGE B 2ol uRM 5 Number of mini~bateh 1
URIE BIBAIE BE OfOIMES] fIxi2t STE BigtoR | Max_step 10,000,000
H gAoM m7 Hy gaozo| Maksk= 11y, of[o|NME
2+ AHA BiR| S0| 2= oFEAE "otet &= Ut J3 fIXxle J15kch fEEF 72| M2 S EEE EMo| BiElslo] o
Ssi5ct. OIS Sal BlEAte 2 olOITSS] B #AFSE - oy piay e 3op0f ufeisls HUEIS Sofslol, 2 91
, = [ , AL
ol % 4 OREH =X| 0 b NMEJI 27 © _ o B _
'T'|7(|-0‘” Ao} =% ._Kl;_._F o}:lj—h M| NIOIS_jF =% H =E 2P| 2L 2 A5 oleio] BB OHEE X3t
U 2ao= FREsh USAS STREZ BEE + UC O 51 o014 0012 21 of 22 walf vls) &5 HUE}
(i) . = TAL T o o L =
2 E3| Jlitd APt S siadxdo| Histo = XIS sRAEH
i c:OH 7HEH:o'r‘| |'7|' -11T BH=—o n::>c’—i SM=E Y J_—'l'_||:_3|'7‘” me&!olxl E’%‘E% AE'US{?_ 7%7_(|O|E|-
OlCEZ &
TS B BB #32 BE slmlo| 2st Aoz, 2|Het oflolME

Aol V[t sl E A g k&St Sutton and Barto,
2018). 752l 58 5 2= Hoj Mz ExolM= 2t of
OIMEZ} =% fIXIZ O|Sshk= ATt off2f, T3k &AM
HE oMoz /X611, 2lH & oI olo|ME.le| Z=2

L[5, o8 2SHoll 27== T oM 23=(ofolzt &t

Hibel 12 SE x| 30| 2ot Baez, ol Algat
M Aol =& ARIKIe] H2| X2 FelEct ololHET}
O AMECH SH fIXlo O 77X ke 2akg, HoiA|
o 3o 22 FOfEict ofet &o| H2le| Hojgiol of-2t A
2| HalEs 2UETE AISY2EM, ofo|HET} off AlEHolA
=H XZ IWIRE WSS MHSIES Yot

Hikelr #22 248t 714502 olot 1iTst RS2 WAl
7| fIgt HIZE| 2o B4grolct. Hof Heh niEolAM ofo]
HEI| 243t 7S 258 sdE 29, olUX| 220 &

r\l

FH2| = oflo|MER} oflo
tasct 2ol 29, HEEE Fo{st=S MASICE gief
OfoIME 2 H2| = 2lHete] H2|7t ok BRYECE Zlofx|H
—502| HEEIE Foistl, 1 2lofl= 05 Foisict HLE|
FOE Sol E= ?lelS Yol 7=, 2lH &« el olo|TE
efo| SHARIE FAIZ & ULS Jch

Hael #e 2|4 3 AN 28 Al o[22 EXR(eit

=
2sHe A 28 oM &8 = U

HME 74 H2l7t 242} Folgl ok

(i)

=

r

OlM2H ASSI=S Hoksich

Hilelk #6 HO Meh 843 24oR, 2E of0|HETt
TERIS mf o] 40| Fo{Elct ot Sx%

& 07 S EYShE 518 2KE 13ske Aol ekgHel

A sigo| 2RAY, ZH ARZFE TR Ha| Hofzl of
b 1m olufoll =251 19| Eats F045i94ct

2E oo|IMEI} 57 URIZFE Z|E4L ol5ke] el &

I

AN

1

4
1

nrorx oX

n o O

E’I

%S U, B3 HOR ZHFRICh ufiM, HE ofolES Eis
sl S o] ofd, Hojo &3t BE ofo[MEN} S0l =
= 242 Bt SEE F1 3ISS onlsict

JSNAK, Vol, 63, No, 3, June 2026

155



OIS olo|HE Zalelse MEe 770 St £5 2349l #of Meh Zaglel3 x| e

3.3 Zd=teg 24y ElFd got

oM AR WE, dEf, BE 2 EdeHE 0I&510,
MAPPO 12|58 X3517| 2lat & of 2
drteiict F& =hsol|

= Table 62 &t} & Hyk= & 12742 Hof Tgh AL
of tioll sz o], HAo| sk
57| flof +A 2ah OX|%} 2| 2R HSE
ARESIict
4

> 2
o
o>
o
O\J
rlo
00

Z'_
2
X

>|
3
=
=
2]
ot
o

N
fjo

T

By
Jal

|0
0z o
o z o
1
kH

ofr
F[F
e
f

U og
=
o
0z
[0 o
Hu
r
ror
ol
F[F

u i
u
i}
e
=
|
it}
o
i
u

|
O
vy

o
riok
oY
nx
(!
fjo
ofm
:Iog
x

0x Hu

CHE Hof N
M kS stHoA 2lHe| =
£ 2 kis2 1M

1

gsto 2 200mE Ol&sh=
el 2 ool MY s B

—TH —o

5ot Sk B Mol £

il

ool
Irmo
0
=
=
>
ikl
w
-+
20
il

|
> i

N
o [

S
o
o)
o
|0
Hu
nx
0%
ol
)
H
L]
ni

ol
-

W re ?HR 4o
Fa
5
re
=
2]
rlok
ro
o
in
N
O

rlo o
L)
oot
n
H1
Jhu
nx
0z
_O'L
¥R
ul

>
Ye)
02
o

N
2 1L

=L}, 2o AlZlol| E2SiA
Al o} 22 FF =710 Lhys x| R

=T 2 Mgt 2t oflm|A=e| (o Zol= 1000 steplZ
SICt HO Mkl d32 thkes| ofx|2h AEof| ool
| @Xte| g7t Haste Hotez

.5, IEWP 2 H2|(047|A, 200m)E O|=Et
URI7F 2Rt SHEE S8 R 2EE
OIl—H01| TE}M=Alof| w2f B &, A
M| ool 5t oflo|MES| H

%Pol SAlof| 2tz =|ofot &2 2|o|Sict O|E terminated &
=&Fsld, 1 9|01|._ truncated AEiZE 25 X2lSI%Ch
?_F Zajol| o5t ZEet AM| T MT|E TEEOZM,
ol value bootstrap2| =2 0|1 & 2 Jx| &t
PYME =0(7| 2/t Zdo[cHQin et al., 2021). 2lH
7t =1} of[o|HME-O|0|HE 2t &2 2F Alujfst
F5ICtE HE0| LASHE siH olmAEs FA| B=

il
H O
>
>
rir
e
!
o
]
S
e
y

A\N|
ok X
=
o
r
/m
to

& b

0.

Jad
o
pal

7|7<7I-o|

2| 2% XA TEh} &

2 0l 0x ©

HU > rlo OH ok

m
-

A

o

o> S

4 J

ol

'lr; o] I'|0
1o

I'°

0.

ol
I

I

N
[0 S
>
I
T|m

ol
R
n

Mo
0o -
0>

_ol
0z H
2 i
g'k
o>
=
0%
2
x
Ir
>
n
O

[0
=4

0
kl
:|:=|
e
m
=2
S
2
o
-1}
=2
n E
P
;
mjn )
)
B
2]
0%t
_O'L
H1
i

Q

4

[
T
=}

ol
-

R

n 8 H 8
ol
—H

e
0kl
\N]
=l
B
2
_>r_

=

Z
—\0
rt
“.l a8
0=
>
:IOL
o

r

P

=
s Mo mn

I
Il

0x
1
lo

.QE
o> 3
-

Rl

[T

b
_O'L

0|'>| 0%
N Fﬂ]
_O'L
H1
fu
_O'L
3@ 0
_r,l
o
i
rOI‘
#
rlo
Lot
o>
ul
)
2
N x =2

HISHA] 2 °”4A1¢ %7F oM = A
Pl g+ Zolct.

Aot GIt eolE M2 o2 83 7IEaE
kg oM e 83 71E4E 30mz 7FE510, Bl
E?jOHH Si5o| oS =2 oAt ot HiH

OlO|ME-Of0|ME 7t &2 oKIAHE| 7|E4S

_|0

o> om
H
Ja

0f0

oII

o El
ol
R
ful
ok
II|> h

o> X ofo
1o
)

0,

e
N
2
x
rir

J

Environment steps. Environment steps .
600000 1.26406 1.8E406 24E+06 5°°|°°° i 25| 06 1 Bﬁ 06 2 ﬂEI 06
T T ]

0
f . = i 2D horizontal (ellipse) to 2D vertical (ellipse)
i 1D (line) to 2D horizontal (ellipse) h o)

0 L2210 {line) to.2D vertioal (allipss) €0 [+~~~ 2D horizontal (elipse) to 3D (ellpsoid)

C2"2"~ 1D (iine) to 3D (ellipsoid) == 2D horizontal (ellipse) to 1D (line)

300

Environment steps Environment steps
500000 26506 18EN06  24E+06 600000 126406 18E406 24406
T T ] T T T ]

20 vertical (ellipse) to 3D (ellipsoid) 3D (ellipsoid) to 1D (line)
oo 20 vartion(llfsa) tn 1 fine) €0 [ 0 (smpscidiiozn nanxonhl(el\lpsz)
=== 2D vertical (ellipse) to 2D horizontal (ellipse) === 3D (ellipsoid) to 20 vertical (el

300L 300

Fig. 6 Results of policy evaluation(return)

0.2m, 2|H-O0|ME 7t &[4 oFAHZ| J7|FEgt2 0.5m2 2+t
ALt 07| BIH-0i|0IME 2t [ Q7RIS ol0|ME
—Oflo|NME 7+ Hz|ZECt IH XS olRe, 7ol |OI7<1E-°-I ot
Mg zPMeZ 5P| fIFolch o*&” | =7t EU#IOHH“
7|5k 1.0m2 75192
HMAH2| 7|&2 1.0m, EIH—O{IOIXL
1.5m= Z2f5IACt w2t ot etd
TEeIL, SAlo| 2E olo[MES| =E fI% Eim 4\;8— 7=
%t O[ufof| =RHsljo} =L Halof| ISt ez IYEN, 5=
ol oM O A5t 7[Z=0| ME=ICt m2lM, EIt THAlolA

AH 722l S2 5 20 272 ds
st | Met 3 7A| MSS USSP flgolct
Fig. 62 & 12712| =i Malol Chsl shaE HHo
P ZOE LIEKACE 2E Hof T8 SRl £
off 3 SRkE ofF, &&=z o9 Uel2
o 2MEEE#H2
HASEE #3, #4, #5= 22t BE, Al
1T01| ml2l Fo{Elch EMRE #2=
4E|Z, olo|MET} olFsh= AI’é.*DM

. 50| B3| 2= o|Fof

ox rr
o
_?ﬂ

r
12

>.

5;_ it

rlo

gh
oY my H

J

ofr o i
0 E)lo
HT
o
[m
>
0|,>_ Ugr}f 0
Mo o
o T
2

OEF HOj A

|

=
& 37|
N

HENTE
T

9]

Hu

FEI

X =

orr ox
= 0
M

o

worr T
°L”n'
78
T
m
o
0>
> AT

N
o m
= 3
(@] iiles
™ o
> o
du A
0x §Q
Zh l-_l
oy _||.ﬂ
; 5r|
= (o]
Ly
_|
o
R
o
S
o Tjo
I
ot
-|$ ot
35

o
2
x

.

M

o 1o o2 E o ok i

oy 12

>.
3
0
B
ot
£
|
HU
T ofr
F[F
S
rlo
H
0&!
rot
ogt
AN |
o
e
e
kEl
i)

Of0| M Eo||AH 7=
I 7d—||_ EAI-oP\ #2

rir
o
o
A
}_
tr
rok
1
@
4>
HA
mjo
:g
o)
i}

1o
r
E
:|0
_6F
X
-l
=
n
3R
|0
o
e
4>

. {2Hof| CHSI0 Zt of 0| EL| 2|x|2FE
Ol JE fIAI7IX IEI 2| %S Ji2IZIcE 2E Hoy et

11
(@]
-
rlo
ot
lI|>
rok
0z
rLOL !

156

etz Mstel=EE M 633 Mi3E 20264 6



o

[>
L
i
MHA

200 200
1D (line) to 2D horizontal (ellipse) 20 hortzontl{okpes) o 20 verlca olpse

------- 1D (line) to 2D vertical (ellipse) |--=+== 2D horizontal (ellipse) to 3 (ellipsoid)
bmumm. 1D (line) to 3D (ellipsoid) Lm:=— 2D horizontal (ellipse) to 1D (line)

Final position error [m]
8 g
Final position error [m]_
g g

g
g

0 600000 1.2E+06 1.8E+06 2.4E+06 9 600000 1.2E+06 1.8E+06 24E+06
Environment steps Environment steps

3D (ellipsoid) to 1D (line)
=== 3D (ellipsoid) to 2D horizontal (ellipse)
£omm= 3D (ellipsoid) to 2D vertical (ellipse)

2D vertical (ellipse) to 3D (ellipsoid)
=== 2D vertical (ellipse) to 1D (line)
b=~ 2D vertical (ellipse) to 2D horizontal (ellipse)

8

Final position error [m]
Fianl position error [m]
8

g

0 600000 1.2E+06 1.8E+06 2.4E+06 9 600000 1.2E+06 1.8E+06 2.4E+06
Environment steps Environment steps
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Table 7 Positions and errors of agent when changing

formation from 3D(ellipsoid) to 1D(line)—
representative  scenario

. . , . Error

Index| Start position |Target position| Final position (%]

0 (19.84, 0, [(220.00, 0.00,((219.86, 0.22, 0.09
111.25) 100.00) 100.58) '

i (-21.42, {(180.00, 0.00,((180.19, 0.14, 0.09
13.73, 103.75)|  100.00) 100.18) '

5 (2.54, -20.26,((190.00, 0.00,| (190.15, 0.07
96.25) 100.00) |-0.07, 99.99)|

3 (12.07, 11.02{(210.00, 0.00,((210.02, 0.35, 0.01
88.75) 100.00) 100.36) '

4 (24.21, 0.00, |(240.00, 0.00,((239.88, 0.07, 0.07
121.88) 100.00) 100.34) '

5 (-28.78, |(150.00, 0.00,((150.04, 0.37, 0.02
18.46, 115.63) 100.00) 100.41) '

6 (4.05, -32.32,((230.00, 0.00,| (230.33, 0.12
109.38) 100.00) -0.24, 100.51)|

7 (30.18, 27.56,|(250.00, 0.00,|(249.88, 0.43, 0.08
103.13) 100.00) 100.25) '

8 (-48.85, [(140.00, 0.00,((140.02, 0.11, 0.01
-6.05, 96.88)|  100.00) 100.18) '

9 (39.11, (260.00, 0.00,| (259.78, 010
-17.41, 90.63) 100.00) -0.22, 100.21)| ™

10 (-10.13, |(170.00, 0.00,((170.05, 0.38, 0.00
26.39, 84.38) 100.00) 100.11) '

1 (-11.16, |(160.00, 0.00,|(159.91, 0.15, 0.01
-15.04, 78.13) 100.00) 100.41) '
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Nomenclature

Abbreviations Full meaning

CTDE Centralized Training and Decentralized Execution
MAPPO

Multi—Agent Proximal Policy Optimization

MUM-T Manned-Unmanned Teaming
NATO North Atlantic Treaty Organization
PPO Proximal Policy Optimization

UAV Unmanned Aerial Vehicle

uGgv Unmanned Ground Vehicle

usv Unmanned Surface Vehicle
Symbols Full meaning

,Zlf Estimated advantage used to update actor policy
B Mini-batch sampled from rollout buffer
D Rollout buffer storing collected trajectories
E( Empirical expectation
L) |Clipped surrogate objective for policy update
LENTROPY(g) Entropy for encouraging exploration
LVALUE() Value loss function for critic update
L(6,¢) Total MAPPO obijective function
N Number of agents
R, Safety radius between agents
R, Formation transition progress ratio
R, Safety radius between leader and agent
Zi Cummulated rewards computed from the
' collected trajectory
V. Velocity of agent #i

Relative velocity of neighboring agent j
with respect to agent #i

v, (s,) State value estimated by critic at time step t

a Action
¢ Coefficient for value loss
G Coefficient for entropy
doeal Distance from agent #i to goal position
d* Distance form agent #i to leader
P Distance from agent #i to neighboring
! agent #
. Distance between the initial position and
oy the final position
i agent index
Policy update iteration index
o Observation
Dy Position of leader
Pyoat Position of goal position
D; Position of agent
; Final position of agent
o Relative position of neighboring agent
! #j with respect to agent #i
r Reward
Probability ratio between current policy
(6) and old policy at time step t
s State
z Depth
Zmax Maximum allowable operating depth
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Zmin Minimum allowable operating depth

€ Clipping parameter

0 Decentralized actor parameters

0,1 Old actor parameters used for PPO update
T Policy

1) Centralized critic parameters

%] Empty set

~ Sampled from

C Subset of
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