F52k F1M H 3 tb % #k
2026 41 A ACTA AUTOMATICA SINICA

Vol. 52, No. 1
January 2026

ETHRAARARBERENEREZNEARER L ES AL

B & KTk AKX

B E TARZERZIEPHSAEETNEGESEES. BRLANRGHEMRIGUR, 1%, FIREH Ry i1 sofia A
JRAT AN R 2% FLK, B SR D MR b AR A I Ta] S 1 ) R, B H — o b RIS, B SRR R BE T K
WSS R WA R L (SPOMCP), HBIH 2 AbLE TR 40 $h N 2 e Ab O BAT s (i (5 S 7m0 1 H AR A, JF sl 142200
K P T HE 1L A1 7 SR e RO A S B 0BT, UEB T SPOMCP Refig A i Al g, ot BB S 1 HAn 1 m 2 1
Bk, &a, TRSERRY] 7 SPOMCP Wtk RE m T3 AE 5%, A BFEMERIE 89.18% HITHEELIN 8], 153 TR AESH A
R EOIEE:SIN

KEa bR AR B AR, L RR RIS, SR RIS R

SIA FE, TR, AR TSRS RIS REVAN ARG R PRSI, B #IR, 2026, 52(1):
65-77

DOI 10.16383/j.aas.c250313 CSTR 32138.14.j.aas.c250313

Unmanned System Asynchronous Task Planning Based on Partially Observable
Monte Carlo Tree Search Algorithm

ZHOU Xin' CHEN Zi-Yi' ZHOU Tian'

Abstract Unmanned systems are profoundly reshaping social lifestyles and modes of warfare. In the field of dy-
namic planning for unmanned systems, the environment is first abstracted as a topological network composed of
nodes and edges. Second, for the variable step time advancement problem of asynchronous planning, a novel asyn-
chronous planning algorithm, namely, a partially observable Monte Carlo tree search algorithm in the semi-Markov
environment (SPOMCP) is proposed. The innovation is that the topological network is transformed into a sub-goal
graph with the simplest information representation, and enabling rapid policy optimization based on a variable step
time advancement mechanism. Through theoretical analysis, it is proven that SPOMCP can generate the optimal
strategies, and the computational complexity is exponentially correlated with the number of sub-goal nodes. Finally,
simulation experiments demonstrate that SPOMCP outperforms the benchmark algorithm in terms of performance,
with less than 89.18% of the benchmark algorithm’s computation time, resulting in higher average rewards.
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Fig.1 Schematic diagram of the unmanned system

information gathering
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Schematic diagram of fixed step/variable step

Fig.2
time advancement mechanism
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POMDP W% H#3 2 L AHLERER R4, HARRAH
A 2 B i R, EExE 28 N sih g
FRIEAE T A SIS A @, Messias® W78 7 —Fh 5
i A& () POMDP #HEZE, 324 1 5 FLR A AR S 21
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G=(V, E). i, WSEE VvV ERbE b ET
X33, PEanpiAR, A FE BB, 5 X IAS P4k S48 53
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Fig.3  The original topology map
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BFRRTUEE B REARIIRE, PN ETER L, €
{h, L, -, Ix}. b, I, oRB kPG B ER,
LBk TR T agent T 5 ARKE BHZ, 2Bk
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W&, h A agent B “ATs1—MM” [ 52 b = {ag, oo, a1,
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HrP, Rpgo RANHIIER 1 hao 15 s I RIS [2] 4 {8 ;
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HBUEHN O ~ 1 2Z 8.

A HERE e B AR JE T H AR AU B O
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Hr D(v, o) R HHTF HERW 0 B4 E T H
BRI a0 Z B R

ZibERTIR, X T E—Pskh, FHBRERKE
Vi (h) 5IRAGERELV, (h) & — 801, O]
4 FREE

To N ERTE 20 WA H AT AR A A I [ HE 1AL 1)
FHAE, 2RSSR WA 5 E4R, HIGE 0T H
B — e H R R agent TE AN A Ve SR 7] J& AT
AR 2R, G E A RPIRAS TS I e e ok S
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AL T — PR RRARAE 4 S P AT S5 BRI g i, R
e Ly R B R PG T 5 20 AT UL SR R e b A R AR
(SPOMCP).

SPOMCP 41 HAr A p (WA 1) 7H
Frbt A il (LB 2). Fefh sRms 34k (WEE 3) =
MNFESE N THERZE L, RERGEESHINEZ
b AR A R AL OGRS AR AN B e T
% 2, ¥ G YRR R4 2 R A REeIRAS T B
PR SR, AN 2 8] R BE B OC R il L 7R
R AT RNE 3, RAEFEHRBERMEL T, @iy
J& MCTS SE3L KRS T R AR R, LSBT
RGN

K 5 A T SPOMCP R, Har, K 5(a)
NIEGERANE; B 5(b) #d TR BARiR B
Kl 5(c) &7EE 5(b) Hml b, K G RTIE R K48 2
RAE T BART R BARHTHER, HhAhT s [8]
FRIBE B 0 R B S AE L 1 5(d) RAEE SRR
RIUEET, iy MCTS SEHLCHIE 5 % 7% (B4R
R, PLFHR 3] agent F LK ME.

1) 1 H s E A L

HE 1 AT BB R (sub-goal map
generation algorithm, SMG), H#i A2 J5Z4h 4
HME G = (v, B), 2T ERBINE G = (v, B).
SMG FEEHLHSE: LA v e V NREIA S (58 2 17)
o' eV REH (5 3 4T) 4R AR IX 5k
area W, H AL EHAIT & v € V\ {v, '} TEH
L, S o " ANEESREL (B 5 ~ 10 17); R
P BB (B8 11 ~ 14.4T). S4h, XFHi v
A By ] DL T B ARRT (B8 17 47).
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l

(a) JRERIAIHIE]
(a) The original
topology map

(b) T H bR R
(b) The sub-goal
map generation

7N\ N
AN A e TN
/1ﬁ' ‘\2\\1\ P 2;1\
D @ @© @ D ® 0 @

() T BFRRIER
(c) The sub-goal
tree generation

(d) BAEIEIRER
(d) The optimal strategy
exploration
K5 SPOMCP RE
Fig.5 Schematic diagram of SPOMCP

B% 1. FEHFEEREE (SMG)
BWIN. G=(V, E), RiGmitAE.
wit. G = (V, E), THWHINE.

Procedure SMG(G)
1) G(V, E) + 0, flag  true;

2) for v € V do
3) for v’ €V do
4) if reachabilityinArea(v, v') = true do
5) for each v in V \ {v, v'} do
6) if v € Area(v, v') then
7) flag + false;
8) break
9) end if
10) end for
11) if flag = true then
12) V+—VUu{v, v}
13) E + E U pair(v, v');
14) end if
15) end if
16) end for
17)  E + E Upair(v, v);
18) end for

19) Return G

end Procedure

EIE 2. 8L SMG WHEM T HARih A, $eft
T A IR AT S PR

MERR. AN et (BB 7~ HAR 1T A v (21, v1)
1 vg (o, yo) FaI AT X I FRAFAE S 5T vs(23, y3), 7E
I ¢ = AN SRS BB &40 N by~ bas bs. TEAH

[ B Y, agent M9 AT vy HR B vy B EEAR
Routel (“v; — vg ) M Route2 (“v; — vg — v2 7).
X+ Routel, agent $AEENME RECN:
Viouter = YE(01W) + 9204 E (b PP 2207 )
(6)
Horb, E() RBENZERIAEME; B0 W) RRTE
vy AEPIEAE [FIHRAE; D (v, vo) KR M vy El vy B
W A POn IR (b PP )W) RIR M vy Bl vy 3
a4 A
X+ Route2, agent #EEMME BRECA:

Vioutez = ’YE(bIW) + "/D(Ul’ U3)E (bgPD(Ul’ UB)W) +
fyD(Usv v2) | (b2pD(v3, U2)W) (7)

Hrr, AP vs)E (b PP v) W) IR M vy Fl vg 1]
B B4R AE; AP s 2R (by PP v2) W) IR Mg
B vy HIIIEE BIHRAA.

H T Viouter < Vioutez, ®0M HFR T A v 5o
o BRI, R, E R 2 AL O

2) T H AR #AE S

5 H b R R A — T A B ) R SRR, He
MRS EAR T A, WE 5(b) s, £ Hbs
R, BR T HE T HART R SRR R, &
L E NGRS A o U7 AR R B AR A
[, b Ef 55 A AT P9 b AN [ S — o DA g I )
Yila), g REIR IS A] 7 5 ).

E X 14. 2 JETF HARN A (neighbor sub-goal
node). fEE G T HFRTT M v eV BIAE Nei, A
5o BEREKIT HAR T RS

2 N HEsWAE A (sub-goal tree
generation algorithm, STG), i\ & T B Friifh
G, fth 2 T HARATIER . STG 3 ZHLBE 2
TR HveV, HEHTFH ANV € Nei, \ {v},
AT /5 1 sUEEE SN D(v, o) (36 3 ~ T17);
HHT RN o B, WA f5 71 R RN
D(v, v) =1 (5§ 8 ~ 10 17). #HA)iH Ui, agent MY
Mo eV BIERET S € Nei, AT B ) 2R 7]
AEJEL, HL i L SR mE & A AR BR B R AR AT Bl
), AN AR I R 4 B BT sl B 2 4
T H AR ATHERS, 7870 ) F o S5 52 145 8
KRG RETLRIER, NJE st R8s S

B% 2. TEIRREREE (STG)

WIN. G =(V, E), THis A,

. SubNode, T HbRATHERT.

Procedure STG(G, v)

1) node, distance + 0;
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Eitd 52 %

g
¥

2) SubNode < 0;
3) for o' € Nei, \ {v} do
4)  node + v';
5)  distance < D(v, v');
6) SubNode + (node, distance);
7)
)
)
)

8) node + v;

end for

9) distance < 1;
10) SubNode < SubNode U (node, distance);
11) Return SubNode

end Procedure

EIE 3. il STG A5 rise gty 1 Hbn
R IER.

MERR. 7 H Al B W 55 S5 40 5 I A8 AN [F)4E T
bR 7 HRE T RN, EHIE 1A RS T R ]
EERS. SEUZE B, TEUEWI LU A a)
agent M B AR o B H AN AR R B AR A
v € Nei, \ {v}, &0 W 2 & W 7] & 5 % A2
D(v, v'); b) #7 agent NF HFR 1T 5l v fE ¢ + 7 B 20
R IEHT R v, BROUERIE NTE 7 = 1R M 0.

H—, agent EW D ¢ 7 T5 o, HENAHE—
LB JE T H AR RN A o, R v 5 o Z ]
B FoAh 7 B AR AL BARG T Tl AL, (AR
FAEZ 26 AN R SRIE 7y o, ARG XS EE 7 2D i SR
mo My HIEHRAE. Hordr, mo T BABRKE I A 79 M v
Bk o BN, T IS R, R — 7o,
T > 7o W JEAE RS )55 A o7, O Rl A

Ery =E(Ry(t) + Ry (t+70) + Ry (t+11)) (8)

Horr, Ry(t) Ront W25 mlo 1 181 3RAG ;
Ry (t+70) RNt + 7o BB ERM AT o 1 [l iR 4H
Ry (t+m1) Rt + 7 BRI 5o B B HRAE .
m N, T > BB R Mo B 30 A3
BN
Er, =E(Ry(t) + Ry(t +71)) (9)
RPEEBE 2, T HART R RA TENE, ATUAES
Hanr 4
Ery — B, =T OAPHOW 4 4 HAPTITO
,}/t‘i"f’l AP = ,Yt+7'1 APTLTTOW —
(’Yt+T1 AP 77’0Pt+'rgW _ ,)/tJrToAPtJrTo W) Z
,yt-i-n APTLTTOW — (,yt-i-ﬁ APTL—To W) =0
(10)
Rk, agent AT HART i v BIIARE — 4B fE T H AR
T o R DL SRS A2 7 I ) fp ot 4

%, BN agent 78 7 <y BPE IR AT A3
v (Rt + 7 B2 2 JFIR A S v, agent 3R1FT
AR (AR AR /N T 23875 o' B RIRAE). &
JEEE t + 7 ZHTR A i o FAHAERFRIRZ, B
A L2 YR [ 3 5 (Al iR B 3 K 1) — A SRS
RURTE ¢ B BTG 1) 779 i v, SRR AETIRAS 1, A8
2o BB N Ao B RIERESY APTW. T
T A S B A AR, A
APT'PW — APTT'W <

APT2PW — APT2W <

APPW — APW <

APW — AW (11)
MRAEX (11), AT H = (12):
APTW < AP 'W + APW (12)
WL HE, ATHIE:
AP™W < KAPW (13)

TX R DA R N )3 [ 45 R o B0 B8 Bl 4R fE L
FEIR IR (A1 3Z 15 m R Rl Rl B K. 5% BTk, €
3 0T O

3) EA A TR

HE 3 N G R BRI N v SR R
WS REE. ZEEEE T MCTS FiErEE, =
BALE Searchs Simulations Rollout = NTHE KA.
1E Search BRELH, F 2 H KR AE 2 AT HRAE R
PIRTHERT tree JEAi (28 2 ~ 5 1T), B I LA
RGN m (5 6 1T), H TR 7. RS &
AP R (57~ 947). WHUKIE N & 757 RE R
Ve (h):

Vie(h) = 7P 7y (has')

Hort, a(v, o) FNEFTF BART R o BI8BET B FRTY
$! BT, TR TATEN 6 200 Vi, ) (has')
RTENT L has' T B ARAE BREL
£ Simulation BEH, FE H KRS E) 5
RECT Y AR, BF5F97 FUEEE (38 10 17). &
RAEHE (38 12 47) FIGETHE [ (58 13 ~ 16 17).
Horp, 75 UG PEHUKIE A VI(R):
log N (h)
N(ha)

Horp, V(ha) R ha 15 B R EG N (h) Kom b7
ST IRIRELG N (ha) RoR ha TR0V RIS ¢ N

(14)

(15)
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¥k (15) B HRIATE) o AT E R
4t G higtT, "B RGERIHRGE s IIE o 8]
/A ' (Simulation 5 11 4T). ik &Rt 7 D
(Simulation BREEE 1 ~ 3147), 13 BIA UKL K 1%
PRSI (Simulation UGS 12 17), LUK
S RE R L (Simulation FREER 13 ~ 16 1T).

BE 3. FERBEAME T AIMRE R
R ZRE X (SPOMCP)
WA THEGINE G, 5 RRESHEBERE P, FEME
g W, MUK H, i T ~, VHIRE SRS B(0).
Wi, agent TREE 7.
Procedure Search(h)
1) for step =0— H —1 do
2) for i =1 — numofsamples do
3) s ~ B(h);

4) s + Simulation(s, h, step);
5) end for
6) a* = argmax,yP® “/)_1‘711(”7 o) (has’)
7)  w(step) < a*;
8) & @ 83
9)  h< ha*s';
10) end for

11) return (V (treenode), )

end Procedure

Procedure Simulation(s, h, step)
1) if step > H then
2
3
4
5
6
7
8
9

10

11) (¢', o', ') ~ G(s, a*, step);

12) R P@ ) (¢ 44 x

Simulation(s’, ha*o', step + 1)) ;

B(h) « B(h) U {s};

N(R)  N(B) + 1;

15) N(ha*) < N(ha*) + 1;

16) V(ha*) < V(ha*) + (R — V (ha*))/ N (ha*);

17) return R

end Procedure

) return 0
) end if
) if h ¢ Tree then
) for each a € A do
) Tree(ha) + (Nt (ha), Viit(ha), 0);
) end for
return Rollout(s, h, step)
end if

a* = argmax,, <V(ha) t+c k}\g/évhg)b))

)
)
)
)

13

<;
14 —

= L I =z

Procedure Rollout(s, h, step)
1) if step > H then

2) return 0

3) end if
)
)

I

a ~ Tyollous (R *);

5) (¢, o, r) ~ G(s, a, step);
6) return 4P v)-1 (r4~ x
Rollout(s', hao, step + 1))

end Procedure

5138 1. XTI s b WATE DI B, 16
AN ¢ i, 1 POUCT 51 HI1E B 308 R
WS B RANAE R, VI(h) B V*(h). BEE RS
N(h) W T 55K, (8RS s AE k£ ) fh 2
E[V(h) — V*(h)] 8 O(log N(h)/N(h)) #.

EIE 4. I SPOMCP & il I8 B8 2L BE 0% 75 HE
R ERSERMERE V(L) B ve(h), HitEE Rk
FE 57 SR IR R

MERR. ELEWZ e M, HOL TR BRI A 5
— W F A DI b, F B RRME RSV (h) S
TR BV (h); 58—, EMHEHERES =T,
SPOMCP #Z SR AET POMCP. X T3 — &1,
EH 1 OALUER.

ST 55, SPOMCP #% U AR 2 4% R 46 B
WEW 45 81 H bR ATHER, H4 MCTS Jiikis T
T HIRFTEM R R £, i8S POMCP —2L.
B, 51 1 C&UEW T POMCP i ilskng B
AU, Rk, BT SPOMCP R E T HirT A,
DR G AR 2R A T HE B S /0N thglt 2 0, 7 A [ PR SRR
RECR, XF HBRRZRN KA E 2 1) SPOMCP
el L POMCP SRS 2 s i S, Rk, e 3 4
BT O

5 {HESR

AR 7= 2R i S X R MR N8 5 fR
#RIRE X ABLBI KX EEWEERRFHTEHER.
e B (45 2 AT DU B Rk N SR BUHE — 2B 1473,
LR/ NIV Y kg e Ik vt ily-2 i Assk [ s LT NP NN

51 SHRE

W 1w, RIE 1 38 AWLTE IR A it
B AT 54 2600, B8 14 NFERT S 1
AHUBEAL AT A &, B B IE AMLREDR ]
AT HART S IE RREREN T =1, I,
vy Iyl X MEFME BEMENW =0, 1, -+, 9];
AR S — BT LORE. T 7 BT A,
HORAS R % P i 2 (16).
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FETRHE SRS REH 7, H SPOMCP K H
b7 pE R, M SPOUCT KAVIRSHER K. thah,
POUCT H3E 2 1l i S 3k (138 A 72 26 J S
#& POMDP i) # )% L #E. Random 8% & —Fh
BEMLERZ 757, BEHLIEBEAH A8 AT ERIAT 55
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FEEL (A28 NS) T RN (LA NT) =4
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ES s Ad, RATERRIEK 50 % E A
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6] 43 4N P 6 FnPE 7 firs.
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Fig.6 The average reward (Scene A)

Jn, POUCT. SPOUCT #1 SPOMCP el #i i i%
g hn. o, POUCT 34 hnie FE e I3 5, 45 ) 72 A
H =2%|H =48, POUCT [RIIRMEIEINT 25.79%.
ZIEPER W 5 AR, SN FHART A
(B PR S A 4 DAY, MMKIPP K 7 > 4 1, Bk
Refy F BNl 7 H AR a, MG BRI KR

Ak, MAS R S [ v Re XS B SR, SPOUCT
5 SPOMCP AT, #8tk POUCT f&5; SPOUCT
Et POUCT &t 0.78% ~ 30.44%; SPOMCP b
POUCT &t 2.17% ~ 31.82%. %I G 1R K 1 R
SPOUCT 5 SPOMCP 44 % 7 i #2947 i 1 1 36 34
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MR AR RIME LR DRI K /7R, AR AE e SE Il
B ERAE.

7R T B EIE A B P s
1Tl MEERATLLE H, POUCT 5 SPOUCT 1)
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200
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Fig.8 The average reward (Scene B)
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SPOUCT tt POUCT %07 0.91%, SPOMCP Lt
POUCT £/ 1.01%. XZR NESE B R &4
F B AR A AR 4 DL, ARIE K HOIE
R 4, FEXF POUCT. SPOUCT il SPOM-
CP, WIMETEE A RIE RN IR Re i TR B Bl 7

K 9 ik 7 & EE R TR is AT I ] NG T
L&, POUCT 5 SPOUCT K3z 47 I B AL
i SPOMCP £ POUCT i 61.98% %] 78.80% 2.
[B]. XFH SPOMCP HA 8 m A fE.
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=

E
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Fig.9 The average runtime (Scene B)
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