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A Distributed Multi-Agent Path Coordination Method Based on

Multimodal Feature Fusion and Local Perception Reasoning

HUO Lin' MAO Jian-Lin*? SAN Hong-Jun' FU Li-Xia> XUAN Zhi-Wei' HE Zhi-Gang'

Abstract In partially observable and dynamically changing environments, deep reinforcement learning (DRL) of-
fers a distributed solution for multi-agent path finding (MAPF) with self-learning capability, generalization, and dy-
namic adaptability. Nevertheless, DRL-based MAPF still suffers from insufficient coordination and local myopia:
Implicit agent interactions easily cause conflicts, while reactive collision avoidance relying solely on local observa-
tions often leads to elongated paths and deviations from global objectives. To address these challenges, we propose
local yielding and reasoning for agents (LYRA), a distributed path coordination method based on multi-modal fea-
ture fusion and local perceptual reasoning. LYRA constructs an end-to-end learning framework from perception to
decision-making under distributed DRL, enabling agents to perform reasoning and implicit yielding using only local
observations. A multi-modal state encoder integrates local collision cues with global path semantics to balance im-
mediate avoidance and long-term navigation goals. A reward-guided path learning strategy aligns local decisions
with global tasks, while a collective coordination mechanism resolves local conflicts through implicit priority reason-
ing. In addition, an adaptive learning rate mechanism dynamically adjusts strategy updates to improve training sta-
bility. Experiments show that LYRA improves task success rate and safety by approximately 35% and 25 %, re-
spectively, over baselines, while maintaining strong generalization across environments of varying complexity. These
results suggest a new paradigm for efficient and robust distributed multi-agent path planning.
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ordination
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Z R B AZ AL (multi-agent path finding,
MAPF) i H broe N —2H 8 6 AR Jo il 1) 12k,
LR IR AL B BIA & B I H bR 5. 78 H 3
il = B R AT E B B A S Brig h, MAPF &
&t it 2 H. 25 SEN LRI BE 0, BE NS AE KA RE 1A 4L
BN R R RS AT, FRAEES 7 AU A Bh A 85
RFFAaEPE 5T SEME.

& 4 1 2 B Re Mk B A2 BRI SRV, n HC A
(hierarchical cooperative A*)!'/ CBS (conflict-
based search)” UL} PBS (priority-based search)
SR, MEEW BT RUEES AR AR A5 R T A S
BRACPESL SR, 24 Re A a e Re G A 5 2 P 1
I, X RTTER T EA 2R BRI K. B
AT, BANTIE AR 4 SR AT U R R s ) AR
XA KRR OB S A 25T
FEAEAE DL 2,

T IR E RIS 2] (deep reinforcement learn-
ing, DRL) HA&8UF 1) H 7 > 8E 71 2 A0t B A3
AR, W78 I 46 268 H gk MAPF i)
AL H AT EEE R AR e BRG] Sl
A 2 20 B > 00 i 2 i A 4R b R i
a2 R B ST SR N B 5 ST B B, (H L R
T JEE AR 451 Bt 1 o e 5 7 el T L A B
T, FEEAM AN B E, T BAEE T R A
BEAT 2 2109 JR A B AS& HL ) B = L) e
SR AE M €T e AR R = 1, AT 7E G B I AE I 1
DT SEHLMEL A 1 AR 1R v R REAR Y
T AR SR B R AT AR 9 7 T 5 ] R

— 71, 28 e ARAES) A AR 73 v IR 8 T
PEPEESS . V2 O iR AR JE A T e 0 AT
P A ) B R AR U 5 2, X SRR AE B A A
Bi R4 Ty R RIS, A ey SO0 IR Y A B i,
etk = B AUEME, FSEH 5 51 K i R ABE A,
S J7 T, IR R AL )RR T L O 2R R A
A Jey il SO R SRR A i AN R B

Bt bR P 7 TR ) R, AR S s
1t DRL #£22——LYRA (local yielding and reas-
oning for agents)'. LYRA 4% o AR 2K Ja) 0 Jk
MK MRERMEE G, AR RER R
HARXS 55, 1T 7E 70 Sl 2O A5 I 26 A T SEILAR A 1)
E. S ¥ R0 I S AN 4 R B A4 B J7
EANE, LYRA KRG, HEBL S PR AR S 7, (55 0
A 5 KRR SRS AU R b R B 50T

AT F BTk AN T

1) NG e A e f, vt — ARG e ek
ARG 2 RIS N 2 RSRE ML, PR
AN AN 7828 T B HE SO, (243 SR AE B INF 22

VI H R AU https://github.com/HuoLinL/LYRA.

4 5K B R ) T

2) B 22 B B AR B U I B 55 00 1) A, B A
PMEALH 83350 T AR RN Bh A S % R
A7 R BB AR FE A A 0 B v 2 P IX 3P RS 1 R Hb gy
BCIBAT Y, BEA 50kt G 58 5 504 ;

3) P XS R i A S B Re AR GeAT I iR, et
T b 4 R 51 AL, K s 9% 2 56 Rl N
i o A TR AR e b 184S ik e 1R g e N = R 7
X5, IR B AR AL TU K 56T

4) AARUE KR 2R Fe e v S0kt it —
| N =By e | il e & =568 s L B
], BHAT R WS 5 RN 4% 10 B R B BRI K
TS 2 RO I R R T S5 SRR

SIS EE R R, LYRA fEZ2ME L5 TR
I T I DRL-MAPF 75, IR T# T
35%, i FE R AR L 25%, JH1E 32 PR 25 18] R B
H B R AT AR

AR GER 2 R 55 1 B A S0 7T
B2 WA P EE; 53 TR R, 4
TSI SE R 5 5 RS AR AR SR TAE.

1 MEXI{E

ITEERK, 2£F DRL 1% 9048 MAPF fifF 7T H
HEEF}RE. EE+4EH, PRIMAL (pathfinding
via reinforcement and imitation multi-agent
learning) 77 &P B PR H R AR vh 2SR g 45 A2 B
LR NI 5 AR B AL 2 S A S IR & SRS . X —
Wit B3 R 7 B SIoR B2 IR R T W1 aG B B
PIAE T 2. AR, 1% 07 VRN i R S ) 1 AR Rt
Bk, s MR B H bR B S SRR, RS
B T R PRIMAL2PS 7R il B 5l ABhA&H
B AR BOALA, 1508 RE AR Re % Fr SR AE 2R B0, AT
B e W AT 55 73 A1 AR AN IR I N e 7). AH HL SIS 21 43T
T EIT Be, IF AR T s B Je g, RIS
TE R MU G5 6 AR5 b ()9 e AP

PR L R BE FARHR, Ja Beit U IR IR R
T RO FEA BIHLE]. DHC (distributed, heuristic,
communication) 77 &P 78 B4 N 28 25 4 5T
Je R O A a2, I8 BY Ak e R B B 5 AH G ) A1 R
T RORSE E AR AR R BT R AGEE . SR,
2N LBV AR 7 126 SR M ZE S 55 R 55 v 5 i BE BT A
FEM I ORI REFRIEAS 2, AT B iR 220,
DCC (decision causal communication) 7774 H
A S 195 R BB R A R R U, A fe A4
RS MR 5 17 57 B 245 T B 20 B 2 e AU LRI ZEAS
[F) 2 Ji2 3y 55 vh AR D tH S SR A2 A 1, (HXUT ] 58 454
TE W S %5 AR A TR AT AT BER A SRR, IR T &R
G &R
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fESE &AL ) MAPPER (multi-agent path
planning with evolutionary reinforcement learn-
ing) J7VEPY BE— 2 5 AR VI ZRBir BOY &R REAA
FOISRMR L, D5 SEE B R 2 e E,
M B i B E 5T . SR, BN SR AT SR P T 4%
R FERR ] 7 HAE KR Re 1R 7 b P e

. SCRIMP (scalable communication for rein-

forcement- and imitation-learning-based multi-

agent pathfinding) J7y2!% 1 i 048 & 1~ —25
ME TR AR N, O S UK ot TH B, SR
AT T F AR SR, AEAEFAR N, T
MRZER 5 2R, SBUESIAMIE T AT FEM: T P

JAE ORT S A AL E b B JR) 35558 BT T R I HY
0, AE BT 8 R = G R B AN I H A )
LR IR0 PRk, W 5 TF AR K Transformer 4544 5]
A MAPF. TIRL (Transformer-based imitative re-
inforcement learning) 777AP" K AL Trans-
former B W %%, it 2 Sk BiE R IHLH [E R E
IR BEAR L G AL BERG Y 5 B AAE R, AT 7R 2 4k
K a8 S BE AR T T AR ). AR, =TTk
HITT S S AR T B A ™, I HLAEM 55 22 Jah 2% 11 F
W IR, S EORIBLN Zrll sz 18 ™).

SRR, DA J7E BRAETE RE 512 A6 J7 TH L
P HE R ABATIAFAE A SO BE 1) R AR A A o 1) K
22 KT VEAE NI JoT A A ) 8 FEE U I 7
el RS RA 5 I AR 54T
Rl 2) ZHOTTIRHME LUK JRy SRR AT O 5K I 5%
HARA L&, FEHEACI 7] 808 3455 H 1%
R SRR TR

R, ASCHEH LYRA HEZE ZAEZLE A T £
B RN 25 HEBR 5 P 5 kR X
TSR BE A 6 808 76 1R 82 JR) 858 5. B0 R I PR KR 42 SR
FES5 — 3tk ATIAE TGI8 A5 295 T SEIL AT 7 e /9 13
W, & T RS IR
2 [E]EfEIR

M BERAA B RS A B R, TGS
WRAGI 25 AT, RSB BEAAR L Z5U ST 58 B B2 BT
MORAL PR 5 AR PR, SR, BT AMAAE S8 SN
BEURI AT AL R I TR AR M T SRR, R BIRE S
NI R 53, 2RI 9 Wl I s D) 21K o e 22 4 1
72 VA SR AR IR 803 T B AE o 0 R G 32 BRI 2% A
N, 2R REAR AT B AR PME Y P S R v R R
(W& 1 FoR), ATEEERIAEEIN J=H8 R A I E
o DA AL B Ah s A A LRI N T eSRAN €
P IR i A R R AR SRR AR o ) 2 T AR
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Fig.1 Problem description

AR IR 1) B, AR SORZAT 55 B 9 43 7T
WM BN B 2= 1 ZE (partially observable dynamic
spatio-temporal game, PODSTG). 7Ei% i ZEHE S
o B RER R AR T A PRI R UL 5 4 R B A e
BT H P 5] S, AT LE B A HLEE 3 w00 i A 555
e AT 55

AT 6] e JEE A3 i R PR S BB 40 I AT
R LI A ) e v h. o IR E SRR E 2
R R LR RS  2.

2.1 EHTF PODSTG HIRTZ= X B EiE

fE PODSTG fEA T, BAH e i € N 1E2)
A& HAR 7 v UL A5 AT A, R SRR H
TR IAE S, E R f s 25 rE T A R AT
BN SR AR I A R RER I, N = {1, 2, -+,
N} R RS, R G — RN 7 54
Uz, y, t) = Ustatic(T, y) + Z U:liyynamic(x’ y, t) +
dyeg
Y Ulgen (@, 45 1) (1)
J#i
Horr, o 5y 3078 2 B HOHI R b 18 o i) 22 ) A B
ARBR, ¢ RN T PSR ZI I ]2 . Usaie RN
AWM G e {1, 1PV Hrp 1 AURBERRY),
—1 REABAT X UL, e T B S FRGY)5]
FRIH Y, HALE pf 44 B 18] D /R AT K 72
(semi-Markov process) A" DARIER G K] T —
WS TRH = AR, B

p?j_l:pfy-i-Ade, ApdyNu{Ta \Izv S, o} (2)

A, Ap® Fonp® MAME; U, |, «, =, o}
7 B IS [8) 2 By /R T R A AR, S
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I = o AT L B AL AV E
db TS, U2, D220 0 B 4 18] B AH ELAEF, Hoig
AR St, i = (l’t, iv Yt, iy Ut i) Wi DL 293
Tpq1,i = T, i + Vg 5 - AL
Yigl, i = Ye,i T Vg, y - AL (3)
v, ill < ||Vmax| = 1.0
HEAGERE VU (2, y, t) TEHER TS
JR SR ANVE B, BERE A R0k o hlb i, S REE 5 Bk
BHAS X I ST T O B AR R
2.2 ETHRIMRBH -2 BN
A Al R SRR ) SR BR A, RS R R A IR
T H 4 R BRI SR A B S JE L. AR
1% Path; = [pathl, o o pathg, 1] B A* Ry
TEAE B FRASRRAS I 2 N AR, FHF 9wt 4 Fh#k

T HF a5 € {=1, 0, -, QYW g S
HF ( ) q, (1'7 y) :pathq,ia 1§Q§Q
i\ =
path, Yy _17 ;H\:/fm

(4)
A S K TR B A S R AL, 18R 8 3h
TR FERENS 5 2 R A2 51 B O/ — 2, R FEBh &
AT ATY R 2% B G B RE ).

EB 5> AL S5 44 T B ML == [8)3% 1

FEREASI AL ¢, BREAR @ AN R RE NS LUK B2
I A RTINS S22 [ A5 = 512 318 S (M 2 Fo).

2.3

®

o) ‘9

N3 5 ATk P | A R B A7 O 25 6 TR)
® Zishihs W AR A ASYIAL E L HAR R R ARARRT IR
B2 ZEESm

Multimodal observation

e

Fig.2

BARTTE, B Refk o R 21 ¢ BRI T 2o A

o i = It i, P i (5)
Hep, I, e R xG@EE Gk E, B ®on
LR/ (batch size). 5 —iliE K x LR RefR N
Oy MEFTEHA 7 x 7 B R EREA FRAG 0 A1 55 i
A e A* BRI A R T M R, K
HEmEERASEE R, FE P, ¢ RPMxd
TR L R AE, b MR AE 24 1 il &
FN KA S, 4, R REYALE LK

FAR S B B AR RS . B S T 7 B X
S 2R, WA REAT BT T AE AA PR AR
BRI 85 5] 3 B AR ) R AT IFE] ¢ o, BAK
ENASFENG 5 A8 B RER AR XTIRESAE B
XTHRERE j € N, HAHXPRE E SH

frEZi) = [Apij7 IDj, mod s tj, off] (6)

Hr, Apy; Fon B aetk i BIBIE j LR AR R T
FRRE S o7 B I . 1% ) B B AR Dy 28 EL A B 1) 2 R R
fEf N, W T58 3.2 e A ERER I, A AT
B T2 R E xR TS AR. ID; noa KRTE
BN ZRIE) G I IR Y B RERBENL P I R 5. %
FRGIFE UL TR 5 FH T PR A N 72 [R] ] 3 S A
R FELA B E S5 B 25 3.2 47, 2 &l
AR IME (group collaborative consensus, GCC)
BUERT AR S LB X TAE B AT 1 78 o gt AW
TRLEY AHRZ 5 HIHR 2 51 70 B 8O- sefde, 2T
JR3 P A WL B S I T R N L S A5 o, BARTTE
RS 3.2 Tgn . AR ¢ o R AR I B9 A2 )
A PRI TAJ B

HENFL Iy, 3, Py, ) [FIOR B J5 B EAE T 75 4
7R ) bR S A I AR BT AR B A R
RHERAE S 3.1 191N 2 B IR G itd 25 1) B4
N, T3 &5 5 sl s

2.4 FEEH

fEF: 1l b MAPF 4E5, R FAR R (A
A G BB, B TR TR B R A 4 B
WS BEIS % 1 FAR AT, I B W Bl 1%
R AT R A PE B A2 STRE S SRR FE 55 PR
5, JFTEAR S50 I AP HE— 5 K AL T 4
4517, B

T N-1

max Erer, “[ Z Z Vel i

(7)
t=0 =0

Hr, mg ASHAHNS, r R RE S EERF5,
v € (0, 1] AINRT, Ry o NEREMR i FEISZ] ¢ )
Ry 2203, P(SR) 27w I A & REAAAE 45 52 I 18] i
PR T 25 B bR R, Z AT AR I T A
555 S 1 AR5 T2 bR, T3 i
RACTUFEAT 55 58 BRI A6 AF N BEAT IR ARAL.

3 ETZESHHIEMESBHMRMHEIR
Z BT HNEEIMERZE
LYRA ¥4k DRL-MAPF HEZL, HAZ .0

SRR NOIRZS BN 2 22 2 AR AT D[R BE it A
REMARAEFE 20 DU 2% AF F e /5 e Al A, 2 il

max P(SR)
T
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Xt R ER A AR AL 5 Rl FEAT U RS EORT, 1R SRE3A
T RE T B R RALAT 5 AT S AT,
T E K R 2 A A 85 OR FR RS E FO P IR P RE. HEZE
SRS A 3 pros.

LYRA K J5) #8000 25 85 A 544 A 1 2 ] X
WERIR, Gt — 2| E i ARG LR RERsh s
PULZ 51 5 R, JER A 2R AT
DL, AAE 52 R X35 A A P AL A s 55 A48,
SEHL R AR 5 4 R R AR — SR R R4, 8
RDRE 4R AR SE IR IR AN B 5, IZHESAE ol
MR T RELERF — B2 TN 5 8 5E 1) SR i
S, T 2 B REAR IR W] 3 FE DR SR B SCHE.

3.1 ZRSREHmER

TN I 3 N 2 Re A BAR A Bh A AR,
LYRA Wit /7 — M2 RIRERMIGE (multi-mod-
al state encoder, MMSE), H T-f@l& J7 i 2 (8] 4ii =)
HARIE R Re R KBV s s s, R Refk e
FEACHRAS = B UL B 2% A1 R, WBEAZ Bk R 5 o
RAHBATFREHIWT, I8 B w9
T &5 B 8 72 8 70 UL 2% A T 0 Re AR AR SR 2 1 1k
AT RAE, AT AE DR 1 o 58RI 22 4V 1) () I SHe
JaiA 387 3 e — B 1tk

MMSE AN KA R 2 REERMERL &
R (multi-scale feature fusion, MSFF) Flzh 75
YEVERE J1#H (dynamic collaborative attention,
DCA). #i# H T B @A RS B 5 4 R B
e, ol B N R P R S AR JE R 5%
SEAT R, NS SR M E D SR A S
3.1.1 ZREFHEMERR

A R MAPF B 75 22 7E Ja) B BERL 55 4 Ja)
IR 2 1R A -4l ok P i A R 3 R 25 2 3 3
JUARGRAT, TR R H A5 7 1) AT B 51k B AT

#FHXH

FA R AL R RE

0,s

EZ82)

oMW s—RE  a—-ZME RN s--EHERES

A, MSFF J8 i 22 ROBE IR R 45 14 0 1IX P 2515
SEATERG B, 7RG — MR\ 23 8] P (R B 2 6 S
T ae e R I o9 = Rk S G G

TERRANET (R0 ¢, R Rk i (I (1, 5, P ] 1
X5 2.3 W8 i 4 o, BUETKE I, #
A RPEA RE B AR AL HE 7 43 2R X 4% R IR 46
TxT RE, iﬁﬁ Hyg € RBX2X7X7, ﬂﬂ?*ﬁ{ﬂﬂﬁ%%’
B BB RS ST R RE SR KRS s K R R A
N R KRAEE Hig € RE*2*2X2 JLHUHLRLE 1) 5
MUTT A5 I, 5 B e A 7 ak o F2 H BR B 4 R 48
S AR, o PR MG BIERAE Conviz o100 Y, B
Bk BUE R 3, DK s BUE N 1, 378 p BUE N 1;
I HE R 25 (1 B A HAE Convig so.1 T, B K
BUE R 3, oK s BUEN 2, 78 p BUEN 1.

TEB Ay S, @i A0 AR R R SR L
BREARN O 3 x 3 X3k Hye € RP*233 HF
SRR B AT B B B R R 3 X 3. B S Hoe & F
HaNZ 2N (MLP,, Z&PEZ2 + ReLU), 4K
Al 4 UBE BRI IR ON . 5 R RI I JEAI G
fE = Py, 3835 —% MLP, 40 SCACEE, DAFREAR
AN LR INE B3R, WE R B P54 M
MLP, (&2 + ReLU + ZM%)2) @iéh, 522 R
TEXJ@%)ﬂUﬁ'fU\ fself S RBXHS.

T2 AR S SR RS T S A R S UE S E
SR RN I S B 4R 24 52 B IR AR 29 R, AT
SR Al Sz N 3 TR T R IR % AR 125 1) R
3.1.2 EISHMEEE SRR

JLE MSFF N A B AR T 5 15 &
RAE, B ZFRAR 5, AR 754548
JE BB B A AT R 7R AT 1 T B AR X
FRBE T AL SR AT N, W IR G . LAk
S a5 4 R BRI 56T . I 5 TR B A i E

THA 2]
a
% _ PN, _ VN,
&= :~ ¥ 0,5R A1
8, - = a,
a Jt‘; priority PN, - VN,
~ K = A,
¥ ® ¢ ay
% i3 PN, . VN,
VA N A"
E:ﬁ‘?lﬁ'@%éﬁ’*]ﬁ'ﬁéﬁis B s a & N L
R a b b
25

K3  LYRA HEZLE AL HR A
Fig.3 Schematic diagram of the overall framework of LYRA



Fig.6

Schematic diagram of the GCC mechanism
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52 [ N g ST I H(ER* EE I
TLELELE \\ 0= 2 ®)
Bx2x7xT _»E E_> ‘\é ! 128
it S ¢ - _ _ cxplaj)Mask
M MLP, a] - M (9)
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Fig.7 Schematic diagram of the sparse reward mechanism (the black, red, grey, blue, and orange cells represent static

obstacles, dynamic obstacles, global guidance, goals, and agents, respectively)
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Fig.8 Schematic diagram of the MAPF experimental environment (the black, red, blue, and other color cells represent

the static obstacle, the dynamic obstacle, the goals and the agents, respectively)
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Table 1  Hyperparameter settings
S EEEs
PET ~ 0.95
HUE L WU E 2 Urg, 1x10°
PHAE MRS TR Irg, 5x107°
TEPRHAE X 0.10
VAR R A 0.10
LI X BRACEE L 20
LR~ B 512
MM FOV TXT
AL ARET Adam
Rt B2 4 i 128
BHER 1D HEH R R
HITRHE e 0.15
SRME P28 221 Urk, « 3x107
PB4 22 23 ek, o 1x107
BIHRIALE By 5x107°
AR C 10.0
/ML minibatch 1
MR K 600
K WA FEH M 8

Adam Z4# (p1, p2, p3)
BhAS RS B AR

(0.9, 0.999, 1x10°)

ReLU
T

DCC 43N R 49.77% F1 23.59%. BIR DCC 1E/N
T3 el T LG ) e 350 10K 5 s T AR s
AR, BTEm % E R SO 558, A
JEI R %1 SR 5l R (CR) 7840 )BT 1X— 4.
PRIMAL2 fKA A 2% 2, 7618 5A7 Jm N R IR 47,

{BTE Bk = 5 3 Ak B AL 1 B M DL 4 7 F2 e .
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Yy NHISLEL T SR AIRLRE S (CR) AT 2 (1)
MR (OOBP). 1E 128 MR REAR &R, LYRA
i CR X N12.11%, #tE MAPPER [ 38.84% Al
PRIMAL2 ] 49.15% A KR 8. X 5% 8 2 A K
H5 B EMENLR 0 45 & BE 88 A S iy AT
N, R BB R GG AR FRLE SR L RV Y.

TERRfE L (3 3 fI3E 5) AR, BV A 7™ 4 )
AR TR — P OR. KEZHBIEL LM SR
I 5 B A i 1 I B 2 R B, #ilin DCC A 2 A4S
BREIRIT Y 86.00% T F&ZE 8 N REIRRT ) 53.75%.
M LYRA WR4A%%E SR > 99%, H.ICAT A7l fif ol ik
A, R ALLEALHITE 8 E ) = AR A 2L
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Table 2  Comparison of path quality in three maps (regular, random, and free)
EENR LN gy FE¥R MAPPER PRIMAL2 DCC TIRL SCRIMP SIGMA LYRA
SR 0.8704 0.8353 0.6333 0.8052 0.8479 0.9722 0.9831
16 Cact 32.8703 32.7627 29.5958 33.8917 33.4555 35.7576 30.0737
Tavg () 32.8947 32.7668 29.7577 34.0307 33.8156 36.6788 36.9454
SR 0.8080 0.7794 0.5483 0.7640 0.8128 0.8826 0.9727
32 Cact 32.8446 32.8876 27.7264 34.6483 35.5310 32.5537 30.2058
Tavg () 32.8822 32.8954 27.9363 34.8102 36.1857 33.9869 36.6436
SR 0.7158 0.6693 0.4090 0.676 1 0.7494 0.7432 0.9238
64 Cact 33.7400 30.2338 25.2589 35.8568 39.2429 32.9997 30.2854
Tovg () 33.8197 30.2379 25.6223 36.0231 40.564 3 35.6018 35.6982
SR 0.5530 0.4977 0.2359 0.5336 0.6380 0.5747 0.8721
128 Cact 34.5973 29.1432 21.0439 36.8009 44.7254 32.1888 30.5756
Ty (8) 34.7071 29.1453 21.5344 36.9884 47.0501 37.2716 35.1631

T IR TR B AR S U Sh 2R
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Table 3 ~ Comparison of path quality in narrow map
e LS MAPPER PRIMAL2 DCC TIRL SCRIMP SIGMA LYRA
SR 0.9430 0.9930 0.8600 0.9980 0.9930 0.9972 0.9936
2 Cact 7.2322 7.0081 8.4350 7.8367 9.1934 9.9995 10.4306
T () 7.2492 7.0101 8.4950 7.8537 9.5438 10.0199 11.1547
SR 0.8520 0.9640 0.5962 0.9480 0.9710 0.9923 0.9902
4 Cact 7.4988 7.3734 12.0792 8.2521 12.2307 11.9899 10.3881
Thvg (3) 7.5481 7.3786 12.2738 8.2880 13.1452 12.0885 11.4061
SR 0.8054 0.9421 0.6117 0.9301 0.9361 0.9745 0.9976
6 Cact 7.5539 7.5339 5.8033 8.6406 14.1738 16.9993 10.4422
Tovg (3) 7.5539 7.5339 6.0068 8.6749 15.5160 17.2584 11.8271
SR 0.7330 0.9140 0.5375 0.8680 0.8770 0.8803 0.9988
8 Cact 7.7203 8.0230 5.026 2 9.2419 15.3615 17.7298 10.5779
T (8) 7.8199 8.0295 5.1764 9.3007 17.0764 17.8249 12.3714
Fa AR (UL AL %) I AR L (%)
Table 4 Comparison of behavioral compliance in three maps (regular, random, and free) (%)
R E B MAPPER PRIMAL2 DCC TIRL SCRIMP SIGMA LYRA
) CR 10.61 14.35 36.64 19.34 15.15 2.78 1.39
10 OOBP 2.35 2.12 0.03 0.13 0.07 0.00 0.10
CR 16.02 20.46 45.16 23.31 18.65 11.74 2.54
52 OOBP 3.19 1.60 0.01 0.29 0.07 0.00 0.00
CR 24.48 31.60 59.10 32.29 24.90 25.68 7.23
o4 OOBP 3.94 1.47 0.01 0.10 0.16 0.00 0.20
CR 38.84 49.15 76.42 46.52 35.91 42.53 12.11
128 OOBP 5.86 1.08 0.00 0.13 0.29 0.00 0.10
x5 MR E AT N E AU B (%)
Table 5  Comparison of behavioral compliance in narrow map (%)
BREAR KR EiELa MAPPER PRIMAL2 DCC TIRL SCRIMP SIGMA LYRA
CR 3.00 0.60 14.00 0.20 0.30 0.28 0.00
: OOBP 2.70 0.10 2.50 0.00 0.40 0.00 0.00
CR 11.60 2.90 41.38 5.20 2.40 0.77 0.00
! OOBP 3.20 0.70 8.00 0.00 0.50 0.00 0.00
CR 16.07 4.59 38.83 6.99 5.79 2.55 0.00
0 OOBP 3.39 1.20 0.00 0.00 0.60 0.00 0.00
CR 22.30 5.80 46.25 13.20 11.60 11.97 0.00
s OOBP 4.40 2.80 0.00 0.00 0.70 0.00 0.00

WGP ZE . BHAR LYRA M Coer 5 Thvg W1 T2 4E
FRI A, (H X s 22 ST =B 1) P R ), i Al
TR R

SEOGAERF M, LYRA M 2 SRS R R
BT A2 ah () B A2 2 ) B SRR BN B LA, 7EA
[ PRI B 25 T ST T AR 1t Ty e Hoe 4 1)
Z R R IMERIL. 53F 504 0 DRL-MAPF J5
EAREL, LYRA fEAT 55 56 3 5 AT N RTa 9 7 T
BRI — 4.

4.3 SCHsCIG

R — P BAIE LYRA? 75 SEBR 82 o ) 52 H 14
Fifadgt, ASCfE 28 Toio Mlas ANE N S
HATYE Z PLEE NS5 (WK 10). A Toio BT
#H—NMEENZEERRSFE (R4 31.8 mm x
31.8 mm x 35.1 mm), AC#& N BB AL S @i
B 77 Toio ¥ &SI ) 12 B3 Bx LA AR DI #E
2 SRR https://github.com /HuoLinL/LYRA.
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Fig.9 Comparison of success rates of algorithms in different MAPF environments
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