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Figure 1 (Color online) Human-machine shared control arbitration framework
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LA FPAE A 2 B B 9 36 AP SRS R R — T I AFAE T Ah e s 80 R0, A4 25
ol ) B SR i AL 5 R A AR A N S RE ML R R ek S8 I S BRI R, BRI AT
TR AL BT RS

2 AWV G RIEZ IR —F-F B L] (2 W 1), AT R 51 o SR SEAT R AL B ) —Fof
EETTE, HArPAREE NIRRT i, KB EAER T o 1514 RE. o 7T
Pt 2 Fo7 U e, EBR T 2R A R gz O s JOrmrE R, AR BT
15 RS 15161 FE R ZHONA I, o (T FRBMEF LR B (5 /2 AR e N L2 I s o e € 1. SR,
SEBR AT PR 7 B AR B A AR AL PR o 5 rh AN R VR DDA 9%, SR TR R AL P o] AR B T
WE o KU TR

ASCHI T A EAEA A BT R T o K B R0 5 SO NS REATHLAES B BE S AT A
TICEIEHIRE VAL H AR B T5 RSO R AT S VE L. AR, FATPTE i B F kL T e s 5 A
HLAS IR RS RE FH4 , DR R AT DR FLAE i e 3 b e BRME (1 G B D 3%

A B LTS SR SH PR AR E B THER, 32 BLAT AR ILL i HLHCAS i L A2 RHE Y,
N REAR AE A2 H TR RIS R R 9 1 A RIZ AN R, ASCAN BLRGTH S E EVEIL F T il
IR — NI T R AL AR &5 BB x FBR S PR RESR BRI FENA. BEAh, BHxh B 1AL 5T ReAAAE B
EAGTEANHER RO DL, AR SCiHE— D0 A € PEREAT (4 1, 310 A T 38 a2 il b i itk i
VRS H LA T A RENE B L A AMLIE =242 1 o (10 18] 5 B ELOR 3 iy R SR ML RE, JF HL RS SR IR
ATy B B AE B, TR S i T R AL SRR o2 704 5. A SCH) E E Tk
RN = R

o M AN BT I 7 3L 451N M R0 75 58, 8 8 N A P 1 i D AR
o JROET Al B BN AE B AR YRS 5 3, MR AN ] R G0 B R SEAURAT T 5
o ST DUl (Bayes) file RIEERT H 32110 FRBEAT AN E EAG T, JFARS SRS IO AN € PR B 1 ok
SRANEE R
AT AR L. 585 2 1940 R R I HE AR OC TAR. 2 3 W PRYH ek SC T - 2R
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A A T ) AHLR LRSS DL = T Rt e

2 [elERHR R AR TAE

2.1 [OJREiEIA
2 oA L ] RGO SL I T BTk . LA ER&E & HE W i N S8 A B 1) SREmes o) o2 BB AR

ISR . N AMIATLES 0 R SRS A 41 H i B R AL B 7 A — MR A R R AR K% 17 BUE :0A  AR
GALTE

T
Jmax, J7(s(t), a(t) = Q(s(t), a(t) = Y A R(s(t),a(t)), (la)
t=0
st a(t) = f*(an(t), am(t), c(t)), (1b)
am(t) = p(s(t), g(t); 0), (1c)
ap(t) = Human-action, (1d)
{9(t),c(t)} = Infer(an(t — N),..., an(t)), (le)

t=0,1,2,3,..., (1f)

Hort s(t) M a(t) ZRGEHABLPEMRFESNE, Q(s(1), a(t)) RARSZNEXT s(t) M a(t) KIME KL,
R( (t), a(t)) ZPATENE a(t) RBFIZEMG). Infer(-) i EIFENT 0 &L, Fom R AERIRT A AR o(t) MELE
JE et). p(-) AARHLAACER ISk o8 8, 808 0, HahipLas o sial e, fo () ARANLRESNER
FhE ek, AR 15 BASRL o(t) LA 3 *HREBIR B RIS B EASE, Huksg T AN =i i
UL S OB R R SR EE AL, e ST

f(an(t), am(t), c(t)) = (1 — a)an(t) + aam(t), (2)
0, c(t) < e,
a=qLbc) e <o) < e (3)
€, c(t) > e

o MR BB EERE o) TE, e, e 7GR c(t) BINIRA LR, SEHEREGRE o) B,
PR AL fo() BT R RNERRIE, c(t) MK, Mm% o) BTN RE, S
AR RNVERAE NG L BIRE-F . TR e M o XN IG5 ASCHE T R PR I B T
FEAHSRER, AT Fd T A 8 oR 2 0 i tH 5 8 3218 0 R A T 25 DT AH G

ASCUATRAL 2 ] N BRI T A5 th (0 3 sl A SR, ST BIE RIS, DU I Ol T A
RS R AS — 4 i R O SRS R A R XN TARRIAE R T(v) Foe& (RIEE) 1)
FEEEE V, WREF T A v— K48, B4 T(v) USR] —ANME— e o 2RI Sios B2 IE
T vy, Ht oy < 10 HA y— BHZTE [T (1) — T(02)]]oo < Y[|v1 — v2][00, FoH [|v1 — v2]]00 BARTEE
PR AME BRI AR BRI R K ZE 0h.

KT #n] AN BT T(v) 1EFHBIEEAS o, TSRS v *IJ v* IR R, RS v
i AL 5T AT AE R (1) Ak B R SERE U (), BB ) A R(s(8), alt)) = R(s(t),alt )) +
Z;FH YHIR(s(t + 1), a(t + 1)) I8N J"(v) = R(s,a) + yP, P* JPIRESFHEEER A/ 15

|7 (v1) = J"(v2)l|oo < Yl[V1 = v2lloo = [[7P V11 — P v2|oc < 7|lv1 — v2l|oo- (4)
AT AR A s 4 ok S5 5 B R U S
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2.2 HXI{E
2.2.1 AWFRARE

7 BUURSR 0) A — S A I PR VA 2 B BOME R ShAS vk 1), HOR e 5 24 F N LR RE AR Y
TARERIH AR PR A SR B G N HIVE R AR B P 53 VS I R W 7 T, (1) AAR B & )7 BTk
SRl FEURA AR e (g — A 2y, RINZ I BB B AT N0, il B AR REE; (2) ANRIARSAE BAMAILE P
DR SR i) R AR o 17 AT AR (KD AR 0 45 35 T DA IR I L SR A 0 o, 32K 38 e ) AR
R H, AR BLSAEROR G  51 355, ASOR ER MR RGO “ AHLUFP ST RS . HOR g
S5 07 A1 MDP 8] SEUE S UIAR . ARSI A ABL BT R A, S R NS B e AL
A2 5 R HI 0 7R SO SR T RE.

2.2.2 HZiFH|

LRI S5 A NSRS RN B8 H 32 SRS Rk 52 AT 45 B AR B ER s e SR M RE 1 — Fia = 19~22) g
NEHIWE ARG T —F BT R, WTH WA KGR Es 5 (iBham. 3 FREER
SRR E B R 23 Uy RIVA PSS N BIE R, A SO L33 07 i S AN 5Lk oR,
HAp RS VSR AR T B R S AT 45 B An. o 2 0 T L2 HI 4075 n 2% ik [6,21,24~29).

2.2.3  {h3k

PREEHLHI T AR GENL 28 2 6] O D) e sl iR & 2 L B, B — R HL . 38 L b o i
W LR T 2 AL S AT S 2 ) R MR 4. AP S BT R Bk TR [ R 25, 9 dnssst i
T EASE, B A a4 (13,2030 7 [l 2 5. 8 2 e T # 04 ] 22 30k [13,31~33].
2.2.4 SRKET]

S AL 2 ST B A QR are] 75 IR 5T TR U B AT sl R kA B2 Rh. SR A s b2 31 1) #iSE s
AR SR IR AR TR . 3R] g U, SRALE ST SR AR AR 2 ek DUR 2 7 FR It AR sk SIS sl
INUIE I I A 07, IRFER R EF AN, IS STk [21,31,34] %6 78 2 1.

2.2.5 DINtHTHEIE
DU S [35,36) R AE 22 St AN HEFE — Al AR A 56 i S At b A R D R F — el A A FE
J7iE. AE N FRHEEL T, DL S HE R A2 MR V8 rh i D30 e B R T SR 1,
_ P(E|H)P(H)
P(H|E) = —pE)
b B RE A0S, MR T RE 232 BISLIREE (LT RIFRIESE) MRS, B RosiEd. IE xS N+
A FH T S TR R Bt . DU S R S5 BOER (F5 REAH JGE M B 5 A I SR A )

He S AP TR, VS S EE (S HRE 6 U AR AR 2 T S PR R PR ) ADMDLOABR ¥ (U A
SEHH).

(5)

3 FEFE

AFII UK B TR TR AR P fe e b, JF PR g 3 a2l B 1R
FHIAE T, WA 2 k.
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Figure 2 The overall framework of arbitration optimization for human-machine shared control

3.1 AHEZEHIBI P L

BT H BV MATE AT SAES 3.2 /N A), AN SCB R an ks 5 £
FHBEE SN BRI L, DLSEIUVE I M RS Bt SERASL, AR R B i S ]
A HEIE, It B EVEL SR AEE T, (015 B L A A RS BN R B AT, 200
TRERFGEH MK AN AR WAMESS B br: BRSO SIE 1 S 1 2% (8]
RO AN K B AR E VR B B FHE B B sh A S R 4D B B SR A, R
JERRIEAG RN AN E VRS B, XRHLER SRV E AR ORI AT IR & e, RET 7 AR fRe 2% RSB 1.

E SCAHIE R R G 3EE H Ar e £ h

max.J , (s(t),a(t)) = J"(s(t), a(t)), (6)
Hrp Jp L (s(t), a(t)) & HEMELF I HARREL, J7(s(0), a(t) —ABUF SHRA @I PEAL H AR (10
3 (1a)). F4b, ¥t HMESEN R (3) THIHESEL o1, o #IR NUTTF KA
er o< Jp , (s(1), b(t)), (7a)
€a o< J}, 1 (5(1),b(t)). (7b)
Bk, 2 (2) RS E TR P 2 M AR e R S 4, T Dl FE RO, B R R
Fhb(t) FIEEME T b(t) BH TSR, RGO SERPRAS . AR SESNE LR Saie 4 AT
KSR A FEA A, FARN LA E R AP ERSE RN o, #5 HANIR G HREL R (). Hitk
W (3) EET:

0, c(t) < b(t),
— ) elc®-b(®) 7
o= § SR b(t) < () < B(t), (8)
€ c(t) = b(t)
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Bk 1 BT A FHOANIEERR Ak

1: FIa: H M RRERAAER: Bt —1) = {b(t — 1),b(t — 1)}: b(t — 1) ~ N(po, 00), b(t — 1) ~ N (o, 00);

2: B : T ¢ BRI IR SR BIE a(t), VA H EMIA A G RAEZRI3AG: b(t) ~ N(fiw, 1), b(t) ~ N(fiu,81);

3: while t < MAXSTEP or done == FALSE do

4: MNRGIRS s(t);

5 NRPIEERBEBREZ R M RGRE @) TANREIE ant), PLEARIEIRENLINE {ant = N +1),..., ap(t —
1), ap,(t)} HEWH AT RERIESS BAR g(t) RIXS R BARFIERE c(t) (3N (1)), FF HUTEAHR B R INE am (1);

6: for m < T do

7: IR FHRER A Bt — 1) - {5, 60} AT RE;

8:

9

WAL (2), (3) A (7), FEIFENIRIME {a(t)(™)};
: HeF 3 (92) A (10a), FEHT ¢ BEZIH B DT {{b(2), b(t)}(™);
10: end for
11 RIER (1) W HRERENE a@);
12 B (14) A (15) BHT ¢ BF R E E M ERME EE T RIS S 0(t) ~ N(fw, 61), b(t) ~ N(fu, 67).
13: end while

N ERACEVE R BRI, WEE 1 R, B LRV T H A FYE R CRAE 3.2 Nl
—B), DUSEIL S AN 53 W3 in) A 1 — B AR AL SR AR 128 WML B AR (1) sz e
FLEEMI DRI RENE; (2) AL SRR E LR, RS EhSEAL RS, 5PN R0
A s(t), NEBEREH S —E H IR N an (t), BIFLARAQEEHERT A BARE LI AT 45 H bR, Bl
PRI S B ARJE, MRS R0 RGURAS s(t) FARTHME 22 ) DL LS LB AT N an, (8). SRIEHS
NFHLES I BN E RN B s . 2 7k, AR b —BF 2000 B S B AR B T SRR A
HHATRAE GBI 7). U8 8 THREBENURMAAE {a(t)™}, 2558 o HEHINA] ¢ (0 8 LR {b(t), b(t)}™)
WM TFH5 2). fefa, FIERAS T RSRENE a(t), FFEHT TSR] ¢ I B =MD R e AR o Am (o6
REF8E 3). RENEREME, AR c(t) BAE 3.3 NITHTEA N 4H.

3.2 HERFITHEEMIRF
3.2.1 BEMBFNEXNSHIE

ANFIH NN IS H RS TR B S, ASCAR 2 58 & N F1IL FHE R IA T, X
A BRI T A SEbR g 5, (A4 H B0 LR EEFRE L. RENPSRINETRTENTHE
PE BB BT A28, MRS B BT e B B RS R EARYE BRI S AT 2R e
RLE. 78 EE MR X P NL FE B, AR RGO FAT OAE BN IL T 18], WA SE B AR
BN, B E A T R S A A R DA R S AT B IR D R SR AR, X
TR A RAEAER, BRI R 1 32k 1] g SO an T e il

b(t) =fﬂgaujggf§AWLJinxS(ﬂva(ﬂ), (92)

st. C(s(t),a(t)) <0, (9b)
N

b =arg | min IR (s(0)a(0) (100)

s.t.  C(s(t),a(t)) <0, (10b)

1773



SRS T AN SR A S 2 6 T it ie

Bk 2 s R B E A e H

C WA BEMIAUEE: B = {b(t — 1),b(t — 1)};

AT R A EELF B = 51),b0)};

while t < MAXSTEP or done == FALSE do
HMARGIRE s(b);
T3 (1), MEAKRIEINE ap, (t) LRI HEALERUIEENE am (1);
R A2 20 AN N RS H b bR 25 W16 AL B 1 SO0 B ) F AR R BGHEAT BUAL. 2R D (s(8), a(t)) >
Th o (s(8),0(t = 1)) (Jh (s(t),a(t)) < TP (s(t),b(t — 1)), RJFHRAE (9a) (B (102)) HHHEMEE (F) F*, &
T ERFFAAE.

7: end while

AN e

Hopr gb | (s(t), a(t)) RNFHLEIIILE HARR AL 30 (9a) A1 (10a) 45 1 KA H AR R BRG],
AT BB R LR KA IIB LT, $REV A H AR B SEBIE a(t), THRSESMEROB T A E M L
TAREMER. AT DQN HPoREE B ERME B TR, SRR 2 i <@ EL R
IR VEEE 2 3.

el i B 3L S A v DAOE SRR NS 2. APLHE S B 3L R aG 1 TR
PRl 42 0 SRR 22 mT M5 BoRIRAS. B0, 7E3A FAR e85 B, mT DU FH w0 22 I 2% o 1) B AT L)
AR R TT 5 (fF F BEHLISCEE AR B0 REAR P 5. 75 RS sh SRR R, 6T semH N 1 R4t
RS s(t), HLES TR SRS X ISR EEFIE am (8) LA S NZEHINRSEENE a (¢). ARG 16 E
TSR b(t — 1), b(t — 1) SREELH R LRV RNE, HIZEH A FE B (88 TR, Xk
HAREREL (92) KB (10a) /N, WIHLIEHA E R ZRES K.

3.2.2 BEFMARHTHEMMEIT

FERANIRZ W TR R R, JATAILE EEL SR BME B R, (E 75 2l S A e & LAY
B4R N, WRARE, AMUABILRIRARCR, T BT se L R GRS AR, IX LR 2 B VRt
HIEAE A T AT BE S B 5 2R BRI A/ N 4R S B 32 P30 AN E PR AL T 7.

R (MC dropout BT WIR p(y*|z*,0) = N(y*; f<(z*), 77 1),7 >0, T — oo, 4

T
1 W[k %
T @) = Egyyran 7], (1)
t=1
I T o
T+ 7@ )T £ () = Egyyetoy [(v") Ty, (12)
VYl = Egotyr 12 [(6") Y 1= Eao (410 0] Ego 7100 0], (13)

Hrr g (y*|a*) LA FRIRI (5) 1 p0|D) (or p(H|E)) B
BT UL R HA, A MC dropout B7) Sfe sSEBil L sz 45 il vh B 3 MR S AN e ML . B 3
S B AN ZE AT

i) = 7 S (), (14a)
1 t; -
op(t) =77 + T > b)) — py(t)>. (14b)
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Eix 3 HEMAFAME AT

1: while ¢ < MAXSTEP or done == FALSE do

2: for m < T do
MR SR A RAE B(e—1) - (57 0
T 3), (9a) M (10a), PATHEE 2 HEHEHIRHLIE {a@®)™} ULKGBERENE ML
5 {{B(1), b(t)} ™)
5: end for
6:  HI (14) FI (15), BEHT ¢ B2 B DTG IR A b(t) ~ N(fiu,61), b(t) ~ N{fiu,d)-
7: end while

oW

HEME N AR Z I

T
=7 ; (15a)
op(t) =7+ T Z (15Db)

o b(e) A o(t) A (9) AT (10) FRIF.

FLE PN B M SR PG T I B AR ARE R R, WS 3 o, BT U R B
ML FHE B BLC IR, A SCEF S (Gauss) A6 1E N LI R 405 . f%é}fz}]*{%%ﬂﬁlﬁlﬂ yic]
i E EE B E BT RAE B ¢ — 1 BB EAT R (PR 3). PER 4 THERENLRAL
fil {a(t)™}, FEITHE I E EMLT ¢ {({b(t),b(t)}™. F)F, E?ﬁnﬂﬁ%ﬁﬁ (14) A1 (15) #HA4T5
FERY (Monte Carlo) filivl, BT ¢ B % B R ML A B G WM 0, Wb E BRI R. 2,

2N T VI RIHE TTE AN 2 Ml .

3.3 AXEEHE
THI R N AL [ e s ) B, 58 4t e 2 HHE DT A SR ) ok S T, (0 i o DA B A A b v B 1 s B AR
F, BT DU (ans (5)) AT ASRENE an(0), ..., an(t) MW RERE g(t), Herh g(t) € G =
{91,92,---,gn}. N T FRPEXA ] 8 A%%@T&%ﬁ*ﬁﬁ%rkﬁﬁéﬁ, FT DAHERT H F P S B AR g(t) )
PR ERS
TE?EJ'_' 7 e, DLW ay, &M, K ¢ IR XS BN) H bR R om N
b(g(t)) = P(g(t)|an{0: t}) = P(g(t)|an{0: t — 1}, an(t))
P(g(t),ar{0:t — 1}, an(t))
P(
P(

R

)
)
an(t)|g(t),an{0: t =1} P(g(t),an{0: ¢ —1})

an(t)|g(t),an{0: t = 1})P(g(t)|an{0: t —1}). (16)

Q

BRIZL ([15]) 457 480 HAnfbivh, 4w [a) R0 B 8] 2 6] i W 2202 26 A A7 7).

BRi%2 (Markov fEzi5 1)) 25 5@ BT — AN IRIG (4 H FRAGTT, R0 R R15 (6 B R AG T1F0 5 s 00 e
FE ALY,

WA 1 A2, 2 (16) A

b(g(t)) o<P(an(t)|g(t)) P(g(t)|anf0 : ¢ —1})
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SRS T AN SR A S 2 6 T it ie

Bk 4 NKERER

D MR PUBEIRNh T, BARE ¢ KHILHAT b(g(0));
: HE HEWTH AR g(t);
: while t < MAXSTEP or done == FALSE do
MALEEEN I L FZEh T P ECRESERT (s(t), a(t));
for g(i) € G do
TR b(g(t) = Plan(®)]9() Syr-1ye Pal®)lglt — 1)blg(t — 1)) FHT HAFHERE %511
end for
HI g*(t) = argmax, (e blg(t) EHT ¢ MZESS H .

: end while

B e R AN S >

ocPan(t)lg(t) Y Plg(t),9(t — 1)lanf0: ¢ - 1})

g(t—1)eG

ocP(an(®lg(t)) D Pla®)lg(t —1),an{0:t —1})P(g(t — 1)[g(t), an{0 : ¢ —1})
g(t—1)eG

ocPlan()g(t)) Y Plg()lg(t —1))P(g(t = 1)]an{0: t —1}). (17)

g(t—1)eqG
AR s(t) 105 3L, b(g(t — 1)) TTRARM R R A
bg(t — 1)) = P(g(t = 1)]an{0: ¢ — 1}). (18)
Kk (18) FRA (17), 7T LA 5
b(g(1)) o< Pan(t)lg(t)) > Plg(t)lg(t —1)b(g(t - 1)). (19)

g(t—1)eq@

M5 N 2K B S 4, B R B Ak, 2 P R B S5, L M 45
T AN 42w A BT (s 1 B eR 5). E5E, T5e4 H H R A A
SIS ZI RSB 38 0AG. FA R R R LA A T RIZZhBE. U S ) AR GUIRAES TN [ 95
ZEFea, iR A (19) 08T B AR IR0 . Ja 980 Al BB, MR f5e K i 6 T 2 44 i >4 i 220 B e
H #3.

4 {pEIMLE

4.1 LG E

5T OpenAl Gym Hf#) LunarLander BLAIASE, Wil 3 s, {50 FH BEAL AR B i) 6 Fifi s AR ARAR B
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Figure 3 (Color online) Simulation environment
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Table 1 Correspondence between action values and engine switches

Action value Main engine Left engine Right engine
0 OFF OFF ON
1 OFF OFF OFF
2 OFF ON OFF
3 ON OFF ON
4 ON OFF OFF
5 ON ON OFF

EREL A0 HIE P IS LunarLander PREER 5 8 B R G UL IRAL (250U ) 72
AL H] R R R LM ES, H LunarLander #3510 8LE A — & FIAE M. LunarLander
IEEHPIRZS s(t) (BLABAAAR ((t),y(t)), SPE (2(t), y(t), FAFE (0(1),0(t)), BERE ST (leg; (), leg, (1)), &
Bifi SARKR h(t)), SRR a(t) (A48T 514 7o ol BAE 51 R R IL) LKA AR J(t) =
SSYIR(s(t),a(t)), FHH R(s(t), a(t)) AHERRER s(t) BIHRATORHENE a(t) FrERAGHIAEH). WL % &
HEVE LS, ERRA s(t) BFEEAE SRk EROAL B AR B A [ 20 ) R R AR X T A TR
SKENE a(t) XENONTT R RE < BIAETTRE S T TRNAE, DAURARAL B AR J(¢) X REESAR i 18] A R
R 25 B BN T AL 5, SBDIRE DY WAT a0 (R Ak AR . TEAE B A%, IURanEN AL
BRI FAE S A _ B A AR 4. BRI S RIASCIRUER] LunarLander P58 BA — 01,
BEHA 07 IR e W U WA A ST S VA A 2.

WA B H FERFTRE 12 FET DQN (deep Q-learning 181) SRR, BIF DQN 7 &4 E o& Z
KN, CLRSRAS 2 AT Z ) S v S AR (EAS R, AR SCHM (shared control of human-
machine) KK~ “ AHIILZFEH|H L. SCHMA (shared control of human-machine with autonomy) s&
FT B EVEL AN ) 0%, e N B R A E R 2. AR B TR AN E YA
%% 3, SCHMAU (shared control of human-machine with autonomy and uncertainty) X% 3T 5 F 1%
A FAE PERE IR SE (A 1) R, AT RIS B R REh % (i R MeR) | fi
BSH BB A e B AR SAF A AT A s ga 45 8] LAk, TS A 2 MmoaR
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Abstract Human-machine shared control occurs in numerous decision-making scenarios involving both human
and machine intelligence. Given the absence of a clear division in decision-making domains between humans and
intelligent machines, there arises a need for real-time arbitration. This is essential to facilitate the coexistence of
humans and machines and the equitable sharing of decision-making authority. Thus, this study introduces a unique
arbitration optimization method. It distinguishes itself by incorporating the concept of an autonomous boundary
into the optimization of the arbitration mechanism governing human -machine decision-making within shared
control scenarios. This study presents a framework for calculating, updating, and maintaining this autonomous
boundary. It leverages Bayesian rule-based intention inference to analyze potential goals within human-machine
shared systems. This analysis aids in determining the selection of arbitration parameters. Furthermore, this study
analyzes the uncertainty associated with the autonomous boundary, which aims to enhance the optimal impact
of boundary information on decision quality within shared control. The experimental results demonstrate the
effectiveness and value of our proposed method for solving sequential decision-making problems. This is evidenced
by strong performance across various metrics, including cumulative reward, success rate, and crash rate. These
results underscore the value and utility of our arbitration optimization approach for shared control in addressing
sequential decision-making problems.

Keywords shared control, arbitration optimization, autonomous boundary, human-machine sequential decision-
making, reinforcement learning
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