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�¿ãín©Û<Å��XÚ�U�¢y�8I,l(½®àëê�ÀJ.d	,�©�©Û
gÌ

5>.�Ø(½5±r?>.&Eé����¥ûü�þ�`z�J. ��¢�(JL², ¤JÑ�

�{3\Èøy!¤õÇ!EÂÇ�¡LyÑÚ, ù
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1 Úó

35#��<ó�UuÐ5y6[1, 2]¤ÜÝ�Ê����p,/<Å�Ó�·ÜOr�U0â,

3�. �¤±I�édïÄ��?1&?, u<M�U,�UÚÅì�p�p°Ý. <aÕA�@

�Uå¦Ù²~��ë���«����UÅìûü|µ¥, X<Å|ÍXÚ[3, 4]!9Ï�MÃâX

Ú[5, 6]!m��¸e<Å�fXÚ[7, 8] �, Ù¥<a�üûüö½9Ïûüö��Ú[9]. 3�ÆÚó§

+�, <�Åì�p��!K�!�Ó�¤��NB¡��°�¿Âþ�/<ÅXÚ0[10∼14]. ±�

S5Úõ�ã5�I��S0ûü¯K´�a2��3u�¬!²L!�¯!ó�)����+��

�ûü¯K. �ÄÏLk�KÜ<a�UÚÅì�U5�¤½UõS0ûü�L§, =´�©�ï

Ä¯K/<ÅS0ûü0.

®à´<Å·Üûü�m��«²ïÅ�(ë�ã1�<Å����®àµe«¿ã), ´¡�S

0ûü¢yk�<Å�N��«Ì��{, Ù¥²ïÏ~±<Åûü��5|Ü/ª¢y, �9�®

à�Ïfα [15, 16] �¦). α �±ÏLõ«�ª(½, §�ûuõ�ûüÌN�m�ûü�É[8], ½
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öûü�&Ý, <a¿ãýÿ�&Ý�[17, 18]. 3�õêykïÄ¥, α �e�K�Úþ�K�´�â

<ó²��b��ð½�. ,, ¢Sþ®àÏfK��Ä�Cz��¸Úûü¥�Ø(½5���

', ù¿�XK���½b�éu(½α 5`Lu�Å.

ã 1 <Å����®àµe«¿ã.

Figure 1 Schematic diagram of human-machine shared control arbitration framework.

�©|^gÌ5>.�Vg�O®àÏfα. ògÌ5>.½Â�<a�UÚÅì�UUìk|

u����éÜ`z8I����ÑûüÚ1Ä���. w,, ·�¤½Â�gÌ5>.U
�<Ú

Åì�ûüUå!�, Ïd�±òÙ��(½þã®àK��'�Ï�.

|^gÌ5>.&E�'�]Ô´§�þzO�, ù´±cl��L��Ù��þ´(J�, Ï

��UéJþz´8c�3�y¢¯K.�
)ûù�(J,�©Ø��O�gÌ5>.,´ÏL£

ã��`z¯K^5þz<ÚÅì�Ä�éÙéÜ5U�I�K�. d	, �égÌ5>.�U�3

ü��OØO(��¹, �©?�ÚéÙØ(½5?1�O, ?^u����¥�®à`z. T�

ó�JÑ�`z�{Ø=U
ÏL`z<Å����¥��½K�5Jpûü5U,¿�¢�¼�Ú

�#�ogÌ5>.&E, ùéuy©����¥�<Åûü���´k|��. �©�Ì��z�

o(�n:µ

• ¡�<ÅS0ûüJÑ
����e�®à`z�Y, ÏLg·AN!®àÏfUõûü5U;

• Jø
�«gÌ5>.&E��½Ú�o�ª, ¦�<Å����XÚ¥�ûü��k
.½;

• Äu��d ²�äégÌ5>.?1Ø(½5�O,¿ò¼��Ø(½5&E^uûüÄ�)

¤.

�©�Ù!SüXe. 12!�Ñ¯K£ã¿?Ø�'ó�. 13!�[�ã©ÙÌ�µeÚ�{.

14!�y¤J�{�k�5, 15!o(�©�ó�.

2 ¯K£ã9�'ó�

2.1 ¯K£ã

�Ä¦^����XÚ5¢yS0ûü. Åì�n(ÜíäÑ�<a¿ãÚg��üÑ�½�`
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�üÑ. <ÚÅì�ûüÄ�Ñd®à�¬?n�)��·Ü��ªûü. òT¯K/ªz�±e`

z¯K,

max
a(t)∈A

Jr(s(t), a(t)) = Q(s(t), a(t)) =

T∑
t=0

γtR(s(t), a(t)), (1a)

s. t. a(t) = fα(ah(t), am(t), c(t)), (1b)

am(t) = p(s(t), g(t); θ), (1c)

ah(t) = Human-action, (1d)

{g(t), c(t)} = Infer(ah(t−N), · · · , ah(t)), (1e)

t = 0, 1, 2, 3, · · · . (1f)

Ù¥s(t)Úa(t)´XÚ��¸G�ÚûüÄ�,Q(s(t), a(t))´G�Ä�és(t)Úa(t)��¼ê, R(s(t), a(t))´

�1Ä�a(t)éA�øy. Infer(·)�¿ãíä¼ê, ÙÑÑ´íä�8Ig(t)Ú�&Ýc(t). p(·)�LÅ
ì�n�üÑ¼ê, ëê�θ, ÙÑÑÅì�ûüÄ�. fα(·)�L<ÅûüÄ��®à¼ê, ®àÏf

��&Ýc(t)±91n!Ì��{¥J��gÌ5>.EE�', Ùû½
<Å�����±rzÆ

S�Ä:±rzÆS�Ä:±rzÆS�Ä:�ûü(J, ½ÂXeµ

fα(ah(t), am(t), c(t)) = (1− α)ah(t) + αam(t), (2)

α =


0, c(t) 6 ε1;

ε(c(t)−ε1)
ε2−ε1 , ε1 < c(t) < ε2;

ε, c(t) > ε2.

(3)

α �â¿ãín�&Ýc(t) (½, ε1!ε2 ©O�Lc(t)�e�Úþ�. ¿ãín�&Ýc(t) ��, ®

à¼êfa(·) òªu��¦^Åìûü, c(t) ��, ®à¼êfa(·) òªu��¦^<aûü, ÄK�ª

ûüÄ�ò3<ÚÅì�m·Ü²ï. 5¿ε1Úε2ùü���òg,��©�e5¤J�gÌ5>.

�'é, lþã/ª®à¼ê�ÑÑK�gÌ5>.��äÚ�O���'.

�©±rzÆS�Ä:ïÄ¤JÑ�����`z�{, 'u�{�Âñ5, ±Ï~�¹e�ä

�{Âñ5�|ì)Ø N��n�g´. Ø N��nµéu?Û3�fT (v)e��(=µ4)�Ý

þ�mV ,XJ�fT�γ−Ø ,@oµT (v)�ªÂñ�������½:v∗;�5Âñ�Ý�'uγ,Ù

¥γ < 1. Ù¥γ−Ø ´�||T (v1) − T (v2)||∞ 6 γ||v1 − v2||∞, Ù¥||v1 − v2||∞L«?¿ü��¼ê3
?¿G�����å.

'ud½n�±n)�µzg�fT (v)�^�,�v, Ñ¬Ø vÚv∗�ål, ���ªÂñv∗. 

d?��f�±w¤©Ù¥úª1¥�`z8IO�L§Jr(·),�ò
∑T
t γ

tR(s(t), a(t)) = R(s(t), a(t))+∑T
t+1 γ

t+1R(s(t+ 1), a(t+ 1))P�Jr(v) = R(s, a) + γP av, P a�G�=£�., K��

||Jr(v1)− Jr(v2)||∞ 6 γ||v1 − v2||∞ = ||γP av11− γP av2||∞ 6 γ||v1 − v2||∞. (4)

��âØ N�½n, K��yÂñ5.
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2.2 �'ó�

2.2.1 <ÅS0ûü

S0ûü¯K���aäk�S5Úõ�ã5�Ä�ûü¯K,ÙuÐ��e<ó�U��e�

ó§A^!)�)¹�+�EE�'. <��^Ny3S0ûü¯K�ü�¡, �K, <��áuS0

ûü¯K�.¥��Ü©, =Ta¯K´lØm<�X�M	�Ãâ�; �K, <��'&EØNy

3S0ûü¯K�.¥, ´Ï<ÕA�@�Uå¦�Ù�±Ñy3¯K�¦)�{¥, ��Uõ¯

K¦)�8�X<éÅì|ÍXÚ�Ú��, �©òþãü«|µÚ¡�/<ÅS0ûü¯K0. Ù

¦)�Ä�5y [19]ÚMDP [20]�+����'. �©¡�<ÅS0ûü¯K, ?ØXÛ|^<��

UÅìÓ�ë������`z�{¢yUõûü5U.

2.2.2 ����

����´(Ü<aüÑÚ�UgÌüÑ5�¤?Ö8I½Jpûü5U��«�ª[21∼24]. §

��gÄÅì<XÚJø
�«O��Y, �^u �^rlÐ.�|µ(X9Ïf¨!gÌÉìX

Ú[25]Ú�UÆS9ÏXÚ[26])±*ÐykÅì<�k�5. �©¦^�����{¢y<ÅS0ûü,

Ù¥ü�ûüÌNI��Ó�¤?Ö8I. �õ'u�����[!�ë�[8, 23,27∼32].

2.2.3 ®à

®àÅ�éu<Ú�UÅì�m���½·Ü´7��, §´�«²ïÅ�. Ï~����¥�

~�KÜ/ª´^rÚÅì�nüÑ�m��5|Ü. ®àëê�U�ûuØÓ�Ï�, ~Xé^r

¿ãýÿ��&Ý, ½öz�·-[15][22][33] �m��É. �õ'u®à�[!�ë�[15, 34∼36].

2.2.4 rzÆS

rzÆSýu�nXÛ3�¸¥æ�ØÓ�1Ä5��z\Èøy. ¦)rzÆS¯K¢Sþ

Ò´¦��`üÑ. �é{`, rzÆS�¦)L§Ò´`z��ù�§�L§. rzÆS��¢y

<Å�����k��{, Cc5��þïÄA^. �ÏL[23, 34,37]�
)�õ��.

2.2.5 ��dín

��dín[38, 39]´3²;ÚO8Bín-�OÚb�u��Ä:þuÐå5��«#�ín�{.

���«ín�{, ��dín´lVÇØ¥���d½n*Ð5�,

P (H|E) =
P (E|H)P (H)

P (E)
. (5)

Ù¥H�L��b�, ÙVÇ�U¬É�¢�êâ(±e{¡yâ)�K�, E L«yâ. yâéAu

ÿ�^uO�k�VÇ�#êâ. ��dínò��VÇ(�Ä�'yâ½êâ�¯��^�VÇ)í

�Ñ�ü�cÏ,=k�VÇ(�Ä�'yâ½êâ�c¯��Ø(½5VÇ)Úq,¼ê(gVÇ�

.).

3 Ì��{

�!0�XÛògÌ5>.A^u<Å�����®à`z�9¥,¿�[?Ø����egÌ

5>.��½�{, Xã2¤«.
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ã 2 <Å����e®à`z�oNµe.

Figure 2 The overall framework of arbitration optimization for human-machine shared control.

3.1 <Å�����®à`z

ÄugÌ5>.�½ÚØ(½5�O(ò¬313.2!0�),�!Äk�ãXÛògÌ5>.�V

gÚ\������{¥, ±¢y�Ð�®àëê�O. ��\/, �©�Ä�gÌ5>.�k��


5, ¿©ÛgÌ5>.�Ø(½5, ¦�gÌ5>.Ú®àëêÑl�½�VÇ©Ù, ùéu·Ü

ûü´k^�. <Å�����`zL§kü�?Ö8Iµ��K�ûüÄ��üÑ�ä; m�K�

ûüÄ��äkØ(½5�gÌ5>.&E. ÏLÄ�¢��#�ogÌ>.�VÇ©Ù, ,��â

���Ø(½5&E, éÅìûüÄ�Ú<aûüÄ�?1·Ü®à, ?�)�ªûüÄ�.

½Â<Å����XÚ��Ó8I¼êXe,

max Jbh,m(s(t), a(t)) = Jr(s(t), a(t)). (6)

Ù¥Jbh,m(s(t), a(t))´gÌ5>.�`z8I¼ê, Jr(s(t), a(t))´<ÅS0ûü¯K�`z8I(X

ª(1a)). ,	, ò®àëêO�úª(3)¥��ëêε1, ε2£ã�Xe/ª.

ε1 ∝ Jbh,m(s(t), b(t)), (7a)

ε2 ∝ Jbh,m(s(t), b(t)). (7b)

Ïd, úª(2) ¥®àëê�O�Ø2Lõ/�6�½��ëê, ´�ÏLg·AN!. gÌ5þ

.b(t)ÚgÌ5e.b(t)�^u®àëê���O�¥, XÚ�â¢�G�!<ÅûüÄ�±9k�©

Ùæ����gÌ5>., �\þª�O�Ñ®àëê���α, ?�Ñ<Å·Üûü(Ja(t). Ï
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d�òª3�Xeµ

α =


0, c(t) 6 b(t);

ε(c(t)−b(t))
b(t)−b(t) , b(t) < c(t) < b(t);

ε, c(t) > b(t).

(8)

�{ 1 ÄugÌ5>.�����`z�{

1: Ð©z: gÌ5>.�k�©Ù&EµB(t− 1) = {b(t− 1), b(t− 1)}: b(t− 1) ∼ N(µ0, σ0), b(t− 1) ∼ N(µ0, σ0);

2: ÑÑ: �ct���®àûüÄ�a(t), ±9gÌ5>.���VÇ©Ùµb(t) ∼ N(µ̂u, σ̂l), b(t) ∼ N(µ̂u, σ̂l);

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

4: Ñ\XÚG�s(t);

5: <aûüö�â*	��XÚG�s(t)Ñ\ûüÄ�ah(t), Åì�n�â<aÄ�{ah(t − N + 1), · · · , ah(t −
1), ah(t)}íÿÑ�U�?Ö8Ig(t)ÚéA�8I�&Ýc(t)(Eq. (1e)), ¿�O��A�ÅìûüÄ�am(t);

6: for m < T do

7: �â>.VÇ©ÙB(t− 1) : {b(m)
, b(m)}?1æ�;

8: �âúª(2),(3) Ú(7), ���Å�`){a(t)(m)};
9: Äuª(9a) Ú(10a), �#t���gÌ5>.{{b(t), b(t)}(m);

10: end for

11: �âª(11)O�Ñ�ªûüÄ�a(t);

12: dªEq. (14),(15)�#t��gÌ5þ.ÚgÌ5e.���VÇ©Ùb(t) ∼ N(µ̂u, σ̂l), b(t) ∼ N(µ̂u, σ̂l).

13: end while

e¡0�`z�{�äNL§, X�{1¤«. �{1KÜ
gÌ5>.&E(ò33.2�!¥?�

Ú?Ø), ±¢yda<ÅS0ûü¯K�?�Ú`z¦). T�{kü�`z8Iµ1¤�ûüÄ�

���'�üÑ; 2) m�K�ûüÄ��gÌ5>.. 3XÚ�Ä�üzL§¥, éuz��XÚG

�s(t), <a�UÑ¬ÑÑ��k8��ûü1�ah(t), dÅì�n^5íä<a���?Ö8I. Å

ì�nýÿ?Ö8I�, �â�cXÚG�s(t)Ú�cüÑÆS�¹O�¢�Åì1�am(t). ,�ò

<ÚÅì�ûüÄ�Ñ\�®à�¬. �e5, �âþ����gÌ5þ.ÚgÌ5e.�VÇ©Ù

?1æ�(Ú½7). Ú½8 O��Å�`){a(t)(m)} , Ú½9 �#�mt�gÌ5>.{b(t), b(t)}(m)(é

Au�{2). ��, �{¼�
ûüÄ�a(t), ¿�#
�mt�gÌ5>.���VÇ©Ù(éAu�

{3). I�5¿�´, ��!¥�c(t)ò33.3�!¥�[0�.

3.2 ����e�gÌ5>.

3.2.1 gÌ5>.�½Â��½

��!�Ä<Å����XÚe�gÌ5>.. ©ÙØLõrN´<�>.�´Åì�>., ù

�U�ûuäN¢S|µ, �¬�ÑgÌ5þ.ÚgÌ5e.>.�½Â. XÚ�ûüÄ�I�0u

gÌ5þ.ÚgÌ5e.�m. XJ$ugÌ5e.½�LgÌ5þ., KI��âäN�¹?1�

å½LÈ.3�#Ú�oùü�>.&E�,XJXÚ�ûü1�3ü�>.�m,K>.&E�±Ø

C; ÄK, gÌ5þ.½gÌ5e.I�¢�`zÚ�#. `z��>.&E�±2g��ûü^�,

ù/¤��û5Ì�, Ïd�ÄògÌ5>.¯K½Â�Xe`z¯K,

b(t) = arg max
a(t)∈Ah×Am

Jbh,m(s(t), a(t)), (9a)

s. t. C(s(t), a(t)) < 0. (9b)
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Ú

b(t) = arg min
a(t)∈Ah×Am

Jbh,m(s(t), a(t)), (10a)

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

Ù¥Jbh,m(s(t), a(t))´<ÚÅì��Ó8I¼ê. (9a) Ú(10a) �Ñ
��z8I¼ê�«~, ÏdF

"3÷v�å^���¹e, é���z8I¼ê�ûüÄ�a(t), ûüÄ��6ugÌ5þe.

�&E.�©�ÄuDQN�{¦)gÌ5þ.ÚgÌ5e.,éAuã2¥�/gÌ5>.ÆS�¬0,

���{2Ú�{3.

�{ 2 ����e�gÌ5>.�½�{

1: Ð©z: gÌ5>.&EµB = {b(t− 1), b(t− 1)};
2: ÑÑ: �ct���gÌ5>.µB = {b(t), b(t)};
3: while t <MAXSTEP or done == FALSE do

4: Ñ\XÚG�s(t);

5: Äuª(1), *	<aûüÄ�ah(t)±9O�ÅìûüÄ�am(t);

6: ò÷v�å�<aÑ\éA�8I¼ê�Ð©zgÌ5>.éA�8I¼ê?1'�. XJJb
h,m(s(t), a(t)) >

Jb
h,m(s(t), b(t − 1)) (Jb

h,m(s(t), a(t)) < Jb
h,m(s(t), b(t − 1))), ,��âúª(9a)(½(10a))�#gÌ5þ(e)., ÄK

�±ØC.

7: end while

����¥gÌ5>.��½�±�ª£ã��{2. <Å�����gÌ5>.�Ð©z��

â��é�Ú�c�^�&E5¼�. ~X, 3vkÙ¦k�&E�, �±¦^ ²�ä¥��ÅÐ

©z��)û�Y(¦^�ÅÂ8�²���;,�). 3XÚÄ�üzL§¥, éu¢�Ñ\�XÚ

G�s(t), Åìûü�¬�ÑéA�ûüÄ�am(t)±9<aÑ\ûüÄ�ah(t). ,�¦^gÌ5>.

&Eb(t− 1), b(t− 1)5'�÷v�å�ûüÄ�, 8�´�#þgÌ5þ.(½gÌ5e.), ùò¦8

I¼ê(9a)��½(10a)��, XdÌ���Ôö(å.

3.2.2 gÌ5>.�Ø(½5�O

3�\&¢ïÄ�L§¥, ·�uygÌ5>.��	&E�,k^, �I�ïá3O(Ün�

cJe. XJkØ�, Ø=ØU��`z�J, ��U6Ï�XÚ�ûüL§, ù
Ñ´gÌ5>.

�ü��O�U����J. Ïd�!UY?ØgÌ5>.�Ø(½5�O�{.

�â©z [40]¥�·K(MC dropout)Xeµ

·K1 XJp(y∗|x∗, θ) = N(y∗; fω(x∗), τ−1), τ > 0, T →∞, @o

1

T

T∑
t=1

fω(x∗)→ Eqθ(y∗|x∗)[y
∗], (11)

τ−1I +
1

T
fω(x∗)Tfω(x∗)→ Eqθ(y∗|x∗)[(y

∗)Ty∗], (12)

V [y∗] = Eqθ(y∗|x∗)[(y
∗)Ty∗]−Eqθ(y∗|x∗)[y

∗]TEqθ(y∗|x∗)[y
∗]. (13)

Ù¥qθ(y∗|x∗)3C©ín¥L«ª(5))¥p(θ|D)(or p(H|E)�Cq.
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:

Äu±þ£ã, ©Ù¦^MC dropout[40]5¢y����¥gÌ5>.�Ø(½5�O. gÌ5þ

.���ÝÚ��Xe,

µb(t) =
1

T

T∑
t=1

b(t), (14a)

σb(t) = τ−1I +
1

T

T∑
t=1

b(t)2 − µb(t)
2. (14b)

gÌ5e.���ÝÚ��Xe,

µb(t) =
1

T

T∑
t=1

b(t), (15a)

σb(t) = τ−1I +
1

T

T∑
t=1

b(t)2 − µb(t)2. (15b)

Ù¥b(t) Úb(t)´dª(9) Ú(10)¼�.

�{ 3 gÌ5>.�Ø(½5�O

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

2: for m < T do

3: �â>.VÇ©Ùæ�B(t− 1) : {b(m)
, b(m)};

4: Äuª(3), (9a) Ú(10a), �1�{2O��Å�`ûü{a(t)(m)}±9¼��#��gÌ5>.{{b(t), b(t)}(m);

5: end for

6: dª(14) Ú(15), �#t��gÌ5>.���VÇ©Ùµb(t) ∼ N(µ̂u, σ̂l), b(t) ∼ N(µ̂u, σ̂l).

7: end while

ò����egÌ5>.�Ø(½5�O�äN�{£ãX�{3 ¤«. Äu��dín�gÌ

5>.&E©�k�VÇ, �©ÀJpd©Ù��k�VÇ©Ù. 3XÚÄ�üzL§¥, �âgÌ

5þ.ÚgÌ5e.3þ���t − 1�VÇ©Ù?1æ�(Ú½3). Ú½4 O��Å�`){a(t)(m)},
���#��gÌ5>.t {{b(t), b(t)}(m). ��, Äu`zL�ª(14) Ú(15) ?1�AkÛ�O, �

#t��gÌ5>.���VÇ©Ù, XdÌ���Ôö(å. �d, ��
gÌ5>.���{ÚØ

(½5�O�{.

3.3 <a¿ãín

¡�<Å�Óûü¯K, XÚI�íä<a�ûü¿ã, �{´ÏLl²���³¥�{¤Ä�

S�, Äu��dín(Xúª(5))©Û<aÄ�ah(0), · · · , ah(t)éA��U¿ãg(t), Ù¥g(t) ∈ G =

{g1, g2, · · · , gN}. �
)ûù�¯K, <a¿ãíä�¬A$), Ù�±íäÑ^r¢�8Ig(t)�

�'&E.

�â��d½Æ, ±*ÿah �^�, òt �mÚéA�8IVÇL«�

b(g(t)) = P (g(t)|ah{0 : t}) = P (g(t)|ah{0 : t− 1}, ah(t)),

∝ P (g(t), ah{0 : t− 1}, ah(t)),

∝ P (ah(t)|g(t), ah{0 : t− 1})P (g(t), ah{0 : t− 1}),

∝ P (ah(t)|g(t), ah{0 : t− 1})P (g(t)|ah{0 : t− 1}). (16)

8

Acc
ep

te
d

 https://engine.scichina.com/doi/10.1360/SSI-2022-0295



¥I�Æ :&E�Æ

b�1 [41] �½�c8I�O, �c�mÚ{¤�m�m�*	´^�Õá�.

b�2 (Markov b�) [41] �½c���mÚ�8I�O, �c�mÚ�8I�OÚ{¤*ÿ�

´^�Õá�.

�âb�1 Úb�2, úª(16) C�

b(g(t)) ∝P (ah(t)|g(t))P (g(t)|ah{0 : t− 1}),

∝P (ah(t)|g(t))
∑

g(t−1)∈G

P (g(t), g(t− 1)|ah{0 : t− 1}),

∝P (ah(t)|g(t))
∑

g(t−1)∈G

P (g(t)|g(t− 1), ah{0 : t− 1})P (g(t− 1)|g(t), ah{0 : t− 1}),

∝P (ah(t)|g(t))
∑

g(t−1)∈G

P (g(t)|g(t− 1))P (g(t− 1)|ah{0 : t− 1}). (17)

�{ 4 <a¿ãín

1: Ð©zµ;,²�³Tr, 8I8G9Ùk�©Ùb(g(0));

2: ÑÑµíä8Ig(t);

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

4: l|8��{¤;,³Tr¥�G�Ä�é(s(t), a(t));

5: for g(i) ∈ G do

6: Äuªb(g(t)) = P (ah(t)|g(t))
∑

g(t−1)∈G
P (g(t)|g(t− 1))b(g(t− 1))�#8Iín���©Ù;

7: end for

8: dªg∗(t) = arg max
g(t)∈G

b(g(t))�#t��?Ö8I.

9: end while

�âs(t)�½Â, b(g(t− 1))�±aq/L«�

b(g(t− 1)) = P (g(t− 1)|ah{0 : t− 1}). (18)

òúª(18) �\úª(17), �±��µ

b(g(t)) ∝ P (ah(t)|g(t))
∑

g(t−1)∈G

P (g(t)|g(t− 1))b(g(t− 1)). (19)

lU
�Ñ<a¿ãín�{4, �XXÚÄ�üz, ¿ãín(JØä���#, �Tíä(

J^u©Ù<Å�����®à`z�O(X�{1¥�Ú½5). Äk, ýk�Ñ8I8�|¤ÚÐ©

���k�©Ù. �{�Ñ\´²���³¥�$Ä;,. �$Ä;,¥�XÚG�Ú<�ûüÄ�

S�,�âúª(19)�#8I��©Ù.��©Ù�#�,�â�����níä�c����#8I.

4 �ý�y

4.1 ¢���

ÄuOpenAI Gym¥�LunarLander �[�¸, ¦^�Å)¤�Xº:�I�O�½3(0, 0) ��

I.XJXºìlmXº«ò��øy. XJXºìL¤½²Ê�,Kepisode(å,Ó�¼��	�-

100©½+100©. z^ï�/�+10©. ÌÚ�éÄ�-0.3©/zv. -�b�´Ã��,Åì�nÚ<
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:

x

y

!

ã 3 �ý�¸.

Figure 3 Simulated environment.

L 1 Ä��ÚÚ��éA'X.

L 1 Correspondence between action value and engine switch.

Ä�� ÌÚ� �Ú� mÚ�

0 OFF OFF ON

1 OFF OFF OFF

2 OFF ON OFF

3 ON OFF ON

4 ON OFF OFF

5 ON ON OFF

aº��±ÆS�1���L§, ,�}ÁXº. G��þs(t) �)µ�I(x(t), y(t)), �Ý(ẋ(t), ẏ(t)),

�Ý(θ(t), θ̇(t)), Xº�Ä(legl(t), legr(t)), Xº:�Ih(t).

Ä�8�{0, 1, 2, 3, 4, 5}, äNéA'X�L1, Ù¥0(�e)L«ÌuÄÅÚ�uÄÅ'4, muÄ

Å�m; 1 (e)L«¤kÚ�Ñ'4; 2(me)L«ÌÚ�ÚmÚ�'4,�Ú�mé; 3(�þ)L«ÌÚ

�ÚmÚ�mé, �Ú�'4; 4(þ)L«ÌÚ�mé, �mÚ�'4; 5(mþ)L«ÌÚ�Ú�Ú�m

é, mÚ�'4.

5º1 �ö3�ý�y¥ÀJLunarLander�¸´�Ä�Xºì;,`z(øü��;,�`)3

�`��!�Uûüþ´²;�ÌK, �LunarLander¥�ûü¯Käk�½��L5. LunarLander

�¸�G�s(t)(�)µ�I(x(t), y(t)), �Ý(ẋ(t), ẏ(t)), �Ý(θ(t), θ̇(t)), Xº�Ä(legl(t), legr(t)), X

º:�Ih(t)), éA�ûüÄ�a(t)(�)ÌÚ�!�Ú�ÚmÚ��m'�¹)±9`z8IJ(t) =∑
γtR(s(t), a(t)),Ù¥R(s(t), a(t))��¸G��s(t)��1ûüÄ�a(t)¤¼��øy. XJ�Ä9Ï

f¨|µ, �¸G�s(t)�)µ�3ê´þ� ��I!�Ý!±��ý�ålÚ�é�Ý�, ûüÄ

�a(t)éA������Ý!á�åÝ!h����, ±9`z8IJ(t)éAå©:�m´»5y�ø

ü\È.2'XM�Ã<Å|µ,�¸G���1ì��m�I!�Ý&E�,ûüÄ��AI�UÚM

>&Ò�¤�þe�m�-�. þã|µþÚ�©�y�LunarLander�¸äk��5, Ïdyk�

ý�yU
`²�©¤J�{�k�5.
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ã 4 �{Ú�{SCHMA�(a) ²þøüé'Ú(b) ØÓepisode��øüé', 1�1g��m´b1) episode 1; b2)

episode 100; b3) episode 200, 1�1g��méAb4) episode 300; b5) episode 400; b6) episode 500.

Figure 4 Comparison between algorithm SCHM and algorithm SCHMA: (a) average reward comparison and (b) reward

comparison with different episodes. The first line from left to right is b1) episode 1; b2) episode 100; b3) episode 200, and

the second line from left to right corresponds to b4) episode 300; b5) episode 400; b6) episode 500.

Åì�gÌûüUå´ÄuDQN(Deep Q-Learning [42]) 5£ã�, =^DQN ïþd�¼ê�

��, ±9¼��c����`ûüÄ�. ��5¿�´, �©¦^SCHM(Shared Control of Human-

Machine)5L«/<Å�����{0. SCHMA(Shared Control of Human-Machine with Autonomy)´

ÄugÌ5>.�<Å�����{, §éAgÌ5>.�½�{2. �âgÌ5>.Ø(½5�O

�{3, SCHMAU(Shared Control of Human-Machine with Autonomy and Uncertainty)�LÄugÌ5

>.Ø(½5�����`z�{(�{1). �e5, �©©Oløy!Xº¤õÇ(EÂ�}Ç)!®

àëê!gÌ5>.!��²{ûüÄ��)¤��¡©Û¢�(J.d	,duù�¢�Ø´ó,�

¢�(J, ´500gE¢�¿�²þ�, Ïdv±`²(J���5.

4.2 �ý(J

4.2.1 ÄugÌ5>.�����

Äk�5¿�´øyª³. lã4(a)�±wÑ, SCHMA�{�øüpuSCHM�{. ,	I�5

¿�´, LunarLander�¸��I��Ñ-�,�Xº:�IØ´�½�(Xþ©4.1Ú3.3�!¤ã,

á:�I´Åì�â<�ûüÄ�íäÑ5�), ¤±=¦�^episodeXº¤õ, §�\Èøy�¬

30�mÅÄ. ã4(b)¥�ª³�L²�©JÑ�®à`z�{SCHMA`uSCHM.

�e5ÚO¤õÇÚEÂÇ, Xã5 ¤«. lã5(a)�±wÑ, éu�{SCHMÚ�{SCHMA,

²L30gýÔö�, �ö�¤õÇ�±��0.5 �m, cö�¤õÇ�kØ�0.3 . ã5(b)¥��

{SCHMA�±òEÂÇü$�0.3, éA�SCHMEÂÇ30.5�m. ,	, 5¿EÂÇØ�u�}Ç,

Ïdsucc+ crash 6= 1.

®àëêαû½
<aûüÚÅìûü�·Ü§Ý, Xúª(2)¤«. ã6(a) Ú6(b) Ð«
g·A

�α. �©¤J�`z�{Äk�ÅÐ©z®àëêα ∈ (0, 1),��3Ä�üzL§¥�â¢��¸g

·AN�α��. ���´, ©ÙA^gÌ5>.�Vg(Xª(9), (10))5`zα �g·A�. ã6(c)
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Figure 5 Comparison of (a) landing success rate and (b) crash rate of algorithm SCHM and algorithm SCHMA.
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ã 6 (a) ®àëêα�c100Úª³; (b) ®àëêα��Nª³; (c) gÌ5þ.Úe.; (d) 8IínÚ<ÅûüÄ�

�éA'X.

Figure 6 (a) Trend of the first 100 steps of the arbitration parameter alpha; (b) The overall trend of the arbitration

parameter alpha; (c) The upper and lower bounds of autonomy; (d) Correspondence between target reasoning and human-

machine decision-making actions.

Ð«
gÌ5>.�ª³.

��, �
Bun), ã6(d)�Ñ
8Iín�&Ý!α�Úz�Ä���éA'X. lã¥�±

wÑ, �8Iín�&Ý�$(6 0.3)�, α���C0�, ÏL®à���·ÜÄ����u<aûü,

ù��©�Ð©´���. �Ò´`, �Åì�íÿ�þØp�, XÚ��¿�&<a�ÀJ. �8I

ín�&Ý�p(> 0.5)�, α   ��C1, d�ÏL®à���·ÜÄ����uÅìÄ�, L²d

�Åì´�&�, Ïdù�´Ün�. �Ä�ÅìÃ{l�O(¼�ØäCz�8I, XÚý3
�

½����m(α 6 1)ø<óÚ�.

4.2.2 ÄugÌ5>.Ø(½5�����

�éÄugÌ5>.Ø(½5�����`z�O,Äk��5¿�´øyª³,Xã7¤«. �

�{SCHMÚSCHMA�',�{SCHMAU�±¼��p�øy�.¿�lã7(b)�±wÑ,�Xepisode�
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O\, ÄugÌ>.Ø(½5�����`z�{SCHMAU��^Øäàw, ¦�3øy�¡�k`

³.

�e5©Û�¥��Xº¤õÇÚEÂÇ, Xã8¤«. ã8(a)w«
ÄugÌ>.Ø(½5��

���`z�{SCHMAUéSCHMÚSCHMAXº¤õÇ�U?�J. ¿��'SCHM 0.25�¤õÇ,

SCHMA�±Jp�0.5,SCHMAU�±Jp�0.6. ,	,3ã8(b)¥,�±wÑ�{SCHMAU�K�

Ç�k¤eü.
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´b1) episode 1; b2) episode 100; b3) episode 200, 1�1g��méAb4) episode 300; b5) episode 400; b6) episode 500.

Figure 7 Comparison between algorithm SCHM, SCHMA, and algorithm SCHMAU. The first line from left to right is

b1) episode 1; b2) episode 100; b3) episode 200, and the second line from left to right corresponds to b4) episode 300; b5)

episode 400; b6) episode 500.
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Figure 8 Comparison of (a) landing success rate and (b) crash rate of algorithm SCHM, SCHMA and algorithm SCHMAU.
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Figure 9 The arbitration parameter α and the upper bound of autonomy with uncertainty b(t)and the lower bound of

autonomy b(t).

��,ã9L«�^episode¥ØÓ�mÚ¤éA�®àëêα�g·AN��Ú�'�gÌ5>

.ª³. TãÐ«
<Å����`z�{¢yûü�þUõ�L§¥¤éA�g·AN!®àë

êö�r³. ã9(a) ´c100 ��mÚ�®àëê���*	, ã9(b) �®àëêα��Nª³. 3

ã9(c)¥gÌ5þ.VÇ©Ù(£Ú, Probability Distribution of the Upper Bound, PDUB)r³¥, î

�Iþz��mÚéA�p�I�)ü��)þ�Ú��, =b(t) ∼ N(µb, σb), aq/, gÌ5e.Ñ

lb(t) ∼ N(µb, σb)�VÇ©Ù(7Ú, Probability Distribution of the Lower Bound, PDLB). üöÑk

Ïu<Å�����{SCHM�`zL§, VÇ©Ù�Ø(½5�±Jø��¡�&E, ù
lã7Ú

ã8¥�±wÑ.

5 (Ø

�é<Å��L§üÑµ�Ø(½5Úå�ûü��Ø²(�/,�©JÑ
�«¡�<ÅS0

ûü¯K�����`z�{. <Å����L§�ï�¤��Äu�Ó8I¼ê�`z¯K, Ù¥

�Ä
<a¿ãé��L§�K�, ¿�KÜ
Äu��d5K�¿ãín. Äu�`z8I¼ê�

'�gÌ5>.&E9ÙØ(½5, �Ñ
¤ï�`z¯K�����`z�{. ÏL�ý(J�y


¤J`z�{äkUõ<ÅS0ûü5U�Uå. 3¢S<Å·Ü�Uûü¥�U¡éõ�UN�

�é|��/, �5ó�ò�Ä�E,�<ÅKÜûü|µ, ±?�Úr?;[�£Ú<ó�U3·

ÜOr�U+���{(Ü.
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Abstract Considering that human-machine shared control occurs in many decision-making scenarios where

human intelligence and machine intelligence participate together, and the decision-making range of humans and

intelligent machines have not been clearly divided, real-time arbitration is required to achieve human-machine

coexistence and sharing of decision-making authority. To this end, this paper proposes an arbitration optimization

method, which is unique in that the concept of autonomous boundary optimizes the arbitration mechanism

of human-machine decision-making actions in shared control. This paper provides an idea for the calculation,

update and maintenance of the autonomous boundary, which can analyze the possible goals of the human-machine

shared systems based on Bayesian rule-based intention inference, so as to determine the selection of arbitration

parameters. In addition, this paper also analyzes the uncertainty of the autonomous boundary to promote the

optimal effect of boundary information on decision quality in shared control. The final experimental results

show that the proposed method performs well in cumulative reward, success rate, crash rate, which illustrate

the effectiveness and value of our proposed quorum optimization method in shared control for solving sequential

decision problems.

Keywords Shared control, arbitration optimization, autonomous boundary, human-machine sequential

decision-making, reinforcement learning
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