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Abstract: To solve O2O delivery challenges like changing demands and real-time requirements, this study
proposes a two-layer deep reinforcement learning method. The upper-layer agent handles order allocation by
learning from historical orders and road conditions. The lower-layer agent focuses on optimizing delivery
routes for riders. A global reward system connects both layers to share optimization signals. This design helps
balance long-term goals across multiple scheduling periods. In the simulation platform, real and simulated
orders from a certain food delivery platform in Dalian are subjected to multi-scenario real-time dispatching
experiments. This verifies the superiority of the method in considering long-term goals in rolling scheduling
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and service-quality-oriented for immediate delivery services.
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1 ÚÚÚ óóó

O2O(online to offline)=��x®¤�y�)¹�­�|¤Ü©,�X½|5��Øä*�,²�¡�X

ÜnN�]
,p��¤¾ü�$E]Ô.ÏL�êâÚ`zEâ?1NÝ,~�¾ü��Ú�x¤��,

¤���.ÚÆâ.�Ó'5�9:¯K[1].

ÃõÆöòT¯Kw��^�mI��xÀNÝ¯K(pickup and delivery problem with soft time

windows, PDPSTW)[2,3], PDPSTW´�ý´»¯K(vehicle routing problem, VRP)���CN[4], VRP´�

�NPJ¯K,¡�X)�mã�,¦)�Ç$�]Ô,3õ�ª�mSJ±Jøk��`). Ïd,�
¦

)PDPTSW�`D�°(�{[5,6]Úéuª�{[7,8]Ø2·^uäk�m;½5��5�=��xNÝ¯

K.d	,=��xNÝ�¡�X¾üÄ��ÅÑy!I¦ÅÄ5r±9´¹¢�Ø(½�¯K.�ïU


·AI¦��ÅÄ5!´¹¢�Ø(½5¿÷vûüî���5�Ä�NÝ�{,´â»DÚPDPSTW¦

)Û��'�ïÄ¯K.

�é)�mã��¯K, Li�[9]ÏLké¾ü?1àa, 2éàa���5�¾ü?1´»`z, Q

~�
¯K5�, q~�
O��m. ,
, T�{Ï~=U¢yügNÝ,I���c¾ü�Ü�x�

¤�âUé�{¾ü­#NÝ,Ã{3�xL§¥Ä�N�äÃ�?Ö©��´»5y, E¤]
L¤.

Liang�[10]�O
�«·Ü¢D�{Ú�\�{,U
ò#¾üØä�\�ý4x´»?1EÄNÝ,l


¢y]
��`|^[11,12]. ,
,òÄ�NÝ
)¤�X�·�¯K�EÄNÝJ±o��Ï8I.d	ë

�êeÚ�¤ö�äÃé�x�þäk­�K�,XÛUõÙó��¸é�±²�­½5ÚJp�xÑÖ

�þäk­�¿Â[13]. Jiang�[14]ÏL~�äÃ�|d�Ç��,�3~�äÃ�m�Â\�É,l
Jp

äÃ÷¿Ý.'R�[15]3dÄ:þ�Ä
äÃS�,ÏL¢D�f��O,¢yõ8I�Ó`z. �daé

uª�{Ì��é�5��~|µ,3�5�|µe,N´�\ÛÜ�`,��fé�§Ýþ�6u<a�

;��£Ú²�,I�Øä/iÿÚN�üÑ,ÄK¬��T�{��JØZ.

3�ÝÆS(deep learning, DL)ÚrzÆS(reinforcement learning, RL)�¯�uÐ�|±e, ÄuÆ

S��{®�2�A^u`zNÝ¯K¥[16]. RLU
|^l�²�, 3ÆSL§g·A/UõüÑ.


DLU
é�¸G�?1a�, Jp�x�Ç. Li�[17]ò�ö?1(Ü, ¦^�ÝrzÆS�{(deep

reinforcement learning, DRL)Ägé�xÀ¯K?1
¦),¿�y
§äk'DÚéuª�{�Ð�5U.

3PDPSTW�¡, Zou�[18]|^m
�Ï�[^�SUMO(simulation of urban mobility)�ï
��O2O²�

��[�.,¦^V�ÝQ�ä(double deep Q-network, DDQN)�â¾üÚäÃG�)¤©�Ä�,ÏLø

yÅ�Ú��UNÆS,¦¾ü�¤�m�á,¿�yT�{�k�5. ��X�[19]|^DRLa�I¦Ø(

½5¿`z?Ö©�,Ó��ÄäÃm��pK�,¦^éuª¯�)¤´»5y�Y,T�{äkûÐ�

�z5Ú·A5. ,
,ù
�{�¿©�Äy¢|µ¥E,´¹é�x�Z6,ù
Ï�¬��K�äÃ

�NÝ�´�5y. d	,e�{ü¦^éuª�{é´�?1N�,�,U
¯�)¤´»,�3?nE

,õC�´¹�,�UÃ{é��`),��´»5yØ
°[Úp�. ÏL3´»`z¥Ú\DRL,k"

?1Uõ.

nþ, �
Aé�5�PDPSTW¦)E,Ýp, DÚ�{éØ(½�¸·A5�!´�\ÛÜ�`,

éý¢�x�¸ÍÜØv�¯K, �©JÑ
�«©�DRLNÝ�{SAC-PNLNS(soft actor-critic-pointer

network-large neighborhood search), 3?Ö©�Ú´»`zþ¦^�UN?1ûü, |^ÙÄ�a�Uå,

·A¾üI¦Ú´¹&E�ØäCz,±Y`züÑ,Jpî�`z(J.nÜ�Ä¾ü²þÑÖål!²

þ��¨vÚäÃú²5(äÃ�Ã��),�þe��UN�Oøy¼ê,Ú��UN�g`zU?üÑ.

d	,�O
�Ûøy¼ê,?1p��UNm&ÒD4,;�`z8IÀâ���ÛÜ`z,¢y²�!�

r!äÃn�ÌN�oNnÜÂÃ��`. ��3�Ï�ý²�¥éý¢¾ü?1NÝ�[,�y
¤J�
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{�`�5Ú·A5.

2 ¯̄̄KKK000���

3O2O=��x²�þ,du¾üI¦�wÍÅÄÚ�Å5,±9�ré���S�¤�x�î��

¦,²�¡�X=��A¾ü�]Ô.Ó�,�ê�m��Å5Ú´¹�Ø(½5�é�x�Ç�)wÍK

�.3äÃ]
k���3��Nþ���^�e,�©ïÄ
XÛ3¢�?Ö©�Ú´»5y¥�Äù


Ø(½5Ï�,±~�¾ü�²þÑÖål,ü$��¤�,Jp²�Ú�r�÷¿Ý,Ó�~�äÃ�

Ã��,JpäÃ�÷¿Ý,l
`z���x6§.

äN/,�©¦^k�ãG = (N,B)L«²��x�Ï�ä. NL«äÃ�xL§¥�U²L�!:

8Ü,�¹�xÑÖ¥%Ninit!û[!:8ÜJ ,Ú�r!:8ÜK. B´N¥¤k!:üüm|¤�>8

Ü, z^>(n, n′)éA���½ål¤�d(n, n′), ±9´¹Z6e�Ø(½äÃ�ÝK�Ïf(´¹K�

Ïf)δ(n, n′). �ÄÓ�äÃ,z�äÃPk�Ó���Nþ��C,�½�ÝV . Ð©��,¤käÃþ 

uNinit. 3$E±Ï[0, T ]S,��¾üiÄ���,XÚI�?1?Ö©�,¿`zäÃ´�.

®��¾üi ∈ I�¹±e&E: ¾üÒi, û[!:ji ∈ J , eü�mti, �@�ê�mli, ��R5x

��mfi(�eü����éA�m), ±9eü�rki ∈ K. Ù¥�@�ê�mI��Ä�ê�mtip, b

�tip ∼ N(µ1, λ1).

éu��äÃ8ÜH ,äÃh∈H ,�¹±e&E:��Nþ��C,äÃ�c��¾üþch. äÃ�c¤

3 �nh ∈ N ,�cäÃoÂÃeh. XÚ?�Ú(ÜäÃ&E?1?Ö©�,3�ÄNþ�åe,ò?Ö©

����üäÃ.3,���äÃ�´�Oy�±L«�

θh =

( (
nhinit, d

(
nhinit

))
,
(
nh1 , s

(
nh1
)
, a
(
nh1
)
, d
(
nh1
))
, ...,(

nhξ , s
(
nhξ
)
, a
(
nhξ
)
, d
(
nhξ
))
, ...,

(
nνo , s

(
nho
)
, a
(
nho
))) , (1)

Ù¥ nhinitL«L«äÃh�Ñu/, d(nhinit)L«hÑu���,Ï~�Ù��1��¾ü���.é®�¯

L�!:nh1 ,´»¥�¹T!:éA�ÑÖ�ms(nh1),äÃ¢S���ma(n
h
1),Ú¢Slm�md(n

h
1). é

uOy�¯!:nhξ ,K�¹!:ÑÖ�ms(nhξ )!äÃýO���ma(n
h
ξ )ÚäÃýOlm�md(n

h
ξ ).

duδ(n, n′)3TSÄ�Cz,K�äÃ�x��,�ª��äÃ�¢S���mÚ¢Slm�m  �

ýÿØÎ.Ïd3�äÃ�¯T!:�,I�òa(nhξ )�#�!:�¢S���m,¿�#¢Slm�m. é

uäÃ��¯!:,ù
!:|¤6½���¯´�Oyθuh ,TÜ©¬��x^SüÑ`zUC.´�Oy

����!:��m&EØ�)ýOlm�m,�k3´�Oyu)�#,#�!:��\�T!:��,

â¬�#ÙýOlm�m.

äÃe3lic��êe,KI�����ê�¤âU�ê. äÃXJ�ufi���r �,K¬É�¨

v. Ïd,¾ü²þ��¨vO�Xe

r(I) =
1

| I |
∑
i∈I

[max (0, a(nξ)− fi)], nξ = ki. (2)

eäÃm�Ãeh����,K¬K�äÃ÷¿Ý.ÏdäÃú²5O�Xe

r(H) = σ2(e) =
1

|H|
∑
h∈H

(eh − e)2 , (3)

Ù¥ e´¤käÃ�²þÂÃ.
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�âäÃ�1¨´�,�±O�Ñü�äÃ�¤ÑÖ¤I�oål. \o¤käÃ�oål��ÑÖ

¤I�oål,?�Ú¦Ñü�¾ü�²þÑÖål,O�úªXe

r(θ) =
1

|I|

m∑
h∈Hi=1

d(ni−1, ni), ni ∈ N, (4)

Ù¥m´äÃ´�Oy¥!:�oê(�)å:Úª:). niL«´�¥1i�!:.

nþ,�©`z8I�$E±ÏTS,¾ü²þ��¨v!ÑÖål!äÃú²5�Ú��. @�z�8

IÓ�­�,�­Ñ½�1,¿é��I?1Min-Max8�z?n,8I¼êÚ�.Xe

Min W = r′(I) + r′(H) + r′(θ), (5)

s.t.

r′(Ω) =
r(Ω)−min(r(Ω))

max(r(Ω))−min(r(Ω))
,Ω = I,H, θ, (6)

ch 6 C, (7)

s
(
nhξ
)
=

li, nξ ∈ Jfi, nξ ∈ K,
(8)

li = ti + tip, (9)

νnn′ = V ∗δ(n, n′), (10)

a (nζ+1) = d (nζ) +
d(nζ , nζ+1)

νnζnζ+1

, (11)

d (si) > a (ki) > li, (12)

d (si) > d (ki) , (13)

xhi, x
h
nn,∈ {0, 1}, (14)

�.¥8I¼ê(5)L«�N`z8I.ª(6)�Min-Max8�z?nL�ª. �å(7)�y�xL§¥äÃ÷

v�c��NþØ�LNþ��.ª(8)L«äÃ�x´�¥!:�ÑÖ�m��,ª(9)L«�@�ê�m.

ª(10)L«�´ã��x�Ý.ª(11)L«ýO��!:��mO�úª. ª(12)�yäÃlmû[�mØ

U@u�@�ê�m. ª(13)�yéu¾üi÷vk�À2xÀ.ª(14)¥xhi!xhnn′©O�ò¾üi©��h,

±9h3�xL§¥²Lnn′,�öÑ�0-1ûüCþ.

3 ÄÄÄuuu©©©������ÝÝÝrrrzzzÆÆÆSSS������xxxÀÀÀ`̀̀zzz���{{{

�Aé=��x¯K�I¦ÅÄ5!́ ¹Ø(½5±9¢�5�¦,�©¦^DRLé�¸¥E,´¹

?1a�, ÏLØäÁ�, `zg�üÑ. d	é¯K?1©�¦), 3ØÓ?Öe�Ä�g�åÚ`z

8I,Jpûü�þ,��|^�Ûøy¼êòþe�?1'é,¢y�NNÝ,¿©u�DRL�g·A¾

ü!́ ¹�Å5`³.

3.1 ÄÄÄuuuSAC���???ÖÖÖ©©©������{{{

3þ�f¯K¥, NÝXÚÏLEÄNÝ, �â�c¾ü³¥¾ü&E!äÃ&E, ±9�'´ã´

¹&E,ò?Ö©��Ü·äÃ. DRLòNÝ`z£ã���ê��ÅûüL§(Markov Decision Process,

MDP),�UN��¸?1�p,ÏL�1Ä�l�¸¥¼�øy,¿*	�#�G�(States),?
4�UN

ÏLÚ�¸�Øä�pÆS��¦øy��z�Ä�üÑ.±e´?Ö©�¯K�MDP|¤Ü©:

1)ûü:
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�(�¾ü¢�5,�©3¾üÑy��=?1¢�ûü,P1o�¾ü�Io,Ùeü�m�tIo . du�

Ä
��Nþ��,�;�Ã�NÝ,3Ã��üäÃ�,Ø?1ûü,3k��üäÃ�,2?1ûü,P

T���th. Ïd1o�ûü:�ûü�m�to = min(tIo , th).

2)G��m

G��¹
3ûü:�Ñûü¤I�7�&E.�©¥G��md¾ü³&E!�x]
(äÃ)±9´

¹G��¤. äN�|¤Ü©Xe:

to: ûü�u)��.

Io: �©�¾ü��[&E.�¹¾üÒ!eü�m!û[ �!�r �!�@�ê�m!��R5x

��m�. z�¾üIo�±L«�(iIo , tIo , sIo , kIo , lIo , fIo).

Ho: ûü:oäÃ8Ü��[&E. Ho = {H1
o , H

2
o , ...,H

m
o },Ù¥Hh

oL«h3o��&E8Ü,�¹�c

�üþ!���üþ!�c¤? �!äÃx��c¾üýO�m(�@ÑÖ�m),�c�Ã. Hh
o�±L«

�(cHho , CHho , nHho , tHho , eHho ).

Do: ûü:o��ålêâÚ´¹&Eδ,�)äÃüümål,z�äÃ�c ��û[ål!���

ål,¾ü¥�û[���ål. nþ,�©òþ�G�&EL«���o�|Sup = (to, Io, Ho, Do).

3)Ä�

3z�ûü:�UN�âüÑ���lÄ��mA¥ÀJ��Ä�.3?Ö©�¯K¥,Ä���©�

¾ü–äÃ���Y.�©òûü:oæ��Ä�½Â�ao,L«ò?Ö©��,äÃ.=ao = h, h ∈ H .

3?Ö©��,��üäÃ�´»ò���#,P�θoh.

4)øy

?Ö©�ûü�øyÄu©�c�8I¼ê�Cz,X­�ÄäÃú²5Ú²þÑÖål. du��

�äÃú²5Ú�	ål¤�¬ü$�J,øy�ù
Ï����ê,±r?ú²©�¿~��	1¨å

l. �.�øy�O�

R1 = −(r(θoh)− r(θh) + r(Ho)− r(H)). (15)

�©¦^Soft Actor-Critic (SAC)?1?Ö©�,duÄ��m´äÃ?Ò8Ü,áulÑÄ��m,Ï

dòActor�ÑÑπε?U�A�softmax©Ù,ÀJVÇ�����Ä�,=

ao = argmax(softmax(πε(s
up
t ))). (16)

CriticÏL�ÂSupt ÚÄ�©Ù��Ñ\,�Ñ3TG�e,�1Actor�ýÏ£�,ïþ)¤�Ä�Ð�.

SAC¦^
ü�Critic5�OýÏ£�,¿�ùü��O������8I�,~�
d��O�LW* 

�,l
k��)
DQNduQ��O �Úå�ÆSØ­½5¯K[20,21],=

yi = ri + γ min
j=1,2

Qω−j
(si+1, ai+1)− α lnπε(ai+1 | si+1), ai+1 ∼ πε(· | si+1). (17)

Äu����K, SACÚ\�	�ëêα5����Úd�¼ê�m��ï,¦�SACU
3&¢�|

^�mgÄ��ûÐ�²ï[22],(��{QU3�¸¥¿©&¢,qUk�/|^®k�£?1ûü. ù«

é&¢5Ú­½5�Or,¦�SAC3�2��?Ö��S¢y
p�ÆS,¿�U
�Ð/?nE,ÚÄ

�Cz��¸]Ô.

3Actor�ä�, SAC���¼êØ=�¹Q��KÏ",�\\
���K�(ª(18)��Ü©). ù¿�

XActor�äØ=�Ôö¤ÀJp£��Ä�,Ó����yO\ÙÑÑ©Ù��Å5(=O\�),±r?

�2��&¢1�.d	�ÏLg·AN�α¦�üÑ���C��8I��(ª19). ÏL��zÏ"£�

�ýÏ\È�, SAC(�
�{Ø=Uk�/|^®k�£?1ûü,�U
�±v
�&¢åÝ,;�L

@Âñ�ÛÜ�`). ù«Å�\�
�Û�`üÑ�uy,¦�SAC3E,ÚÄ��¸¥LyÑ�Ð�
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5U!­½5Ú·A5,Ó�~�
�\��ÛÜ�`��U5,?
\¯ÆS�Ý¿Jp�ªüÑ��þ.

Lπ(ε) =
1

N

N∑
i=1

(
α lnπε(ai | si)− min

j=1,2
Qωj (si, ai)

]
, (18)

L(α) = Est∼R,at∼π(·|st)[−α lnπ(at | st)− αH]. (19)

¦^SAC?1?Ö©��üÑXe¤«:

ÚÚÚ½½½ 1 Ñ\�ý��T!8I��H!�K�Xêα!ò�Xêγ, τ .

ÚÚÚ½½½ 2 �Å)¤ε!ω1!ω2,¿Ð©zActor�äπε(s)ÚCritic�äQω1
(s, a)!Qω2

(s, a).

ÚÚÚ½½½ 3 ω−1 ← ω1, ω
−
2 ← ω2,Ð©z8ICritic�äQω−1

(s, a)!Qω−2
(s, a),²�£�³D ← ∅.

ÚÚÚ½½½ 4 ¼��¸Ð©G�s1.

ÚÚÚ½½½ 5 �âª(16)ÀÑÄ�at, �1at, �âª(15)O�øyR1, ¼�G�st+1; ò(st, at, R, st+1)�

\D¥. Ù¥R = R1 +R2,�3.3Ü©.

ÚÚÚ½½½ 6 �äD¥²�êþ´Ä�L��êþ,e´,�1Ú½7,eÄ,=Ú½8.

ÚÚÚ½½½ 7 lD¥�Åæ�N��|{(si, ai, ri, si+1)}i=1,...,N ; �âª(17)�O£�yi; �#Actor�ä:

éj = 1, 2,±��z��¼êL = 1
N

N∑
i=1

(yi −Qωj (si, ai))
2;�âª(18)O���¼êLπ(ε)�#Actor�ä,

±��zýÏ£�Ú�;�âª(19)�#��K�Xêα;�#8ICritic�ä, ω−1 ← τω1+(1−τ)ω−1 , ω−2 ←
τω2 + (1− τ)ω−2 .

ÚÚÚ½½½ 8 e�mÚt < T ,=Ú½5;ÄK,�{(å.

3.2 ÄÄÄuuuPNLNS���´́́»»»`̀̀zzz���{{{

3�x?Ö¥,ü�¾ü�äÃ´���²(,�¾üOõ�,I`z�x´�^S±Jp�Ç.ÏL3

#O¾ü�­NÝ,(�äÃ�x´��`. äN/,�©æ^
���ä(pointer networks, PN)����|

¢(large neighborhood search, LNS)�(Ü��{PNLNS?1´»`z.

Äkòdnh!θ
u
h!δ(`, `

′),`, `′ ∈ nh ∪ Nu
h�¤�e�G�&ESdÑ\PN, PN�â¤�Â&EÑÑ´�

S�Seq1,2¦^LNS`zSeq1,òLNS`z)Seq2ÚSeq1¦�����(cross entropy loss, CE)D�PN,`

zPNëê. ��òSeq2D��ª`z´�θ
u′

h ,�âª(20)¦)e�øy,D4�þ�. Iuh!I
u′

h L«`zc�

´�¥�¾ü�¹. �1´»`z���øyR2O�úªXe

R2 = −(r(θu
′

h )− r(θuh) + r(Iu
′

h )− r(Iuh )). (20)

PN���«S��S�(Seq to Seq)�.,äk5¿åÅ�,U
a�ÓP�¾üm��6'X!;½5

9!:m�ål,zg�Ñe���Z�¯!:,ÅÚ�ï����x´». d	, PNU
·A?¿�Ý�

S�Ñ\,¿�zg)¤�e��!:Ñ´l�c��¯�!:¥ÀÑ�,(�
´»¥Ø¬­E�¯Ó

��!:,ùD�
PNûÐ�*Ð5Ú(¹5. ,
, PN3�O�Ì�'5uÏL5¿åÅ�ÓPÑ\ê

â�m��6'X,
vkS�é�å13�M5�å,Ïd�U)¤��T�å�´». d	É�u�.(

�ÚÔöêâ, PNÃ{¿©&¢¤k�U�´»,AO´@
I�÷vE,�å�´». �©¦^�PNe

�ãXã1¤«.

LNS�{���«²;�´»¯K¦)�{,U
3÷võ«M5�åe¯��)�þ�1)[11],�

·Ü��mI��xÀ¯K¦)[23],�§ØUé�¸G�?1a�. òPN�LNS�{�(Ü,/¤
�«

#�`züÑ.3ù«üÑ¥, PNKIé�¸G�?1a�,�)¾üm��6'X!;½5±9!:m�

ål�,
LNS�{KéPN)¤�ÐÚ´»?1ÛÜ»�Ú?E,±d5Or´»�&¢Uå. ¿©|^


PN�S�ï�UåÚLNS�{�ÛÜ|¢`zUå. d	,òLNS`z��´»�PN)¤�´»�m�
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��������"&Ò,?�Ú`zPN�ëê. ¦���´»`zL§C��\�UÚp�,l
3�x

?Ö¥¢y�`��x´�5y.

hn 2

un
3

un
4

un
1

un

2

1

4

3

GraphEmbedding

Encoder--LSTM

Decoder--LSTM

With

Pointer--Attention

2

un
1

un
4

un
3

un

ã 1 PNe�ã

Fig. 1 Architecture diagram of PN

ÄkdPN3é´¹��Å5?1a�Ä:þ)¤Ð©),2dLNSO\éd3�`)�&¢,(�´

»Ün5Ú�Ç,��ÏL��DÂ,JpPN�ÆS�ÇÚ)¤)��þ,/¤����4�,J,
´»

`z��N�þ. PNLNSüÑXe¤«:

ÚÚÚ½½½ 1 Ñ\G�&ESd, θuh , LNSS�gêM ,ÆSÇρ.

ÚÚÚ½½½ 2 �Å)¤���äëêΦ,Ð©z�ª´»θu
′

h ← ∅,Ð©zPN´»Seq1 ← ∅,Ð©zLNS´

»Seq2 ← ∅.

ÚÚÚ½½½ 3 �ïålÝ
C,O��©´��r(θuh)!r(I
u
h ); PN�{)¤Ð©´�Seq1.

ÚÚÚ½½½ 4 lSeq1�ÅÀÑÜ©!:íØ,�\��\!:8Ü;Uì#O¤����K,?E´»,�

���)P .

ÚÚÚ½½½ 5 eP÷vk��x�å,�r(θP ) + r(IP ) < r(θSeq2
) + r(ISeq2

), Seq2 = P .

ÚÚÚ½½½ 6 eLNS�1gêvk��S�gêM,=Ú½4;ÄK, θu
′

h ← Seq2;O�Seq1�Seq2 m���

���CE,O�R2;�#ëêΦ = Φ − ρ∇ΦL;ÑÑ�ª´»θu
′

h ÚR2,�{(å.

3.3 ÄÄÄuuu���ÛÛÛøøøyyy������NNN`̀̀zzzNNNÝÝÝ���{{{

3¦^SAC?1?Ö©�,¦^PNLNS?1´»`z�Ä:þ,�
¢y�\�UÚp��NÝûü,

JÑ
�«M#5�éÜÔöÅ�,TÅ�òþe�ûüÏL�Ûøy;�(Üå5,¿©u��g`³,

¿�Ñ
DÚéuª�{�á?n?Ö©�½´»5y¯K�Û�5. äN
ó,/ÏSAC)¤�?Ö©

��Y,��äÃ1¨´���e�´»`z8I,~�
¯K¦)E,Ý.3´»`zþ,üÕ¦^��

�ä�,U
é�¸Czk¤a�,ò&E?1D4,�Ù`z5U�UØ¦X<¿,(ÜLNSé���ä

�)?12�&¢,Ïé�`),?�Ú`z���ä,U
��¤�,¢yp��´»`z¦)Uå. ��

ÏLòþe�øy�Ü¤�Ûøy,XÚ¢y
&Ò�k�D4,?�Ú`z
?Ö©�üÑ�ä. 3÷*

�¡,J¦�Z��N5U�I,
3�*�¡, PNLNSKI?1äN´»�°[zN�,(�
XÚ�(

¹5!·A5Ú)û�Y�p�þ. ù«þe�üÑ�kÅ(Ü,k�r?
&E�k�D4Ú��,wÍ

J,
XÚ��N5U.Äu�Ûøy��N`zNÝüÑXe¤«:

ÚÚÚ½½½ 1 Ñ\�ý��T .

ÚÚÚ½½½ 2 Ð©z�©�¾üD ← ∅,Ð©z��üäÃ8ÜH ← ∅, ch=0.

ÚÚÚ½½½ 3 e#¾üiÑy,òi�\D;ech < C,òh�\H .

ÚÚÚ½½½ 4 eD�HþØ��,¼�G�s,ÄuSACÀJÜ·�üäÃa,òsi, ki�\a�θua ;O�þ�ø

yR1,¼�#G�s′;¦^PNLNS`za��x^S,��θu
′

a ,O�e�øyR2;O��ÛøyR = R1 +R2;

ò(s, a,R, s′)�\²�£�³^uüÑ�äÔö;ÄK,äÃU´�?1�x,���À �ch + 1,��x

À �ch − 1.
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ÚÚÚ½½½ 5 e�c��t < T ,=Ú½3;ÄK,�{(å.

4 ���ýýý¢¢¢���999(((JJJ©©©ÛÛÛ

4.1 ¢¢¢���êêêâââ999���ýýý���¸̧̧000���

�©¦^,	ñ²�3�ë½�{¤ý¢¾üêâ?1¢�,êâ8¥�¹¾ü��)�m,eüû[

 �,�r �&E.²Lé{¤¾ü�Ñy�m©Û,uyü�¾üp¸Ï,©O´Ìp¸(10–13)!�p

¸(17–18). ��y�{3�þ¾ü|µe�|ØUå,�©À�ùü�p¸ã¾üêâ?1¢�. d	��

y�{�·A5,�©)¤
�[êâ8?1¢�.

 !"  #"  $"

ã 2 ý¢¾ü©Ù(a)9�[Ìp¸(b)!�p¸¾ü(c)©Ùã

Fig. 2 Distribution of real orders (a) and simulated afternoon peak orders (b) and evening peak orders (c)

�©à�u=��xÄ�NÝ¯K,AO´3´¹Ø(½��µe. 3¢�L§¥,·�nÜ�Ä
õ

«�Å5Ï�,±�O(/�[Ú)û¢S¯K.L 1�[�Ñ
ù
�ÅÏ�9Ù����âÚ�{.

L 1 �Å55
L

Table 1 Randomness source table

�ÅÏ� `² ��©Ù

¾ü�Å5 ¾ü�Ñy�m!û[Ú�r� �Ø(½ ý¢¾ü: ¾ü�©êâ
�[¾ü: 3õU{¤êâ¥æ�,�'&EÑl±e²�©Ù:
ti ∼ FtI (x), ji ∼ FjI (x), ki ∼ FkI (x)

�ê�m�Å5 ØÓ¾ü¤I�O��m�3�É tip ∼ N(µ1, λ1) ,Ù¥µ1=1 200, λ1=600

´¹�Å5 ØÓ�m!́ ã��Ï§ÝØÓ δ(n, n′) ∼ Fn(x),Ù¥Fn1 (x)´Äu�ë½{¤�´�Ï§Ý�êâ

�ï�²�©Ù¼ê

�ïÄÏLò�ë½´�êâlOpenStreetMap�\SUMO�Ï�ý^�,�ï
��ý¢��Ï�ä

�¸,^uDRL¥�UN��p. |^Traci��,°(��äÃ��x1�,�[ý¢�x6§,¿¢�N�

�ÏG¹±�[´¹K�Ïfé�x�K�.d	,ÏL�I=�òy¢¾ü&EN���ý|µ¥. ¢�

L§^��^M���9�¸ëêÚSAC-PNLNSÔöëê��XL 2¤«.

L 2 �¸��9ëê��L

Table 2 The parameters used in Monkey Algorithm

�ó/�¸ ��/� ëê � ëê �

Python 3.10.14 H − log(1/ĥ) τ 0.005
SUMO 1.15.0 γ 0.98 M 1 000
T 21 600 α 0.01 ρ 0.01

äÃê(ĥ) 30 C 5 V 25(km/h)

�ýL§ãXe¤«.
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ã 3 SUMO�ýXÚ.¡�/ã«�Ð«

Fig. 3 SUMO simulation system interface and map area display

4.2 ééé'''¢¢¢���999555UUU©©©ÛÛÛ

�!?1
�X�é'¢�,�y©�rzÆS�nÜ5UÚ3G��m¥�Ä´¹�k�5,¿�y

þ�¦^SAC�{�`�5. ÑuO2O=��xÄ�NÝ�¢�5�¦(*	�{ì!�
o²��¯�ê

¦),�À��'��{þ�½33 sSL�¤�gEÄNÝ(duäÃ5�K�NÝÑ�,äÃ5����,

=���¹e,Xéuª�{�1¦®Âñ,·Üª�{�2.8 s, DRLa�{�1.9 s). äN¢�Xe:

SAC-PNLNS(−δ): 3G��m¥�Kl�¸¥*	���´¹&E,Ù¦Ü©�±ØC?1NÝ.

DQN[24]: ¦^DQN�{ò?Ö©��´»´»`z�Ü¦).

DQN-PNLNS:3¦^DQNò?Ö©��äÃÄ:þ,¦^PNLNSée�´»?1`z.

DDQN-PNLNS:¦^DDQN[18]ò?Ö©��äÃ,e�¦^�©�{?1´»`z.

DP-LNS:¦^ål`küÑ,ò?Ö©��#Oål���äÃ[25],2¦^LNSéäÃ´»?1`z.

SA-LNS[23]: ²;�ü�ã¦)��mI��xÀ¯K�éuª�{�U?. 1��ã¦^�[ò»�

{?1?Ö©�,1��ã¦^LNS5`zäÃ´�.

µd�IXe:

8�z��²þ��¨vr′(I): �ª(2)9ª(6).

8�z��äÃú²5r′(H): �ª(3)9ª(6).

8�z��¾ü²þÑÖålr′(θ): �ª(4)9ª(6).

�N`z8IW : �ª(5).

¢�(JXeL¤«,Ù¥�`(J?1
\o,g`¦^
ey�Ð«.

L 3 �5�é'¢�(J

Table 3 Large-scale comparison of experimental results

êâ8 �{ E(r′(I))(D(r′(I))) E(r′(H))(D(r′(H))) E(r′(θ))(D(r′(θ))) E(W )((D(W ))

ý¢Ìp¸

SAC-PNLNS 0.49 (0.02) 0.03 (0.05) 0.18 (0.25) 0.70 (0.28)

SAC-PNLNS(-δ) 0.69 (0.11) 0.04 (0.05) 0.30 (0.00) 1.03 (0.06)

DDQN-PNLNS 0.82 (0.01) 0.04 (0.05) 0.38 (0.39) 1.24 (0.43 )

DQN-PNLNS 0.82 (0.23) 0.04 (0.05) 0.34 (0.26) 1.19 (0.07)

DQN 0.82 (0.26) 0.04 (0.05) 0.59 (0.46) 1.45 (0.25)

DP-LNS 0.26 (0.17) 0.66 (0.03) 0.67 (0.27) 1.58 (0.11)

SA-LNS 0.36 (0.03) 0.98 (0.02 ) 0.71 (0.20 ) 2.06 (0.23)

�[Ìp¸

SAC-PNLNS 0.42 (0.00) 0.04 (0.05) 0.35 (0.34) 0.80 (0.38)

SAC-PNLNS(-δ) 0.80 (0.27) 0.05 (0.06) 0.11 (0.12) 0.95 (0.33)

DDQN-PNLNS 0.82 (0.26) 0.05 (0.06) 0.19 (0.27) 1.06 (0.08)

DQN-PNLNS 0.82 (0.21) 0.04 (0.05) 0.27 (0.01) 1.12 (0.15)

DQN 0.54 (0.13) 0.70 (0.01) 0.62 (0.15) 1.85 (0.27)

DP-LNS 0.26 (0.16) 0.95 (0.02) 0.46 (0.14) 1.67 (0.17)

SA-LNS 0.29 (0.05) 0.96 (0.03) 0.44 (0.32) 1.69 (0.31)
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YL 3
Table 3 Continues

êâ8 �{ E(r′(I))(D(r′(I))) E(r′(H))(D(r′(H))) E(r′(θ))(D(r′(θ))) E(W )((D(W ))

ý¢�p¸

SAC-PNLNS 0.20 (0.27) 0.02 (0.03) 0.35 (0.50) 0.57 (0.80)
SAC-PNLNS(-δ) 0.72 (0.09) 0.03 (0.04) 0.39 (0.38) 1.14 (0.51)
DDQN-PNLNS 0.74 (0.17) 0.03 (0.05) 0.44 (0.48) 1.21 (0.36)
DQN-PNLNS 0.65 (0.15) 0.03 (0.04) 0.30 (0.36) 0.99 (0.55)
DQN 0.82 (0.26) 0.03 (0.03) 0.55 (0.64) 1.39 (0.41)
DP-LNS 0.19 (0.07) 0.99 (0.01) 0.48 (0.16) 1.66 (0.19)
SA-LNS 0.23 (0.14) 0.96 (0.02) 0.29 (0.19) 1.48 (0.31)

�[�p¸

SAC-PNLNS 0.58 (0.59) 0.01 (0.02) 0.15 (0.17) 0.74 (0.78)
SAC-PNLNS(-δ) 0.47 (0.67) 0.01 (0.02) 0.33 (0.41) 0.81 (1.09)
DDQN-PNLNS 0.55 (0.46) 0.02 (0.02) 0.20 (0.29 ) 0.77 (0.77)
DQN-PNLNS 0.38 (0.22) 0.01 (0.01) 0.52 (0.68) 0.91 (0.92)
DQN 0.73 (0.14) 0.01 (0.02) 0.30 (0.23) 1.05 (0.38)
DP-LNS 0.41 (0.03) 0.97 (0.03) 0.25 (0.08) 1.63 (0.10)
SA-LNS 0.45 (0.03) 0.97 (0.03) 0.19 (0.15) 1.62 (0.15)

dL��, SAC-PNLNS3o«¾üI¦©ÙÚ�Å´¹eÐy`D�ACUå, ¢y
r′(I),

r′(H)Úr′(θ)nö�þï, ���uÙ¦é'�{; ÏL3G�¥\\´¹&EwÍOr
�{5U;

�'ü�NÝ�{(DQN),¦^©�e�U
JpNÝ�J;�DQN-PNLNSÚDDQN-PNLNS�', SAC-

PNLNS³/Ù38IJ¦�&¢m�ûÐ²ï,��
�p�NÝ�Ç.¢�L²,3�5��ÏÄ�NÝ

¯K¥, DRL�{wÍ`uü�ã·Üéuª�{,ÙG�a�ÚøyÅ�U�Ï�UN�â�¸g·A

N�Ú�õüÑ,;��\ÛÜ�`,¢y�NpÂÃ£�. d	,�����L²�{3NÝ¥U
��

&¢Ú|^�þï,äk­½5.

4.3 ���KKK¢¢¢���999555UUU©©©ÛÛÛ

�
�\&Ä���{�¬é�N5U�äNK�, �©�O¿�1
�X��K¢�. =��Û

øy&ÒD4�¬(R)!�CE�¬!�LNS�¬!�PN�¬. �
¦¢��ä�é5�]
|^�p�,l

êâ8¥�ÅÄ�
350^¾üêâ, ¿òÙ�)�m �����S, �[20¶äÃ?1�x�|µ.

±SAC-PNLNS��ÄO�{,é'CN�5U,l
O(£OÑ��¬é�N5U��z. ¢�(JXe:

L 4 �K¢�(J

Table 4 Ablation results

¢�?Ò �{ E(r′(I))(D(r′(I))) E(r′(H))(D(r′(H))) E(r′(θ))(D(r′(θ))) E(W )((D(W ))

1 SAC-PNLNS(ÄO) 0.22 (0.15) 0.19 (0.03) 0.02 (0.02) 0.44 (0.17)
2 – R 0.25 (0.10) 0.86 (0.08) 0.84 (0.13) 1.95 (0.11)
3 – CE 0.45 (0.48) 0.17 (0.23) 0.85 (0.09) 1.46 (0.70)
4 – LNS 0.15 (0.20) 0.86 (0.11) 0.83 (0.15) 1.84 (0.45)
5 – PN 0.23 (0.10) 0.74 (0.13) 0.78 (0.13) 1.75 (0.18)

L4¥, é'1Ú2, �ØR�¬��{5UwÍü$. "�R{N
p��$��m�k��", ¦�

�g`z8I�)Àâ, r′(H)Úr′(θ)wÍ�z, �Ìü$�N`z�J. é'1Ú3, �ØCE�¬�, r′(I)

Úr′(θ)wÍO\,5Ueü,L²�'{ü¦^LNSéPNS)&¢,Ú\��£DÅ�?�Ú`zPN�¬,

U
Jp´»`z��J.nÜ3!4Ú5,üÕ�PN!LNS©O3r′(I)Úr′(θ)þk�Ð5U,�3Ù¦�¡�

á�.òPN�LNS(Üå5,U
k�/KÜüö�`³,�Ö�gá�,J,�N5U.

4.4 õõõ|||µµµ555UUU©©©ÛÛÛ

dc©Û
ØÓ¾ü©Ùe�5�äÃNÝ,�
?�Ú©Û¾ü!äÃêþ'~éNÝ�K�,�O


n«K1a.e, 12�[©|µ,¿¦^SAC-PNLNS?1NÝ.±e´äN|µ��ëêL.
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L 5 |µ��

Table 5 Scene setting

|µ ÎÒ ¾üê äÃê |µ ÎÒ ¾üê äÃê |µ ÎÒ ¾üê äÃê

$K1

A1 50 25

¥�K1

B1 100 20

pK1

C1 150 15
A2 50 20 B2 100 15 C2 200 25
A3 50 15 B3 150 25 C3 200 20
A4 100 25 B4 150 20 C4 200 15

��¢�(JXe:
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ã 4 õ|µeSAC-PNLNS5U�p�ã

Fig. 4 Performance contours of SAC-PNLNS in multiple scenarios

3$K1Ú¥�K1�,¾üêþØC,äÃêþ~�, r′(H)þeü, r′(θ)3�Ü©|µeeü, W�

¤eüª³, Ïd·�~�äÃêþ, �±~�¤�, JpNÝ�J. 3pK1�/e, ~�äÃêþ, d

ur′(H)Úr′(I)��ÌO\,¦+r′(θ)k¤~�,�W¥yk~�Oª³,Ïd{ü/~�äÃêþ¿ØU

�yp5U,�
�UO\o¤�;�N
ó,�äÃêØC,¾üêO\�, r′(I)wÍO\, r′(θ)Úr′(H)

¥ykO�~, WkO�~2O,�ÏLO\äÃê, W�U
eü. Ïd,3¾üþ��,A·�O\äÃê

þ½Ú\	�ÑÖ,ò¾üäÃ'~�±3��Ü·'~,±JpÑÖ�þ. nþ,i�¢�¾üêþ¿â

dN�äÃêþ,é�yÑÖ�þ�'­�.3�¾üp¸Ï,ÏL��äÃ>E�m,~�NÝäÃêþ,

�±3�±�x�Ç�Ó�,ü$¤�,¿JpäÃ÷¿Ý.
3¾üp¸Ï,I�9�O\äÃ½Ú\	

�,ò¾ü-äÃ'�±3·���,JpÑÖ�þ.

?�Úl¥ÀJA1!B4, C4n��L|µ, ?1õ«�{·A5!­½5¢�. ���{·A5X

ã 5¤«. lã¥�±wÑ, SAC-PNLNS�W�þ��,ÐyÑ
�Z�NÝ�J.¿��Ù¦DRL�{�

', SAC-PNLNS3ØÓ|µe��JÅÄ��,w«Ñ
�r�·A5Ú­½5. 3$K1Ú¥�K1�

¹e,A«�{�JÅÄ��,�3pK1�¹e,Ù¦DRL�{Ñyì�ÅÄ,
SAC-PNLNSÐyÑpÝ

­½5,3]
;Ü½?Ö�­�E,U
p�þ�¤NÝ,
Ù¦DRL�{�UI�?�Ú�`zÚN

�. d	ü«·Üéuª�{�JþØXDRL�{,NyÑ3?nØ(½5ÚÄ�Cz�¦^DRL�{�

`�5.

(a) A1( ) (b) B4( ) (c)C4( )

ã 5 �L|µeõ«é'�{·A5ã

Fig. 5 Represents the adaptability of multiple comparison algorithms in the scene

nþ, SAC-PNLNS�{3ØÓK1|µ¥þÐyÑwÍ�`³. 3$K1Ú¥�K1�¹e,T�{
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