wo 2022/006873 A1 |0 0000 KOO 0O 0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

J

=

(19) World Intellectual Property
Organization
International Bureau

(43) International Publication Date
13 January 2022 (13.01.2022)

(10) International Publication Number

WO 2022/006873 Al

WIPO I PCT

(51) International Patent Classification:
GO8G 1/0968 (2006.01) GOI1C 21/34 (2006.01)

(21) International Application Number:
PCT/CN2020/101403

(22) International Filing Date:
10 July 2020 (10.07.2020)

(25) Filing Language: English

(26) Publication Language: English

(71) Applicant: BEIJING DIDI INFINITY TECHNOLOGY
AND DEVELOPMENT CO., LTD. [CN/CN]; Building
34, No. 8 Dongbeiwang West Road, Haidian District, Bei-
jing 100193 (CN).

(72) Inventors: QIN, Zhiwei; 450 National Ave., Mountain
View, California 94043 (US). JIAO, Yan; 450 National
Ave., Mountain View, California 94043 (US). TANG, Xi-
aocheng; 450 National Ave., Mountain View, California
94043 (US). ZHU, Hongtu; Building 34, No. 8 Dongbei-

(74)

@81)

wang West Road, Haidian District, Beijing 100193 (CN).
YE, Jieping; Building 34, No. 8 Dongbeiwang West Road,
Haidian District, Beijing 100193 (CN).

Agent: METIS IP (CHENGDU) LLC; Room 808, 8th
Floor, Building B7, Block D, Tianfu Jingrong Center, No.
99 West Section of Hupan Road, Tianfu New District,
Chengdu, Sichuan 610213 (CN).

Designated States (unless otherwise indicated, for every
kind of national protection available). AE, AG, AL, AM,
AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,
CA, CH, CL, CN, CO, CR, CU, CZ,DE, DJ, DK, DM, DO,
DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, HN,
HR, HU, ID, IL, IN, IR, IS, IT, JO, JP, KE, KG, KH, KN,
KP,KR,KW,KZ,LA,LC,LK, LR, LS, LU, LY, MA, MD,
ME, MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO,
NZ, OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW,
SA, SC, SD, SE, SG, SK, SL, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US,UZ, VC, VN, WS, ZA, ZM, ZW.

(54) Title: VEHICLE REPOSITIONING ON MOBILITY-ON-DEMAND PLATFORMS

0!

0

FIG. 4

(57) Abstract: Deep reinforcement learning may be used for vehicle (150) repositioning on mobility-on-demand platforms. [nformation
may be obtained. The information may include a current location of a vehicle (150) on a ride-sharing platform. A set of paths originated
from the current location of the vehicle (150) may be obtained. Each of the set of paths may have a length less than a preset maximum
path length. A set of expected cumulative rewards along the set of paths may be obtained based on a trained deep value-network. A
best path from the set of paths may be selected based on a heuristic tree search of the set of expected cumulative rewards. A next step
along the best path may be recommended as a reposition action for the vehicle (150).
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VEHICLE REPOSITIONING ON MOBILITY-ON-DEMAND PLATFORMS

TECHNICAL FIELD

[0001] The disclosure relates generally to vehicle repositioning on maobility-on-demand

platforms using deep reinforcement learning.

BACKGROUND
100602] Mobility-on-demand (MoD) (i.e., ride-hailing) platforms have gained incredible

popularity worldwide, thanks to the rising urban population and the consequent need
for more availability of on-demand transportation. MoD platforms may connect
paople with travel needs to drivers with vacant vehicles, greatly tapping into a larger
supply pool and reducing the waiting time for getting a ride. A more efficient MobD
system may offer a betler user experience for both driver and passenger group.
Drivers may be able to generate higher income through reduced idie time.
Passengers may enjoy shorter waiting times before their trips get fulfilled.

100031 Many existing vehicle repositioning and taxi dispatching systems are under
the setling of autonomous MoD, where a fleet of autonomous vehicles are deployed
in an Mob system and fully managed by a controlier. For convenience, these
existing systems may assume that the vehicles will fully follow the repositioning
instructions. Most of the existing methods for regular taxi dispatching and routing
have this assumption. However, there is additional complexity on regular MoD
platforms where vehicles are controlled by human drivers. ldie-time repositioning is
typically voluntary. Drivers may not follow the instructions all the time, and the driver

may go oniing and offiine at will.

SUMMARY

100047 Various embodiments of the specification include, but are not limited to,
systems, methods, and non-transitory computer readable media for vehicle
repositioning.

10005} in various implementations, a method may include obtaining information. The
obtained information may include a current location of a vehicle on a ride-sharing
platform. The method may further include obtaining a set of paths originated from the
current iocation of the vehicle. Each of the set of paths may have a length less than

a preset maximum path length. The method may further include obtaining a set of
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expected cumulative rewards along the set of paths based on a trained deep vaiue-
network. The method may further include selecting a best path from the set of paths
based on a heuristic tree search of the sat of expected cumulative rewards, and
recommending a next step along the best path as a reposition action for the vehicle.
[00086] In another aspect of the present disclosure, a computing system may
COMprise one or maore processors and one or more non-transitory computer-readable
mermories coupled {o the one or more processors and configured with instructions
executable by the one or more processors. Executing the instructions may cause the
system to perform operations. The operations may include obtaining information
including a current location of a vehicle on a ride~-sharing platform. The operations
may further include obtaining a set of paths originated from the current location of
the vehicle. Each of the set of paths may have a length less than a preset maximum
path length. The operations may further include obtaining a set of expected
cumulative rewards along the set of paths based on a trained deep value-natwork.
The operations may further include selecting a best path from the set of paths based
on a heuristic tree search of the set of expected cumulative rewards, and
recommending a next step along the beast path as a reposition action for the vehicle.
[0007] Yet another aspect of the present disclosure is directed to a non-transitory
computer-readable storage medium configured with instructions executable by one
or more processors {o cause the one or more processors o perform operations. The
operations may include obtaining information inciuding a current location of a vehicle
on a ride-sharing platform. The operations may further include obtaining a set of
paths originated from the current location of the vehicle. Each of the set of paths may
have a length less than a preset maximum path length. The operations may further
include obtaining a set of expected cumulative rewards along the set of paths based
on a trained deep value-network. The operations may further include selecting a best
path from the set of paths based on a heuristic tree search of the set of expected
cumulative rewards, and recommending a next step along the best path as a
reposition action for the vehicle.

[0008] In some embodiments, a grid-world representing a real world geographical
area may be obtained. The gnid-world may include a plurality of grid cells
representing a plurality of order-dispatching regions. The current location of the
vehicle may include a first grid cell in the grid-world, and the next step along the best

path may include a second grid cell in the grid-world.
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10008 In some embodiments, obtaining the set of paths originated from the current
location may exclude paths with inaccessible grid cells.

(00101 In some embodiments, repositioning may be triggered after the vehicle has
been idie for a predetermined number of minutes.

[0011] In some embodiments, the obtained information may include a current time
step, and the vehicle may be recommended to reposition to a new location
corresponding to the next step along the best path at a next time step.

[0012]In some embodiments, the frained deep value-network may generate the set
of expected cumulative rewards based on a repositioning cost of repositioning to the
new location and a future value of the new location.

[0013]in some embodiments, the future value of the new location may be based on
a dispatch probability and a future cumulative reward from the new location.

10014] In some embodiments, a long search may be triggered if the vehicle has not
baen dispatched to an order for a threshold amount of time, and the repositioning
action may be selected from a long search look-up table.

[0015]In some embodiments, the trained deep value-natwork may be trained within
an offline batch reinforcement learning framewaork.

[0016] These and other features of the systems, methods, and non-transitory
computer readable media disclosed herein, as well as the methods of operation and
functions of the related elements of structure and the combination of parts and
gconomies of manufacture, will become more apparent upon consideration of the
following description and the appended claims with reference to the accompanying
drawings, all of which form a part of this specification, wherein like reference
numerals designate corresponding parts in the various figures. It is 1o be expressly
understood, however, that the drawings are for purposes of illustration and
description only and are not intended as a definition of the limiis of the invention. it is
to be understood that the foregoing general description and the following detailed
description are exemplary and explanatory only, and are not restrictive of the

invention, as claimed.

BRIEF DESCRIPTION OF THE DRAWINGS

[0017] Preferred and non-limiting embodiments of the invention may be more readily

understood by referring o the accompanying drawings in which:
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[O018IFIG. 1 illustrates an exemplary system o which techniques for vehicle
repositioning may be applied, in accordance with various embodiments.
[0O0191FIG. 2 llustrates an exemplary environment model, in accordance with
various embodiments.

(00200 FIG. 3 illustrates an exemplary value-based policy search, in accordance with
various embodiments.

[00211FIG. 4 illustrates an exemplary path value graph, in accordance with various
embodiments.

(0022 FIG. 5 illustrates an exemplary policy iteration framework for vehicle
repositioning, in accordance with various embodiments.

[0023]FIG. 6 illustrates a flowchart of an exemplary method, according to various
ambaodiments of the present disclosure.

[0024)FIG. 7 is a block diagram that illustrates a computer system upon which any

of the embodiments described herein may be implemeantead.

DETAILED DESCRIPTION OF THE EMBODIMENTS

[0028] Specific, non-limiting embodiments of the present invention will now be
described with reference to the drawings. it should be understood that particular
features and aspects of any embodiment disclosed herein may be used and/or
combined with particular features and aspects of any other embodiment disclosed
herein. It should also be undersiood that such embodiments are by way of example
and are merely illusirative of a small number of embodiments within the scope of the
present invention. Various changes and maodifications obvious to one skilled in the
art to which the present invention pertains are deemed to be within the spirit, scope
and contemplation of the present invention as further defined in the appended
claims.

[0028] The approaches disclosed herein present a new practical framework based
on deep reinforcement learning and decision-time planning for real-world vehicle
repositioning on ride-hailing {i.e., mobility-on-demand, Mol platforms. Repositioning
may move around idie vehicles with the goal of maximizing the income rate for the
drivers. A solution with production deployment in mind may learn the driver-
perspective state-value function using a batch training algorithm with a
spatiotemporal deep value-network. The optimal repositioning action may be

generated on-demand through value-based policy search, which may combine
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planning and bootstrapping with the value-networks. The algorithm may be
benchmarked with baselines in an MobD simulation environment to demonstrate its
gffectiveness in improving the income rate. A real-world experiment program may be
designed and run with regular drivers. The experiment may demonsirate
encouraging results on key metrics in comparing the method disclosed in this
application against a control group in which the drivers of which performed idle-time
repositioning based on their own experience and knowledge.

100271 Model predictive control (MPC) and receding horizon control (RHC) methods
for system-level planning and control for autonomous MobD system involve
repeatedly solving a mathematical program using predictions of future costs and
system dynamics over a moving time horizon to choose the next control action.
MPC-basad methods may plan out a number of steps into the future and execute
one step. MPC-based methods may be grid-based and use discrete time bucketis
with a short planning horizon due {o computational complexity. Deep reinforcement
learning and decision-time planning methods may implement a much longer
optimization horizon by using state-value functions and may easily fit in a run-time
budget.

[0028] Reinforcement learning (RL) and deep RL may be used to learn vehicle
repositioning and fleet management policies. Environment mode! parameters may be
astimated from data and dynamic programming may be used to learn the state-
action value function. Monte Carlo learning may be used to learn the value function
from log data for taxi idle-time cruising. With a simulation environment available for
training, Deep Q Leamning (BAN) may be used for fleet management and the joint
problem with order dispatching. Contextual DQN and Advantage Actor Critic (A2C)
methods may ook at the multi-agent perspective of the fleat management problem.
Hierarchical multi-agent RL (MARL) methods may be used for mixed order
dispatching and fleet management. The modeils may be trained in a grid-based
simulation envircnment.

100291 For order matching and dispatching on Mob platforms, dynamic matching
may be employed by batching orders and vehicles into discrete time windows, where
combinatorial optimization is used {o determine the baich assignment. Tabular
temporal-difference leaming (i.e., TD(0}) may be used o learn a driver-view discrete
state~-value function for computing edge weights within batch windows. Deep RL in

batch mode may be used {o train the value function for order dispatching. A
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specialized network architecture may additionally be used based on hierarchical
coarse coding and cerebellar embedding, coupled with a training aigorithm
robustified by Lipschitz regularization. An architectural extension for transfer learming
may also be effective. From a multi-agent perspective of the MoD system, MARL
methods based on mean-field theory and KL-divergence optimization may trainin a
grid-based simulation environment. Vehicle repositioning and fleet management are
related o classical vehicle routing problems, where machine learmning methods with
desp neural networks may be used as new approaches to the traveling salesman
problem (TSP) and the Vehicle Routing Problem (VRP), under an encoding-
decoding framework.

10030] The efficiency of an MoD system may depend on how well the supply and
demand distributions are aligned in both spatial and temporal spaces. There may be
two primary levers for oplimizing the operational efficiency of an MoD platform
through regulating the supply distribution to better align with the demand: vehicle
repositioning and order dispaiching (i.e., maiching). Vehicle repositioning is a
proactive measure, by deploying idle vehicles to a specific location in anticipation of
future demand at the destination or beyond. Order dispaiching maiches idle drivers
(i.e., vehicles) {o open trip orders. From the view of spatiotemporal movement, order
dispatching may be thought of as a special case of vehicle repositioning through
servicing trip orders. it may not be an entirely proactive action because demand {i.e.,
frip orders) may be exogenous.

[0031] There are two types of algorithms for repositioning based on the different
perspectives. A driver-perspective algorithm may optimize the metrics {(e.¢g. income
per hour, idie time) for individual drivers, while a system-perspective algorithm may
optimize global metrics {e.g. total gross mearchandise value (GMV), total idle time).
An MobD system is naturally a multi-agent system, with the drivers being the agents.
One of the main challenge in using independent learning methods {e.g. driver-
perspective algorithm) to solve multiagent systems is the non-stationarity of the
environment observed by each individual agent as its action would affect the actions
of the other agents. Nevertheless, independent learning methods may still be able to
achieve good performance in vehicle repositioning or fleet management. Moreover,
there are scenarios where the stationarity assumption of the environment does hold.
in the case of an MoD platform, when the number of drivers {i.e., vehicles) to

execute the learmned repositioning policy is small relative to the entire population,
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each agent may be thought of as acting independently, since its actions are uniikely
to affect the environment (i.e. the overall demand-supply condition). Such scenarios
may have good business use cases. For example, an intelligent driver assistant may
be used for those who are new o an MoD platform to help them quickly ramp up by
providing learming-based idle-time cruising strategies.

[0032] The problem of vehicle repositioning may be considered from a single driver's
perspective, leaving order dispatching to the environment. The objective may be o
learn an optimal policy that maximizes an individual driver's daily income rate,
measured by income-per-hour (IPH) or equivalently, GMV-per-hour {GPH),
assuming that a constant fraction of GMV is allocated for income. In other words, it
may be demonsiraied that maching learning and Al are able to equip an average
driver with the decision-making capability of an experienced driver in the ride-hailing
or taxi domain. The problem may be modeled within a semi-Markov decision process
(semi-MDP) framework, which optimizes a long-term cumulative reward (e.g., daily
income rate) and models the impact of temporally extended actions {i.e.,
repositioning movements) on the long-term objective through state transitions along
a policy. The state value function may be learned using a specially designed
spatiotemporal deep value network trained within an offline batch RL framework. The
state-vaiue function and knowledge about the environment dynamics may then be
used to develop a value-based policy search algorithm for real-time vehicle
repositioning. The value-based search algorithm may be a type of heuristic search
algorithm for decision-time planning and may be piugged into a generalized policy
iteration framework for continuous improvement.

[0033] A practical framework may be used for vehicle repositioning based on deep
value network and heuristic search for decision-time planning. The method does not
require complete vehicle repositioning trajectory data and is sufficiently adaptive for
production deployment and real-time execution. The proposed solution may be
implemented in a production environment on a ride-sharing platform {(e.g., DiD) with
regular drivers. A real-world experiment program may be developed with carefully
designed incentive and operational schemes that allow successful testing of the
repositioning algorithm. Empirical results and practical experience are reported from
this real-world deployment of an RL-based vehicle repositioning algorithm on an

MoD platform.
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[0034] Several factors should be considered in designing a solution framework for
the vehicle repositioning problem. First, the algorithm should be practical for
implemeantation on real-world production system and for real-time execution. This
prevents making some significant simplification assumptions. In particular, grid-
based algorithms and those that require end-{o-end training in a simulation
ervironment may be hard to deploy. Second, the objective should be to maximize an
agent's daily income rate, which is long-term reward optimization on the scale of
trips. Model Predictive Control (MPC) with long horizon is expensive to solve. A
coarse discretization for the time would render the solution hard to implement and
exgcute. On the other hand, RL, which focuses on long-term values, may be well-
suited for such objectives. Third, data from regular MoD systems is usually
incompiete regarding idle-time repositioning. As a result, it may be hard to leam a
state-action value function for repositioning directly from data. However, it may be
relatively straightforward to learn the state value function. Fourth, at real-world
decision time, flexibility is ofien required in the algorithm in terms of the types of
actions to take, such as going beyond the action set. Finally, the run time
requirement for responding to a repositioning request may be moderate, since the
driver is not blockad from operations while the algorithm is searching for a
repositioning action.

[0035] A solution framework may be developed which combines offline batch RL and
decision-time planning for guiding vehicle repositioning. A simulation environment
may not be reqguired for fraining and the framework may work on incomplete
trajectory data. The value function may have an optimization horizon covering an
entire day, and the framework may be flexible enough to support policy variations for
non-reguiar scenarios. Efficient implementation based on tree search may allow the
framework to fit in the run-time budget of the application while performing planning
and computing the optimal action at decision-time.

[0038] The environment dynamics may be described as follows. The driver, when
idle, may be assigned to a nearby trip order by the MobD platform. Order dispatching
(i.e., matching) may take place in a batch fashion typically with a time window of a
few seconds {(e.g., 15, 20, 21). The driver may go to the origin of the trip (i.e. where
the passenger is located) and transport the passenger to the destination. A trip fee
may be coliected upon the completion of the trip. The passenger may cancel the

order if the wailing time before a driver is matched is too long or the pick-up time for
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the matched driver is {00 long. After dropping off the passenger, the driver may
become idle. If the idie time exceeds a threshold of L minutes, the driver may
perform repositioning by cruising to a specific destination, incurring a non-positive
cost. If the driver is to stay around the current location, he/she may stay for L
minutes before another repositioning may be triggered. During the course of any
repositioning, the driver may still be eligible for order assignment.

[0037] This process may be modeled by a semi-MDP with the agent being the driver.
The driver’'s state may be denoted as s . Basic state features may include
spatiotemporal information, (i.e. location I and time t) so that s = {{, £). s may include
additional supply-demand contextual features. The eligible actions for the agent may
inciude both order fulfilliment (e.q., as a result of order dispatching) and vehicle
repositioning. These actions may be temporally extended to be options in the context
of a semi-MDP and may be denoted by o. A basic repositioning task may include
going towards a destination in one of the regions neaighboring the region that the
driver is currently in. Longer repositioning may be possible under special
circumstances. The time duration of a repositioning or order fulfillment option may be
7o. The price of the trip corresponding to an option may be pe > 0, of which a fixed
portion may be assumed o be allocated as the driver's income. The cost of a
repositioning option may be ¢o £ 0. The immediate reward of a transition may be r =
co for repositioning and r = po for order fulfillment. The corresponding estimated
version of 1o, po, @nd co may be denoted as 1, Py, and &, respectively.

[0038] The repositioning policy and the order dispatching policy may be denoted
separately by - and mg, and the joint policy n .= (ry, me). Learmning the repositioning
policy r may be focused on and it may be assumed that nq is exogenous and fixed.
q may not be explicitly learned, however a state-value function associated with both
current policies mo and mao (I.€. o) may be learned from the trip data. In some
embodiments, at any decision point for the algorithm, only the repositioning options
need {0 be considered. Order dispaiching may be executed automatically following a
given dispatching policy me. The state-option value function may be denocted by @7
(s, 0}, and may also be associated with ma. § may denote the approximation of the
Q-function. A model-based method may be used to compute §(s, o) for a particular s
50 that the repositioning agent may be able 1o select the best movement at each

decision point. The objective may be to maximize the daily cumulative income rate
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(or GPH) of a driver, which may be the ratio of the total price of the trips completed
during a day and the total onling hours logged by the driver.

[0O39IFIG. 1 illustrates an exemplary system 100 to which techniqueas for vehicle
repositioning may be applied, in accordance with various embodiments. The
example system 100 may include a computing system 102, a computing device 104,
and a computing device 106. it is to be understood that although two computing
devices are shown in FIG. 1, any number of computing devices may be included in
the system 100. Computing system 102 may be implemented in one or more
networks {(e.g., enterprise networks), one or more endpoints, one or more servers
{e.q., server 130), or one or more clouds. The server 130 may include hardware or
software which manages access o a centralized resource or service in a network. A
cioud may include a cluster of servers and other devices which are distributed across
a network.

1004071 The computing devices 104 and 106 may be implemented on or as various
devices such as a mobile phone, tablet, server, desktop computer, laptop computer,
gtc. The computing devices 104 and 106 may each be associated with one or more
vehicles (e.q., car, truck, boat, train, autonomous vehicle, electric scooter, electric
bike, etc.). The computing devices 104 and 106 may each be implemented as an in-
vehicle computer or as a mobile phone used in association with the one or more
vehicles. The computing system 102 may communicate with the computing devices
104 and 106, and other computing devices. Computing devices 104 and 106 may
communicate with each other through computing system 102, and may communicate
with each other directly. Communication between devices may occur over the
internet, through a local network {e.g., LAN), or through direct communication (e.g.,
BLUETOOTH™ radio frequency, infrared).

[0041] In some embodiments, the system 100 may include a ridesharing platform.
The ridesharing platform may facilitate transportation service by connecling drivers
of vehicles with passengers. The platform may accept requests for transportation
from passengers, identify idle vehicles to fulfill the requests, arrange for pick-ups,
and process fransactions. For example, passenger 140 may use the computing
device 104 to order a trip. The trip order may be included in communications 122.
The computing device 104 may be installed with a software application, a web
application, an API, or another suitable interface associated with the ridesharing

platform.

10
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[0042] The computing system 102 may receive the request and reply with price
quote data and price discount data for one or more trips. The price quote data and
price discount data for one or more trips may be included in communications 122.
When the passenger 140 selects a trip, the compuiing system 102 may relay trip
information to various drivers of idle vehicles. The trip information may be included in
communications 124. For example, the request may be posted to computing device
106 carried by the driver of vehicle 150, as well as other commuting devices carried
by other drivers. The driver of vehicle 150 may accept the posted transportation
request. The acceptance may be sent {¢ computing system 102 and may be
ncluded in communications 124. The computing system 102 may send maich data
to the passenger 140 through computing device 104. The mailch data may be
included in communications 122. The match data may also be sent to the driver of
vehicle 150 through computing device 1068 and may be included in communications
124. The match data may include pick-up location information, fees, passenger
information, driver information, and vehicle information. The matched vehicle may
then be dispatched to the requesting passenger. The feas may include transportation
fees and may be fransacted among the system 102, the computing device 104, and
the computing device 106. The fees may be included in communications 122 and
124. The communications 122 and 124 may additionally include observations of the
status of the ridesharing platform.

[0043] While the computing system 102 is shown in FIG. 1 as a single entity, this is
merely for ease of reference and is not meant to be limiting. One or more
components or one or maore functionalities of the computing system 102 describad
herein may be implemented in a single computing device or multiple computing
devices. The computing system 102 may include an information obtaining
component 112, a path generation component 114, a path evaluation component
116, and an action selection component 118. The computing system 102 may
include other components. The computing system 102 may include one or more
processors (e.q., a digital processor, an analog processor, a digital circuit designed
to process information, a central processing unit, a graphics processing unit, a
microcontrolier or microprocessor, an analog circuit designed {o process information,
a state maching, and/or other mechanisms for electronically processing information)
and one or more memories (e.g., permanent memaory, temporary memory, non-

fransitory computer-readabile storage medium). The one or more memories may be

11
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configured with instructions executable by the one or more processors. The
processor(s) may be configured to perform various operations by interpreting
machina-readable instructions stored in the memory. The computing system 102
may be installed with appropriate software (e.q., platform program, etc.) andfor
hardware (e.g., wires, wireless connections, etc.) to access other devices of the
system 100,

[0044] The information obtaining component 112 may be configured to obtain
information. The obtained information may include a current location of a vehicle on
a ride-sharing platform. Obtaining information may include one or more of accessing,
acquiring, analyzing, determining, examining, identifying, loading, locating, opening,
receiving, refrieving, reviewing, storing, or otherwise obtaining the information. In
some embodiments, the obtained information may include a current time step. In
some embodiments, a grid-world representing a real world geographical area may
be obiainad. The grid-world may include a plurality of grid cells representing a
plurality of order-dispatching regions. The current location of the vehicle may include
a first grid cell in the grid-world. For example, a city may be divided into regional
dispatch areas. The grid-world may be used to represent the real world and divide
the real world into several order-dispatching regions.

[0045] The path generation component 114 may be configured to obtaining a set of
paths originated from the current location of the vehicle. Each of the set of paths may
have a length less than a preset maximum path length. In some embodiments, the
set of paths originated from the current location of the vehicle may be obtained from
a dispatch environment model. The dispatch environment model may be constructed
by learning a conditional vaiue network along with the corresponding probability
estimation.

[0046] In some embodiments, repositioning may be friggered after the vehicle has
baen idie for a predeterminad number of minutes {e.g., whean the driver has been idle
for L minutes). After the deep value network has been learmed within the training
framework, an optimal action may be selected using decision-time planning when
repositioning is triggerad. The decision-time planning may be interpreted through
path vaiue approximation. When repositioning to a further destination, the route is
important in addition to the destination cell. The driver may be matched to orders
along the way, generating income. The search algorithm’s goal may include finding a

path to the destination that has the highest expected value among all the alternative
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paths. The expected value of n-step look-ahead repositioning paths from the current
spatiotemporal state may be computed. The optimal path may then be selectaed, and
the first step of the selecied path may be executed.

[00471FIG. 2 llustrates an exemplary environment model 200, in accordance with
various embodiments. The environment model 200 may include nodes 201, 210-212,
220-222, and 230. For example, nodes may correspond to a grid cell in a grid world.
A vehicle may arrive at node 210 via transition 251 from initial node 201. For
axample, the vehicle may arrive at node 210 when a driver first comes onling, after a
passenger is dropped off, or after a repositioning operation. At node 210, a vehicle
may perform the following actions: reposition 261 to node 211, reposition 262 1o
node 220, reposition 263 to node 212, stay 264 at node 210, or dispatch 26851tc a
ride order. At node 220, a vehicle may perform the following actions: reposition 271
to node 221, reposition 272 to node 230, reposition 273 {0 node 222, stay 274 at
node 220, or dispatch 275 to a ride order. Order dispatching happening during
reposition’ actions may be assumaed {o take place at the next node.

[0048] in some embodiments, the dispatch environment model may be used to carry
out planning of potentially multiple steps from the particular state sq, the state of the
agent when repositioning is triggered. This may allow the state-option pairs
associated with so and all the available repositioning options at that state to be
evaluated at run-time and the best move to be selected for the next step. The next
time repositioning is triggered, the same planning process may be repeated. The
dispatch environment mode! may be described as follows. At state s, the probability

of the driver being dispatched may be p;s), and the probability of being idle within the

time interval of L minutes may be pi(? =1- pf). The estimated time of arrival (ETA)

for transitioning from the current state so {o the target state si may be to 1= At (so, 51}
Transitions for both vehicle repositioning and order fulfiliment may be deterministic.
(00491 In some embodiments, each city area may be divided into hex grid cells, with
gach cell covering an equal size area. In each grid cell, a suggested (by an
independent service) pick-up point may be used as the potential repositioning
destination. Depending on the city, some cells might be "inaccessible'(e.q. lakes,
rivers, mountains) or might be missing well-known pick-up points (e.g. low population
density areas). In some embodiments, obtaining the set of paths originated from the

current location may exclude paths with inaccessible grid cells. The maximum path
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length may be used as the main parameter considered for the path generation. This
parameter may be called the search depth. It may be set separately for each city 80
as to optimize simulation resulis. A breadth-first strategy may then be used to
generate paths no longer than the search depth. Because of inaccessible cells, it
may happen that no generated path reaches the search depth. In the infrequent case
where no cell is accessible within the search depth distance to the origin cell, the
breadth-first search may be expanded {o city limits to find the ciosest accessible cells
to the origin and those may be proposed as reposition candidates.
[0050] Returning to FIG. 1, the path evaluation component 116 may be configured to
obtain a set of expected cumulative rewards along the set of paths based on a
trained deep value-network. In some embodiments, the trained deep value-network
may be trained using a specially designed spatictemporal deep value network
fraining within an offline batch RL framework. In some embodiments, The trained
deep value-network may include a state value function. The state value function may
be decomposed into four components by conditioning on whether the driver is being
dispatched or not, e.q.,

V (s5) = paV{sldispatch) + pidV(slidle). (1)

where pq is the probability of the driver being dispatched at state s with pia = 1 - pa
being the probability of being idle, while V{sidispatch) and V{s|idie) are the
corresponding long-term value function conditioned on whether the associated driver
is being dispatched or not at state s. The training framework for a dispatching value
function may be adapted to the learning of the four model components V{s|dispatch),
V{slidie}, pa and pu.

[0051] Variance may be reduced via a dual policy evaluation. A binary option ¢ may
be defined with O indicating idle and 1 as dispatched. V{s|dispatch) and V(slidie)
may then be represented as Visjo = 1) and V{slo = (), respectively. V (slo) may be
the state-option value function Q(s, o). Evaluation of V(s|o) under a behavior policy
may be done using a standard Temporal Difference (TD) algorithm (e.g., State—
action-reward-state—-action (). TD-learning (e.g., SARSA) may be prone to large
variance during training. Reducing variance may be particularly critical for learning a
robust dispatching policy under the temporally extended semi-MDP framework.
10052] Dual Policy Evaluation (DPE) may prevent stochasticity in the policy from

further increasing variance. it may do so by jointly leaming V (sjo) and V (s} while
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basing the update of V (s]o)}, not on V {s{o"), but on its expected value V (s). The
update eguations are presented below in (2) and (3). In essence this is similar to
expected SARSA. The main difference is that expecied SARSA may use empirical
samples to approximate the expected value while DPE may do so by directly
learning a separate function approximator. The overhead of learning two policies
may be minimum in this case since both V(slo) and V(s) are required for the value-
based policy search. Now, consider the k-step transition from so to sk by applyving the

option o. The k-step belliman equation may be written as follows:

r R() ‘k“‘ ) . Sy

V(solo) = B4 yivsy), @)
o Y e Mﬂ;z._i_.«k 109

V(‘S‘O/\) € k (y-1) =Y ‘{/(‘5']{/\). (3)

where y is the discount factor between U and 1 and k 2 1 is the fransition steps. Ro is
the reward from the option which is either 0 or the trip fee depending on whether the
option is idle or dispatch. Time discounting may be applied o the reward Ro based
on the semi-MDP framework. A neural network may be used to represent the value
function. Both the conditional value network V (s jo) and the marginalized one V (s)
may be maintained and updaied for training. A state represeniation may be
ampioyed and the model may be trained. For the conditional network, a separats
embedding matrix may be engaged to encode the binary option and use the
multiplicative form to force interactions between the state features and the option
embedding. Both V (s |o) and V (s} may share the same state representation but may
have a separate branch for the output.

[0053] The dispatching probability pa .= plo = 1|s) may be estimated by maximizing
its log-tikelihood on the marketplace transaction data. To generate the fraining data,
drivers’ historical trajectories may be collected including the descriptions of
completed trips as well as the online and offline states. The states when the driver
receivas the frip request may be used as the positive examples indicating the option
being 1. For the negative examples, all possibilities are unable 1o be enumerated
considering the limited observed trajectories and the systam complexity. As a result,
negative samplings may be performed. The negative examples may be used for
training are drivers’ starting states of dle transaction in-between orders as well as
the states when they become active or inactive. The fraining may be done using one-

month driver trajectories. Experiments on hold-out datasets show that the leamed
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estimator may achieve an area under the curve (AUC) of 0.867 £ 0.010 across

muitiple days and cities. Detailed results are presenied in Table 1.

City Recall Precision F1 Accuracy  AUC

A 0.7782 0.7596  0.7835 0.8014 0.876
B 0.7568 0.7582 0.7618 0.7761 0.853
C 0.7745 0.7834 07812 0.7977 0.8729

Table 1. Evaluation results of the dispatch probability models.
[0054] In some embodiments, the frained deep value-network may generate the set
of expected cumulative rewards based on a repositioning cost of repositioning to the
new location and a future value of the new iocation. In some embodiments, the
future value of the new location may be based on a dispatch probability and a future
cumulative reward from the new location. In some embaodiments, the expectad
cumulative reward ¢~ (so, o) associated with the optimal policy n; given the current
driver state and repositioning option may be estimated so that arg max. §*(s,, 0)
gives the approximate optimal repositioning o at decision-time. The one-siep
axpansion per the environment model may be written as:

@ (s, 0) = 700 + (V)or)(sy) (4)

where %Y < 0 is the repositioning cost from so to s1, and s1 is the state after
repositioning o, with location {1 and time to + to1. V7 is the staie-value function
associaied with the optimal policy 7. To make the time component of the input
explicit, (V)1 may be the same value function with time component to1 ahead of
the decision-time te. All value functions with a future time component are assumed
properly discounted without clogging the notation. The discount factor y (%) may be
used, where t is discretized time component for the input state, and to i the time for
current decision point. The duration that incurs cost r may be At and the starting
time for the cost may be ¢. The cost may be assumed {0 be properly discounted:

y Etppy B8 1y

At(y — 1) (5)

e

[0055] The trained state-value function ¥V may be used to replace V*, and V%1 may
be concisely rewritten as Vf‘“), then

07 (sq,0) = r® & ?/;_(5“) (6)
The one-step expansion may render a greedy policy, by selecting the repositioning

movement leading {o the next-siate with highest value given by the V-Net, V.
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" (50, 0) may be represented as Q™ (s,, 0} in this case since V is computed by policy
evaluation on historical data generated by mo. Hence, finding the optimal option to
exacute by o* = argmax, (" (54, 0) may be a one-step policy improvement in
generalized policy iterations.

[0056] The environment model may be used to expand §” further:

0" (sg,0) = rO®H + p( pe {s4ldispatch) + pfd)‘{/ {(5qlidie) {7)
wherein p{" is the dispatch probability at s1. 7*(s, |dispatch) may be replaced by the
conditional V-Net, V1) When the driver is idle, the immediate next option has to be
areposition, and V' (s, lidle) = maxj@’*(sl_. oj), where g; is the second-step reposition
option. §*(s,, 0) may be recursively expanded based on the number of steps looking

into the future, eventually written in terms of the given estimated state-value function.

[0057] A two-siep expansion may be written as:

Q' (s0.0) = 7OV + pg Vo) 4 pli max Q" (51, 07) (&)
=
(0,1 (])VU‘H) {1, j\ s (tf)}',) V(1701+L)
=r + p, + max {r?ff” A } (9)

The three-step expansion may be written as:
G (s, 0;) = ) 4 p'”?’(t“’) + pmmax {maxr(f SEA r (o) VUO" L)} (10)
#]

In the above equations, fo; '= tot + L1, Tox 1= o1 + L1 + ik, Mmay represent the total
ETA of two-step and three-step repositions respectively.

[0058] in some embodiments, the search algorithm may aim to find the path which
has the maximum expected reward. The algorithm directly derived from the equation
10 above may not be efficient, because it does not aliow batching requests to the V-
net model. To solve this issue, the equation may be rewritten as follows. For the
case of staying at the same location (j = k), the conventions rV'% = 0 and tor = toj+
may be used. This aliows:

+L}

max {max {7 + V““k}} V(K”
fe#§

} = max {rih 4 ‘i/}ft‘}""')} (11)
(00591 The results in the three-step expansion may be simplified o get:

(s, 0) =70V & jL)V(a )+ pm (mdx Q(sj,ﬂj)) (12)
+ pr(d) mji)a{?"(i NI PU)V(%’} + pzé) mgx {r(j_,k) + V{{(cﬂok)}} (13)
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= 0L 4 pél)g(-‘ﬂ’i)
o e (0 + D0 (s) + 0 (190 )} (14

= max {r(oli) + pg‘)V {s1)
ik

(1 Desroy s D ik . 1o
TP (7 S Pa V{Sj}fpid (r(f"” + VoK ))} (15)

(00607 bquation 15 may be used o determine the cumulative reward. Determining
the cumulative reward may be split into two phases. First, all the paths of a certain
length originating at the starting grid cell may be generated using breadth first
search. Second, the value of each path may be calculated, and the first step of the
path which has the maximum vaiue may be selected as the reposition action. The
main benafit of splitting the algorithm like this is to allow batching requests of {o the
vnet model in the second phase.

[0061] The action selection component 118 may be configured {o select a best path
from the set of paths based on a heuristic tree search of the set of expected
cumulative rewards. In some embodiments, once a set of paths has been generated,
the longest ones may be selected for evaluation. Depending on the length, a
different formula may be applied {o each path in order to calculate its value. For
example, equation 15 may be applied If the paths up for evaluation are of length 3. if
only length 1 paths are present, equation 7 may be used.

[0062] The action selection component 118 may further be configured to recommend
a next step along the best path as a reposition action for the vehicle. For example,
the first step of the path which has the maximum value may be relumed as a
reposition action. In some embodiments, the next step along the best path may
include a second grid cell in the grid-world. In some embodiments, the vehicle may
be recommended to reposition to a new location corresponding to the next step
along the best path at a next time step.

[0063]In some embodiments, a long search may be friggered if the vehicle has not
been dispatched to an order for a threshold amount of time, and the repositioning
action may be selected from a long search lcok-up table. In some cases (g.g. driver
being stuck in the rural area), it can take the search algorithm many reposition
actions to get a driver to a higher value place. In order to avoid having drivers spend
too much time at a low value area despile repositioning actions {e.g., threshold set {o

100 minutes without being dispatched an order), the algorithm may have a special
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provision calied “long search.” The goal of long search may be o reposition drivers
to a globally relevant area in order to speed up reposition process in a low-value
area. Long search may be decided basead on a look-up table containing the V value
for each grid cell for each 20 minute time window. At run time, the cell among the top
ten highest value locations which is closest to the driver may be chosen as the
repositioning destination.

[0064] Empirical resulis and cbservations may be oblained from simulation and real-
world experiments. Two types of simulation environments may be used for
evaluating vehicle repositioning policies on order dispatching for MoD platforms. it
should be emphasized that the proposed algorithms do not require these
environments during training. For more realistic modeling of the real-world MoD
system, multi-driver simulators may be augmented with individual vehicle
repositioning capability. In this environment, a given number of vehicles (e.g., 3) may
be specified 1o follow the learned repositioning policy nr. The given order dispatching
policy a may be supplied to the environment and may assign trip orders to the
drivers in batch windows. In addition, order dispatching may interrupt a repositioning
action.

[0065] Deploying a vehicle repositioning algorthm real-world MoD platform with
human drivers may require additional consideration of the way the repositioning
recommendations are delivered {0 the drivers and the drivers’ willingness to accept
and follow the recommendations, because the drivers within the experiment program
were on a voluntary basis in terms of executing the repositioning tasks, due to
various practical constraints.

[0066] Repositioning recommendations may be delivered through pop-up message
cards within the mobile driver app. Once repositioning is triggered, a message card
may appear at the target driver's app. The message card may contain instructions
for the repositioning task, including the destination and the target time that the driver
is required to be there. After the driver acknowledges the task, GPS navigation may
be launched to provide tum-by-turn route guidance to the driver. The system may
automatically determine if the driver has reached the prescribed destination within
the required time frame.

[0067] Since the goal of the experiment is to benchmark algorithms on long-term
cumulative metrics (daily income rate) and the supply-demand context could vary

significantly within a day, it would be ideal if the all drivers in the program are online
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for the same period time which is also sufficiently long, and the drivers always follow
the repositioning recommendations, for a fair comparison. An incentive scheme may
&b used {o encourage the drivers to participate as closely to the ideal situation as
possible. Specifically, drivers may be required to be online for at least five hours out
of the eight hours from 11am to 7pm {the experiment interval) during weekdays and
skip or fail to complete no more than three tasks each day. The drivers may be
rewarded for each repositioning task that they finished, and may receive additional
reward for each day that they met the daily requirements and the week that they met
daily requirements for all weekdays.

[0068] The experiment program may be evaluated from several different
perspectives. First, the income rates across the three cities may be observed. The
advantage of algonthmic repositioning may appear most significant for the group of
regular drivers without preferential order maiching. Regular drivers without
preferential order matching may be more likely to be in need of idle-time cruising
guidance, thus offering larger room for improvement through aigorithmic
repositioning.

(00691 FIG. 3 illustrates an exemplary value-based policy search 300, in accordance
with various embodiments. A large tree of possible future states may be grown for
the current state at root node 301 at decision-time. The estimated state-value
function may be applied o the leaf nodes 320-326, and the vaiues may then be
backed up toward the current state at the root node 301 to allow a greedy selection
of an action. This type of decision-time planning method is known as a heuristic
search. The value-based policy search 300 may include a model portion 350 and a
bootstrapping portion 370. Bootstrapping may be used at leaf nodes 320-326
through the given state-value function V. The values at the bottom level leaf nodes
320-326 may be compared and the max (corresponding to V* (s, idle)) may be
combined with the V node (corresponding to ¥ (s, |dispatch)) through dispaich
probabilities to determine §°. The expected cumulative reward G (s, o) of taking
actions 351-354 to next nodes 310-313 may be determined at root node 301. An n-
step look-ahead path may also correspond to a path from the root {0 a leaf node with
a depth of 2n.

[00701FIG. 4 illustrates an exemplary path value graph 400, in accordance with

various embodiments. Grid cell 401 may be the current position of a vehicle. Grid
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celis 410 and 450 may be the destinations of two different first-step repositions.
Repositions 411, 420, 451, and 460 may be within the look-ahead horizon.
Repositions 430 and 470 may be further movements whose valuas are covered by
bootstrapping. Potential orders 415, 425, 435, 465, and 475 may originate with the
grid celis along the repositioning paths. Selecting the max-value path may be
equivalent to o° = argmax, 0 (s,, 0) in terms of the action executed. The heuristic
search method may not explicitly save 0 computed at each decision point. The new
data generated by the current learned policy may be collected over time and may be
used to update the state-vaiue function, which in turn may update the policy through
decision-time planning.

[00711FIG. 5 illustrates an exemplary policy iteration framework 500 for vehicle
repositioning, in accordance with various embodiments. The repositioning policy may
be updated based through feedback. Order dispatching and reposition data 515 from
MobD platform 510 may be stored in database 520. Data from database 520 may be
used in training 515 the deep RL: V-Net 530. The Deep RL: V-Neat 530 may provide
state value function 535 (e.g., V, V) for use in decision-time planning 530. Decision-
time planning 530 may provide reposition policy 545 (i.e., .} to MoD platform 510.
0072 FIG. 6 illustrates a flowchart of an exemplary method 600, according to
various embodiments of the present disclosure. The method 600 may be
implemented in various environments including, for exampile, the system 100 of FIG.
1. The method 800 may be performed by computing system 102. The operstions of
the method 600 presented below are intended o be illustrative. Depending on the
implementation, the method 600 may include additional, fewer, or alternative staps
performed in various orders or in parallel. The method 600 may be implemented in
various computing systems or devices inciuding one or more processors.

1007 3] With respect io the method 600, at block 610, information may be obtained.
The information may include a current location of a vehicle on a ride-sharing
platform. At block 620, a set of paths originated from the current location of the
vehicle may be obtained. Each of the set of paths may have a length less than a
preset maximum path length. At block 630, a set of expected cumulative rewards
along the set of paths may be obtained based on a trained deep value-network. At

block 640, a best path from the set of paths may be selected based on a heuristic
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tree search of the set of expected cumulative rewards. At block 850, a next step
aiong the best path may be recommended as a reposition action for the vehicle.
[0O0741F1G. 7 is a block diagram that illustrates a computer system 700 upon which
any of the embodiments described herein may be implemented. The computer
system 700 includes a bus 702 or other communication mechanism for
communicating information, one or more hardware processors 704 coupled with bus
702 for processing information. Hardware processor{s) 704 may be, for example,
one or more general purpose microprocessors.

[0075] The computer system 700 also includes a main memory 706, such as a
random access memory (RAM), cache andfor other dynamic storage devices,
coupled to bus 702 for storing information and instructions to be executed by
procassor(s) 704. Main memory 706 also may be used for storing temporary
variables or other intermediate information during execution of instructions to be
exacuted by processor{s) 704. Such instructions, when stored in storage media
accessible to processor(s) 704, render computer system 700 into a special-purpose
maching that is customized {o perform the operations specified in the instructions.
Main memory 706 may include non-volatile media and/or volatile media. Non-volatile
media may include, for example, optical or magnetic disks. Volatile media may
include dynamic memory. Common forms of media may include, for example, a
floppy disk, a flexible disk, hard disk, solid state drive, magnetic {ape, or any other
magnetic data storage medium, a CD-ROM, any other optical data storage medium,
any physical medium with patterns of holes, a RAM, a DRAM, a PROM, and
EPROM, a FLASH-EPROM, NVRAM, any other memaory chip or cartridge, and
networked versions of the same.

[0078] The computer system 700 may implement the techniques describaed herein
using customized hard-wired logic, one or more ASICs or FPGAs, firmware and/or
program logic which in combination with the computer sysiem causes or programs
computer system 700 to be a special-purpose machine. According o one
embodiment, the techniques herein are performed by computer system 700 in
response to processor(s) 704 executing one or more sequences of one or more
instructions corttained in main memory 706. Such instructions may be read into main
memory 706 from ancther storage medium, such as storage device 708, Execution
of the sequences of instructions contained in main memory 706 causes processor(s)

704 to perform the process steps described herein.
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[0077] For example, the computing system 700 may be used to implement the
computing system 102, the information obtaining component 112, the path
generation component 114, the path evaluation component 116, and the action
selection component 118 shown in FIG. 1. As another example, the process/method
shown in FIGS. 5-6 and described in connection with this figure may be implemented
by computer program instructions stored in main memory 708. When these
instructions are executed by processor(s) 704, they may perform the steps of
method 600 as shown in FIG. 6 and described above. In alternative embodiments,
hard-wired circuitry may be used in place of or in combination with software
mnstructions.

[0078] The computer system 700 also includes a communication interface 710
coupled to bus 702, Communication interface 710 provides a two-way data
communication coupling to one or more network links that are connected to one or
more networks. As another example, communication interface 710 may be a local
area network (LAN) card to provide a data communication connection to a
compatible LAN (or WAN component to communicated with a WAN). Wireless links
may also be implemented.

[0079] The performance of certain of the operations may be distributed among the
processors, not only residing within a single machine, but deployed across a number
of machines. In some example embodiments, the processors or processor-
implemented engines may be located in a single geographic location (e.g., within a
home environment, an office environment, or a server farm). In other example
embodiments, the processors or processor-implemented engines may be distributed
across a number of geographic locations.

[0080] Certain embodiments are described herein as including logic or a number of
components. Components may constitute either software components {e.g., code
embodied on a machine-readable medium) or hardware components (e.g., a tangible
unit capable of performing certain operations which may be configured or arranged
in a certain physical manner). As used herein, for convenience, components of the
computing system 102 may be described as performing or configured for performing
an operation, when the components may comprise instructions which may program
or configure the computing system 102 to perform the operation.

[0081] While examples and features of disciosed principles are described herein,

maodifications, adaptations, and other implementations are possible without departing
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from the spirit and scope of the disclosed embodiments. Also, the words

o o

‘comprising,” “having,” “containing,” and “including,” and other similar forms are
intended to be sgquivalent in meaning and be open ended in that an idem or Hems
following any one of these words is not meant to be an exhaustive listing of such
tem or items, or meant to be limited to only the listed ifem or items. it must also be
noted that as used herein and in the appended claims, the singular forms “a,” “an,”
and “the” include plural references unless the context clearly dictates otherwise.
[0082] The embodiments lliustrated herein are dascribed in sufficient detail to enable
those skilled in the art {o practice the teachings disclosed. Other embodiments may
be used and derived therefrom, such that structural and logical substitutions and
changes may be made without departing from the scope of this disclosure. The
Detailed Dascription, therefore, is not to be taken in a limiting sense, and the scope
of various embodiments is defined only by the appended claims, along with the full

range of equivalents to which such claims are entitied.
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WHAT IS CLAIMED 18:

1. A method for vehicle repositioning, comprising:

obtaining information comprising a current location of a vehicle on a ride-
sharing platform;

obtaining a set of paths originated from the current iocation of the vehicle,
wherein each of the set of paths has a length less than a preset maximum path
length;

obtaining a set of expected cumulative rewards along the set of paths based
on a trained deep value-network;

selecting a best path from the set of paths based on a heuristic tree search of
the set of expected cumulative rewards; and

recommending a next step along the best path as a reposition action for the

vehicle.

2. The method of claim 1, wherein the obtaining information comprising a
current location comprises:

obtaining a grid-world representing a real world gecgraphical area, wherein
the grid-world comprises a plurality of grid cells representing a plurality of order-
dispatching regions, wherein the current location of the vehicle comprises a first grid
cell in the grid-world, wherein the next step along the best path comprises a second

grid cell in the grid-world.

3. The method of claim 2, wherein obtaining the set of paths originated from

the current location comprises excluding paths with inaccessible grid cells.

4. The method of claim 1, wherein repositioning is triggered after the vehicle

has been idle for a predetermined number of minutes.
5. The method of claim 1, wherein the obtained information further comprises

a currert time step, and the vehicle is recommended to reposition to a new location

corresponding to the next step along the best path at a next time step.
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6. The method of claim &, wherein the trained deep value-network generates
the set of expected cumulative rewards based on a repositioning cost of

repositioning to the new location and a future value of the new location .

7. The method of claim 8, wherein the future value of the new location is
based on a dispatch probability and a future cumulative reward from the new

location.

8. The method of claim 1, wherein the method further comprises:
triggering a long search if the vehicle has not been dispatched to an order for
a threshold amount of time; and

selecting the repositioning action from a long search look-up table.

9. The method of claim 1, wherein the trained deep value-network is trained

within an offline batch reinforcement learning framework.

10. A system for vehicle repositioning comprising one or more processors and
one or more non-transitory computer-readable memories coupled to the one or more
processors and configured with insiructions execuiable by the one or more
processors to cause the system to perform operations comprising:

obtaining information comprising a current location of a vehicle on a ride-
sharing platform;

obtaining a set of paths originated from the current location of the vehicle,
wherein each of the set of paths has a length less than a preset maximum path
tengthy;

obtaining a set of expected cumulative rewards along the set of paths based
on a trained deep value-network;

selecting a best path from the set of paths based on a heuristic free search of
the set of expected cumulative rewards; and

recommending a next step along the best path as a reposition action for the

vahicle.

11. The system of claim 10, wherein the obtaining information comprising a

current location comprises:
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obtaining a grid-world representing a real world geographical area, wherein
the grid-world comprises a plurality of grid cells representing a piurality of order-
dispatching regions, wherein the current location of the vehicle comprises a first grid
cell in the grid-world, wherein the next step along the best path comprises a second

grid cell in the grid-world.

12. The system of claim 11, wherein obtaining the set of paths originated from

the current location comprises excluding paths with inaccessible grid cells.

13. The system of claim 10, wherein the obtained information further
comprises a current time step, and the vehicle is recommended to reposition {o a

new location corresponding to the next step along the best path at a next time step.

14. The system of claim 13, wherein the trained deep valus-network
generates the sel of expecied cumulative rewards based on a repositioning cost of

repositioning to the new location and a future value of the new location .

15. The system of claim 14, wherein the fulure value of the new location is
based on a dispatch probability and a future cumulative reward from the new

location.

16. The system of claim 10, wherein the trained deep value-network is trained

within an offline batch reinforcement learning framework.

17. A non-transitory computer-readable storage medium configured with
instructions executable by one or more processors o cause the one or more
procassors to perform operations comprising:

obtaining information comprising a current location of a vehicle on a ride-
sharing platform;

obtaining a set of paths originated from the current location of the vehicle,
wherein each of the set of paths has a length less than a preset maximum path
length;

obtaining a set of expected cumulative rewards along the set of paths based

on a trained deep value-network;
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selecting a best path from the set of paths based on a heuristic tree search of
the set of expected cumulative rewards; and
recommending a next step along the best path as a reposition action for the

vehicle.

18. The non-transitory computer-readable storage medium of claim 17,
wherein the obtaining information comprising a current location comprises:

obtaining a grid-world representing a real world geographical area, wherein
the grid-world comprises a plurality of grid cells representing a plurality of order-
dispatching regions, wherein the current location of the vehicle comprises a first grid
cell in the grid-world, wherein the next step along the best path comprises a second

grid cell in the grid-world.

19. The non-transitory computer-readable storage medium of claim 18,
wherein oblaining the set of paths originated from the current location comprises

axcluding paths with inaccessible grid cells.

20. The non-transitory computer—readable storage medium of claim 17,
wherein the obtained information further comprises a current time step, and the
vehicle is recommended to reposition {0 a new iocation corresponding {o the next

step along the best path at a next time step.
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