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Ride-Hailing & Order-Vehicle Dispatching

passengertaxi

Server (order dispatcher)



Metrics for order dispatching

• ADI – Accumulative driver income

• ORR – Order response rate

Generally speaking, higher ORR means higher ADI



Long-term  vs. Long-distance Serving

urban
rural



Depart City into Many Dispatching Regions

Dispatching regions
Dongcheng district, Beijing

It reduces the waiting time



Our targets

• Reduce the waiting time.

• Higher order response rate.

• Higher accumulative driver income.



Distribution Matching

Time Step 0 … t … T

Order Distribution 𝒟!" … 𝒟#" … 𝒟$"

Vehicle Distribution 𝒟!% … 𝒟#% … 𝒟$%

Order distribution at t Vehicle distribution at t

Matching these 
two distribution



Distribution Matching

argmin𝐷!" 𝒟#$%& ∥ 𝒟#$%'Matching Strategy = 

𝒟#' × 𝜋 × 𝒟#& → 𝒟#$%'

Distribution Transition Formulation: 

Policy for order dispatching

KL divergence from 
vehicle distribution 
to order distribution

It means, the vehicle distribution at t+1 is 
determined by policy at time t



Multi-Agent Reinforcement Learning

• State: ⟨𝐺, 𝑁,𝑀,𝒟!"#$⟩, represent the grid index, the number of idle 

vehicles, the number of valid orders and the distribution of orders’ 

destinations respectively. 

• Action: ⟨𝐺#%&'(" , 𝐺!"#$ , 𝑇, 𝐶⟩, the order features, represent the source grid 

index, target grid index, time duration and order price respectively.

• Reward: propositional to the order price.



Perspective of Each Agent
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• Using the tuple <state, action> as input to handle the dynamic 

action space problem.

• Update rule: TD(0).

• Boltzmann-style policy for balancing exploration and 

exploitation:

Action Selection Q-Learning
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KL Divergence Optimization
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Objective function: TD error + KL-divergence constraint

Gradient of 𝐷,- to policy’s parameters:

Idle vehicle number

Rate of order 

Total number of vehicles

Vehicle number of grid i



Compare to Coordination

• Communication requires intensive 
interaction.
• In order-dispatching scenario, agents 

in the same grid interact with others 
at most one time.

Grid i

Grid j
Grid p

Grid q

t+d1

t+d2

t+d3

It shows that the order-dispatching process of each grid at
time t , and different order has different duration of d , so the
vehicles will arrive at the destination grids at different time,
and vehicles serve different orders will be assigned to different
grids, then it is hard to form continuous interactions and
communication between vehicles.



Experiments



Baselines

• NOD - Nearest-distance Order Dispatching (NOD) algorithm 
• IL - Independent Q-Learning
• MDP - a planning and learning method based on decentralized multi-

agent deep reinforcement learning and centralized combinatorial 
optimization.



Experiment: Particle Migration
• Including 10x10 grids
• Blue particle – Agent.
• Red particle – Order.
• Red particles generated by given distribution

• Agents can only select orders in the same grid.
• Reward: 𝑅 𝑠, 𝑎 = 0.1×∥ #𝑠𝑜𝑢𝑟𝑐𝑒 − #𝑡𝑎𝑟𝑔𝑒𝑡 ∥)
• Agents will migrate to other grids by serving 

orders.

Number: ∼ 𝒩 𝜇# , 𝜎# , Destination: ∼ 𝑈(0, 𝑁)

A part of the Particle Environment



Experiment: Particle Migration
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Figure 1. Order distribution, ∥ 𝜇! − 𝜇!"# ∥$ = 8



Experiment: Particle Migration

Table 1. Performance comparison in terms of ADI and ORR with respect to NOD



Experiment: Particle Migration

(a) ∥ 𝜇# − 𝜇#&' ∥(= 1 (b) ∥ 𝜇# − 𝜇#&' ∥(= 2 (c) ∥ 𝜇# − 𝜇#&' ∥(= 4

Figure 2. ORR and ADI performance under different 𝜆 settings.



Experiment: Real-World Testing

• Conduct experiments on an open source grid-based environment 

simulator provided by Didi Chuxing.

• Divide city into 𝑁 hexagonal grids.

• The travel distance between neighboring regions is approximately 

2.2km and the time interval is 10min. 

• 3 cities in one month.



Experiment: Real-World Testing

Table 2. Performance comparison in terms of ADI and ORR with respect to NOD



Deployment

A hybrid system which incorporates our method with routing planning 
and arrival time estimation.

Data: (2, 4)
Action Selection 

Q-learning
Estimate 

Travel time
Hybrid 
System

Matching
System

Routing
System

Simulator

Offline

Data: 
(2, 4)

Q-value



Summary

• Dividing city into multiple dispatching regions to ensure reasonable 

waiting time.

• A decentralized and no explicit coordination MARL method for order 

dispatching and ride-hailing.

• Constraint distribution matching method can handle different traffic 

cases.



Thanks


