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Background

A Deep Value-network Based Approach for Multi-Driver Order Dispatching
be further augmented due to either long chain of downstream tasks
or simply large scale of the inputs, which can cause instability
and abnormal behavior at the system level. To obtain robustness
against perturbations, mathematically we would like the output of
the value function to be bounded, with respect to the p-norm of
interest || · ||p , by its input state for all state in S, e.g.,
||V (s 1 )
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Here the value of Lp , known as the Lipschitz constant, represents
the worst case variation of V with respect to a change in its input
s. In this case we would like to regularize Lp during
training for a
MLP
robust value function.
An upper bound for the Lipschitz constant of a neural network
can be computed as the product of the Lipschitz constant of each
individual layer of the network. This is easy to show once we
notice that neural networks can be expressed as a series of function
compositions, e.g., V (s) = ( h h 1 · · · 1 )(s).
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Hence to control the neural network’s
constant it is
concat global Lipschitz
concat
MLP
su�cient to regularize the Lipschitz for each individual layer. The
value network that we use, as depicted in Figure 1, consists of both
the cerebellar embedding layer and the multilayer perceptron. We
now give the Lipschitz constants of these two layers as a function
of their parameters.
Multilayer Perceptron: Assume one linear layer followed by
an ReLU activation. The Lipschitz
of the ReLU operation is bounded
Cerebellar
Cerebellar
by 1, e.g., Lrpelu = 1, since the
maximum absolute subgradient of
Embedding
Embedding
ReLU is 1. For the linear layer, assuming it is parameterized by a
weight matrix l and a bias vector b l , we can derive its Lipschitz
constant as follows,
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the output of the cerebellar embedding layer is bounded as follows,
||c(x 1 )T M
= ||(c(x 1 )

c(x 2 )T M ||p /n

c(x 2 ))T M ||p /n  2 max || iM ||p
i

where iM is the ith row of M . When p = 1, for example, maxi || iM ||1 =
|| M ||1 which is the in�nity norm of the matrix M .

3.3 Policy Evaluation

Given the semi-MDP de�ned in Section 2, we want to solve for the
value function under the unknown dispatching policy . We collect
the historical driver trajectories and divide it into a set of tuples
with each representing one driver transition spending k time steps
from s to s 0 during which the driver receives a total trip fee R, i.e.,
(s, R, s 0 ). Training follows the Double-DQN structure [16] for better
training stability. The main value network is denoted as V (s | )
where representing all trainable weights in the neural network,
and a target V -network V̂ (s | ˆ), maintained and synchronized
periodically with the main network V (s | ), is used to evaluate the
update rule as given in (2). This update is converted into a loss to
be minimized L( ), most commonly the squared loss. Following
the discussions in Section 3.2, we add a penalty term R( ) on global
Lipschitz constant to the loss and introduce a penalty parameter
> 0,
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which is the operator norm of weight matrix l . When p = 1 the
Lipschitz constant of the linear layer Llp is given by the maximum
absolute column sum of the weight matrix; when p = 1 it is the
maximum absolute row sum and when p = 2 it is the spectral norm
of l which can be approximated using the power method.
Cerebellar Embedding: Recall that in Section 3.1 the embedc(s)T

✓
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ding process can be expressed as a sparse dot product
n
where c(s) is a sparse vector with at most n non-zero entries. Since
this operation is linear in c(s), the Lipschitz can be computed similarly as that of the linear layer. In this case it is the operator norm
of the transpose of the embedding matrix M . Note that because
quantizations are used, there will be a sudden change in the output
value at the boundary of the quantization. This will not be an issue
in practice as long as the scale of the change is controlled. That is if
we regularize the operator norm of M . In fact, note that the vector
c(s 1 ) c(s 2 ) can have at most 2n non-zero entries for any s 1, s 2 , e.g.,
when s 1 and s 2 have no overlap in the conceptual memory. Hence
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Context Randomization: During training we augment each historical driver trajectory with contextual features { i } extracted
from the production logging system. Contextual features, especially real-time supply/demand statistics, often come with high
variance, e.g., it is common to notice a ±30 minutes shift of the
rush hour peak. Another issue is the scheduling bias in the logging
system, e.g., logging triggered every 5 minutes, which can cause too
many failed feature associations when matching using the exact
value of the spatiotemporal states. To account for those bias in
the training and to build temporal invariance into the system, we
use context randomization (6) in the augmentation process. That
is, instead of matching with the exact spatiotemporal status, we
implement a procedure called hierarchical range query (·), which
allows the speci�cation of a range for the given query and returns
a set of contextual features within that range, i.e., (l, µ, r ) ✓ { i }
where r specify the query range for time µ such that all contextual
features within [µ r , µ + r ] are returned.

4 PLANNING WITH MULTI-DRIVER
DISPATCHING

The production environment is intrinsically multi-agent with multiple drivers ful�lling passengers orders at the same time. A matching
problem [19] is usually formulated at this stage to optimally assign
the orders collected within a dispatching window to a set of drivers,
while also avoiding assignment con�icts such as matching one order with multiple drivers. A utility score i j is used to indicate the
value of matching each driver i and order j pair, and the objective
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be further augmented due to either long chain of downstream tasks
or simply large scale of the inputs, which can cause instability
and abnormal behavior at the system level. To obtain robustness
against perturbations, mathematically we would like the output of
the value function to be bounded, with respect to the p-norm of
interest || · ||p , by its input state for all state in S, e.g.,
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Hence to control the neural network’s
constant it is
concat global Lipschitz
concat
MLP
su�cient to regularize the Lipschitz for each individual layer. The
value network that we use, as depicted in Figure 1, consists of both
the cerebellar embedding layer and the multilayer perceptron. We
now give the Lipschitz constants of these two layers as a function
of their parameters.
Multilayer Perceptron: Assume one linear layer followed by
an ReLU activation. The Lipschitz
of the ReLU operation is bounded
Cerebellar
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by 1, e.g., Lrpelu = 1, since the
maximum absolute subgradient of
Embedding
Embedding
ReLU is 1. For the linear layer, assuming it is parameterized by a
weight matrix l and a bias vector b l , we can derive its Lipschitz
constant as follows,
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where iM is the ith row of M . When p = 1, for example, maxi || iM ||1 =
|| M ||1 which is the in�nity norm of the matrix M .

3.3 Policy Evaluation
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value function under the unknown dispatching policy . We collect
the historical driver trajectories and divide it into a set of tuples
with each representing one driver transition spending k time steps
from s to s 0 during which the driver receives a total trip fee R, i.e.,
(s, R, s 0 ). Training follows the Double-DQN structure [16] for better
training stability. The main value network is denoted as V (s | )
where representing all trainable weights in the neural network,
and a target V -network V̂ (s | ˆ), maintained and synchronized
periodically with the main network V (s | ), is used to evaluate the
update rule as given in (2). This update is converted into a loss to
be minimized L( ), most commonly the squared loss. Following
the discussions in Section 3.2, we add a penalty term R( ) on global
Lipschitz constant to the loss and introduce a penalty parameter
> 0,
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which is the operator norm of weight matrix l . When p = 1 the
Lipschitz constant of the linear layer Llp is given by the maximum
absolute column sum of the weight matrix; when p = 1 it is the
maximum absolute row sum and when p = 2 it is the spectral norm
of l which can be approximated using the power method.
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Here the value of Lp , known as the Lipschitz constant, represents
the worst case variation of V with respect to a change in its input
s. In this case we would like to regularize Lp during
training for a
MLP
robust value function.
An upper bound for the Lipschitz constant of a neural network
can be computed as the product of the Lipschitz constant of each
individual layer of the network. This is easy to show once we
notice that neural networks can be expressed as a series of function
compositions, e.g., V (s) = ( h h 1 · · · 1 )(s).
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cially real-time supply/demand statistics, often come with high
variance, e.g., it is common to notice a ±30 minutes shift of the
rush hour peak. Another issue is the scheduling bias in the logging
system, e.g., logging triggered every 5 minutes, which can cause too
many failed feature associations when matching using the exact
value of the spatiotemporal states. To account for those bias in
the training and to build temporal invariance into the system, we
use context randomization (6) in the augmentation process. That
is, instead of matching with the exact spatiotemporal status, we
implement a procedure called hierarchical range query (·), which
allows the speci�cation of a range for the given query and returns
a set of contextual features within that range, i.e., (l, µ, r ) ✓ { i }
where r specify the query range for time µ such that all contextual
features within [µ r , µ + r ] are returned.
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ding process can be expressed as a sparse dot product
n
where c(s) is a sparse vector with at most n non-zero entries. Since
this operation is linear in c(s), the Lipschitz can be computed similarly as that of the linear layer. In this case it is the operator norm
of the transpose of the embedding matrix M . Note that because
quantizations are used, there will be a sudden change in the output
value at the boundary of the quantization. This will not be an issue
in practice as long as the scale of the change is controlled. That is if
we regularize the operator norm of M . In fact, note that the vector
c(s 1 ) c(s 2 ) can have at most 2n non-zero entries for any s 1, s 2 , e.g.,
when s 1 and s 2 have no overlap in the conceptual memory. Hence
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The production environment is intrinsically multi-agent with multiple drivers ful�lling passengers orders at the same time. A matching
problem [19] is usually formulated at this stage to optimally assign
the orders collected within a dispatching window to a set of drivers,
while also avoiding assignment con�icts such as matching one order with multiple drivers. A utility score i j is used to indicate the
value of matching each driver i and order j pair, and the objective
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where iM is the ith row of M . When p = 1, for example, maxi || iM ||1 =
|| M ||1 which is the in�nity norm of the matrix M .

3.3 Policy Evaluation
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value function under the unknown dispatching policy . We collect
the historical driver trajectories and divide it into a set of tuples
with each representing one driver transition spending k time steps
from s to s 0 during which the driver receives a total trip fee R, i.e.,
(s, R, s 0 ). Training follows the Double-DQN structure [16] for better
training stability. The main value network is denoted as V (s | )
where representing all trainable weights in the neural network,
and a target V -network V̂ (s | ˆ), maintained and synchronized
periodically with the main network V (s | ), is used to evaluate the
update rule as given in (2). This update is converted into a loss to
be minimized L( ), most commonly the squared loss. Following
the discussions in Section 3.2, we add a penalty term R( ) on global
Lipschitz constant to the loss and introduce a penalty parameter
> 0,
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value network that we use, as depicted in Figure 1, consists of both
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now give the Lipschitz constants of these two layers as a function
of their parameters.
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which is the operator norm of weight matrix l . When p = 1 the
Lipschitz constant of the linear layer Llp is given by the maximum
absolute column sum of the weight matrix; when p = 1 it is the
maximum absolute row sum and when p = 2 it is the spectral norm
of l which can be approximated using the power method.
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where c(s) is a sparse vector with at most n non-zero entries. Since
this operation is linear in c(s), the Lipschitz can be computed similarly as that of the linear layer. In this case it is the operator norm
of the transpose of the embedding matrix M . Note that because
quantizations are used, there will be a sudden change in the output
value at the boundary of the quantization. This will not be an issue
in practice as long as the scale of the change is controlled. That is if
we regularize the operator norm of M . In fact, note that the vector
c(s 1 ) c(s 2 ) can have at most 2n non-zero entries for any s 1, s 2 , e.g.,
when s 1 and s 2 have no overlap in the conceptual memory. Hence

(

Context Randomization: During training we augment each historical driver trajectory with contextual features { i } extracted
from the production logging system. Contextual features, especially real-time supply/demand statistics, often come with high
variance, e.g., it is common to notice a ±30 minutes shift of the
rush hour peak. Another issue is the scheduling bias in the logging
system, e.g., logging triggered every 5 minutes, which can cause too
many failed feature associations when matching using the exact
value of the spatiotemporal states. To account for those bias in
the training and to build temporal invariance into the system, we
use context randomization (6) in the augmentation process. That
is, instead of matching with the exact spatiotemporal status, we
implement a procedure called hierarchical range query (·), which
allows the speci�cation of a range for the given query and returns
a set of contextual features within that range, i.e., (l, µ, r ) ✓ { i }
where r specify the query range for time µ such that all contextual
features within [µ r , µ + r ] are returned.

The production environment is intrinsically multi-agent with multiple drivers ful�lling passengers orders at the same time. A matching
problem [19] is usually formulated at this stage to optimally assign
the orders collected within a dispatching window to a set of drivers,
while also avoiding assignment con�icts such as matching one order with multiple drivers. A utility score i j is used to indicate the
value of matching each driver i and order j pair, and the objective

Challenges

• Ride-hailing marketplace — multi-task sequential decision problem

‣ Order dispatching and vehicle repositioning (autonomous fleet management)
‣ Hundreds of thousands of decisions are made per day with extended temporal effects
‣ Connecting tens of thousands of vehicles in a city to millions of ride demands continuously throughout the day

Challenges

• Real-time dynamics between supply and demand in a stochastic and time-varying
environment.

‣ Daily recurrent variations usually have good representations in large historical datasets (offline RL)
‣ Occurrences of irregular (long-tail) events some may never occur in the training data (online learning)
‣ Additional contextual features are NOT good enough

• Coordinations among vehicles (multi-agent)

‣ Resolve dispatching constraints and avoid undesirable competitions among managed vehicles

• Interactions between tasks (multi-task)

‣ Both tasks modify the system state, e.g., supply/demand distributions, as well as the state transition
dynamics, e.g., traffic on the road and the estimated arrival time.

Dispatch algo

Reposition algo

V1D3: Next Generation Decision Engine
A unified value-based dynamic learning framework (V1D3)
for both dispatching and repositioning

Offline RL
Multi-task
Ride-hailing
Marketplace
Multi-agent

Online
Adaptations

V1D3: Next Generation Decision Engine
A unified value-based dynamic learning framework (V1D3)
for both dispatching and repositioning

✓At the center of the framework is a globally

shared value function that is updated
continuously to reflect in real time the platform
transactions

‣ Both tasks rely on the shared value function for
decision making
‣ Any changes on the global state made by

dispatching and repositioning are communicated in
real-time through the value function
‣ A “feedback loop” to reach equilibrium of
supply and demand as an implicit form of
coordinations
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✓Periodic value ensemble with offline

evaluated time-sensitive policy for handling
distributional shift in a time-varying non-stationary
environment

‣ Lipschitz-regularized offline policy evaluation with

time stamp inputs to obtain a time series of state
value functions
‣ Periodically ‘reinitialize’ with a weighted ensemble
scheme and a pre-determined set of ensemble time
points from learning a segmentation on the
historical aggregated order time series
* and +, frozen during distillation
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V1D3: Next Generation Decision Engine
A unified value-based dynamic learning framework (V1D3)
for both dispatching and repositioning

✓Sample-efficiency and robustness: the

novel periodic ensemble method combining the
fast online learning with a large-scale offline
training scheme that leverages the abundant
historical driver trajectory data

‣ Adapt quickly to the highly dynamic environment,
‣ Generalize robustly to recurrent patterns
‣ Drive implicit coordinations among the
population of managed vehicles

✓V1D3 outperforms both first prize winners of

dispatching and repositioning tracks in the KDD
Cup 2020 RL competition, achieving state-of-theart results on improving both total driver
income and user experience related
metrics

ii

be discounted when computing the sampling probability. That is,
the cost of repositioning to a state di�erent from the current is acV1D3:
Next Generation Decision Engine
counted for such that a closer destination with a smaller reposition
cost is preferred given the same state value.
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Algorithm 5.1 Uni�ed Value Learning Framework for Dynamic
Order Dispatching and Driver Repositioning (V1D3)
1:
2:
3:
4:
5:
6:

(7)

7:
8:
9:
10:
11:
12:

in (3),

)

erving

13:
14:
15:
16:
17:

nat ion

D error
driver
she is.
cuting
ion of

18:
19:

Given: the ensemble weight 1 > > 0, the reposition threshold
C > 0 (usually chosen between 150 and 300).
Given: the o�ine evaluated value function Vope .
Compute the set E containing the changing time points to
re-ensemble.
Initialize the state value network V with random weights .
for the dispatch round t = 1, 2, · · · , N do
if t 2 E then
t (s).
8s, V (s)
V (s) + (1
)Vope
end if
Solve the dispatch problem (7) given the current value V .
if t mod C = 0 then
Collect all drivers with idle time exceeding C time steps.
Compute the destination distribution (8) for each driver
given the current value V .
Reposition each driver stochastically according to the distribution.
end if
Obtain the system state DD , DI and D = DD [ DI .
Construct the gradient of the learning objective (4), i.e.,
rL(D; ) based on the current system state D.
Update the state value network by performing a gradient
descent step on , e.g.,
rL(D; )
end for
return V

A unified value-based dynamic learning framework (V1D3)
for both dispatching and repositioning

Figure 3: (a). The drivers managed by V1D3 achieve the highest total income rate (reposition score), surpassing the top solution
Decision
Engine
TLabV1D3:
in KDDNext
Cup Generation
2020 and the human
Expert
policy. (b). The relative di�erence (%) of reposition score between N = 100 and
2000 with error bar denoting the standard deviation across 5 days. Here V1D3 demonstrates a robust high performance, within
<0.7% variation, as the managed �eet size N increases 20x.
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Figure 4: (a) and (c). Value distribution before and after additions of new drivers (orders) at the grid center; (b) and (d). Each
color represents the value distributions of the sets of cells at di�erent radius to the center, e.g., radius 0 denotes the grid center
The values decrease (increase) in response to new additional supplies (demands) as desired. The magnitude of the response
gradually diminishes as time elapses and as the distance to the grid center increases.

Simulate the response curve of V1D3’s value function
according to the change of supply and demand.
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The results are presented in Figure 3a. Each algorithm is evaluated using real-world data on 5 di�erent dates including both
weekdays and weekends. And the same simulations are repeated
for N = 100, 1000, 2000. For each N we report the mean (the marker)
and the variance (the shaded area) of the reposition score across 5
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scalability and robustness when N increases in both deterministic
and stochastic cases, e.g., V1D3 outperforms the TLab by 15x and
the human Expert policy by nearly 4x as shown in Figure 3b.
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Performance Analysis
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of the response to gradually decrease as we move away from the center of the
event

The results are presented in Figure 3a. Each algorithm is evaluated using real-world data on 5 di�erent dates including both
weekdays and weekends. And the same simulations are repeated
for N = 100, 1000, 2000. For each N we report the mean (the marker)
and the variance (the shaded area) of the reposition score across 5
dates. First we note that when N is small (100) all three learning-

scalability and robustness when N increases in both deterministic
and stochastic cases, e.g., V1D3 outperforms the TLab by 15x and
the human Expert policy by nearly 4x as shown in Figure 3b.

6.3

Performance Analysis

In this subsection we take a deeper look at the online learning
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Table 1: Comparison with state-of-the-art dispatching algorithms in simulating environments using realworld data from DiDi’s ride-hailing platform during both weekdays and weekends in three di�erent cities.
The results are averaged from multiple days and the means and variances across days are reported.
City

Environment
Weekday

City A
Weekend
(a)

(b)

Figure 3: (a). The drivers managed by V1D3 achieve the highest total income rate (reposition score), surpassing the top solution
Dispatch
TLab in KDD Cup
2020 and the human Expert policy. (b). The relative di�erence (%) of reposition score between N = 100 and
2000 with error bar denoting the standard deviation across 5 days. Here V1D3 demonstrates a robust high performance, within
<0.7%Experiments
variation, as the
managed
size N increases
20x. in three different cities
include
both�eet
weekdays
and weekends

✓
✓Outperform methods including KDD Cup winner PolarB and published algorithms such as CVNet and
strong baselines
✓V1D3 combines the advantages of both PolarB (pure online) and CVNet1 (pure offline)
‣increases total driver income by as much as +8% against the Baseline, +6% against previous SOTA
CVNet and +3% against PolarB
‣Increases user experience by as much as +8% against PolarB
(a)
Reposition

(b)

(c)

Weekday
City B

(d)

Figure 4: (a) and (c). Value distribution before and after additions of new drivers (orders) at the grid center; (b) and (d). Each
colorExperiments
represents the include
value distributions
of size
the sets
of cells
at di�erent
radius
to thefleet
center,
e.g.,
radius 0 denotes
the grid center. City C
varying the
of the
managed
fleet,
for each
size
averaging
over five
The values decrease (increase) in response to new additional supplies (demands) as desired. The magnitude of the response
different days
gradually diminishes as time elapses and as the distance to the grid center increases.

Weekend

Weekday

✓

✓Outperform KDD Cup winner TLab2 and human expert policy
V1D3 achieves more than +6% improvement in driver income rate over the human expert policy
✓
The results are presented in Figure 3a. Each algorithm is evalscalability and robustness when N increases in both deterministic
V1D3
outperforms
TLab
by
15x
in
robustness
as
the
size increases
20x outperforms the TLab by 15x and
✓ using real-world data on 5 di�erent dates including both andfleet
uated
stochastic
cases, e.g., V1D3
†

Weekend

Method
PolarB
Baseline
CVNet
Greedy
V1D3
PolarB
Baseline
CVNet
Greedy
V1D3
PolarB
Baseline
CVNet
Greedy
V1D3
PolarB
Baseline
CVNet
Greedy
V1D3
PolarB
Baseline
CVNet
Greedy
V1D3
PolarB
Baseline
CVNet
Greedy
V1D3

Dispatch score
2498023.82 ± 12517.26
2387008.73 ± 5429.38
2398814.43 ± 12839.90
2350685.21 ± 5567.51
2509547.65 ± 8794.37
2577002.60 ± 91071.56
2487915.88 ± 77111.26
2534253.10 ± 84285.72
2430412.20 ± 77133.57
2590333.62 ± 99474.20
1575231.41 ± 29200.11
1498126.49 ± 12037.66
1511983.792 ± 12331.36
1498385.19 ± 30811.10
1589252.82 ± 20981.18
1436435.90 ± 52206.43
1402633.35 ± 33007.10
1407527.12 ± 38468.35
1388862.54 ± 46301.08
1453191.10 ± 40822.98
767201.73 ± 33299.30
738083.83 ± 44261.91
744578.48 ± 42294.09
724491.04 ± 46843.13
778687.02 ± 48186.72
804656.13 ± 15354.59
764460.73 ± 4893.10
780972.50 ± 18303.07
746729.07 ± 3357.45
825870.31 ± 7756.72

Answer rate (%) †
+2.8398 ± 0.3638
+0.0000 ± 0.0000
+3.7166 ± 0.3602
-1.2964 ± 0.0603
+3.0823 ± 0.0653
+2.0634 ± 0.4399
+0.0000 ± 0.0000
+4.9861 ± 0.1908
-1.5470 ± 0.4394
+2.5222 ± 0.1956
+2.5077 ± 2.0896
+0.0000 ± 0.0000
+2.6405 ± 0.3073
+1.2401 ± 1.4075
+3.7677 ± 0.7358
+1.3003 ± 1.4210
+0.0000 ± 0.0000
+2.5140 ± 1.4626
+0.6618 ± 0.6337
+2.4246 ± 0.2247
-3.0291 ± 3.6575
+0.0000 ± 0.0000
+6.3528 ± 0.1955
-3.1926 ± 0.8896
+4.8733 ± 0.0938
-1.9825 ± 2.9749
+0.0000 ± 0.0000
+7.0296 ± 2.4580
-4.1320 ± 0.8392
+1.6107 ± 1.1763

Completion rate (%) †
+1.8177 ± 0.3192
+0.0000 ± 0.0000
+0.6548 ± 0.3540
-3.6622 ± 0.0008
+2.0828 ± 0.0338
+0.9494 ± 0.4347
+0.0000 ± 0.0000
+1.6428 ± 0.2126
-4.2193 ± 0.3719
+1.3679 ± 0.1300
+1.1372 ± 1.9432
+0.0000 ± 0.0000
+0.2856 ± 0.2215
-1.3727 ± 1.3386
+2.4352 ± 0.5846
-0.2523 ± 1.5487
+0.0000 ± 0.0000
-0.8369 ± 1.5392
-2.3576 ± 0.9062
+0.8618 ± 0.2460
-3.8274 ± 3.4695
+0.0000 ± 0.0000
+2.7810 ± 0.6404
-5.6701 ± 0.4511
+2.9925 ± 0.0934
-2.8981 ± 2.9205
+0.0000 ± 0.0000
+4.3322 ± 2.4390
-5.8998 ± 0.5004
+0.5496 ± 0.8569

The reported numbers are relative improvement computed against the Baseline.
weekdays and weekends. And the same simulations are repeated
the human Expert policy by nearly 4x as shown in Figure 3b.
for N = 100, 1000, 2000. For each N we report the mean (the marker)
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Open ride-hailing marketplace
simulation platform

‣https://outreach.didichuxing.com/
Simulation/

Link to full paper

‣https://arxiv.org/abs/2105.08791
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