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ABSTRACT
Spatial platforms have become increasingly important in people’s
daily lives. Task assignment is a critical problem in these platforms
that matches real-time orders to suitable workers. Most studies only
focus on independent platforms that are in a competitive relation-
ship. Recently, an emerging service model was proposed, where
orders are shared with multiple similar platforms. It aims to solve
the imbalance between supply and demand through cooperation.
However, it faces the following main challenges: 1) Coordinating
independent platforms fairly based on the limited information; 2)
Building a task assignment process with personalized algorithms.
In this paper, we study real applications and define the Autonomy
and Coordination Task Assignment problem (ACTA) to maximize
the global revenue and fairness. We propose a framework to solve
ACTA that consists of public order sending, local matching, global
conflict adjustment and results notification. The framework uses
mid-products and public data to train a revenue estimation model
to coordinate participants. We further propose dynamic weight
task assignment algorithms to guarantee fairness. Through the ex-
periments, we prove that the platforms can obtain higher revenue,
which shows the effectiveness and efficiency of our work.
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1 INTRODUCTION
Spatial platforms such as Uber1, Lyft2 and DiDi3 have become
popular types of spatial crowdsourcing services [15, 38]. Task as-
signment is a critical problem in these platforms. The goal is to
assign dynamic tasks to workers who are moving freely [32, 42].
The assignment results directly influence the satisfaction of users
and revenue of the platforms.

Most of the existing studies focus on the task assignment prob-
lem for independent platforms (ITA) [7, 9, 29, 34, 44]. The central
servers receive real-time data, including users’ orders and workers’
locations. They use algorithms to find optimal assignment results.
Figure 1(a) shows two ride-hailing platforms in the ITA. The cen-
tral servers receive the respective order and worker data with no
intersection of their matching results. Their goals may be maxi-
mizing the utility score [44], maximizing the response rate [25],
minimizing the latency [10], etc. Bipartite graph matching satis-
fying spatial and temporal constraints is a classical solution [9].
Orders and workers are modeled as a bipartite graph. An edge will
form between a worker and an order if the spatial and temporal
constraints are satisfied. In recent years, multi-agent reinforcement
learning (MARL) [5] has been successfully applied to task assign-
ment problems. Workers are treated as individual agents, and the
central server trains a model for all agents to guide them to serve
the orders [20, 24, 30, 31].

However, the imbalance of supply and demand is an urgent
problem due to the constantly increasing demands of users. In
Figure 1(a), there are 7 orders and 8 workers in total. However, o6
and o7 will be rejected because there are no workers of ServerB
nearby. Meanwhile,w3 andw4 of ServerA remain idle. This leads
to lower user satisfaction and waste of workers. If users cannot be
served by one platform, they start to carry on multiple platforms
until one of them responds. If drivers are idle in one platform,
they may start to work for multiple platforms, which may also
lead to default caused by simultaneously accepting multiple orders.
Obviously, it is very inconvenient. Cooperative task assignment
(CTA) [11, 39, 40] is an emerging solution for this problem. In
CTA, ride-hailing platforms form a cooperative relationship. Orders
will be sent to multiple platforms that provide similar services,

1https://www.uber.com/
2https://www.lyft.com/
3https://www.didiglobal.com/
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(b) Cooperative Task Assignment Applications

Figure 1: An Example of Task Assignment

which increases the probability of the orders being served. Similar
applications have been adopted in DiDi3, AMAP4, Baidu Map5 and
Meituan6, as shown in Figure 1(b). In these applications, companies
with many users often act as leaders. The ride-hailing platforms act
as participants. They have their own market and can also receive
orders from the leader. They can assign these orders to idle workers
who work for them. However, several challenges must be solved.

• Challenge 1: fairly coordinating independent platforms
based on the limited information. In real applications, a
platform can only observe a part of the global information.
From their perspective, they only care about how to maxi-
mize their own revenue. It is difficult to coordinate the plat-
forms on the limited information. All existing works [11, 39]
and [40] simply aim at maximizing the total utility and ig-
nore the personality of the platforms. If the platforms feel
unfair, they may withdraw from the cooperation.

• Challenge 2: building a task assignment process with
personalized algorithms. ITAs have been widely studied,
and platforms have developed their own personalized al-
gorithms. [11, 39, 40] propose task assignment algorithms
for platforms, but they require all platforms to use their
proposed algorithms, which is unrealistic. The differences
among the methods increase the difficulty of coordination
among the platforms.

In this paper, we formally define theAutonomy andCoordination
Task Assignment problem (ACTA) based on real scenarios. The key
to the problem is how to fairly coordinate participants based on
their local information and achieve optimal global results.

In summary, our contributions are as follows:

• Wedefine theAutonomy andCoordination TaskAssignment
problem (ACTA) based on real scenarios. We study how to
improve revenue and guarantee fairness by coordinating
multiple spatial platforms.

4https://www.amap.com/
5https://map.baidu.com/
6https://www.meituan.com/

• We propose a framework to solve the problem. The frame-
work consists of four parts: public order sending, local match-
ing, global conflict adjustment and result notification. It does
not interfere with the local matching of platforms and allows
them to use personalized algorithms.

• We propose a revenue estimation-based algorithm to guide
spatial platforms to choose suitable orders based on expected
revenue. The expected revenue can significantly reduce the
conflicts between platforms. We further propose dynamic
weight task assignment algorithms to adjust the parameters
of different participants in the public order sending part. The
algorithm can better guarantee fairness.

• We conduct experiments on real and synthetic datasets. The
experimental results show that our algorithms can improve
the revenue of the platforms.

The rest of this paper is organized as following. We introduce
the background and related works in Section 2. The basic concepts
and ACTA problem are defined in Section 3. The major parts of
ACTA framework are introduced in Section 4. We propose the
revenue estimation-based task assignment algorithm in Section 5.
We further propose the dynamic weight task assignment algorithms
in Section6. We conduct the experiments and analyze the results in
Section 7. Finally, we concluded the paper and introduce the future
work in Section 8.

2 RELATEDWORK
In this section, we review the related work on task assignment and
federated systems.

Task assignment. Task assignment is an important problem
in ride-hailing platforms [12, 43, 46]. In early studies [22], offline
scenarios were studied, and the problem was reduced to the bi-
partite matching problem with complete information of workers
and orders. In recent years, the dynamic environment of spatial
crowdsourcing platforms has drawn increasing attention. Online
algorithms are applied in the task assignment problem. In the prob-
lem setting, orders and workers dynamically appear anywhere at
any time. Temporal and spatial uncertainty introduces great chal-
lenges to task assignment problems. The online task assignment
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problem can be categorized based on different objectives. One of the
most studied objectives is to maximize the total revenue. Previous
studies design the online matching algorithm under the adversarial
model, where the performance evaluation of the algorithm is based
on the worst arriving case [3, 35]. In [3], Aggarwal et al. proposed a
perturbed greedy algorithm with an optimal (1− 1

e )-competitive ra-
tio on a one-side scenario where only the information of one side is
unknown. Ting et al. [35] presented a randomized algorithm called
Greedy-RT with a random threshold based on a two-sided scenario,
where both workers and orders arrive in real time. However, the
appearance probability of the worst case is very low. Random order
models are designed to evaluate the online algorithm under the
average arriving case, which is more practical [13, 23, 37]. [23]
propose the BOM algorithm motivated by the secretary problem
with a competitive ratio of 1

e in a one-side scenario. Tong et al. [37]
presented the TGOA algorithm with a 1

4− competitive ratio in a
two-sided scenario. Inspired by the prediction of the arrival of tasks,
Dickerson et al. [13] designed an algorithm ADAP with an offline
guide and proved that the competitive ratio of ADAP was 0.343.
Another well-studied object is minimizing the total travel distance
[6, 21, 36]. [41] studied a problem that the profit decay over time.f
Kalyanasundaram et al. [21] studied an online minimum matching
algorithm with an optimal (2k − 1) competitive ratio, where 2k is
the number of nodes. [6] proposed the HST-reassignment algorithm
based on hierarchically separated tree metrics. Tong et al. [36] gave
a comprehensive experimental comparison and theoretical proof of
the online minimum bipartite matching problem and showed that
the competitive ratio of the greedy algorithm was 3.195. Zhao et
al. [45] also considered fairness in task assignment. In their problem,
they assign task based on Nash Equilibrium.

In these studies, the algorithms focused on solving one objective
problem. However, maximizing or minimizing a single objective
may incur the loss of other performance. Therefore, it is necessary
to ensure the balance of performance in the spatial crowdsourcing
problem. Recently, studies based onmulti-objective onlinematching
problems have been conducted [2, 9, 28]. [2] studied a bio-bjective
online bipartite matching problem that maximized the weight and
balance of the matching result. Both deterministic and randomized
algorithms were proposed and achieved competitive ratios of 0.343
and 0.573. Zhao et al. [9] proposed an FETA problem with the
optimization goal of maximizing the total utility and minimizing
the maximum fairness cost. [28] studied a multi-objective task
allocation problem in an online spatial crowdsourcing system that
maximized both platform utility and worker utility.

Traditional optimization approaches can perform well in sim-
ple scenarios. With the development of multiagent reinforcement
learning, more platforms have begun to use reinforcement learning
to perform task assignment and manage the movement of work-
ers [20, 24, 31, 33, 42]. Zhe et al. [42] modeled order dispatch as
a large-scale sequential decision-making problem and implement
reinforcement learning to optimize utility. [33] proposed a value-
based dynamic learning framework to solve the task assignment
problem and vehicle repositioning problem. Li et al. [24] modeled
their work as POMDP to maximize total income by considering the
cost of each order and potential demand of the destination. [31]
proposed an LAF scheme that optimized both utility and fairness.

These studies focus on individual problems that are difficult to
extend to cooperative task assignment. Cheng et al. [11] presented
the first work in cross online matching. They studied order pricing
to encourage partitions to accept public tasks and proposed two
matching algorithms to improve the revenue of platforms. However,
it faces data leakage, and the orders are processed one by one,
which has a low throughput. To protect the data privacy, Wang et
al. [40][39] proposed task assignment algorithms based on federated
learning. They only considered how to find maximummatch results
but did not consider the personalization between platforms. In
contrast, our problem solves a real application and overcomes the
challenges in real life. We define a problem with two objectives
that can both maximize the total revenue and consider the platform
personalized factors.

Federated System. One of the most challenging problems in
most industries is that the data are heterogeneous and are in the
form of isolated islands that are difficult to collect. Several stud-
ies have designed federated systems to solve this problem. The
federated system can collaborate data with multiple independent
participants and provide better performance. It is successfully ap-
plied in database [16], streaming service [14], etc. Some realistic
applications in IoT devices and grounding applications in industry
based on federated learning can also be viewed as federated sys-
tems [1, 8, 17, 19, 26, 27]. Google [17] adopts federated learning and
proposes a CIFG language model for the prediction in a mobile key-
board. It provides an alternative to the server-based data collection
and training paradigm in a commercial setting. Webank [26] pro-
poses the federated AI technology enabler (FATE), which is the first
open source industrial-level framework of federated learning and
has promoted implementation in credit risk control, anti-money
laungering, etc. Chen et al. [8] constructed a FedHealth model and
performed transfer learning to offer personalized service for health
care by gathering data owned by different organizations. Jiang et
al. [19] adopted federated learning in sensitive industrial data and
propose an iFTM framework to train a topic model with several
partitions. Abdel-Basset et al. [1] proposed Fed-TH to detect cyber
threats against industrial cyber-physical systems. Meng et al. [27]
combined federated learning and a graph neural network to build
a spatiotemporal model that could predict the traffic flow in IoT
devices.

Cloud federation is another type of federated system. It provides
resource migration, resource redundancy and a combination of
complementary resources in a single pool aggregated by different
providers. Cloud companies in cloud federation can share resources
with each [18][4]. However, computing resources are known in
cloud federation, and data are transmitted through the internet.
Companies do not need to consider spatiotemporal constraints.
In contrast, the workers and orders in our problem are uncertain.
Platforms must consider spatiotemporal constraints in the real
world, which improves the difficulty of the problem.

3 PROBLEM STATEMENT
In this section, we introduce some basic concepts and illustrate
the problem definition of ACTA. The notations are summarized in
Table 1.
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Table 1: Summary of notations

Notation Description

P the set of participants
T the set of matching rounds
O the set of orders
W the set of workers
p the participant
o the order
w the worker
O t
pub the set of public orders in matching round t

O t
i the set of inner orders in matching round t of participant pi

W t
i the set of inner workers in matching round t of participant pi

so the source location of order o
do the destination location of order o
ro the revenue of order o
to the matching round of order o
po the platform of order o
lw the location of worker w
tw the matching round of worker w
radw the service radius of worker w
pw the platform of worker w
Mt the set of matching results in matching round t
(o, w ) the pair of each matching result
α the commission rate
β the platform personalized weight

3.1 Basic Concepts
There are one leader and n spatial platforms as participants in this
problem; each participant receives orders and employs workers to
serve orders. Orders and workers are grouped into multiple match-
ing roundsT = {t1, t2. · · · , tm } with a short period of time [32][31].

Definition 1 (Order). Orders are submitted by users in real time,
and each order o is denoted as < so ,do , ro , to ,po >, where so and do
are the source and destination locations, respectively; ro is the revenue
when it is served; to is the matching round to which it belongs; po is
the platform to which it is submitted.

Definition 2 (Worker). Workers appear in real time and can serve
orders within the service radius. Each workerw is denoted as < lw , tw ,
radw ,pw >, where lw is the location, tw is the matching rounds, radw
is the service radius, and pw is the platform for whichw works.

Leader does not have workers; it is responsible for sending orders
to participants and receiving their matching results. Each partic-
ipant can employee workers to serve orders. These workers are
named inner workers. If a user submits an order to a specific partici-
pant, the order is named the inner order of the participant, which
implies that only the inner workers of that participant can serve
him or her. If the order is submitted to the leader, the leader can
share it with the participants and select a worker from the partici-
pants. Orders submitted to the leader are called public orders. The
participants can receive their inner orders and the public orders
from the leader. The information of inner orders is confidential to
one another. In each matching round t , the ordersOt are matched
with the suitable workersW t . Public ordersOt

pub are sent to the
participants and may be served by any idle workers. Inner orders
Ot
i can only be served by inner workersW t

i of platform pi . Mt is

the matching result, and each element is denoted as a pair (o,w).
Thus, w moves from the current position lw to so to pick up the
user, and the user pays for o after arriving at do .

Definition 3 (Total Revenue). The total revenue is the sum of the
revenue of each pair (o,w). If o is an inner order, the participants
obtain the entire revenue. If o is a public order, the leader obtains αro
as the commission, and the participants obtain (1−α)ro as the return.
Therefore, the total revenue is denoted as

Rev =
∑
pi ∈P

revini + rev
pub
i =

∑
t ∈T

∑
o∈Mt

ro (1)

Our first goal is to maximize the revenue of all platforms, bu
public orders’ assignment strategies by different participants are
unknown. It is possible for participants to reject inner orders and
compete for public orders, which may be beneficial to certain par-
ticipants. However, competition may lead to the decline of other
participants’ revenue by wasting the workers of other participants.
Therefore, we must fairly balance the participants, which is the sec-
ond goal. Because participants are different in scale, service quality
and so on, we improve the temporary earnings fairness [31] as the
platform personalized fairness to balance the participants.

Definition 4 (Platform Personalized Fairness). Platform personal-
ized fairness is the logarithm of the average ratio of each participant’s
revenue to the maximum revenue on the public order.

SFi =
βirev

pub
i

max βrevpub
(2)

PPF = − log
∑
pi ∈P SFi

|P |
(3)

SFi is the normalized fairness of a single participant, and PPF is
the global fairness. We use βi as the platform personalized weight
to normalize the revenue of a participant. Unlike [31], our function
aims to normalize the revenue of the participants according to
their scale to ensure that the growth rate of participants is similar.
When the growth rate is similar, the value of platform personalized
fairness is equal to 0.

3.2 ACTA Problem
TheAutonomy andCoordination TaskAssignment problem (ACTA)
is defined as follows:

Definition 5 (Autonomy and Coordination Task Assignment). Given
a leader, participants P , real-time ordersO , workersW and matching
rounds T in a day, the goal of ACTA is to find the global matching
results M with the maximal revenue and minimal fairness, which
satisfies the following constraints:

• Spatial Constrain:Workers can only serve orders within the
service radius, denoted as dis(lw , so ) ≤ radw , where dis(x ,y)
is the distance between two locations.

• Temporal Constrain: Workers can only serve orders in the
same matching round.

• Unique Constrain: Workers can serve one order, and only
one order can be served by one worker in each matching round.
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• Belonging Constrain: Inner orders can only be served by
inner workers in the same platform, and public orders can be
served by any workers.

To solve ACTA, we first describe the workflow of our frame-
work and introduce the major parts. Next, we propose a revenue
estimation-based task assignment algorithm using a deep learning
model to help participants estimate the expected revenue of public
orders. The model reduces conflicts between participants. Further-
more, we propose dynamic weight task assignment algorithms,
which aim to improve fairness while sending public orders.

4 OVERVIEW OF ACTA FRAMEWORK
In this section, we introduce a framework to solve ACTA, as shown
in Fig. 2. This framework consists of four parts: public order sending
(Step 1), local matching (Steps 2 and 3), global conflict adjustment
(Step 4) and result notification (Step 5).

4.1 Major Parts
The major parts of the framework are as follows.

4.1.1 Public order sending. The leader sends public orders to the
participants. In this step, the leader only knows the information
of public orders without knowing the actual information of inner
workers and orders in participants. For participants, they receive
the information of public order, their own inner workers and orders.

4.1.2 Local matching. Local matching of participants is a key part
of our framework. Participants do not share data with each other;
they only know part of the global information. They usually adopt
task assignment strategies that can maximize their own revenue.
When participants want to serve public orders, theymay reject some
inner orders. However, there may be conflicts in which participants
compete for the same public order. The conflicts are unpredictable,
and only one of the participants can win the opportunity. Therefore,
the conflicts are a waste of supply and can reduce the revenue of
some platforms. It is crucial to reduce losses under the premise of
incomplete information.

4.1.3 Global conflict adjustment. When the leader receives the
matching result of public orders from participants, it starts to re-
solve the conflicts of the public orders. Conflicts refer to the com-
petition among different participants for the same public order. In
ACTA, the leader takes minimizing the waiting time as the principle.
It selects the winner with the shortest pickup time among multiple
participants; then, other participants lose.

4.1.4 Results notification. The leader notifies the final results of
public orders and the matching round terminates. All participants
know the corresponding matching results. For the winner, it will
serve the order and earn revenue. For the losers, they only know
that they have failed but do not know who is the winner. Workers
work for the losers cannot serve any tasks in this round.

In ACTA, the optimal solution is to globally share all information
and assign tasks by a third party using the ITA algorithms such
as bipartite graph matching or reinforcement learning. However,
both leaders and participants are independent companies, and they
will not allow information to be shared by third parties. Therefore,
each participant in ACTA intelligently makes decisions through

Send public
orders

Assign orders

Send public orders
matching results

Return final result

Participant A Participant B

Leader

Resolve conflict

Figure 2: Workflow of ACTA Framework

Algorithm 1: ACTA Framework
Input: P ,W ,O ,T
Output: M

1 M = ∅

2 foreach t ∈ T do
3 Obtain the information of public orders Ot

pub
4 Initialize Mt = ∅,Mt

pub = ∅

5 foreach pi ∈ P do
6 Obtain the information of inner orders Ot

i
7 Receive Ot

pub with corresponding payment
8 Min ,Mpub = OrderDispatchinд(Wi ,O

t
i ∪Ot

pub )

9 Mt =Mt ∪Min
10 Mt

pub =Mt
pub ∪Mpub

11 foreach o ∈ Ot
pub do

12 (o,w) = Conf lictAdjuct(Mt
pub ,o)

13 Mt =Mt ∪ {(o,w)}

14 Notify the results of o

15 return M

local information. The leader and participants can only use public
information or somemid-products such as embeddings and network
parameters, which do not involve the original data.

4.2 Description of ACTA Framework
In the implementation of the framework, it sends all public orders to
all participants with the revenue, which is autonomously handled
by the participants. The pseudocode is shown in Algorithm 1. It
first initializes the matching results (Lines 1-4). For each matching
round t , the information of public orders are sent to the participants.
Participants use αro as the revenue of each public order and obtain
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Participant
 1

Participant 
2

Participant 
N

+

Attractiveness 
Predictor

History Public 
Orders

Win

Lose

Supply-Demand 
Embedding

Supply-demand 
Encoder

Supply-demand 
Encoder

Supply-demand 
Encoder

Figure 3: Architecture of Revenue Estimation Model

local assignment results. The results corresponding to public orders
are put in Mt

pub (Lines 5-10). In the local matching part, we adopt
the classical bipartite graph matching as the assignment algorithm,
which can be extended to any self-developed algorithm. The leader
resolves the conflicts and finds the most suitable worker who can
arrive at the source location earliest (Lines 11-14). Finally, the global
matching results are calculated (Line 15).

The matching results completely according to the interests of
the participants and decision-making strategies of the leaders. Ob-
viously, a large number of conflicts will inevitably appear in the
conflict adjustment part, which will lead to a waste of service re-
sources. The key points are to reduce the number of conflicts to im-
prove the revenue and limit platform competition to ensure fairness.
Therefore, we propose the revenue estimation-based and dynamic
weight task assignment algorithms to solve the two objectives.

5 REVENUE ESTIMATION-BASED TASK
ASSIGNMENT ALGORITHM

In this section, we focus on how to reduce the number of conflicts.
We design a revenue estimation model based on deep learning. The
model is trained over the historical assignment results. It helps
participants estimate the winning probability for the public orders
to guide them in the local matching part.

5.1 Revenue Estimation Model
The leader does not intend to interfere with the decision-making
process of participants; they can freely process the orders. Since
they do not know the decision results of other participants, this
leads to conflicts. Once a conflict occurs, there must be only one
winner, and other participants fail and waste the supply of the
workers. One method to improve the overall revenue is to mini-
mize the number of conflicts. Therefore, it is necessary to suggest
whether participants should compete for a public order. While re-
solving the conflicts, the leader aims to minimize the waiting time
of users. A shorter distance corresponds to more favorable workers

for most cases. For some unpopular orders, it may be less sensi-
tive to distance because fewer participants want to accept them.
Simultaneously, the revenue of orders influences the popularity of
orders. Therefore, the existence of conflict is determined by the
spatial distribution and the attractiveness of orders.

The main idea of the revenue estimation model is to learn the
relationship between distance and winning probability in conflicts
for each worker. Each worker can obtain the personalized expected
payment as the reward in the assignment phase. It will influence
the motivation of participants to compete for public orders, which
reduces the number of conflicts. For some participants with a high
probability of successful competition, their reward will be closer to
the original revenue. For other participants with a lower winning
probability, their reward will be much lower. The output of the
model is the possibility pr to win the public order for a certain
worker. Therefore, participants can use the expected revenue E =
pr · ro to replace the original revenue of the public order. The
architecture of the model is shown in Figure 3. The main features
are supply-demand embedding and order attractiveness.

Supply-Demand Embedding. To represent the spatial informa-
tion, the hexagonal system is used to index the geographic space.
Each participant embeds the supply and demand by the supply-
demand encoders, and transmits the embeddings to the leader. Sup-
ply and demand determine the ability of participants to compete for
public orders. Since there is a potential distribution of order prices,
whether participants are willing to arrange workers to compete
for a specific public order is affected by the relationship between
supply and demand.

Order Attractiveness. Because the participants want to maximize
their own revenue, the public orders with high payment are more
attractive. Since the order revenue distribution of each participant
may be different, we try to estimate the attractiveness of orders with
different payment to the different participants, and finally estimate
the winning probability of workers with different distances in the
conflicts.

The model is trained and updated by the leader. In the training
process, the participants share the supply-demand embeddings to
the leader. The leader stores all historical public orders and the
workers who serve them. Because the transmission is the mid-
product, the leader cannot know the real difference between supply
and demand, which will not lead to data leakage. In the assignment
phase, the model and the mid-products are shared with the partici-
pants. The participants can calculate the expected revenue in their
local servers.

5.2 Description of the Algorithm
The pseudocode of the revenue estimation-based task assignment
algorithm is shown in Algorithm 2. Before the matching starts,
the leader trains the estimation model and shares the parameters
with all participants (Lines 2-3). For each matching round t , the
participants calculate the expected revenue of the public orders
to different inner workers (Line 9). Based on the expected value,
Lines 5-14 of Algorithm 1 are executed in local matching, and the
leader resolves the conflicts as Algorithm 1 .

Example 1. Suppose in matching round t , participant p1 receive
public order {o1} and inner orders {o2,o3}. The payment of orders is
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Algorithm 2: ReACTA Algorithm
Input: P ,W ,O ,T
Output: M

1 M = ∅

2 Train the estimation model F
3 Share F to the participants
4 foreach t ∈ T do
5 Initialize Mt = ∅,Mt

pub = ∅

6 foreach pi ∈ P do
7 Receive Ot

pub with corresponding payment
8 foreach o ∈ Ot

pub do
9 Update the expected payment to each inner

workers based on F

10 Execute Lines 5-14 of Algorithm 1
11 return M

{30, 15, 20}. Workerw1 can serve o1 and o3,w2 can serve o2. Through
the revenue estimation model, the probability ofw1 being selected by
the leader for serviceo1 is 80%. Therefore, in the local matching process,
p1 knows that the payment of o1 forw1 service is 24, the payment of
o3 forw1 service is 20, and the payment of o2 forw2 service is 15. The
possible matching results are {(o1,w1), (o3,w2)}. Since o1 is a public
order, (o1,w1) is sent to the leader, who will ultimately decide.

5.3 Analysis
In each matching round, the complexity of updating the expected
revenue of each inner worker is O(|W t

i | × |Ot
pub |). Then, the lo-

cal matching complexity of each participant is O(|W t
i | × (|Ot

i | +

|Ot
pub |)). The complexity of conflict adjustment is O(|Ot

pub | × |P |).
Therefore, the computational complexity isO(|W | × |O |+ |O | × |P |).
The space complexity is O(|W | + |O |).

The revenue estimation-based algorithm can effectively reduce
the number of conflicts. However, The increase in revenue of each
platform is a random process, which cannot guarantee the fairness
objective. In some cases, the gap in revenue improvement of differ-
ent participants may be very large. Therefore, we further propose
algorithms that can both improve revenue and ensure fairness.

6 DYNAMIC WEIGHT TASK ASSIGNMENT
ALGORITHM

To overcome the shortcoming of the revenue estimation-based algo-
rithm, we propose the dynamic weight task assignment algorithms
in this section. From the perspective of leaders, the algorithms
dynamically adjust the commission rate and selectively balances
the fairness obtained by different participants. We first introduce a
normalized dynamic weight algorithm. On this basis, we propose
an expected dynamic weight algorithm based on the expected total
revenue.

6.1 Normalized Dynamic Weight Algorithm
To balance the revenue of participants, the main idea of the nor-
malized dynamic weight algorithm is to update the commission

Algorithm 3: NorACTA Algorithm
Input: P ,W ,O ,T , F
Output: M

1 M = ∅

2 Train the estimation model F
3 Share F to the participants
4 foreach t ∈ T do
5 Calculate revmin and revmax according to Eq. 2
6 foreach pi ∈ P do
7 Update αi according to Eq. 4
8 Execute Lines 5-10 of Algorithm 2
9 return M

rate according to the difference of participants’ revenue. Differ-
ent commission rates can influence the payment that a participant
can earn. It normalizes the revenue gap to 0-1. The participants
with low revenue use a lower rate to boost the growth of revenue.
Participants with high revenue use a higher rate to slow revenue
growth. By calculating the platform personalized revenue, we can
rank the revenue growth from maximum to minimum. Therefore,
the commission rate αi of different participants is as follows:

αi = Nor (revmax , revmin , rev
i
pub ) (4)

= ∆αloд(
revipub − revmin

revmax − revmin
+ 1) + αmin

where rev is the revenue from public orders, ∆α is equal to αmax −

αmin , and αi is a dynamic value in the range [αmax ,αmin ] related
to the real-time revenue.

The pseudocode of the normalized dynamic weight algorithm
is shown in Algorithm 3. When each matching round starts, the
leader calculates the revenue of each participant according to the
platform personalized fairness (Line 5). Later, the leader evaluates
the dynamic commission rate according to Eq. 4 (Line 7). Then, the
leader sends the public orders with the personalized commission
rate and receives the results from participants (Line 8).

Example 2. Suppose three participants p1 − p3, the range of α is
[0.1, 0.3]. The current revenues of participants are {200, 500, 1000}.
Therefore, according to Eq. 4, theα values of participants are {0.1, 0.19, 0.3}.
This means that when they receive a public order with a revenue of
30, the actual payments they will get are {27, 24.3, 21}.

In this algorithm, α dynamically changes. However, the gap of
revenue may be shrinking and then enlarging. Participants with
higher revenue need to wait for the revenue growth of other partic-
ipants. This strict fairness seriously affects the improvement of the
total revenue. Therefore, we propose an improved algorithm, named
the expected dynamic weight algorithm. The algorithm can make
the change in α smoother, and realize trade-off between revenue
and fairness.

6.2 Expected Dynamic Weight Algorithm
Since the daily revenue of participants can be estimated, it is not
necessary to adjust the commission rate frequently when the rev-
enue increases. Based on this idea, we adopt a two-stage dynamic
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weight algorithm. First, when the participants’ revenue does not
reach the daily expected value, we simultaneously use the nor-
malization of the expected revenue and the normalization of the
maximum and minimum gap to adjust the commission rate. The
normalization of the expected revenue is the main factor, which
can make the commission rate smoothly change according to the
trend of the revenue. In addition, the normalization of the maxi-
mum and minimum gap is the auxiliary factor. It is used to prevent
the possible imbalance when the revenue of all participants does
not satisfy the expected value. Second, when the platform revenue
reaches the expected value, we also adopt maximum and minimum
normalization to adjust the weight. The algorithm makes the rev-
enue grow smoothly and prevents the inequality caused by special
circumstances.

The main idea is to obtain the expected revenue of each par-
ticipant in a day by calculating the historical results. To meet the
goal of minimum fairness, we make the revenue of each partici-
pant as close to the expected value as possible. Therefore, when
the platform revenue is lower than the expected value, we use the
following equation to change the value of α .

αi = ξNor (E[rev], 0, revi )+(1−ξ )Nor (revmax , revmin , revi ) (5)

where ξ is the weight to adjust the proportion of two factors, and
E[rev] is the expected revenue. When the expected value of earn-
ings is overdue, we continue to use the normalized weight in Sec-
tion 6.1. Thus, the fluctuation of α will be relatively small, and
almost all of them will fluctuate toward the expected value, so it
will be smoother.

The pseudocode of the expected dynamic weight algorithm is
shown in Algorithm 4. Before the matching starts, the leader cal-
culates the expected revenue Ei [rev] for each participant (Line 4).
When each matching round starts, the leader calculates the revenue
of each participant according to the platform personalized fairness
(Lines 5-6). If the real revenue is less than the expected value, the
leader evaluates the dynamic commission rate according to Eq. 5
(Line 9). Otherwise, the leader evaluates the dynamic commission
rate according to Eq. 4 (Line 11). Then, the leader sends the pub-
lic orders with the personalized commission rate and receives the
results from participants (Line 12).

Example 3. Suppose three participants p1 − p3, the range of α is
[0.1, 0.3], ξ equals to 0.6. The current revenues of participants are
{200, 500, 1000}. The expected revenues are 400, 800, 1200. Therefore,
according to Eq. 5, the α values of participants are {0.1, 0.21, 0.28}.
This means that when they receive a public order with a revenue of
30, the actual payment they will get are {27, 23.7, 21.6}.

6.3 Analysis
In each matching round, the complexity of calculating the platform
personalized revenue is O(|P |). The complexity of updating the
commission rate is also O(|P |). The complexity of updating the
expected revenue of each inner worker is O(|W t

i | × |Ot
pub |), and

local matching is stillO(|W t
i | × (|Ot

i |+ |O
t
pub |)). The complexity of

conflict adjustment isO(|Ot
pub |× |P |). Therefore, the computational

complexity is O(|W | × |O | + |O | × |P |). It must store the expected

Algorithm 4: DyACTA Algorithm
Input: P ,W ,O ,T , F , ξ
Output: M

1 M = ∅

2 Train the estimation model F
3 Share F to the participants
4 Calculate the expected revenue Ei [rev] for each participant

foreach t ∈ T do
5 Calculate the real revenue revi for each participant
6 Calculate revmin and revmax according to according to

Eq. 2
7 foreach pi ∈ P do
8 if revi ≤ Ei [rev] then
9 Update αi according to Eq. 5

10 else
11 Update αi according to Eq. 4

12 Execute Lines 5-10 of Algorithm 2
13 return M

revenue of each participant; therefore, the space complexity is
O(|W | + |O | + |P |).

Table 2: Statistics of Datasets

(a) Real Datasets in Xi’an

A B C D

|O | – 34483 42087 52454
|W | – 3215 4532 5176

|Opub | 31813 – – –

(b) Real Datasets in Chengdu

A B C D

|O | – 68401 51876 52347
|W | – 6741 5732 5121

|Opub | 65674 – – –

(c) Synthetic Datasets

Parameter Value

|W | 1k, 2k, 5k, 8k, 10k
|O | 10k, 20k, 50k, 80k, 100k

|Opub | \ |O | 20%, 30%, 40%, 50%, 60%
radw (km) 0.5, 1.0, 1.5, 2.0, 2.5
t (sec) 30, 60, 120, 180, 300

7 EXPERIMENTS
In this section, we verify our framework by analyzing the experi-
mental results on real and synthetic datasets.

1080



Table 3: Results on Real Datasets

(a) Results on Xi’an

Algorithms Total Revenue
(×106) PPF Running

Time(s)
Memory
Cost(MB)

OPT 5.18 0.31 537.33 516.21
TGOA 3.66 – 97.21 104.42

RamCOM 4.19 – 121.40 143.91
ReACTA 4.83 0.14 1356.98 678.77

NorACTA 4.51 0.08 1347.57 647.43
DyACTA 4.72 0.11 1384.62 655.08

(b) Results on Chengdu

Metrics Total Revenue
(×107) PPF Running

Time(ms)
Memory
Cost(MB)

OPT 6.95 0.47 816.11 768.32
TGOA 4.47 – 134.43 176.59

RamCOM 5.81 – 233.48 250.43
ReACTA 6.52 0.22 1598.55 874.16

NorACTA 6.06 0.06 1599.95 838.58
DyACTA 6.41 0.12 1588.76 890.35

7.1 Setup
We use two real datasets from DiDi OpenData7, which include the
orders and worker trajectories from two cities in China, Chengdu
and Xi’an. There are 4 ride-hailing platforms: Platform A is the
leader, and Platforms B-D are the participants. The order data de-
scribes the source location, destination location, revenue, submit
timestamp and platform. The worker trajectory data describes the
location with timestamps, service radius and platform. The time
interval of the matching round is set as 60 seconds. The orders
and workers are grouped in matching rounds according to the
timestamps. The service radius of each worker is 1.0km. We set
the default α as 0.15, and α can vary in [0.05, 0.3]. We generate
synthetic datasets with different scales of orders and workers. We
also vary the service radius and interval of matching round. The
synthetic datasets are used to verify the scalability of our frame-
work. For the parameters of the platform personalized fairness, we
firstly count the market size and revenue of each platform, then
set the parameters according to their scale. The statistics of the
datasets are shown in Table 2.

We compare the performance among the following algorithms:
• OPT: A classical bipartite matching algorithm that regards
all tasks and workers from the same platform.

• TGOA [37]: A two-phase assignment algorithm based on
greedy. It is proven with a competitive ratio of 1

4 .
• RamCOM [11]: It uses a random threshold value and the
expected estimated payment to find a trade-off between rev-
enue and accept ratio.

• ReACTA: The revenue estimation-based task assignment
algorithm proposed in this work.

7https://outreach.didichuxing.com/research/opendata/
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(b) Fariness of participants on Chengdu

Figure 4: Revenue of Each Platform on Real Datasets

• NorACTA: The normalized dynamic weight algorithm pro-
posed in this work.

• DyACTA: The expected dynamic weight algorithm pro-
posed in this work.

To verify the global matching results, we build all workers and
orders in a bipartite graph as the OPT results. TGOA is an ITA
algorithm. It is conducted on individual platforms and sums them
up as the global results. RamCOM, ReACTA, NorACTA and Dy-
ACTA are cooperative algorithms. TGOA is adopted as the local
matching strategy in these algorithms. We report the following
metrics to verify the effectiveness and efficiency:

• Total revenue: the sum of the revenue of the leader and
participants, as shown in Eq. 1.

• Platform personalized fairness: the fairness value (SF
and PPF) of all participants as Eq. 2 and 3.

• Running time: the total time to match all the tasks.
• Memory cost: the peak memory cost of each algorithm.

We report the total revenue and the platform personalized fair-
ness to verify the effectiveness. We report the running time and
memory cost to verify the efficiency. Since RamCOM uses a random
threshold, we execute it 10 times and report the average results.
The running time of the TGOA and RamCOM is the sum of the
executing time of each order. For other algorithms, it is the sum
of executing time in each matching round. The experiments are
conducted on a machine with Intel Xeon Silver 4110 CPU, 128-GB
main memory and Nvidia RTX 3090 GPU.
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Figure 5: Results on Synthetic Datasets

7.2 Results on Real Datasets
In this section, we conduct experiments on real datasets and analyze
the results by the metrics.

Effectivenessw.r.t total revenue and fairness. Table 3 shows
the total revenue and fairness using different algorithms. The rev-
enue of OPT is the highest of all algorithms, which is 5.18 × 106
in Xi’an and 6.59 × 106 in Chengdu. Although OPT has achieved
the best results, it ignores the differences between platforms and is
impossible in real-world applications. TGOA is an ITA algorithm, it
does not consider public orders, the public orders’ revenue cannot
be received. Therefore, TGOA is the worst in all cases. RamCOM
can achieve a higher revenue because it considers hiring workers of
participants to serve the public orders. Compared with TGOA and
RamCOM, ACTA algorithms can significantly improve the total
revenue. ReACTA can obtain the highest revenue. The revenue of

NorACTA is reduced due to the strict fairness limit. The revenue
of DyACTA is higher than NorACTA, which is similar to ReACTA.
For Fairness, OPT has the highest PPF because it does not consider
the differences between the participants. Among the ACTA algo-
rithms, NorACTA has the lowest fairness because it has the most
strict constraints on fairness. DyACTA is worse than NorACTA,
but better than ReACTA. Furthermore, we analyze the fairness of
different participants, and the results are shown in Fig. 4. We can
observe that NorACTA’s gap among participants is smaller than
other algorithms. The smaller the gap, the fairer the algorithm is.
According to the above experimental results, revenue is reduced
when considering the fairness objective. Considering revenue and
fairness at the same time, DyACTA can achieve the trade-off of the
two objectives. The above results prove the effectiveness of our
proposed framework.
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Efficiency with running time and memory cost. Because
the training phase of the revenue estimationmodel is asynchronously
executed, it does not influence the efficiency in the online assign-
ment phase. TGOA and RamCOM execute orders one by one with-
out considering matching round, so their matching speed is far
faster than other algorithms. The OPT and ACTA algorithms are
processed by matching rounds. Because the local matching process
uses bipartite graph matching as the matching algorithm, the run-
ning time is longer than TGOA and RamCOM. ACTA algorithms’
running time is longer than that of the OPT algorithm, because the
ACTA algorithms calculate the expected revenue of all orders for
each worker during each matching round. As for memory, OPT
and ACTA algorithms need to build bipartite graphs, and they need
more memory than TGOA and RamCOM. In general, although the
ACTA algorithms cost more time and memory, the average run-
ning time in each round is much shorter compared with the time
span of each matching round, and the memory occupation of the
algorithms is also acceptable. Therefore, our proposed framework
is also sufficiently efficient.

7.3 Results on Synthetic Datasets
In this section, we conduct experiments on synthetic datasets. We
analyze the results and verify the scalability, effectiveness and effi-
ciency.

Total revenue w.r.t |W |. To verify the effect of the number of
workers on the total revenue, we vary |W | from 1k to 10k ; the
results are shown in Figure 5(a). When |W | is small, the number of
orders is far greater than the number of workers. With the increase
of |W |, the gap between supply and demand gradually decreases. In
general, the total revenue of all the algorithms is increasing. When
|W | > 5k , the growth rate starts to decrease. In the experiments,
OPT and ACTA algorithms are always better than RamCOM and
TGOA. The revenue of DyACTA is higher than NorACTA.

Total revenue w.r.t |O |. To verify the effect of the number of
orders on the total revenue, we vary |O | from 10k to 100k , and
the results are shown in Figure 5(e). The change in |O | influences
revenue by changing the relationship between supply and demand.
The revenue of OPT and ACTA algorithms is still significantly
higher than that of other algorithms. With the increase in |O |, all
workers work at full capacity, and total revenue’s growth trend
becomes gentle.

Total revenuew.r.t |Opub |\|O |. To verify the effect of public or-
ders’ proportion on the total revenue, we vary |Opub | from 10k(20%)
to 30k(60%). The results are shown in Figure 5(i). TGOA ignores
public orders from the leader, and the revenue keeps decreasing
because the proportion of inner orders decreases. The revenue of
RamCOM is also reduced, because participants may reject public
orders, resulting in a decrease in the number of orders that are
served, thus reducing the revenue. The revenue of other algorithms
increases when |Opub | \ |O | < 40% and subsequently starts to
decrease. When the number of public orders keeps increasing, the
number of candidate orders for each worker increases. Because the
number of workers is limited, many public orders cannot be served,
and the total revenue begins to decrease. In contrast, if the num-
ber of public orders is too small and the number of workers is not
sufficient to serve the inner orders, it also decreases the revenue.

Total revenue w.r.t radw . To verify the effect of the service
radius on the total revenue, we vary radw from 0.5km to 2.5km;
the results are shown in Figure 6(a). With the increase in service
radius, workers have more candidate orders, which indicates that
more orders may be served, so there is an increase in total revenue.

Total revenue w.r.t |t |. To verify the effect of the time span of
matching rounds on the total revenue, we vary |t | from 30 seconds
to 300 seconds, the results are shown in Figure 6(e). TGOA and
RamCOM are not influenced by the length of the time span, and
their revenue remains unchanged. A longer time span positively
affects the algorithms because there are more workers and users
with a high throughput. However, when the time span is larger
than 120 seconds, it is counterproductive. In real applications, it is
impossible to let users wait too long. A suitable time span is the
trade-off between user satisfaction and global revenue.

Fairnessw.r.t |W |. To verify the effect of the number of workers
on fairness, we vary |W | from 1k to 10k , and the results are shown
in Figure 5(b). In this part, we only compare ACTA algorithms
and the OPT algorithm. We observe that OPT and ReACTA show
a random trend in the results. When |W | < 5k , the number of
workers is small, it is difficult to strictly guarantee fairness. When
|W | is close to 5k , the number of workers is relatively sufficient,
and fairness can be guaranteed. When |W | > 5k , the fairness of
NorACTA and DyACTA increases. The reason is that the supply
exceeds the demand, and many workers may compete for public
orders even if the commission rate is adjusted.

Fairness w.r.t |O |. To verify the effect of the number of orders
on fairness, we vary |O | from 10k to 100k , and the results are shown
in Figure 5(f). With the increase ofO , the fairness of OPT gradually
decreases. The reason is that there are almost no idle workers, and
the revenue of all platforms increases. In all the cases, DyACTA
and NorACTA are better than other algorithms and NorACTA is
the best in most cases.

Fairness w.r.t |Opub | \ |O |. To verify the effect of the propor-
tion of public orders on fairness, we vary |Opub | from 10k(20%)
to 30k(60%), and the results are shown in Figure 5(j). When the
proportion of public order increases, the fairness of DyACTA and
NorACTA decreases gradually. The reason is that the number of pub-
lic orders is gradually increasing, and the number of inner workers
who serve public orders is also gradually increasing. All partici-
pants have the opportunity to serve public orders, and the growth
of their revenue becomes more fair. We still find that NorACTA is
always the best among ACTA algorithms.

Fairness w.r.t radw . To verify the effect of the service radius
on fairness, we vary radw from 0.5km to 2.5km, and the results are
shown in Figure 6(b). With the increase in service radius, the num-
ber of candidate workers for each public order increases. Similar
with the increase of |Opub |, workers have more candidate orders.
Therefore, the fairness of ACTA algorithms decreases.

Fairness w.r.t |t |. To verify the effect of the time span of match-
ing rounds on fairness, we vary |t | from 30 seconds to 300 seconds,
and the results are shown in Figure 6(f). With the increase in length
of the time span, the value of fairness firstly decreases and subse-
quently gradually increases. Thus, a suitable time span is beneficial
to fairness. Because there are few workers and orders, there is
contingency for a time span that is too short. A longer time span
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Figure 6: Results on Synthetic Datasets

increases the number of workers and orders, which may increase
the number of conflicts.

Running timew.r.t all parameters. The running time varying
different parameters is shown in the third columns in Figure 5 and 6.
With the increase in |W |, there are more workers in each matching
round, which costs more time to find an assignment result. When
|O | < 50k , the increase of |O | increases the size of bipartite graph,
thus consuming more time. When |O | > 50k , because most of
workers are serving orders and the number of idle workers is small,
the speed of bipartite graph matching will be faster, so the running
time is reduced. The increase in radw , |Opub | \ |O | and |t | requires
more candidate orders for each worker. Therefore, the running
time of most algorithms increases. With the increase in radw , the
number of idle workers decreases, TGOA and RamCOM become
faster. The proportion of public orders has less influence on OPT.

Memory cost with all parameters. The change in peak mem-
ory cost with different parameters is shown in the last columns in
Figures 5 and 6. Similar to the running time, the increases in |W |,
|O |, radw and |t | increase the memory cost of all algorithms. When
|W | and |O | increase, the algorithms need more memory to store
the information. With the increase in radw and |t |, the algorithms
need more memory to store the mid-products such as candidate
orders. The proportion of public orders still does not influence OPT.
The length of |t | does not influence TGOA or RamCOM. ACTA
algorithms use more memory to store the bipartite graphs in the
local matching, which increases the memory cost.

8 CONCLUSION
In this paper, we study the Autonomy and Coordination Task
Assignment problem (ACTA) from real scenarios. We establish a
federation where we can send orders to other ride-hailing platforms.
We propose a framework to solve the problem. The framework con-
sists of four phases: public order sending, local matching, global
conflict adjustment and result notification. To reduce the number
of conflicts, we design a revenue estimation model to coordinate
the participants. To realize global revenue and fairness, we pro-
pose the normalized dynamic weight algorithm and the expected
dynamic weight algorithm. We conduct experiments on real and
synthetic datasets, and the experimental results verify the effective-
ness, efficiency and scalability of our framework. In future works,
we will study how to better coordinate the competition between
participants through game theory and find the Nash Equilibrium.
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