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When Reinforcement Learning Meets
Zero-Determinant: Social Welfare Control in Iterated
Game Under Spatial Crowdsourcing

Jiging Gu, Chao Song
and Ming Liu

Abstract—Spatial crowdsourcing is a prospective category of
crowdsourcing that takes advantage of various sensors and re-
sources of mobile devices in the area of mobile internet. The
participants in spatial crowdsourcing interact with each other, such
as requestors, platform, and workers, and they collaborate to com-
plete the crowdsourcing tasks. The Internet Service Provider (ISP)
plays a role in transmitting crowdsensing data and supports spatial
crowdsourcing. The interactions of the participants form a game
in crowdsourcing, but the game between the two players (platform
and ISP) is paid little attention by researchers. The crowdsourcing
platform assigns sensing tasks and the ISP selects a portion of the
Road-Side Units (RSUs) to power on for data transmissions. The
interaction between the platform and ISP is crucial, because it
impacts the data quality in spatial crowdsourcing. In this paper,
we investigate the iterated game between crowdsourcing platform
and ISP in Spatial Crowdsourcing (SC). The objective is to achieve
a possible maximal social welfare between the platform and ISP
in the long term, which is defined as the weighted sum of their
expected utilities. We first propose a Reinforcement Learning based
strategy of Spatial Crowdsourcing (RLSC) to maximize the reward
(i.e., expected utility) from the iterated game in the long term.
To control the social welfare without considering the opponent’s
strategy, we investigate the Zero-Determinant strategy of Spatial
Crowdsourcing (ZDSC) in a discrete case, which involves two
actions and multi-actions, respectively. We model the iterated game
by using the Markov Decision Process (MDP) and analyze how to
theoretically obtain RLSC and ZDSC strategies with the objective
of maximal social welfare control. Furthermore, we analyze the
two strategies against each other as a Markov Game using the
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MDP. Experimental results show RLSC can achieve global maximal
social welfare sometimes, but it cannot control the social welfare
when it plays against classical strategies, and the social welfare
may fall into a local maximum. The proposed ZDSC strategy can
unilaterally control social welfare to achieve a stable and possible
maximal value, regardless of the opponent’s strategies.

Index Terms—Crowdsourcing, iterated game, zero-determinant

strategy, reinforcement learning.

HE popularity of mobile devices has far expanded the
T application scenarios of Spatial Crowdsourcing (SC), due
to its ability to provide fine-grained multi-dimensional sensor
readings associated with location information. With the unprece-
dented popularity of various mobile devices, spatial crowdsourc-
ing has recently been a fast-growing paradigm for gathering
sensing data in the Internet of Things (IoT) applications (such
as Waze'!). It takes advantage of mobile devices and provides
services with fine-grained multi-dimensional sensor readings as-
sociated with location information, such as urban monitoring [1],
air quality monitoring [2], wildlife habitat monitoring [3], and
cross-space public information sharing [4].

In the spatial crowdsourcing, the infrastructure-based trans-
mission is one of fundamental transmission paradigms [5],
which reports sensing data via Internet provided by Internet
Service Provider (ISP). Infrastructure availability is a key factor
in determining proper crowdsensing management [6]. The ISP
acts as a role for transmitting the crowdsensing data to support
spatial crowdsourcing [7], [8]. The interactions between the
crowdsourcing platform and ISP are investigated to learn how
to obtain high quality sensing data via different transmitting
scenarios provided by the ISP. The ISP provides different trans-
mitting scenarios, such as setting different available RSUs each
day, which impacts the transmission of sensing data, influencing
the data quality. The sensing tasks are assigned to different
areas, which also impacts the transmission profits of ISP under
different cases of available RSUs. The interactions between
the crowdsourcing platform and the ISP is crucial, which can
directly influence economic outcomes. For instance, the ISP
can reduce energy costs by optimizing the activation strategy of
RSUs, while the platform can enhance the commercial value of

I. INTRODUCTION
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Fig. 1. Iterated game in spatial crowdsourcing.

data through effective task allocation. The interactions also can
enhance the end-user experience. For example, if the ISP pro-
vides fast and reliable data transmission services, the platform
can receive high-quality crowdsourced data promptly, thereby
improving user satisfaction. In a spatial crowdsourcing applica-
tion, the interactions between the crowdsourcing platform? and
ISP are playing more than once in succession; we treated their
interactions in the spatial crowdsourcing scenario as an iterated
game. The iterated game between the platform and ISP exists
in vehicular crowdsensing [9], content caching [10], mobile
crowdsensing [11] and so on. Vehicular crowdsensing is one
of the ways to complete crowdsensing tasks such as collecting
sensing data [12], [13], [14]. We take vehicular crowdsensing
in Fig. 1 as a case study of the game. Each round (e.g., a
day), the platform publishes the selected tasks, and the ISP
powers on a portion of RSUs for uploading data as their actions
independently. According to their utilities and actions of the
previous day, both of them will adjust their actions the next day.
In the iterated game, we define the social welfare as the weighted
sum of expected utilities of the platform and ISP.

Reinforcement learning (RL) [15] is appropriate to be used in
the iterated game between platform and ISP, because platform
and ISP involve different actions the game. So reinforcement
learning is a powerful tool that helps to choose actions under
different states. Reinforcement learning tries various actions,
obtains the rewards, and learns the optimal action at each state,
so as to achieve the optimal value in the iterated game. In
reinforcement learning, the platform and ISP are agents or
players in the iterated game, and they interact with each other
each day by publishing different tasks and transmitting the
crowdsourcing data via different available RSUs controlled by
ISP. With adequate iterations, both platform and ISP record all
the reward of every action under each state, and then choose the
action with the largest reward under the current state. Besides,
Both platform and ISP add the reward gained from future states
to the current state’s reward, impacting the present decision by
the expected reward in the future effectively.

However, reinforcement learning can sometimes get stuck in a
locally-optimal solution while a zero determinate based strategy
can keep the total reward stable at a good performance whatever
strategy its opponent use [16]. That is a participant adopts a
zero determinate based strategy, and can control the total payoff
of all participants without considering its opponents’ strategy,
which is called social welfare control. Social welfare control
in the iterated games has been discussed in many previous

2«platform” refers to “crowdsourcing platform”
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works: such as social welfare (total quality of data) control
in mobile crowdsourcing [17], social welfare control to solve
the crowdsourcing dilemma [18], [19], [20], total Quality of
Services (QoS) control of all participants in wireless commu-
nication [21], unilaterally control on the expected payoffs of
its opponent and itself in the block withholding attacks [22],
an administrator unilaterally controls the total utilities of all
players in the resource management of wireless networks [23],
etc. Therefore, social welfare is an important metric in iterated
games; one dominant player in the game concerns with the total
social welfare and is responsible for controlling it in the long
term. Maintain a high social welfare in the long term promotes a
more balanced and cooperative environment, which benefits all
participants and sustains the system in the long run. Therefore,
the dominant player seeks to optimize the overall social welfare
to ensure the system’s stability. So we study the social welfare
control problem with different strategies to help operators make
decisions.

In this paper, we investigate the iterated game of spatial
crowdsourcing between the platform and ISP, and the objective
is to control a possible maximal social welfare between the
platform and ISP. The possible maximal social welfare refers
to a biggish stable value that the social welfare tries to achieve.
The iterated game is an extension of Markov decision process
(MDP) to the multi-agent case, which is defined by Markov
Games. We use MDP to analyze and compare the proposed
two strategies. First, we propose a Reinforcement Learning
based strategy of Spatial Crowdsourcing (RLSC), which aims to
learn how to choose the assignment of tasks or RSUs under the
outcome of the previous round, so as to maximize the expected
reward from the environment in the long term. Q-learning is a
model-free reinforcement learning algorithm, which is to learn
the value of an action in a particular state and widely used [24].
We utilize Q-learning to update the RLSC in each iteration,
and the details are presented in Section IV. Furthermore, we
consider the platform belongs to the government [25], who
concerns about the social welfare on the whole, so the platform
is responsible for controlling the social welfare. We discuss such
social welfare control to reach a possible maximal stable value
of the iterated game, and propose a Zero-Determinate strategy
of Spatial Crowdsourcing (ZDSC). We analyze ZDSC in the
discrete cases of two players with two actions and multi-actions,
respectively. The basic idea of ZDSC is that it derives a linear
relationship between the expected payoffs of the platform and
ISP, then we can set proper parameters to obtain ZDSC. The
details are presented in Section V. More specifically, we analyze
the ZDSC and RLSC play against each other in the iterated
game by Markov process in Section VI. In summary, the main
contributions are as follows:

e We formulate the interactions between the platform and
ISP as an iterated game under spatial crowdsourcing,
and verify that the game exists in equilibrium in each
iteration.

® We propose two strategies (RLSC and ZDSC) for the
iterated game to maximize the social welfare in spatial
crowdsourcing, and analyze the iterated game by Markov
process.
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® To the best of our knowledge, we are the first to investigate
ZDSC against RLSC in the iterated game, and verify ZDSC
can control social welfare when his opponent adopts RLSC.

°* We implement the ZDSC and RLSC with real trace-driven
simulations. By setting proper parameters for the to-be-
adopted ZDSC, experimental results show that the platform
can control social welfare to achieve a high and stable
value, regardless of ISP’s strategies.

This paper is organized as follows: In Section II, we sur-
vey the related work; Section III discusses the game between
crowdsourcing platform and ISP, and analyses the game by
MDP. Section IV introduces the iterated game by Reinforcement
Learning based strategy; Section V presents the ZDSC strategy
in the discrete model; Section VI discusses the two strategies
ZDSC and RLSC. Section VII evaluates the performance and
comparison of the ZDSC and RLSC strategies; the last section
draws conclusions and presents our future work.

II. RELATED WORK

We briefly review related work on spatial crowdsourcing,
games in spatial crowdsourcing, Reinforcement Learning in
game, and zero-determinant strategy.

Spatial Crowdsourcing: Spatial crowdsourcing is a sensing
paradigm where humans and mobile devices actively or pas-
sively involved in the procedure of sensing [26], [27]. The mobile
Internet and shared economy promote the popular of spatial
crowdsourcing, where the crowdsourcing tasks are spatiotempo-
ral and completed in the constraint time and particular location.
In general, a spatial crowdsourcing includes tasks, platform,
workers and transmission process. The physical world makes
spatial crowdsourcing a common way of sensing and collecting
data for daily applications widely including many services, such
as vehicular crowdsensing [28], [29], [30], task assignment [31],
crowdsensing air quality [2], urban services (Gigwalk [32]
and Uber [33]) and spatio-temporal data collection (Waze [34]
and OpenStreetMap [35]). The main difference between spatial
crowdsourcing and web-based crowdsourcing lies in that the
spatial crowdsourcing requires the workers to finish the tasks
while they are moving.

Games in Spatial Crowdsourcing: Game includes repeated
(iterated) and static game. The games in spatial crowdsourc-
ing often involves different parties [36]. The work [37] intro-
duced the repeated interactions between the crowdsensing server
and independent vehicles as a dynamic vehicular crowdsens-
ing game [27], [37]. [38] modeled the evolutionary dynamics
of human sensing behaviors via the rounds of iterated social
dilemmas, and they validated the methodology in a vehicular
crowdsensing scenario. Hu et al; [17] study the game between
requestor and worker, so as to control the total quality of data
in mobile crowdsourcing. The work [39] presented an incentive
mechanism for vehicular crowdsensing in autonomous vehicles
game, so as to address the problem of sensing coverage of
regions located out of the AVs planned trajectories. However, the
work [17], [37], [38], [39] focused on the interactions between
task requestor and workers (users, vehicles), neglecting the role
and action of ISP.
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RL in Game: Reinforcement Learning (RL) is concerning how
to map states to actions to maximize the cumulative rewards in
the game. Some work investigated RL in games with many ap-
plications, such as [37] proposed the Q-learning-based strategies
for the server and dynamic vehicular in the crowdsensing game
to make the optimal decisions; [40], [41], [42] applied RL-based
algorithms to obtain the optimal policy in the game; [40], [41]
applied RL-based algorithms to obtain the optimal policy in
the game. [42] proposed the RL-based cell selection algorithm
for the sparse mobile crowdsourcing game. [41] utilized the
RL-based advertising strategy by using the crowdsensing ve-
hicular data, to determine the advertising policy for each digital
billboard and maximize the commercial profit in the game. [43]
developed an intelligent crowdsourcing algorithm by leveraging
the power of multi-agent RL. Nevertheless, these work did not
consider the social welfare control problem.

Zero-Determinant Strategy: Zero-determinant strategy can
achieve different goals with different parameter settings, such as
a player adopted zero-determinant strategy can set the expected
utility of an opponent, set a ratio between their expected payoff
or control social welfare, regardless of the opponent’s strategies.
[16] proposed a zero-determinant strategy in 2x?2 iterated Pris-
oner’s Dilemma game; the zero-determinant strategy is extended
into the any 2x2 iterated games in many applications [18].
The works [21] investigated the power control problem in re-
source sharing among wireless users and network operators; the
network operator applied zero-determinant strategy to control
social welfare, which modeled the resource sharing among
participants as an iterated game. [17], [20] formulated the in-
teraction between a requestor and workers as an iterated game,
improving data quality in mobile crowdsourcing. The work [23]
studied the equilibrium for zero-determinant strategy in resource
management in the wireless network. [18] proposed a zero-
determinant strategy to address the malicious attack problem
in crowdsourcing. Furthermore, zero-determinant strategy is
studied in the evolutionary game [44].

However, these work focus on the interactions between task
requestor and workers (users, vehicles, or other mobile de-
vices), neglecting the role and action of ISP; they applied the
strategy obtained from reinforcement learning [37] or a greedy
method [39] to maximize their utility, which may fall into local
optimum. Moreover, these work do not involve the iterated game
between a ZDSC player and an RLSC player.

III. SYSTEM MODEL

In this section, we first present the spatial crowdsourcing
model, then we introduce the game formulation and discuss the
iterated game in MDP. Frequently-used notations in this paper
are listed in Table I.

A. Spatial Crowdsensing Model

This subsection introduces the participants and their inter-
actions in the spatial crowdsourcing scenario. As shown in
Fig. 2, spatial crowdsourcing systems usually include the SC
task, SC platform, SC workers, and the transmission process.
Usually, the SC workers are mobile devices such as vehicles
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TABLE I
DESCRIPTION OF FREQUENTLY-USED NOTATIONS

Notation Description
E ={e1, - ,em} | The setof m candidate sensing tasks.
H ={h1,--- ,hn} | The set of n candidate RSUs.
al /al Highest / lowest number of RSUs.
a$/a$ Highest / lowest number of tasks.

w Weighted task-RSU traffic matrix.

) /g() Payoff function of platform / ISP.
uq/ut/ue/up Parameters of payoff function.
Operating cost to vehicles.
P/Q The payoff matrix of platform / ISP.
P;,Q; The elements in P and Q.
p/q The mixed strategy of platform / ISP.
vs/f The stationary vector / any vector.
Ue /U U Utility of platform / ISP / both.

M The Markov state transition matrix.
a, B,y Parameters in ZDSC.
n,0 Parameters in updating RLSC.
e /xl, af/al, s Policy, action, state in RLSC.

‘ SC workers ‘
3) Data L ISP ’ (2 Task assignment
transmission 1

‘ SC platform ‘

@ Aggregated data H (1) Task transformation

‘ SC tasks ‘

Fig. 2. Framework of spatial crowdsourcing.

and individuals with mobile devices. In the transmission process,
ISP provides RSUs for transmitting crowdsourcing data. The SC
task providers, such as Uber, DiDi, Yelp, Waze, etc., transfer the
tasks to the SC platform, which assigns the tasks to the recruited
SC workers. The SC workers collect the crowdsourcing data and
send them to the SC platform via RSUs provided by ISP. Then
the platform aggregates the obtained data and sends them to the
SC task providers. The word ’spatial’ represents that vehicles
connect the RSUs to upload the sensing data, so vehicles and
RSUs correlate with one another in the spatial scenario. Spatial
crowdsourcing is usually applied in data collection or query
answering tasks.

The platform is responsible for publishing the crowdsourcing
tasks (e.g., monitoring the temperatures [4]) in the SC, and as-
signing tasks to the recruited mobile devices. Such as Waze [34]
is a crowdsourcing platform that leverages the equipped sensors
in users’ mobile devices to collect and share data. In Fig. 1, each
grid is assigned a sensing task of the area, and we denote the set
of m sensing tasks as F = {ej, es, . .., €, }. The platform could
belong to the government [25] or a service platform company
(such as Uber [33]). The recruited mobile devices are responsible
for sensing data; these mobile devices could be mobile phones,
taxies, buses, cars, robots, and so on, which are managed by
the platform. The platform’s income comes from the quality
of sensing data, which is calculated by the quantity of sensing
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Fig. 3. Roma temperature data with spatial crowdsourcing.

data and the diversity of tasks. We assume the platform pays a
constant operating cost (denoted as C) to the fixed recruited mo-
bile devices every day. The mobile devices sense data passively
when they pass the sensing areas; instead of actively driving to
the sensing areas; the incentive mechanism for mobile devices,
proposed in [19], [45], [46], is out of the scope of this paper.

The RSUs, such as Wi-Fi, femtocell, and Smart Pole,? are
installed by ISP and provide communication for mobile de-
vices in the SC, which are denoted by H = {h1,ha, ..., hy}.
These n RSUs are responsible for uploading the sensing data
generated by the mobile devices [47]. To save the energy cost,
the switch-mode of cell activation is widely used [48], so the
ISP schedules to partly power on RSUs. Generally, compared
to a cell-tower in cellular systems, the coverage of each RSU
is relatively small [49], about 100-500 meters. Thus, it is hard
to provide seamless roaming for vehicles [50], so the sensing
data’s offloading can be delayed during its lifetime through an
access point acting as a gateway. If there is no available RSU,
the sensing data can be delayed instead of being immediately
sent over the RSU; this kind of technology has been extensively
investigated [51].

This paper focuses on the interactions between the platform
and ISP, which is the fundamental support for transmitting
sensing data. We take vehicular crowdsourcing as a case study
to illustrate the iterated spatial crowdsourcing; Fig. 3(a) is an
example of a temperature monitoring scenario in Rome, Italy
by the real data trace [52]. The points in Fig. 3(a) are the
temperature data and their positions sensed by the vehicles,
which is also called sensing data. A red point refers to a place
with a higher temperature, and a blue one refers to a place with
a lower temperature. The sensing data (such as temperature) are
generated by the recruited vehicles and wait to be offloaded when
they leave the sensing area, the infrastructure operators (such as
ISP) power on part of RSUs to upload the sensing data. On each
day, the platform selects to publish several tasks of sensing the
temperatures at some areas like the grids in Fig. 1, and the ISP
powers on a portion of RSUs for uploading the sensing data to
save energy costs. When a mobile vehicle passes by an area that
needs to be sensed, it will generate a sensing data packet with
records, and this packet waits for uploading by the way of mobile
data offloading. When a vehicle leaves the current sensing area
with sensing data and moves to the communication range of a

3https://www.omniflow.io/smartpole
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working RSU, the data packet is uploaded to a remote cloud
server through the RSU.

B. Game Formulation

In this subsection, we formulate the payoffs in the iterated
game and propose the problem of social welfare control.

We use a® and a” to denote the number of selected tasks
and RSUs, respectively. A task refers to a sensing task, such as
measuring the temperature, humidity, air quality index (AQI),
or noise levels in environmental monitoring in specific areas of
a city. These sensing tasks are issued by demanders who post
them on the crowdsensing platform. Generally, the sensing tasks
of different areas have different priorities, and the RSUs are
powered on by a matching algorithm [53]. The detail setting of
the selection tasks by priority is in Section VII-A. Based on the
task priority, the platform selects top a® sensing tasks and ISP
matches a” RSUs. In our vehicular crowdsourcing scenario, the
platform earns values from the quality of harvested sensing data
and the diversity of tasks, and pays for the data transmission and
recruitment of vehicles. We assume the size of each sensing data
packet is the same. The data quality is defined as:

Od(ae,ah) = Z (10g(Wa a + 1) ij 10g K”) s (1)

where W*@" refers to the trafﬁch distribution matrix of a°
sensing tasks under a” RSUs, Wa "*" represents the traffic count

of the i-th sensing task under the j-th RSUs, log(W“-’a +1)
reflects the growth rate of platform’s quality decreases (dimin-
ishing return) as the increment of sensing data [54]; the log
function also reflects the redundant sensing data cannot con-
tribute much to the data quality. We utilize entropy — K log K
to model the diversity of sensing data [55], which reflects the
diversity of transmission and sensing data. The matrix K;; =

l ]/ Z Wa a
a matrix.

The utility of the platform depends on the data quality of the
sensing data, payment of transmitting the data and recruiting
vehicles. We formulate the payoff function of the platform as
the value of sensing data minus the costs of data transmission
and represented as:

f(a®, ah) = ug - Og4(a®, ah’) —ug -y Weaa" c, @

. Y represents the sum of all the elements in

where ug4 is the benefit of per data quality could bring, u; is
the transmission price of per data traffic; C refers to the cost
of recruiting the fixed vehicles. Note that the platform hopes
to publish more tasks, in order to cover more areas with more
sensing data uploaded by RSUs and obtain more utility.

Fig. 3(b) shows the trend of data quality with the selected
a® sensing tasks and a" RSUs by the real data trace [52].
The detailed setting about the selection of tasks by priority is
introduced in Section VII-A. We notice that the data quality is
increased with more sensing tasks and RSUs, which determines
the income of the platform. To transmit more sensing data, the
ISP is required to power on more RSUs, which causes higher
energy costs. The ISP earns the traffic income of transmitting
the sensing data, and pays the energy costs of operations and

€
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Fig. 4. Social welfare control in spatial crowdsourcing.

transmissions by RSUs. Thus, we formulate the payoff function
of ISP as the traffic income of sensing data minus the energy
costs on RSUs as follows:

g(a®,a") = (w —ue) - S W —aluy,  (3)
where a” represents the number of RSUs powered on and uy,
refers to the per cost of operating an RSU; u, refers to the energy
cost to transmit per sensing data.

For each day, the platform first select the tasks and then
publishes them, the ISP powers on a portion of RSUs, both the
platform and the ISP are independent. In the above two payoff
functions, the cost of uploading sensing data of the platform is
gy Wae" which is also the income of the ISP. In (3), when
the number of sensing tasks reaches a certain level, the utility
of the traffic from the sensing data is greater than the energy
costs; thus, the ISP is willing to power on more RSUs. This is an
iterated game with incomplete information, because the strategy
of the platform is private for ISP before the real implement, and
vice versa.

Problem 1 (Social Welfare Control): We aim to control a
maximal social welfare of the iterated game at a stable and max-
imal possible value, which indicates the social welfare shows
little changes and sustains around a maximal possible value as
the increase of the game iteration.

max Uy = aU® + UM,
st. US+UM=—. 4)

where U, is the weighted sum of the expected payoff of the
platform and ISP; « and 3 refers to the weights of expected
utilities U¢ and U", respectively; + is a variable that refers to
social welfare.

The constraint in (4) indicates the social welfare is a constant.
The objective function and the constraint determine that the goal
is to maintain the social welfare at a table and possible maximal
value.

Fig. 4 is an example to illustrate social welfare control in the
spatial crowdsourcing iterated game. On each day, the platform
and ISP choose their action by their strategies, such as the
action are chosen as a® = 1,a" = 2 on the second day. Under
such strategies and actions, the social welfare is expected to be
possible maximal and stable in the long term.

Theorem 1: The game between the platform and ISP exists
equilibrium in each round.
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Proof: For the simple case, both the crowdsourcing platform
and ISP have two actions in the 2 x 2 game; the actions of
the platform and ISP are finite by the requirement. If there
is no existence of pure actions, mixed actions must exist be-
cause every finite strategic-form game has a mixed-strategy
equilibrium [56]. O

Zero-determinant strategy and reinforcement learning based
strategy are two kinds of methods to achieve the goal of (4)
in the iterated games. Below we introduce these two solutions
separately.

IV. SociAL WELFARE CONTROL WITH RLSC

In this section, we first model the iterated game in Markov
Decision Process (MDP), then we analyze the iterated game by
Reinforcement Learning based strategy.

A. MDP in the Iterated Game

The iterated game is viewed as a Markov Decision Process
(MDP) [57], which is modeled as follows:

® Action space: The action space of the platform is denoted as
A€, where the platform’s action(a® € A€); the action space
of ISP is denoted as A", where the ISP’s action (a” € A™).
The highest and lowest number of tasks is denoted as a§
and a$, respectively;

e State space: The state space is the action pairs in the
previous round, and denoted as the set S = {(a®, a")|a® €
A¢ gl € AP}, s, € S.

® Reward: We denote r¢ or 7" as the immediate reward
received after transitioning from state s to state s’ for
the platform and ISP, respectively. The reward of of the
platform and ISP are calculated by f(a®, a) in (2) and
g(a®,a") in (3), respectively.

e State transition probabilities: P,(s,s)=Pr(s;11 = |
st = 8,a; = a) is the probability that action « in state s
at time ¢ will lead to state s at the ¢ + 1 round.

A policy function 7 is a (potentially probabilistic) mapping
from state space S to action space A. Once the MDP combines
with a policy, a Markov Chain forms. Since the action chosen in
state s is completely determined by 7(s) and Pr(s;41 = & |
st = s,a; = a) reduces to Pr(s;41 = ' | s = s) (a Markov
transition matrix). Briefly speaking, in the MDP, a player re-
peatedly observes the current state s, of the environment and
takes an action from all available actions in this state. Then, the
state will transfer to s, and the player will get a reward r;
from the environment for its action.

Below we analyze the social welfare control problem by
RLSC strategy and ZDSC strategy under the MDP, respectively.
The two strategies have the same action space and state space,
but their calculation methods of long-term reward are different
due to their different strategies.

B. Analyze Social Welfare Control With RLSC

In this subsection, we analyze the iterated game by Rein-
forcement Learning based strategy. In general, the actions of the
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Fig. 5. Framework of RLSC.

player adopted RLSC are usually discrete, which could be two
distinct action or multi-actions.

For the iterated game of spatial crowdsourcing, we propose a
Reinforcement Learning based strategy of Spatial Crowdsensing
(RLSC), whose framework is shown in Fig. 5. In practice, the
platform and ISP’s actions are not known to each other before the
sensing tasks are completed. In the iterated game, the platform
and ISP are viewed as the agents in reinforcement learning
scenario. The joint action is @ = {a®, a"}. We denote the policy
(or strategy) of the platform as 7¢(a®|s;—1), which means the
probability for choosing @ in the current round under the state
s¢—1 of the previous round. Similarly, we write the policy of ISP
as " (a"|s;_1), which is the probability for choosing a” under
the state s;_;. With the chosen action, the state at s; forms, and
the reward pair r; of platform and ISP is calculated. Then the
process is repeated that the platform and ISP choose their action
at the current state.

RL is learning how to map states to actions, so as to maximize
the rewards from the environment in the long term. So we need
to learn policies ¢ and 7" to achieve the goal. The details of
the policy update is shown in Algorithm 1. We first randomly
initialize 7€, 7", initial state and parameters. When both the
platform and ISP adopt RLSC in the game, they will sample an
action a® and a” based on the policy 7¢ and 7" in each round,
respectively (line 2); this process contains the exploration of
action space, because the action are generated with probability
by the platform and ISP’s strategies. Then, the platform and ISP
transform to a new state and obtain their rewards (line 3), their
rewards depend on their joint action. The platform maintains a
Q-table Q.(s, a®), which represents the value of an action in a
particular state s; it also records the value of each state and is
denoted as V. (s), which refers to the expected reward of possible
actions at state s, and can be calculated as follows:

Qe(57ae)+ = 77(7‘(3 + QH;%X Qe(sla ae) - Qe(svae))a (5)

Ve(s) =re 4+ 0Ve(s'), (6)

where 0 € [0, 1] is the discount factor indicating a myopic view
of the Q-learning regarding the future reward; n € (0, 1] is the
learning rate. At the end of each round in the game, the platform
updates its Q-table by (5) and update the value of a particular
state by (6) (line 4). If Q. (s, a®) > V.(s), it represents the action
a® may bring more rewards in the long term, and we increase
the probability of choosing a®. Otherwise, we decrease this
probability (lines 6-8). Similarly, ISP maintains Qp, (s, a”) and
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Algorithm 1: Update RLSC in Discrete Model.

Input: Randomly initialize 7¢, 7", s, 0, 7;
Output: 7¢, 7"
repeat
a® ~ w¢(a®ls),a" ~ 7" (a"|s);

s,af,a = § 1o, h;
Update Q. (s, a®) and V.(s) by Eq.(5) and Eq.(6);
if (Qe(s,a®) > Ve(s)) then

| 7°(a®|s) « m€(a|s) + O(max 7€ — w°(a®]s));

N Ul e W N =

else

| 7m(a%]s) < m¢(a|s) — O(max 7 — 7¢(a®|s));
o | Update Qy(s,a"), Vi (s) by by Eq.(7) and Eq.(8);
10 | if (Qn(s,a") > Vj(s)) then

®

1 L 7l (a"|s) < 7" (a"|s) + O(max " — 7" (a"|s));
12 else
13 L 7" (a"|s) < 7" (a"|s) — O(max " — 7" (a"|s));
14 54 s';

h

15 until 7¢, 7" converge;
16 return 7€, ";

V1(s) (line 9), the update of its policy (lines 11-13) is as follows:
Qn(s,a™)+ = n(r, + Hm%th(s',ah) — Qu(s,a"), (@)

Vh(s) =7y + HVh(s’). (8)

The updates of (5)-(8) are processed in each round of the
iterated game. After the policies 7¢ and 7" are converged, the
platform and ISP choose their actions based on their policies,
and will maximize the total reward (social welfare) in the long
term.

In scenarios of large action space, Q-table is too large and
increase the running time. Function approximation techniques
can be employed to address this issue. For example, Deep Q-
Networks (DQN) [58] are well-suited for scenarios with discrete
action spaces, as they approximate the value function without
the need to explicitly maintain a large Q-table.

V. SocCIAL WELFARE CONTROL WITH ZDSC

In this section, we analyze the iterated game with the aim
of social welfare control by zero-determinant strategy, then we
discuss the discrete strategy model.

A. Game Analysis With ZDSC

To achieve the goal of social welfare control, the
crowdsourcing platform takes advantage of the zero-determinant
strategy to control social welfare. Zero-determinant strategy [16]
is utilized in a general memory-one iterated game. The iterated
game starts with an initial action, and players’ strategies decide
a stochastic process. It is proven that a long-memory player
in the iterated game has no advantage over a short-memory
player, since players in each iteration determine their moves
based on the outcome of the previous round [16]. This means
the corresponding stochastic process can be represented by a
Markov chain, where the state transitions are joint probabilities
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Fig. 6.  Probability transition process in iterated game.

calculated from the probabilistic strategies of players. The
actions of players in each iteration are obtained from the strategy.
A zero-determinant strategy is a probability vector, where each
element is the probability for choose a specified action in the
current round under the actions of the previous round, and the
probability is calculated by the payoff functions of the platform
and ISP in the game. Fig. 6 shows the transition process of the
previous round to the current round. In the iterated game of each
day, the number of sensing tasks published and RSUs powered
on are calculated by the strategies and the outcome of previous
round; the platform can control the social welfare without
considering ISP’s strategy. p; and ¢; are the probabilities of
choosing action a§ and a”? of the platform and ISP in the current
round (e.g. a day) under previous state (a$,a’?), respectively.

We will analyze the game with multi-actions in the iterated
game. To better understand the discrete strategy of ZDSC, we
first analyze ZDSC with two actions, where the platform and
ISP adopt either an extremely amicable or a vicious action; then
we present the ZDSC with multi-actions.

B. ZDSC in the Discrete Model

In this subsection, we first introduce the two-action ZDSC is
to provide a simpler example, to explain how to derive the linear
relationship between the expected payoff of platform and ISP,
making it easier for readers to grasp the core idea behind the
Zero-Determinant strategy in spatial crowdsourcing. Then we
jumping directly into the multi-action case.

1) ZDSC With Two Actions: In the discrete model with the
two actions, such as a® € {a$,a$} and a" € {a},al}. Ateach
round, the player’s action is private; thus, there are four out-
comes of each iteration in the game. The four possible out-
comes of each iteration are labeled as 1,2, 3, and 4 associate
with the outcomes a®a” € (a$a’,a$al,asal, asa) respec-
tively. We assume that the platform and ISP only have the
state memory of the previous round. As mentioned in [16],
it is demonstrated that a long-memory player in the iterated
game is without any advantage over a short-memory player
when the game in each stage is identically repeated infinite
times. In the game, both players have mixed strategies at each
round, denoting the probabilities the specified action (such as
a§ and a’?) under the four possible states in the previous round.
Accordingly, we define the mixed strategy of the platform as
p = (p1,p2, p3, pa), which is a zero-determinant strategy of
the platform. The mixed strategy of ISP is q = (q1, 2, g3, q4)-
Here, p1,p2,ps,ps and q1,q2,q3,qs are the probabilities of
choosing a§ or a” in the current round when the state of previous
round is a®a” = (a$a?, afal, asal, aSak). Fig. 6 shows the
probability transition process of previous round’s action to the
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current round’s action. In the current round, we denote the
possibilities of the four potential states as v = [v1, va, v3, v4]T,
where Zle v; = 1. So the expected payoffs of the plat-
form and ISP are U¢ = vTP and U" = vTQ, respectively.
Here, P and Q are the payoff matrices. P=[P;, Py, P3, P4|T=
[f(acia alf)a f(acia ag)a f(aga alf)a f(aga ag)]T’ and Q= [le
Q2, Qs, Q4]T = [g(aiv a}ll)v g(af, a’QL)a g(as, a}ll)v g(agﬂah)]T'

Based on the definitions of p and q, we denote the Markov
state transition matrix as M, and the stationary vector as v.
vIM = v], where

pig p1(1—q1) (1=pi)gn (1 —p1)(1—aq1)

M — P22 p2(1—¢q2) (1 —=p2)g2 (1 —p2)(1—qo)
p3q3 p3(l—q3) (1 —p3)gz (1 —p3)(1—gs3)

4qa pa(1—qa) (1 —pa)gs (1 —pa)(1 —qa)

where each element in M represents the transition probability
from one state to another state. For example, the state p1 (1 — ¢1)
refers to the transition probability of the game from the state
afal to the state a$al.

Inspired by [16], we suppose M’ = M — 1, then vIM'=
0. According to Cramer’s rule, we obtain Adj(M' )M’ =
det(M'T) = 0, where Adj(M') denotes the adjoint matrix.
Comparing the above two equations, we obtain every row of
Adj(M') is proportional to vI. Thus, the dot product of any
vector f with the stationary vector v is calculated as follows,

1i—1 pi—1 qi—1 fi

P22 p2—1 g fo ©)
p3qz  p3 gz—1 f3|’
Paqs D4 9 fa

It’s clear that the second column of (9) can be determined
by the platform alone, which is denoted as p = (p; — 1,p2 —
1,p3,p4)7. Hence, when f = oP +8Q +v1, where « and 3
are weight factors, we obtain vI - f = vI - (aP +Q +~1) =
alU*® +BU"+~, where v is a scalar, U¢ and U" are the expected
utility in the final stable state. Based on (9), we also have aU*
+BU" +y=D(p, q, aP +BQ +vy1). Namely, when p = ¢(aP
+6Q +7v1)(¢ # 0), the corresponding matrix’s second column
is proportional to the fourth column. Based on the properties of
matrix determinant, we obtain a linear relationship between the
expected payoff of two players:

aUe + BU" 4+ v = 0.

vI-f =D(p,q,f) = det

S

(10)

Therefore, (10) shows U€¢ and U” form a linear relationship.
The strategy p adopted by the platform is ZDSC, which facili-
tates the formation of linear relationship.

From (10), for example, the expected utility U" could be
controlled if we set « = 0. With different parameter settings
of avand $3, (10) can generate various strategies. Such strategies,
which are called as zero-determinant strategies, are realized if
the game process is formulated as a one-step Markov process.

Theorem 2: When platform’s ZDSC strategy p satisfies

- (b(O‘Pi + /BQZ + ’anin) + 1, = 17 2,
b= QS(OZR + ﬁQz + ')/min)7 = 3,4,

the weighted social welfare Uy = aU® + BU" could be uni-
laterally controlled by the platform in a possible maximal and

(1)
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Proof: We define the weighted social welfare of this game
as follows:

Uai = aU® + BU" = —7. (12)

The above analysis implies that when the platform adopts
ZDSC strategy, the platform can control over the social welfare
at a desired value no matter what strategy the ISP adopts. This
provides the platform a powerful tool to maintain the stability of
the total utility. The maximum and stable social welfare that the
platform maintains regardless of ISP’s strategy can be attained
by addressing the problem below:

max Uall - aUe(pv q) + ﬁUh(pv q)v qu

< <
s.t {OpL

aU¢ 4+ BU" +~ = 0. (13)

The terms U¢(p, q) and U"(p, q) refer to the expected payoffs
of the platform and ISP are determined by p and q. Accordingly,
it is equivalent to solve the following problem:

min 7y
0<p<1,

st. < p=0o(aP+Q+71), (14)
¢ # 0.

Next, we discuss how to calculate each element of p from
(14); specifically, we divide the discussion by ¢ > 0 and ¢ < 0,
respectively.

When ¢ > 0, we feed the constraint p > 0 into the second
constraint of (14), then we get

Ymin = maX(Ti) Vi e {1, 2,374}7
—aP; = fQ; — 1/¢,
—ab; — ﬂQla

Correspondingly, we feed the constraint p < 1 into the second
constraint of (14) and obtain

P =

Ymax = min(r;) Vj € {5,6,7,8},

_ | mabk =By,
9T T T {aﬂ — BQi +1/¢,

Note that « is a feasible value only if it satisfies Ymin < Ymax»

that is max(r;) < min(7;),Vi € {1,2,3,4},Vj € {5,6,7,8}.
As ¢ is positive, we obtain Yy, as follows:

Ymin = Max(—aP;— Q1 — 1/¢, —aPs — Q2 — 1/¢,
—aP; — BQs3, —aPy — fQy). (15)

That is Ymin 1S the maximal value of a set.

Similarly, when ¢ < 0, while considering the constraint
p > 0, we have ymin, = max(7;),Vj € {5,6,7, 8}; while when
considering p < 1, we have Y. = min(7;), Vi € {1,2,3,4}.
Thus, v is a feasible value when Ymin < Ymax., thatis max(7;) <
min(7;),Vi € {1,2,3,4},Vj € {5,6,7,8}. As ¢ is negative
and normalizes p in the range [0, 1], we have the minimum value
of v as follows:

Ymin = Max(—aP; — fQ1, —aPs — fQ2,
—aP3 —BQ3 +1/¢, —aPy — Qs+ 1/¢).

i=1,2,
i =3,4.

(16)
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According to (15) and (16), when v reaches 7y, each
element of p is is represented as follows:

e {Qb(OéPZ + /BQ’L + ’-Ymin) + ].7
bi = ¢(QP1 + BQ; + ’Ymin),

Thus, p; is calculated by (17), and the ZDSC strategy p of the
platform meets p = ¢(aP + SQ +~v1)(¢ # 0). O

That is the ZDSC strategy p meets p = ¢(aP + Q + v1).
The maximal stable value refers to the stable value that ZDSC
can control and reach to the possible maximal value under the
stable condition.

We take the payoff matrices in Fig. 6 as an example, here
P= [P17P2,P3,P4] = [30720, 18, 16] and Q = [le Qg, Qg,
Q4] = [21,28,10,22]. If we set ¢ = —0.05,a=pF=1; In
this case, Ymin = (—51, —48, —28 — 20, —38 — 20) = —48,
and  Ypax = (=51 + 20, —48 + 20, —28, —-38) = —28, so
Ymin < Ymax 18 feasible when ¢ = —0.05. Note that ¢ is
set to guarantee each element in p is in the range of [0, 1].
According to (17), p; = —0.05(51 —48) +1 =0.85,ps =
—0.05(48 —48) + 1 =0,p3 = —0.05(28 — 48) = 1,p4 =
—0.05(38 — 48) = 0.5. So the ZDSC strategy is represented
as p = (0.85,0,1,0.5); when p is adopted by the platform in
the iterated game, the social welfare can achieve to a maximum
stable value —7,;, = 48 in the long term.

2) ZDSC With Multi-Actions: Based on the detailed analysis
of ZDSC of the player with two actions, it is easy to extend
ZDSC into player with multi-actions.

We denote there are n actions of platform and ISP, where
a® € A a" € A"and |A¢| = |A"| = n.Ineach game iteration,
we define the mixed strategy p of platform is denoted as:

i=1,2,
i—34 D

pP= £p1,1>p2,17" '7pj,87"'apn,n2]T7 (18)

where p;s(j€{1,2,...,n},s€{1,2,...,n?}) refers to the
probability that the platform chooses the action a® = j and the
ISP chooses the action a” the same as the s-th outcome of the
previous iteration. The utility vector of platform is defined as:

-y Pn,1,P1,25- -

e

_[..e e e
u® = [um,u?’l, ..

';L,n2]T

(&
U

sy U

e e e
oy Uy 15 UT 95 UG oy - -

)

19)

where uj ¢ is the utility that platform chooses the action a“ = j
in the s-th outcome, and can be calculated by f (a(j ’S)), a8
denotes the action pair a corresponding to s-th action-pair that
a® = j. The utility vector of ISP is denoted as u”.

Similar as the deduction in Section V-B, for the stationary
vector v, the platform’s expected utility in the stationary state
is:

vT-u®  det(p,q,u®)
- det(p,q,1)

Then, from (20), we obtain the linear combination of the sum
expected utilities of platform and ISP as follows:

€

T ovTe1

(20)

_ det(p,q,0u’ + fu” +41)
o det(p,q, 1) ’

where « and ( are the weighted coefficients of U¢ and Uh,
respectively. 7y is a variable in a range.

When the platform sets its strategy p that satisfies p=
#(au® + Bu’ +~1), where ¢ is a non-zero coefficient. p’ is

aU® + UM 4~

21
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proportional to the last column of det(p, q, au® + fu” + 1),
so the (21) is written as:

aUe + BUM + 4 =0, (22)

thatis al/¢ 4+ SU" = —~. The elements in P can be represented
by the elements in p:

15 = [71 +p1,17 -1 +p2,1a cey -1 +pn,la -1 +pl,Qa

"'1_1+pn,n;p1,n+1v~~~»pn,n2}~ (23)

Let the platform take ZDSC strategy, and the social welfare is
denoted as aUU¢ + BU" = —+. To obtain the stable and possible
maximum social welfare regardless of the ISP’s strategy, we
need to solve the following constrained optimization problem:

min y

OS Pj.s Sl,je{]-v?a"'7”}786{1a2,'~-a2n}
5.t.4p = ¢(au® + pu’ +~1),
6 # 0.

To simplify the description, we denote the k-th element in u®
asuf, k€ {1,2,...,2"}. ¢isascale coefficient that controls the
convergence rate to the stable state. In the social welfare control,
the value of ¢ impacts the calculation of y,,ax and Ymin. Thus we
discuss the optimization problem by dividing ¢ > 0 and ¢ < 0,
respectively.

Case 1: ¢>0: When ¢ is positive, in order to satify the
constraint p; s > 0, the lower bound of 7 is:

(24)

Ymin = max(Yy)

—l—aui—ﬁuz,kzlﬂ,...,n,

Yk:{auiﬂuz,knJrl,...,nS, 25)

where Y}, is a set including n® elements.
Next we consider the constraint p; s < 1 and obtain the upper
bound of ~:

Ymax = mln(ﬂ)

Tl:{—auz — Bull k=1,2,...,n,

%faui — Bul k=n+1,...,n3,

(26)

where T is a set including n® elements.
Note that 7 is a feasible value only if it satisfies Ymin < Ymaxs

that is max(Yy) < min(7}),Vk,l € {1,2,...,n3}. As ¢ is a
positive value, we obtain vy, as follows:
R _ l_ e h _l_ e _ h
'}/mln = max aul ﬁul ey aun ﬁun’
¢ ¢
e h e h
— Uy — By g, .., —QUs —ﬁung}. 27)

That is, Ymin 1S the maximal value of the set Y}, and Yy ax 1S
the minimal value of the set 7j.

Case 2: ¢ < 0: Similarly, when ¢ is negative, we consider
pj,s > 0and obtain ymin, = max(17),l € {1,2,.. .,n3}. Taking
pjs < 1, we obtain Ymax = min(Yy), k € {1,2,...,n%}.visa
feasible value when Ypin < Ymax, that is max(7;) < min(Y%),
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Vk,l € {1,2,...,n%}. So we obtain the following result:
Ymin = max{ —auf — ﬁu}f, con —aul — 5“2,

1
e h
— =ty — By,

¢

, %—auig - 5u,’;3}. (28)
In this case, Ymin is the maximal value of the set 77, and yyax
is the minimal value of the set Y.

Based on the above analysis, the platform adopts ZDSC
strategy p and can control the expected social welfare at a stable
and maximal value yy,i,, Where p satisfies p = ¢(au® + fu” +
~1), and each element in p is calculated as follows:

dlaus, + Bul, + ymin) +1,m=1,2,.. ., n,

pm:{d)(aue + Bul, + ymin), m=n+1,...,n? 29

m m ? ) ) )

where p,,, refers to the m-th element in p.

In practice, when the platform is chosen to adopt the ZDSC
strategy, the platform owns the following prior knowledge:
(1) The platform has the global view of the action space of its
own and ISP. (2) The payoff functions of the platform and ISP
is known. the platform utilizes its prior knowledge to calculate
each element (probability) of the ZDSC strategy, then it selects
the action by the probability based on the previous outcome in
the iterated game.

In sum, for the discrete case, when the elements in the ZDSC
strategy p adopted by the platform are set by (17) in the two-
action case, or (29) in the multi-action case, social welfare can
be unilateral controlled by the ZDSC strategy p and reaches
a possible maximal and stable value, without considering the
ISP’s strategy.

VI. DISCUSSION

This section first discusses RLSC and ZDSC together. Then
we analyze a possible method to escape a local optimal in the
case of two RLSC players playing against each other.

A. RLSC and ZDSC Strategies

The strategy precalculated by (17) and (29) can unilaterally
control over the social welfare at a possible maximal and stable
value no matter what strategy the ISP adopts. The strategy
obtained from reinforcement learning [37] to maximize their
utility may fall into a local maximum; because the initial policies
of two players are set randomly, which may impact the final
learned policies of players.

Apart from the impact of the initial policy of two RLSC
players, the learning rate 7 is also a factor that impacts the
coverage of the policies, which may lead to a local maximum.
Here is a solution to help RLSC players escape a local optimal.
When two RLSC players play against each other, each time the
policies ¢, " converge, we save the initial policy, learning rate,
the converged policies, and the value of social welfare. We then
restart the optimization with a large learning rate to escape the
current local maximum [59], [60]. After a few iterations, we
obtain the policies 7¢ and 7/ with maximal social welfare. This
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idea will jump out of the local optimum to find the maximum
value, but it is not guaranteed to find the maximum value.

To the best of our knowledge, we are the first to investigate
RLSC plays against ZDSC in the iterated game, and prove ZDSC
can control social welfare even if the opponent adopts RLSC.
The iterated game of the platform and ISP in spatial crowdsourc-
ing can be treated as an extension of Markov Decision Process to
the multi-agent case, which can be defined by Markov Games.
The solutions about strategies RLSC and ZDSC have similarities
and differences. The similarity is both of them care about the
long run expected utility. The differences between them are:
(1) The goal of RLSC is trying to update its strategy and
maximize its expected rewards in the long run. (2) ZDSC derives
alinear relationship between the expected payoff of the platform
and that of the ISP, and it focuses on the unilateral control for
social welfare to reach a stable and a possible maximal value.

B. Complexity Analysis of ZDSC and RLSC Scheme

The time and space complexity of the ZDSC scheme is O(T)
and O(| A¢||A"|), respectively. The time and space complexity
of RLSC scheme is O(T') and O(|A¢||A"|?), respectively. The
details are explained as follows:

Time complexity of ZDSC scheme: The time complexity of
ZDSC scheme is determined by two main components: com-
puting the strategy and executing the strategy during the game.
(1) Computing the ZD Strategy: ZDSC strategies involve setting
up a linear relationship between the players’ payoffs. This
relationship can be defined by a set of linear equations with
a few parameters. Solving these equations involves basic linear
algebra operations, and because there are only a few parameters,
this can be done in constant time, resulting in a time complexity
of O(1). (2) Executing the Strategy: In each iteration of the
game, the ZDSC strategy uses the set parameters to calculate
the probabilities for the player’s actions based on the game’s
history. These calculations involve simple arithmetic operations,
which are also done in constant time, O(1), per iteration. If the
game is repeated 7' times, the total time complexity becomes
O(T) because each iteration requires a constant amount of time.
Overall time complexity of ZDSC scheme is O(T'), where T' is
the number of iterations of the repeated game.

Space complexity of ZDSC scheme: The space complex-
ity of ZDSC strategies is largely determined by the amount
of information the strategy needs to store, which includes:
(1) Strategy parameters and payoff matrices: The ZDSC strategy
requires storing constant number of parameters (e.g., a, f3,)
and payoff matrices. This takes O(|A°¢||A") space. (2) Game
history: In some implementations, ZDSC strategies need to keep
track of the opponent’s actions over the immediate past round
to make decisions. However, this still only requires a constant
amount of space because it does not depend on the total number
of iterations. Therefore, the space complexity remains O(1).
Overall space complexity of ZDSC scheme is O(|A¢||A"]).

Time complexity of RLSC scheme: Time Complexity of RLSC
scheme is O(T'), where T' is the number of iterations. In each
iteration, Q-Learning updates the Q-value for a state-action pair
based on the reward received and the maximum Q-value of the
next state. This update operation takes O(1) time. However,
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the total time complexity depends on the number of updates.
Therefore, the total time complexity for T iterations is O(7T").

Space complexity of RLSC scheme: The space complexity
of Q-Learning primarily depends on maintaining the Q-table:
(1) Q-Table size: Q-Learning stores a Q-value for each state-
action pair, resulting in a Q-table with a size of |A¢||A"|2.
(2) Additional variables: Apart from the Q-table, Q-Learning
uses a few other variables like the learning rate, the discount
factor, the current state, and the reward. These take up constant
space O(1). Thus, the overall space complexity of RLSC is:
O(|A¢]|A[2).

VII. EXPERIMENTS

This section reports the experimental settings, comparison
methods and evaluation results.

A. Experiment Setup

We validate the RLSC and ZDSC based methods in a ve-
hicular crowdsourcing scenario as a case study. We perform
experiments on the Taxi-Roma dataset [52]. The dataset includes
the information about the GPS coordinates of 320 taxi drivers
that work in the center of Rome. These GPS coordinates are
collected over 30 days. The dataset is preprocessed to filter out
some outliers. The traces cover an area with a range of 66km X
59km, and we divide the area into 10 x 10 grids. We assume
each RSU in the grid serving as a gateway, each grid is viewed
as an area with a sensing task. We calculate the priority of the
sensing tasks by the number of GPS coordinates in the grid,
the top a® sensing tasks are selected, a” RSUs are selected
by a matching algorithm. From the traces analysis, we obtain
the task-RSU weighted traffic matrix, each element in it is the
number of sensing data uploaded to an RSU for a task. In the
discrete model, we set both the lowest and highest numbers of
task and RSU as 2 and 8. That is Va®,a" € {2,3,4,5,6,7,8}.
The parameters are setas a« = 3 =1, ug = 30, us = 1, ue =
0.01, up, = 50, C' = 500. We implement the RLSC and ZDSC
strategy in Python 3.8. All experiments were conducted on a
computer with Intel Core i7-6700 CPU and 8 G RAM.

B. Comparison Methods

We describe here the baselines for comparisons.

o ALLC [17], [19], [21]: 1t is an all cooperation strategy
p = [1,1,...,1], which means whatever the opponent
player has done in the previous round, it always chooses
the cooperate action.

o ALLD [17], [21]: Itis an all defection strategy, thatis p =
[0,0,...,0], which means whatever the opponent has done
in the previous round, it always chooses defection.

® Random [17], [19], [2]1]: Tt is a random strategy p =

[0.5,0.5,...,0.5], which means whatever the opponent has
done in the previous round, it randomly chooses cooperate
action.

e TFT (tit-for-tat) [19], [61]: A TFT player cooperates in the
first round and then does whatever the opponent player has
done in the previous round. Hence, TFT strategy embodies
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the simple principle “an eye for an eye and a tooth for a
tooth.”

® FEvolved [16]: it’s an evolved strategy that an evolutionary
player starts his strategy q = [0, 0, . . ., 0] and his opponent
adopts ZDSC strategy in the iterated games. q is updated in
each iteration and will be stable at the end of the iterations;
it is a special case with # = 0, that is the player only
considers the current reward when it updates strategy.

® Paviov (win-stay-lose-shift strategy) [19], [62]: If a Pavlov
player receives a higher payoff, it will repeat the same
action next round, this is “win-stay.” If Pavlov player
receives a lower payoff, it will switch to the opposite action,
this is “lose-shift.”

C. Performance Evaluation

In this subsection, we first evaluate the RLSC player plays
against RLSC, simple strategies, and classical strategies. Then
we evaluate ZDSC player plays against simple strategies and
classical strategies. Finally, we evaluate the performance of
RLSC player plays against ZDSC player.

1) Performance of RLSC: We validate the performance of
RLSC, by setting the learning rate n = 0.005 and the discount
factor @ = 0.5, which are the empirical values and set based on the
specific application scenarios [42]. We perform the experiments
when both the platform and ISP adopt RLSC. Figs. 7(a) and 8(a)
show the global and local maximum social welfare, respectively.
Figs. 7(b) and 8(b) show the expected utility of the platform and
ISP in the two cases, which shows the utility may fall into a
local maximum. The reason is that the initializations of RLSC
adopted by the platform and ISP are random, their policies are
dynamically updated in each round, an RLSC player aims to
maximize his own rewards that may lead to a local maximum
social welfare. If the platform takes RLSC, the ISP adopts other
strategies, i.e., ALLC, ALLD, Random, TFT, Pavlov; As shown
in Fig. 9, the social welfare is determined by the strategies of
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both the platform and the ISP, indicating that the RLSC can not
dominate the control the social welfare over other strategies;
because RLSC player aims to maximize his own rewards in the
game.

2) Performance of ZDSC: According the definition of social
welfare in (4), which represents the sum of platform and ISP’s
payoffs when we set « = 5 = 1. (o and 3 can be set as other
values, which represent different goals of social welfare control).
Then we compare the ZDSC with six other strategies that ISP
may adopt. We display the results when the platform adopts
ZDSC, and ISP adopts all cooperation (p = [1, 1, . . ., 1], denoted
as ALLC), all defection (p = [0,0, ..., 0], denoted as ALLD),
random (p = [0.5,0.5, ..., 0.5], denoted as Random), TFT and
Pavlov strategies. Moreover, we also adopt an evolved strategy
to ISP, which is a special case of RLSC when the discount factor
6 = 0, denoted as it only considers the current reward. We
view ISP as an evolutionary player adopted evolved strategy.
Fig. 10 shows when the platform adopts ZDSC, whatever the
ISP adopts, the social welfare is maintained stable and achieves
its maximum, which means the ZDSC unilaterally controls the
social welfare and reaches to the maximum as much as possible.
The social welfare of RLSC vs. ALLC in Fig. 11(a) is larger
than that of Fig. 10, because the ALLC player always chooses
cooperation, and the RLSC player updates policy to maximize
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its reward, which yields their cooperation and achieve global
maximal social welfare. Moreover, the social welfare controlled
by ZDSC does not fall into a local maximum. We assume ISP as
an evolutionary player, and he doesn’t know the ZDCS strategy.
So the case that both the platform and ISP adopt ZDCS is out
the scope of this paper.

3) Performance of RLSC Vs. ZDSC: We investigate the per-
formance when the platform adopts ZDSC and ISP adopts
RLSC. Fig. 11 shows the results. We compare the results together
with Fig. 10, which shows ZDSC adopted by the platform can
unilaterally control and achieve a high and stable social welfare
in long run, regardless of ISP’s strategies. Thus, Figs. 10 and
11 represent ZDSC strategy can control the social welfare. The
social welfare that ZDSC unilaterally controlled in Figs. 10
and 11 are smaller than that of Fig. 7(a), because Fig. 7(a)
adopts two RLSC players in the game, and each of them up-
dates their policy dynamically to maximize its reward; while
a precalculated ZDSC is to achieve social welfare control, the
theoretical social welfare can be precalculated, but RLSC can
not. In summary, when a ZDSC player plays against a player
adopted other strategies in the iterated game, ZDSC player can
unilaterally control social welfare without considering the ISP’s
strategies, even the strategy is RLSC. That is to say, ZDSC can
control social welfare in the iterated game on the whole. But
the shortcoming of ZDSC is the controlled stable social welfare
may not be the global maximum.

D. Discussion of Scalability

The iterated game can be extended to a continuous action
space from a discrete action space. The continuous action space
of each player can be divided into multiple small ranges, the
space is continuous when the range is small enough. In the
continuous case, ZDSC is a precalculated function to obtain
ZDSC player’s action in each round. However, the complexity
of RLSC is larger than that of ZDSC because of the large state
and space.

The ZDSC can unilaterally control over the social welfare
at a possible maximal and stable value no matter what strategy
the ISP adopts. The strategy obtained from RL [37] may achieve
maximize utility sometimes, but it may fall into a local maximum
sometimes; because the initial policy of two RLSC payers are set
randomly, which impact the final learned policies. In this paper,
we do not deny the effectiveness of RLSC, and just analyze
the two kinds of strategies in the iterated game. If the state and
action space are known in advance, that means it is a controllable
game, and RLSC is dominated by ZDSC in this case. But if
unknown states and actions exist, RLSC performs better than
ZDSC, which will be discussed in our future work.

VIII. CONCLUSION

In this paper, we introduce the iterated game between the
platform and ISP under spatial crowdsourcing, and address the
social welfare control problem in this game. To the best of
our knowledge, we are the first to investigate an RLSC player
plays against ZDSC player in the iterated game, and prove
ZDSC unilaterally controls the social welfare with a possible
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maximal stable value regardless of ISP’s strategies in theory
and experiment. Experimental results verify that the platform
using ZDSC controls the social welfare with a possible maximal
and stable value; while RLSC sometimes achieves the global
maxium and sometimes may lead to a local maximum. In the
future, we will explore applications on the variants of ZDSC,
and investigate the continuous action space of ZDSC.
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