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Non-Rejection Aware Online Task Assignment in
Spatial Crowdsourcing

Jiajun Yao"”, Lei Yang

Abstract—Spatial crowdsourcing as a promising computing
paradigm has received significant attention recently. A fundamen-
tal issue of spatial crowdsourcing is online task assignment, i.e., the
platform must make decisions immediately (assign or reject) for
newly arriving objects (tasks or workers). Previous studies mostly
focus on the rejection-aware assignment, which rarely considers
non-rejection assignment for new arrival objects. To solve this
new allocation model, in this paper, we first formulate a novel
problem, namely Online Non-rejection aware Task Assignment
(ONRTA) in spatial crowdsourcing, where an object cannot be
rejected by the platform as long as there is a neighbor that satisfies
the matching constraint with it. Then, we develop a non-rejection
threshold-based random algorithm ONRTA-RT under the adver-
sarial order model while obtaining a theoretical bound on the
competitive ratio. More importantly, we consider a more natural
random order model and propose a two-stage-based non-rejection
aware task assignment approach, ONRTA-Base, which achieves
a competitive ratio of i. Based on this framework, we further
devise two non-rejection assignment approaches, ONRTA-OP and
ONRTA-Greedy, which are more effective and run faster with a
competitive ratio of i and %, respectively. Finally, experiments on
synthetic and real datasets demonstrate that our proposed methods
outperform the representative methods.

Index Terms—Non-rejection aware, task assignment, online
matching, spatial crowdsourcing.

I. INTRODUCTION

and promising paradigm of traditional crowdsourcing [1],
[2], [3]. In the SC system, requesters post some location-based
tasks to the platform; the platform then conducts workers move
to the task location before the task’s deadline to serve it and get
the payment. At present, various spatial crowdsourcing systems
have shown excellent potential in many areas, such as car-hailing

RECENTLY, Spatial Crowdsourcing (SC) is an emerging
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applications (e.g., DiDi [4] and Grab [5]), on-demand delivery
services (e.g., Ele.me [6] and Doordash [7]), and crowd sensing
systems (e.g., OpenStreetMap [8] and Waze [9]).

A critical issue of SC platforms is online task allocation [10],
[11], [12], [13], [14], [15], [16], [17], which allocates spatial
tasks to the appropriate workers in a timely manner. The main
difficulty in online assignments is how to decide whether the cur-
rent arriving task or worker should be assigned or not. Previous
work usually focuses on rejection-aware assignments, allowing
rejections to respond to newly arriving tasks or workers or
making them wait temporarily. For example, [15], [18] attempts
to set some thresholds based on the SC platform’s historical
data. A newly arriving object is assigned if and only if the utility
of the matching pair containing the object is not less than the
threshold. [11] considers the random arrival model and proposes
a near-optimal two-sided online algorithm, which compares the
matching pair formed by the new object with the current global
optimal allocation to decide whether to assign the object. In
addition, some recent works consider the future total rewards
for newly arrived objects using machine learning methods [19],
[20], i.e., whether assigning this new object is beneficial to the
future total rewards. However, all of the above methods are based
on rejection-aware assignment methods, without considering the
assignment of newly arrived workers or tasks that cannot be
rejected by the platform.

In this work, we try to develop a new assignment model,
non-rejection allocation, where newly arriving tasks (workers)
are not rejected by the SC platform as long as there are work-
ers (tasks) that satisfy matching constraints with it. In fact,
non-rejection aware allocation is an important model for many
spatial crowdsourcing applications [4], [21]. We illustrate the
significance of this model as follows.

e Non-rejection aware assignments can be applied to many
scenarios in SC. Existing research mainly focuses on rejection-
aware assignments to maximize platform or worker benefits or
other set goals, and few attempts have been made for many SC
applications that require non-rejection assignment tasks. The
non-rejection model is quite common in real-world applications,
such as emergency rescue [20], car-hailing services [22], semi-
autonomous network [23], cloud systems [24], etc. For example,
in a car-hailing service, a user who is far from the city center
posts a request to the platform; if there are some idle drivers on
the platform at this time, the platform should not reject the user’s
request even though it may only bring less actual income.

e Non-rejection aware assignments can provide a simple and
efficient benchmark algorithm for online task assignments in
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Fig. 1. Motivation example.
spatial crowdsourcing. Non-rejection methods can bring the TABLEI
. o S .. ARRIVAL TIME OF TASKS AND WORKERS
following advantages: First, the non-rejection model is simple
and easy to understand, and can be better used as a general Time T 5 T 571 6 18 81 9 1111
benchmark algorithm for online matching problems. Second, Order1 | r1 | w1 | ro | wa | 73 | 724 | w3 | 75 | 76
non-rejection allocation does not perform worse than rejection- Order2 | wy | 72 |73 | w2 |1 [7a | w3 |75 | 76
aware allocation; on the contrary, it outperforms rejection-aware
TABLE II

allocation in many cases. This has been shown in the experi-
mental results of the literature [11], e.g., the Greedy algorithm
(also a classical non-rejection algorithm) tends to outperform
rejection-aware assignments. Third, non-rejection assignments
can respond to newly arriving tasks or workers more quickly,
which is just suitable for large-scale dynamic scenarios with
strict requirements on response time.

Inspired by the above issues, in this paper, we formally
define a novel problem, called Online Non-rejection aware Task
Assignment (ONRTA) in spatial crowdsourcing. We focus on
two classical arrival order models, namely the adversarial order
model (AO) [18], [25] and the random order model (RO) [26].
The AO model can provide an optimal theoretical guarantee for
the algorithm under the worst scenario, and the RO model is
the most natural sequential model in real life, so the algorithm
under the RO model can provide better performance than the
algorithm under the AO model. To the best of our knowledge,
this is the first work that investigates the non-rejection allocation
online model for spatial crowdsourcing. Our contributions are
listed as follows:

e We identify a novel task assignment in SC, called Online
Non-rejection aware Task Assignment (ONRTA) in spatial
crowdsourcing problem.
we develop a non-rejection threshold-based random algo-
rithm ONRTA-RT in the AO model, and obtain a compet-
itive ratio of 2U1m for the ONRTA problem, where U, x
is the estimated maximum utility score.

We consider a more natural RO model and present three
non-rejection aware task allocation approaches based on a
two-stage framework, namely ONRTA-Base, ONRTA-OP
and ONRTA-Greedy, which outperform ONRTA-RT while
having competitive ratios of %, 1 and &, respectively.

As shown by the experimental results, our proposed ap-
proaches can achieve higher the total utility and the match-
ing size than the representative methods.
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The rest parts of the paper are organized as follows. Section
IT presents an example of motivation. Section III introduces
the problem definition and formulation. Section IV develops
a non-rejection randomized method and achieves a theoretical
bound. Section V presents three two-stage-based non-rejection
approaches with constant competitive ratios. Section VI presents
the performance evaluation. Section VII reviews the related
work. Section VIII concludes this paper.

II. MOTIVATION EXAMPLE

Next, we further illustrate the ONRTA problem by a motiva-
tion example of online task allocation in Fig. 1.

As shown in Fig. 1, there are three workers (w1, . . ., ws) and
six tasks (1, . .., rg) in a two-dimensional (2D) space. Workers
and tasks are labeled with a location (i.e., 2D coordinates) when
they appear on the platform. Table I gives the time and order of
arrival of workers and tasks. Table II shows the utility scores for
matching between tasks and workers. Each worker is associated
with a capability (in brackets) indicating the maximum number
he/she can match. Assuming that the duration of the worker and
task is set to 6 (e.g., 1 will expire at time 7), we present the
allocation results for three different methods.

First, if the information about workers and tasks
can be known in advance, as illustrated in Fig. 1(a),
the red solid lines indicate an optimal task allocation
{(wh {TQ})v (U}Qa {7’3, 7’4}), (w37 {T57 TG})} with a total utility
of 24 and the average response time is 1.8 (i.e., the response
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time is the length of the interval between the time workers or
tasks arrive and the time they are matched).

Second, we present a delay-based rejection-aware online al-
gorithm as shown by the red dotted arrows in Fig. 1(a). For
example, when w; arrives, we do not assign w; to r; due to
low payoff. When r; arrives at time 5, allocate ws to ro. When
wq arrives, allocate wq to r1 as 7 is close to expiring. When
r3 and ry arrive, assign r4 to we. Similarly, we can obtain an
assignment { (w1, {ra}), (wa, {ri,r4}), (ws,{rs,76})} with a
total utility of 21 and the average response time is 2.6. In fact,
this allocation method is difficult and unstable. As shown in Fig.
1(b), itis difficult for us to decide whether w is allocated to r or
continues to wait, and whether 75 is allocated to w; or continues
to wait. Assuming that r- is not assigned to w; and chooses to
continue waiting, if no subsequent worker can be assigned to o,
the performance of the algorithm will become worse.

Finally, we give a simple but efficient algorithm, the non-
rejection assignment, as shown by the green solid arrows in
Fig. 1(a) and (c). When w; arrives, we assign w; to r; despite
the low payoff of r;. When r3 and r4 arrive, we assign rs
and r4 to wy because both r3 and 74 satisfy the matching
constraint with wy and wy has capability 2, so a non-rejection
allocation {(w1,{r1}), (wa,{rs,r4}), (ws,{rs,76})} can be
obtained with a total benefit of 21 and the average response
time is 1.4.

Besides, different arrival orders will also affect the allocation
results. When the arrival order of workers and tasks obey “Order
2” in Table I, the non-rejection method can obtain an optimal
allocation, { (w1, {ra}), (wa, {rs,r4}), (ws, {rs,r6})}

As aresult, non-rejection online matching is efficient, simple
and more responsive, and can provide an effective benchmark for
most online scenarios in SC. In particular, the method also has
the same theoretical guarantees as the state-of-the-art rejection-
aware online algorithms.

III. PROBLEM STATEMENT

In this section, we first introduce necessary prerequisites and
formally define the ONRTA problem. Then, we present a theo-
retical method to evaluate the performance of online algorithms
under different order models.

A. Problem Definitions

Definition 1. (Crowd Worker): A crowd worker, denoted by
w =<w.l,w.b,w.d,w.c,w.r,w.0 >, has a current location [,,,
comes on the platform at the time s,,,, and will stop the service for
the requester at the deadline w.b + w.d. Moreover, each worker
w has a capability w.c indicating that he/she can complete the
maximum number of tasks, and has an active area with w.[ as the
center and w.r as the radius, 6,, € (0, 1] is a quality score that
completes the task, which can be evaluated by historical data.

Definition 2. (Spatial Task/Request): A spatial task, denoted
by r =<r.l,r.b,r.d, .0 > is submitted by a customer at the
time 7.b, and it will expire at the deadline 7.b 4 r.d. r.[ is the
location of 7 at which the request is required to be performed.
r. is a reward to accomplish the task 7.

Definition 3. (Online Matching): Online matching is usually
modeled as a bipartite graph G = (W, R, E,U), where W and
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R represent the crowd workers and spatial tasks, respectively.
Each edge I = (w, 1) connects a worker w and task r satisfying
the matching constraints, and is labeled with a utility score U (I).
All workers and tasks come and depart the SC platform in an
online manner, which means that information about tasks and
workers is not known ahead of time.

Definition 4. (Utility): The utility score of a matching pair
(w,r) of worker w and task r is defined as follows:

U(w,r) =w.0 X r.¢

Note that, here we use utility function U(, ) to better reflect
the generalized setting for many practical applications of SC,
including the total reward of assigned tasks [15] (Vw, w.0 = 1),
the total quality of the tasks [27] (Vr, r.p = 1), the total matching
size [10], [28] (Vr, 7.0 = 1 and YVw, w.0 = 1).
Definition 5. (ONRTA problem): Given a set of tasks R, a
set of workers W, and their utility score U (, ). The workers and
tasks are free to appear and leave the SC platform. The ONRTA
problem is to calculate a feasible assignment A whose overall
utility MazSum(A) =3 cw e Ulw,r) (Vw € W,r € R |
U(w,r) > 0)is maximized, satisfying the following constraints:
® Capacity Constraint: The number of tasks assigned by the
SC platform cannot be more than the capacity of each
worker, i.e., Y, . p I(w,r) < w.c

® Deadline Constraint: A worker w and a task 7 can form a
valid matching (w, ), the worker w(r) must arrive before
the deadline of r(w) and leave after the start time of r(w),
ie., r.b+rd<w.band r.b>wb+wd (wb+w.d<
r.band w.b > r.b + r.d).

® Range constraint: A worker w can only conduct requests
for locations within a circle with w.{ as the center and w.r
as the radius, i.e., (w.l — r.0)? < w.r?.

o [nvariable Constraint: If a pair (w, r) of task r and worker
w is conducted, it cannot be changed.

B. Valuation Model

The competitive ratio is a metric used to measure the per-
formance of an online algorithm, which represents the ratio
between the output of the online algorithm and its offline optimal
result [29]. The evaluation method of the competition ratio is
greatly affected by different arrival order models. We focus on
two main order models [25], [26]: the adversarial order model
(AO) and the random order model (RO). The former is an
adversarial input sequence that makes the algorithm perform
poorly, while the latter is an input sequence chosen randomly
from a distribution.

Definition 6. (Competitive Ratio): Given an arbitrary input
order O of tasks, workers and utility score. Let A be an online
algorithm and OPT be an optimal offline algorithm for the
ONRTA problem. Then, the competitive ratio of A in the AO
model is defined as follow:

o= min Maxsum(A)
~ vo(W,R,U) Maxsum(OPT)
where Maxsum(A) is the total utility obtained by A on O,

and M axzsum(OPT) is the optimal overall utility of the offline
scenario. Similarly, the competitive ratio of A in the RO model
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Algorithm 1: ONRTA-RT Algorithm.

Input: R, W, U(.,.)
Output: An assignment: A
I &<+ [In(Unax + 1)
2 § + randomly choosing a value from {e°, e!, ... e*1};
3 for each new object o arrives do
S« {Vv| (v, 0) is a match pair with U(v,0) > 0
and it satisfies all the constraints};
if Cand # () then
1, < randomly choosing a pair in C'and,
A+ AU{L};
else // e.g., non-rejection
Greedily pick a pair containing ¢ and it
satisfies all the constraints;
10 A<+ Au{l,};
11 remove workers/tasks with expired deadlines;
12 return A

N

O 0 3 O\ W

E[Mazsum(A)]

“= VO(IIEIVTR,U) Mazsum(OPT)

where E[Maxsum(A)] is the expectation of the total utility
obtained by A and Mazsum(OPT) is the optimal overall
utility.

IV. RANDOMIZED ALGORITHM

In this section, we design a non-rejection random method
under the AO model by combining the state-of-the-art random
threshold algorithm [18] with a greedy strategy for the ONRTA
problem, and then prove that the extended algorithm, ONRTA-
RT, has a theoretical lower bound of ﬁ where U,y is the
evaluated maximum utility.

Basic Idea: We first randomly select a threshold according
to the maximum utility. When a new object arrives, a pair
containing the object is added to assignment A if the worker-task
pair whose utility is greater than the threshold and satisfies
all constraints. In particular, if there is no pair larger than the
threshold, we still choose a pair containing the object with the
highest benefit score to A.

Algorithm Details: The procedure of ONRTA-RT is summa-
rized in Algorithm 1. ONRTA-RT first evaluates the maximum
utility of all pairs based on historical data, and then randomly
selects an item from the threshold set obtained by Uy, (lines
1-2). When a worker (task) comes to the platform, if a pair
contains the worker (task) whose benefit score is larger than the
threshold 6 and satisfies all the constraints, we add the pair to
assignment A (lines 3-7); otherwise, we pick a pair containing
o with the highest utility to add to A (lines 8-10).

Example 2: Back to our motivation example in Fig. 1. Note
that, the arrival sequence of workers and requests obeys the
“Order 17 in Table Iin all the following examples. ONRTA-RT
first calculates A < [In(Upae + 1)] according to Uee = 5,
so the threshold set § = {e" e', e?} is obtained. If 0 = €Y,
when worker w; arrives, a matching pair (wy, ) is obtained
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Fig. 2. A worst-case allocation example of ONRTA-RT with n workers

and m tasks. The arrival time of workers and tasks increases gradually from
top to bottom. For any threshold 6, we give a worst-case matching result
{(w1,71), (w2,73),...,(Wn, m_1)} by asolid line, and the optimal match-
ing pair {(w1,72), (w2,7r4), ..., (Wn,rm)} is represented by a dotted line.

because U (wy,71) = 2 > €°. Then, when r3 arrives, the worker
candidate set is {ws}, and r3 is assigned to ws. Similarly, an
allocation {(wq,{r1}), (we,{rs,r4}), (ws,{rs,r¢})} can be
obtained with a total benefit of 21. If the threshold 6 = e! or
0 = 2, the total utility is 24 and 7, respectively. Thus, for all

possible 6, we have that the expected utility of ONRTA-RT is

2142447
2447~ 17.3,

Complexity Analysis: For each newly arrived worker or task,
it takes O(max{|R|,|W|}) time and space to select a match
with a benefit score greater than the threshold. If there is no
matching pair that satisfies the condition, it still requires the time
and space of O(max{|R|,|WW|}) to find a pair with the highest
benefit. Thus, the time and space complexity of ONRTA-RT are
O(max{|R], [W[}).

Competitive Analysis: We analyze the competitive ratio of
ONRTA-RT inspired by the theoretical analysis in [18], [30].
The competitive ratio of ONRTA-RT is obtained by two parts.
The first part is that the algorithm executes lines 5-7 if there is
no pair containing o with a benefit greater than #; the second
part is that the algorithm executes lines 8—10 if the candidate
set is empty. We let Arp and Agreeqy denote an assignment
output by lines 5-7 and lines 8—10 of ONRTA-RT respectively,
and OPT be the offline optimal assignment. Hence, we have
the following theorem.

Theorem 1: The competitive ratio of the ONRTA-RT algo-
rithm is 5-— under the AO model.

2Umax
Proof: We consider the worst-case allocation scenario

as shown in Fig. 2. There are n workers and m
tasks with arrival times. Assume that the matching
pair  I(wy,71),I(wa,73),...,I(wy,7m-1) produces a

utility score in the interval [ e'], and the matching

pair  I(wy,r2), [(wa,74),...,I(Wy,ry) in the interval
[emUmaatDI=1 77 1. When @ is chosen to be e, for
any newly arrived o, the ONRTA-RT algorithm always executes
lines 5-7. When the selected threshold 6 is greater than ev,
although there is no pair containing o greater than € (i.e., for any
o, wehave U(o) < e’ (i > 1)), ONRTA-RT still greedily select
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pairs containing o to add to A (lines 8-10). According to Lemma
analysis of[12], we know that the number of vertexs matched
by Arr and Agreedy is at least 1/2 of those matched by OPT.
Thus, we have [Agr | > @ and |Agreedy| > %.

0 .1 76/\71

Due to 0 chooses an item from e, ¢e* ...

Vi e {0,1,...,1 — 1}, we know

min E[U(A)] _ %ZOSKA u (Azei)
va(w,rR,U)U(OPT) U(OPT)

> %U (ARTzeO) + Zl§i</\ U (AGreedy)
- U(OPT)

uniformly, for

A—1 60 : |AGreedy|
|OPT| - Upax

el \ARTzeU|
A |OPT[60,61]| * Unmax A
o A-1 1
2Umax

2MUmax  2AUmax

Therefore,

V. TWO-STAGE-BASED APPROACH

Although we have shown that the ONRTA-RT algorithm can
obtain a theoretical performance guarantee under the AO model,
the algorithm is designed for worst-case arrival order [18].
Therefore, it is difficult for us to obtain a good performance
through the ONRTA-RT algorithm. In practical scenarios, the
arrival of requests and workers is more natural appear on the SC
platform in a random manner. Therefore, in this section, we first
develop a two-stage-based online non-rejection aware algorithm
under the RO model, ONRTA-Base, with a competition ratio of
i. Based on this framework, we further propose the ONRTA-OP
and ONRTA-Greedy algorithm with a competitive ratio i and
%, respectively.

. ONRTA-Base Algorithm

Basic Idea: We first divide the ONRTA-Base algorithm into
two stages, which are inspired by the approaches in [11], [31],
[32]. In the first stage, for each newly arrived object o, we find
a match containing o that has maximum utility and satisfies
all constraints via a greedy approach. For the second stage, we
compute an optimal allocation over all unmatched objects that
have arrived and not expired. If the valid pair containing o is
not included in the global optimal assignment, we continue to
run the greedy strategy to select a pair that contains o with the
highest benefit.

Algorithm Details: Algorithm 2 shows the pseudo-code of
our ONRTA-Base algorithm. Initially, we first computes the total
number of tasks and worker capabilities, respectively, which can
be evaluated through historical data. Therefore, we can divide
the algorithm into two phases by L%‘H’J Then, we initialize a
worker set W2, task set R® and assignment A, and use R’ and
W’ to record the number of removed requests and workers (lines
1-2). In the first stage (lines 8—11), for newly arrived object o, a

IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 16, NO. 6, NOVEMBER/DECEMBER 2023

Algorithm 2: ONRTA-Base Algorithm.
Input: R, W, U(.,.)
Output: An assignment: A
IR =0,W =0,a+ [R[,b< > e .G
2RA — ¢, WA — ¢, A — ¢;
3 for each new object o arrives do
4 if o is a task then
5 RA<+ RAU{o})
6 else
7
8

WA« WAU{o};
if |[R2| + R+ [WA| + W' < [%£2] then
// e.g., the first stage

9 I, + {Vi|i is a pair containing o with the
highest utility and satisfies all the
constraints};

10 if I, # ¢ then
11 A+ I

12 else//e.g., the second stage

13 A, < optimal allocation on (R® UW2 U¢);
14 1, < apair containing o in A,;

15 if AU {I,} is a matching then

16 A+ I,
17 else // e.g., non-rejection
18 Greedily pick a pair containing o and it

satisfies all the constraints;

19 Remove all workers/requests whose deadlines have
passed and use R’ and W’ to record the umber of
removed requests and workers;

20 return A;

pair containing o with the highest utility is added to A. For the
second stage (lines 12—18), we run the optimal algorithm (i.e.,
the Hungarian algorithm) over all unmatched workers and tasks
that have arrived and not expired (line 13). If /,, is included in
A,, we add I, to A (lines 15-16); otherwise, we continue to
pick a pair that contains o with the highest benefit to add to
A (lines 17-18). Finally, we remove all workers and tasks that
exceed the deadline, and record the number of removed workers
and requests in line 19.

Example 3: Considering Example 1. ONRTA-Base first di-
vides the algorithm into two phases by LE’JQF—GJ . In the first stage,
there are two tasks {r1,r2} and three workers {wq, wa, ws}.
Note that, we consider a worker as duplicate w.c of that
worker arriving at the same time when he/she has capabil-
ity w.c. A greedy task assignment {(wi,71)} can be ob-
tained. In the second stage (i.e., |R®| + R + [WA| + W' >
5), when 73 and ry arrive at time 8, R® = {ro,r3,74} and
WA = {wy,ws,ws}, the current global optimal assignment
is {(w1, {r2}), (wa, {rs,r4})}. Because the pairs (ws, r3) and
(we,r4) are included in the optimal allocation and ws is un-
matched, we assign r3 and r4 to we. When r5 and rg arrive,
RA = {ro,73,74,75,76} and W2 = {wy, wy, w3, w3}, the
global optimal assignment is {(ws, {rs,r4}), (ws, {rs,76})},
the pair (ws,r5) and (ws, ) can be obtained. Thus, the total
utility is 21, which is better than that of ONRTA-RT.
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Complexity Analysis: When a new object arrives in the first
stage (lines 8-11), it takes O(max{|R|,|W|}) both time and
space to obtain the highest utility pair containing the object.
In the second stage, it takes O(max{|R*[3, |[IW2|?}) time
and O(max{|R*|?,|W*|?}) space to run the Hungarian al-
gorithm over unmatched workers and requests that have ar-
rived and not expired. If A U {I,;} is not a matching (line 15),
ONRTA-Base requires the same time and space as the first
stage to run the greedy algorithm. Thus, ONRTA-Base has
a time and space complexity of O(max{|R2|?,|W*[3}) and
O(max{|R?|2, [W*2|?}), respectively.

We next study the competitive ratio of ONRTA-Base under
the RO model. Let I, be a match pair containing o and U,
be the benefit score of I,,. Let E[U,| and E[MaxSum(A)] be
the expected utility of I, and the expected overall utility, re-
spectively. Let OPT(x y) = {(z,y) € OPT |z € X,y € Y}
be the offline optimal assignment containing X tasks and Y
workers. For simplicity, We still use R’ and W’ to represent a
set of removed tasks and workers, respectively.

Lemma 1: For |R®|+ |R'|+ W2+ W[ > |2f2| and
o€ RUW:

A ’
B, > Y Wlopr,, ser

A /
EU,) > B opr,, sew

Proof: If a new object o€ R, we have E[U,]=
WA%R,‘E[MG.ISUWL(A(‘RAjLR/‘"WA+Wr‘))], which the object
can be considered as a uniformly random selection from the
task set R® U R'. Similarly, the set R® U R’ can also be con-
sidered as a uniformly random selection from R with a size of
|R® + R!|. Then, we know

E[MaxSum (A(‘RA+RI‘7‘WA+W/‘) Z)}

_ R+ R

OPT(a,jwa1w))

_ R+ R WA+ W
- a b

OPT(GJ,)

Together, we have,

1 |RE+R| W2+ W
Bl 2 mesm b
WA+ W
> S
- ab

OPT (1

OPT (41

Similarly, we can also obtain the expected utility of I, if
ceW,

- R + R|
]* a

E [Ua OPT(ayb)
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Lemma 1 gives the expected utility obtained when an object
o arrives. We next analyze the probability of adding the pair
containing o to A.

Lemma 2: For |R2|+ |[R'|+ W2+ W[ > |2f2| and
oce RYUW:

a+b

4
[RATR|-T
atb

R R S R,
[WA+W’[-1

Pr{AU{I,} is a matching} >
Pr{AU{I,} is amatching} >

c€ER
ceW

Proof: When a new object o arrives, o can only be
added to allocation A if its neighbor ¢’ has not already
been matched before o arrived. If o € R, we construct R =
{TL"’T“jHHR’\""’T\RA+R'|*1}’ which is a set of available
requests that arrive after the second stage but before o. For
i-th request arrives, the probability that its neighbor ¢’ can
be assigned to A is at most % which can be considered as
uniformly selected from the ¢ request. Thus, ¢’ is unmatched
with a probability of at least 1. Then,

]P){O'/ unmatched in HGIbJ 1+ |R/\,|RA+R’| - 1}}

|RA+R|-1

—P /\

i=| 2 | +1+|R|

_ [+ IR w
|[RA+R|—-1" |[RA+R|-1

|RA+R/|-1

I =

i=| |41+ | R

o ¢l | >

Lemma 3: For

oce RYUW:

RA| 4 |R/| + WA+ |W'| > | 25| and

a+b RA-‘:-R,
E[U, € A] > W%OPT(W oeR
EWU, € 4] > LW 6 pr W
Us € Al 2 raagary OFP Ty o€

Proof: According to the Lemmas 1 and 2, we can get the
expected utility U, € A, if o € R,

[ ] |R2 + R

E[U, € A] > PTy,
o & A 2 5 fwa = 1y O F T
Then, if o € W,
e jwa +w
E[U, € A] > ]| ‘OPT(GJ,)

ab(JRA + R|— 1)

Theorem 2: The competitive ratio of the ONRTA algorithm
is I under the RO model.

Proof: The total expected utility E[MaxSum(A)] is calcu-
lated by summing E[U,]. According to Lemma 3, we get, for
o€ RUW,

E[MaxSum(A)] = % (E[U.(0 € R)] + E[U, (0 € W)))
1 a+b
-1 (BWUs(o € B + BU (s € W)
U:\_a;bJ-ﬁ—l

\uthorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on January 28,2026 at 14:25:45 UTC from |IEEE Xplore. Restrictions apply



4546

Algorithm 3: ONRTA-OP Algorithm.
Input: R, W, U(.,.)
Output: An assignment: A
1 for each new object o arrives do
2 if|RA|+ R + [WA[+ W’ > | %t ] then
// e.g., the second stage
3 A,  optimal matching on (R® U W2 U o),
4 I, < apair containing o in A,;
5 if AU {I,} is a matching then
6 A+ I,
7
8
9

RA <« R?/(rel,), R + +;
WA« WA /(w e I,), W + +;
return A;

gt e
~1 L‘;JH b (Wa =0 T
o=

L] W2+ W]
T (RS r-1) O e

Lt R [RA+R| W+ W
1 ab 2 \WA+W/\—1+|RA+R'|—1

e

a+b
3wl <a+b r;er + 1) OPT > EOPT-

\%

2 ab

B. ONRTA-OP Algorithm

During the allocation process, we found that the second
stage of the ONRTA-Base algorithm will no longer run greedy
allocation (i.e., lines 17-18) when the already matched workers
and tasks are consistently removed. Moreover, this approach
can obtain better performance than the original algorithm (i.e.,
ONRTA-Base) while having the same competitive ratio. Based
on this, we further propose the following algorithm.

Basic Idea: We propose the ONRTA-OP algorithm using the
framework of ONRTA-Base by continuously removing allocated
workers and tasks in the second phase.

Algorithm Details: Algorithm 3 shows the procedure of our
ONRTA-OP method. All objects that have completed matching
are removed and the number of workers and requests removed
is recorded (lines 7-8).

Example 4: Considering Example 1. The allocation result of
ONRTA-OP in the first phase is the same as that ONRTA-Base.
For the second stage, when 73 and 4 arrive, R® = {ra, 73,74}
and W2 = {ws, wy}, the matching pair {(wz, {rs,74})} can
be obtained. When 75 and rg arrive, R® = {ro, 75,76} and
WA = {ws,ws}. Thus, we can obtain a final assignment
{(w1,{r1}), (wa,{rs,ra}), (ws, {rs,rs})} with a total utility
of 21, which is still more effective than ONRTA-RT.

Complexity Analysis: For the first phase, we have the same
time and space complexity as ONRTA-Base. For the second
phase, the ONRTA-OP algorithm has a smaller set of available
tasks and workers by removing matched workers and tasks.
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Thus, we let R and WV be the maximum number of workers and
tasks after removing the matched workers and tasks from R®
and W2, respectively. Thus, the time and space complexity of
ONRTA-OPis O(max{|R|?,|W|3}) and O(max{|R|?,|W|?})
(R < RA,W < WA,

Next, we analyze that the ONRTA-OP algorithm has the same
competitive ratio as ONRTA-Base. First, tasks and workers that
have been matched are removed continuously not affect the
calculation of the expected utility F'[U,], so Lemma 1 still holds.
We then try to demonstrate that Lemma 2 also holds. Let R and
W denote a set of tasks and workers that have been matched,
respectively.

Theorem 3: The competitive ratio of the ONRTA-OP algo-
rithm is + under the RO model.

Proof: If o C R, we construct task set R =
{TI“T“’HHIR’I’ <3 T|RA 4 R|4|R|-1 > Which is a set of available
tasks that arrive after the second stage but before current object o
(ie., |o| = |R® + R'| + |R| — 1). As we continuously remove
matched tasks, this reconstructed task set can be denoted as
R = {TLGTH?J L RIR) sT\RA 4 R/|+|R|-1}- According to
the analysis in Lemma 2. Then,

b _
P {U’ unmatched in H&l_J 1+ |R|+|R|,|o] — 1} }

|RA+R'|+|R|-1
e[ A
i=| 22 |+ 14| R+ Rl

|RA+R|+|RI-1
1 —1

> 1T -

i=| 42 |[+1+|R|+|R|

([“F2] + IR+ |R)) s
(|JRA+R|+ R —1) ~ (|[RA+R|-1)

o 1]

Similarly, if ¢ C W, we also have the same conclusion.
Therefore, Lemma 2 also holds. According to Lemmas 1, 2,
and 3, we get

E[MaxSum(A)] > iOPT

C. ONRTA-Greedy Algorithm

In this subsection, we develop an ONRTA-Greedy algorithm
with a é-competitive ratio, which runs faster but is slightly less
effective than ONRTA-base and ONRTA-OP.

Basic Idea: ONRTA-Greedy is developed based on the frame-
work of ONRTA-OP. The main difference is that ONRTA-
Greedy adopts the relatively global greedy strategy in line 3
of Algorithm 4 instead of the optimal algorithm.

Algorithm Details: The procedure of ONRTA-Greedy is
shown in Algorithm 4. We ignore the present of the first
stage of ONRTA-Greedy, which is the same as ONRTA-
OP. When |R2|+ R + |[WA|+ W' > | ¢t |, we calculate a
global greedy matching on (R® U WA U¢) for each newly
arrived object o (line 3).
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Algorithm 4: ONRTA-Greedy Algorithm.

Input: R, W, U(.,.)

Output: An assignment: A
1 for each new object ¢ arrives do
2 if|RA[+ R+ WA+ W' > | %t | then

// e.g., the second stage

3 Ay + greedy matching on (R® U W2 Uo);
4 return A

Example 5: Considering Example 1. We ignore the analy-
sis of the first stage which is the same as the above exam-
ple 4. For the second stage, when r3 and r4 arrive, the cur-
rent global greedy assignment is { (w1, {ra}), (wa, {rs,r4})}.
Because tasks r3 and r4 are included in the allocation,
we assign r3 and 74 to ws. Thus, the final assignment
{(’U)l, {’I“l}), (UJQ, {7"3, 7“4}), (wg, {7"57 7“6})} can be obtained
and the total utility is also 21.

Complexity Analysis: In line 3 of Algorithm 4, the global
greedy strategy is implemented using a heap over avail-
able workers and requests. Thus, ONRTA-Greedy has a
time and space complexity of O(|R|W|log(|R||W])) and
O(max{|R|?,|W|?}), respectively.

Since ONRTA-Greedy replaces the global optimal strategy
with a global greedy algorithm, the expectation of the benefit
generated by each new object will change. However, the prob-
ability of adding each newly object to allocation A remains
the same and obeys Lemma 2. Thus, we next only analyze the
expected utility obtained by the pair /.

Theorem 4: The competitive ratio of the ONRTA-Greedy
algorithm is % under the RO model.

Proof: When a new o arrives, ONRTA-Greedy will calculate
a global greedy solution A, in line 3 of the algorithm. Since the
offline greedy algorithm provides at least an approximation ratio
of 2[14],[33], we have E[MazSum(A)] > 2OPT.Combined
Lemmas 4 and 6, if 0 € R, the expected utility E[U,] is

atb A /
E[U, € A] > (|RAL+4R,J ==y 14 Q;W ’OPT(GJ,)
Similarly, if c € W
atb WA LW
EU, € Al > (RS L+4R’J Y | 2; |OPT(a7b)
Thus, we have
1 a+b 1
E[MazSum(A)] = §E ;UU > gOPT

VI. EXPERIMENTAL EVALUATION

In this section, we evaluate the performance of the proposed
approaches based on two real-world datasets and a synthetic
dataset.

4547

TABLE III
REAL DATASET
Platform [R| W] w.d,r.d | wl | wr [ wc
EverySender | 4036 | 400,500,600,700,800 600 0.6 10 1
DiDi Chuxing | 5000 1K,2K,3K 4K,5K 300 0.5 300 1
TABLE IV
SYNTHETIC DATASET
Factor Setting
[R| 1000,2000,3000,4000,5000
[W| 100,200,500,1000,2000
w.c 1,3,5,7,9
w.r 2,4,6,8,10
w.0 0.1,0.3,0.5,0.7,0.9
w.e,r.e 2,5,10,15,20
n, Aand U 2,5,10,15,20
scalability (W] x [T]) | 2Kx10K4Kx20K,6K x30K,8K x40K,10K x 50K

A. Experimental Setup

Datasets: We evaluate the performance of our proposed ap-
proaches on two extensively used real datasets: EverySender (a
dataset on the general Spatial Crowdsourcing Platform) [11],
[12] and DiDi (an open dataset on the DiDi Chuxing applica-
tion) [34]. In the EverySender dataset, each worker and task are
associated with some basic information such as location, start
time, due time, the reachable distance of the worker, payment
for completing the task, etc. Similarly, the DiDi dataset has a
similar information description as the EverySender dataset. For
example, the pick-up time and location of ride-hailing orders
are used as the start time and location of tasks, and the drop-off
time and location of orders are taken as the arrival time and
location of workers. Since the DiDi dataset has no associated
reward for tasks, we will uniformly generate the reward r.p
from the range of (0, 10]. In particular, we select different
numbers of workers |[WW| = 400, 500, 600, 700, 800 and |W| =
1K,2K,3K,4K,5K from the EverySender and DiDi datasets
as parameters for varying the number of workers, respectively.
Table III shows the statistics for both datasets.

For the synthetic dataset (Syn), we use the same generation
method as the synthetic dataset setup in the previous work [11]
for consistency and fair comparison. We generate the posi-
tions of workers and tasks following a random manner in a
two-dimensional space [0,100]2. In particular, we change the
number of workers and tasks, the ability of workers, the quality
of completed tasks, and the end time of tasks and workers, etc.
The specific attribute settings for our experiments are presented
in Table IV, where default settings are shown in bold.

Comparison Approaches: Our proposed algorithm is com-
pared with the following algorithms.

Basic-RT: This is a state-of-the-art threshold-based random-
ized method that achieves a near-optimal theoretical bound
under the AO model [13], [15], [35].

Greedy: This is a greedy-based task allocation approach,
which greedily chooses a worker-task pair with the maximum
benefit for each new object that arrives at the platform [12],
[14], [16].
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Fig. 3. Results on varying workers |WW| and tasks |T'|, capacity w.c and radius w.r.

ONRTA-RT(O-RT): This approach is a non-rejection aware
random online algorithm, which is extended from the Basic-RT
and is shown in Section IV.

TGOA-OP: This is a state-of-the-art two-sided online ap-
proach with a i—competitive ratio in the RO model, which uti-
lizes a local optimal solution to approximate the global optimal
solution in each round for each newly arrived object [11].

ONRTA-Base (O-Base): Our non-rejection online matching
method based on a two-stage framework is presented in Section
V-A.

ONRTA-OP(O-OP): Our improved ONRTA-Base algorithm
by continually removing matched workers and tasks and is
presented in Section V-B.

ONRTA-Greedy(O-Greedy): Our improved ONRTA-OP
method enhances the efficiency and scalability in large-scale
dataset scenarios by replacing the global optimal algorithm with
a global greedy algorithm.

OPT: This is an optimal algorithm obtained by running the
Hungarian Algorithm (ie, the optimal approach for solving
the maximum bipartite matching problem) over all tasks and
workers in offline scenarios [10], [11].

Metrics and Implementation: In the experiments, we utilize
the following three metrics to investigate the performance of
our proposed approaches. 1) Overall utility (utility for short):
The overall utility represents the total benefit from assigning

worker-task pairs, which is the objective of the ONRTA prob-
lem [13]. 2) Matching Size (number for short): The matching
size represents the total number of matching pairs formed by
workers and tasks [28], [36]. 3) Running time (time for short):
The running time represents the time it takes to execute an
algorithm to solve the ONRTA problem [12], [35].

For each experiment, we repeatedly test the algorithm 100
times and take the average as a result. Our experiments are
performed on a GUN C++ machine equipped with an Intel
17-8750H 2.20 GHz and 16 GB RAM.

B. Experiment Results

Effect of |W|: We first study the effect of the number of
workers |[W| by varying it from 100 to 2000. From Fig. 3(a),
we can see that the total utility for all approaches naturally
increases as |W| gets larger. This is because there are more
requests that can be completed by the newly added workers.
Since OPT is an offline optimal algorithm, we ignore its com-
parison with other algorithms. Our proposed O-Base, O-Greedy
and O-OP approach obtains more utilities than the baseline
Basic-RT and TGOA-OP. In terms of matching size, as shown
in Fig. 3(e), the TGOA-OP and Basic-RT algorithms are also
less efficient compared to other algorithms. This is because, for
each newly arrived task, the other algorithms always respond
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to this request/task as long as there are workers that satisfy the
matching constraints with that task. Fig. 3(i) shows that our
proposed O-OP and O-Greedy have a higher running time than
the baseline Basic-RT and Greedy, but have a shorter running
time than the state-of-the-art online algorithm TGOA-OP under
the RO model. The former is because, O-OP and O-Greedy
always repeatedly compute a relative global allocation over all
available workers and requests, while Basic-RT just searches
for a neighbor that satisfies the policy for each newly arriving
worker or task in each iteration. The latter is because, O-OP
and O-Greedy continuously remove matched workers and tasks,
resulting in a smaller maximum cardinality in each iteration
round, so the time complexity is smaller than TGOA-OP.

Effect of | R|: Next, we study the effect of the number of tasks
| R| by varying it from 1000 to 5000. As can be seen in Fig. 3(b),
we can observe that when |R| grows, the total utility scores
of all methods show a similar growth trend. This is because
each worker has the opportunity to perform more tasks. Besides,
O-OP obtains the highest total benefit, followed by O-Greedy,
O-Base, Greedy, TGOA-OP, O-RT and Basic-RT. In Fig. 3(f),
our proposed O-OP and O-Greedy still complete more tasks
than the baseline Basic-RT and TGOA-OP. The reason is the
above-mentioned as explained in the effect of [WW|. In terms
of CPU time, as shown in Fig. 3(j), although our proposed
O-OP algorithm has a higher running time than the baseline
algorithm, the difference in execution time is less than 15 ms on
average.

Effect of w.c: The third column in Fig. 3 presents the effect
of varying w.c. Fig. 3(c) and (g) show that the total utility
and matching size of all the algorithms first increase and then
stabilize. This is because when w.c increases from 1 to 5, each
worker gets more capacity, i.e., the worker can conduct more
requests during his/her service time window. Since | R| = 3000
and |W| = 500, we can know that each worker can perform six
tasks on average, so the total utility and number of matches only
slightly increase when w.c increases from 7 to 9. Our proposed
O-OP is the most effective, and the Basic-RT algorithm is the
least effective. In terms of running time, O-Greedy has a lower
running time than O-OP as illustrated in Fig. 3(k). The reason is
that O-Greedy adopts a greedy strategy to replace the Hungarian
algorithm with a cubic time complexity in the second phase of
the method.

Effect of w.r: The fourth column in Fig. 3 shows the effect
of varying w.r. Fig. 3(d) shows that the overall utility of the
seven methods increases gradually as w.r grows. This is due to
the fact that with a larger w.r, each worker can perform longer
distance requests, which means she/he can have more requests
with high pay to choose from. From Fig. 3(d), (h) and (1), we
also know that TGOA-OP achieves a better overall utility than
the threshold-based random algorithm O-RT, but is ineffective
in terms of both the number of completed requests and running
time. The reason is that, Even if there are no candidate pairs
larger than the set threshold in the newly arrived request, the
O-RT algorithm will still greedily select a pair from the candidate
pairs for allocation. In terms of CPU time, the running time of the
seven methods varies only slightly due to the constant number
of workers and tasks.
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Effect of w.d,t.d: Fig. 4(a) and (e) show the variation of
overall utility and number of matches with w.d, t.d. When the
duration of workers and tasks increase from 2 to 10 and other
attributes are fixed. We can notice that the trend of total utility
and matching size is similar to the trend of varying w.r. As
for CPU time, the execution time of the algorithm increases
continuously when w.d and ¢.d get larger, as illustrated in Fig.
4(i). This is due to the fact that a larger deadline window means
more time is needed to traverse the tasks or workers in each
iteration. Our O-OP and O-Greedy are still more efficient than
TGOA-OP in terms of time consumption.

Effect of w.0: Fig. 4(b) reports the results of the total utility for
varying w.6 on the synthetic dataset. When w.6 increases from
0.1 to 0.9, the overall utility calculated by all the approaches
increases gradually. This is because a larger w.6 indicates that
a worker gets a higher utility score for each request completed.
Moreover, our proposed O-Base, O-OP, O-Greedy and O-RT
can achieve more overall utility than the baseline Basic-RT but
sacrifice some efficiency. Fig. 4(f) and (j) show that the seven
algorithms are almost unaffected by differences in w.f. The
reason is that changes in the quality score w.6 only affect how
much each worker gets payoff for completing each request.

Effect of i, A and U : Figs. 4(c), (d) and 5(a) report the results
of the total utility with u, A and U. As we can see, the overall
utility of all methods gradually increases under three different
distributions. Our proposed O-OP is still the most effective, and
Basic-RT is the least effective. In terms of matching size, as
shown in Figs. 4(g), (h) and 5(e), all algorithms remain basically
the same except the random threshold algorithm O-RT and
Basic-RT. This is because different maximum benefit values
affect the threshold setting of the algorithm. In Figs. 4(k), (1) and
5(i), all methods follow a similar trend to w.6. In particular, we
observe similar results for the variation of total utility, matching
size and CPU time for three different distributions.

Scalability: To better evaluate the performance of our pro-
posed methods, we expand the size of the synthetic dataset
Syn. In Fig. 5(b), the total utility of all the algorithms increases
with the increment of |W| and |R|, which is natural as more
worker-task pairs can be assigned. O-OP obtains the highest
total utility, followed by O-Greedy, O-Base, Greedy, TGOA-OP,
O-RT and Basic-RT. Fig. 5(f) shows that our proposed four
non-rejection methods still achieve more matching sizes than
TGOA-OP. Considering the running time in Fig. 5(j), O-Greedy
is as efficient as the baseline Basic-RT; the running time of
O-Greedy is only 4.2%—28.5% longer than that of Basic-RT
and 2.5%—24.6% longer than that of Greedy.

Performance on Real Datasets: Fig. 5(c) and (d) illustrate the
effect of the total utility of the varying |WW| on datasets DiDi
and EverySender. We can observe that the increment in |W|
leads to an increase in the overall utility of all seven methods.
Moreover, the total utility of O-OP increases faster than those of
the baseline Basic-RT as || increases. In terms of the number
of completed requests, as illustrated in Fig. 5(g) and (h), TGOA-
OP and Basic-RT are still the least effective. Fig. 5(k) and (1)
show that the running time of all methods also exhibits a similar
increasing trend with |R|. The time overhead of O-Greedy is
close to that of Basic-RT and Greedy. And the running time of
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Fig. 4.

O-OP is higher than that of Basic-RT, but lower than that of
O-Base and TGOA-OP. In particular, our O-Greedy and O-OP
outperform both the baseline Basic-RT and TGOA-OP in terms
of overall utility and matching size.
Summary of Results: The experimental study can be summa-
rized as follows.
® O-OP significantly outperforms other algorithms in total
utility and number of assigned tasks while sacrificing some
efficiency. In particular, O-OP outperforms the state-of-
the-art two-sided online algorithm TGOA-OP while having
the same theoretical guarantees.
® O-Greedy provides a good balance between efficiency and
effectiveness.
® The O-RT algorithm achieves a higher utility and matching
size than the baseline Basic-RT but loses some theoretical
performance.

VII. RELATED WORK

In recent years, SC as an emerging topic has attracted ex-
tensive attention from industry and academia [37], [38]. The
important issue in SC is online assignment, assigning tasks to
the appropriate workers in a timely manner. The task allocation
approaches can be categorized into two types: offline and online
matching [12].
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Results on varying duration w.e, t.e, quality score w.6, normal distribution y and index distribution A.

1) Offline matching: In offline scenarios, all algorithms are
developed under the premise of known worker and request
information. One of the earliest works on spatial crowdsourcing
research is the paper by Kazemi et al. [1], who consider spatial
and temporal constraints and propose a spatial task assignment
algorithm for mobile crowdsourcing. [36] designed an optimal
allocation method that reduces task allocation in offline sce-
narios to a maximum flow problem to maximize the number
of allocated tasks. Wang et al. [39] proposed a multi-objective
optimization approach for task assignment in spatial crowd-
sourcing, including task completion time, worker travel distance,
and worker payment. Some recent work tries to consider various
variants of the problem in SC. A variety of perspectives on
fairness among workers are studied to minimize the difference
in earnings between workers, which can be measured by travel
time, distance and compensation, etc [40]. Since tasks may be
complex and require multiple workers to collaborate to complete
them, [41] proposes a coalition-based approach to assign tasks
by forming a coalition of multiple workers. Moreover, there
may be dependency problems among tasks, and [28] proposes a
dependency-aware assignment method to maximize the number
of assignments where tasks have dependencies.

2) Online matching: Online matching has been extensively
studied and is often modeled as the problem of Online Maxi-
mum Weighted Bipartite Matching problem [10], [30]. In [26],
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Fig. 5. Results on uniform distribution U, scalability text and real datasets.

Kesselheim et al. studied a one-sided online secretary matching
problem, and it obtained a known near-optimal competitive ratio
of é Tong et al. extended the one-sided online to the two-sided
online matching problem [11], i.e., both workers and requests
dynamically appear on the platform, obtaining a i—competitive
ratio. [15] considered a specific online matching scenario in
SC, namely the real-time car-hailing service, where drivers of
different platforms can service requests across platforms, and
proposed a random threshold algorithm with a competitive ratio
of 8—16. Considering the characteristics of car-hailing service, [42]
further studied the problem of online task assignment with
reusable resources, where drivers are reusable (i.e., drivers can
rejoin the platform after completing a user request), establish-
ing a one-to-many matching approach with a %-competitive
ratio. Some studies considered a new variant in SC, 3D online
matching, where platforms need to conduct three stakeholders
(requests, workers, and workplaces) to match [12]. Online food
delivery is a typical 3D matching application. [16] considered a
3D online food delivery problem and proposed a skyline kinetic
tree-based solution to maximize the comprehensive matching
benefits. Recently, [17] considered an online matching problem
with preference awareness in opportunistic mobile crowdsourc-
ing, and a stable task online assignment method was proposed
to maximize worker benefits. [35] proposed a two-sided on-
line priority assignment problem, in which tasks have dynamic
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priorities in the assignment process. However, all the above
approaches decide whether new requests are matched or not
based on the benefits of the platform or worker, and do not
consider the scenario where the user’s request cannot be rejected
by the platform or worker.

VIII. CONCLUSION

In this article, we study a novel problem, called Online Non-
rejection aware Task Assignment (ONRTA) in spatial crowd-
sourcing, where a newly arrived task (worker) cannot be rejected
by the SC platform as long as there are workers (tasks) that
satisfy matching constraints with it. To address the new problem,
we focus on two main online arrival models, the AO model
and the RO model. In the AO model, we design a non-rejection
random threshold algorithm and prove that it has a theoretical
guarantee on competitive ratio. In the RO model, we first propose
an ONRTA-Base algorithm with a competition ratio of %. Based
on this framework, we further propose the ONRTA-OP and
ONRTA-Greedy, which are faster and more efficient algorithms
with a competition ratio of i and %, respectively. Finally, we
validate the efficacy of our proposed solutions through exten-
sive experiments on real and synthetic datasets. In particular,
experimental results show that our proposed O-OP algorithm
has higher effectiveness than online rejection-aware algorithms
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with theoretical guarantees, and has the same competitive ratio
as state-of-the-art rejection-aware online methods under the RO
model. Therefore, it can provide an effective benchmark for
online algorithms in spatial crowdsourcing.
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